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Abstract—Rapid advances in Artificial Intelligence (AI) have 

accelerated the integration of conversational agents into 

everyday tasks. While voice-based interaction is becoming 

increasingly prevalent, its influence on user trust in AI systems 

remains insufficiently understood. Existing research has 

largely focused on text-based interfaces, leaving open whether 

auditory interaction can enhance or even diminish perceived 

trustworthiness. This study empirically examines whether the 

communication modality of ChatGPT (text vs. auditory) affects 

users’ trust in the system. In a controlled experiment, 

participants with diverse backgrounds interacted with 

ChatGPT to complete story-based tasks requiring nuanced 

reasoning. Trust was measured through a nine-item 

quantitative questionnaire grounded in the Technology 

Acceptance Model (TAM). The results show that speech-based 

interaction was associated with significantly higher general 

trust in technological systems (Q1: p = 0.019, d = 0.59). No 

significant differences were found for perceived truthfulness, 

doubts about system accuracy, usefulness, or ease of use. These 

findings suggest that trust formation depends less on the 

interaction channel and more on underlying system qualities, 

such as accuracy, coherence, and conversational competence. 

The study provides new insights for designers of AI-driven 

voice systems: resources should be prioritised toward 

improving response quality and transparent system behaviour 

rather than assuming inherent trust benefits from auditory 

communication. 

Keywords - Human–AI Interaction; User Trust; Voice Interface; 

Technology Acceptance Model; Conversational AI. 

I. INTRODUCTION 

Over the past decade, AI has evolved into a central 
component of everyday digital interaction [1]. Large 
Language Models (LLMs), such as ChatGPT, in particular, 
have transformed expectations of conversational systems 
through their ability to generate coherent, context-sensitive, 

and human-like responses [2]. The rapid adoption of 
ChatGPT is illustrated in Figure 1, which shows its weekly 
active user base growing to over 100 million users within 
months of its release, underscoring the societal relevance of 
research into human–AI interaction. As these technologies 
continue to advance, understanding the human factors that 
influence their acceptance has become increasingly 
important, especially with regard to trust [3][4]. 

Trust is widely recognized as a key determinant of 
successful human–AI interaction [3][4]. Previous research 
indicates that trust formation is shaped by factors, such as 
perceived competence, transparency, contextual relevance, 
and users’ prior attitudes toward AI systems [3][5]. Studies 
in domains, such as healthcare and education further suggest 
that interaction modality (text, speech, or multimodal) can 
influence perceptions of credibility and reliability [6][7][8]. 

Although voice assistants, such as Amazon Alexa, 
Google Home, and Apple Siri are widely adopted [9], the 
impact of auditory interaction on trust in advanced language 
models remains insufficiently explored [10][11]. Voice-
based interfaces offer a more natural mode of 
communication [6][8], yet it is unclear whether they 
enhance, reduce, or merely replicate trust dynamics 
observed in text-based interaction [12]. 

This study addresses this gap by examining whether 
communication modality (text versus speech) affects users’ 
trust in ChatGPT. In a controlled experiment, participants 
completed story-based tasks and evaluated the system using 
a structured quantitative questionnaire measuring perceived 
reliability and competence [13].  

The aims of this research are twofold: first, to determine 
whether voice-based interaction influences trust differently 
than text-based interaction; and second, to provide empirical 
evidence to support the design of transparent, reliable, and 
user-centred conversational AI systems. 

1Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org
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Figure 1.  ChatGPT: Weekly Active Users. 

The remainder of this paper is organized as follows: 
Section II reviews related work on trust and human–AI 
interaction. Section III describes the methodology and 
theoretical background. Section IV presents the 
questionnaire design. Section V outlines the experimental 
setup and participants. Section VI reports the results. Section 
VII discusses the findings in relation to the research 
hypotheses. Section VIII presents conclusions and directions 
for future work. 

II. RELATED WORKS 

A. Trust and Risk in a Digital World 

The report “Trust and Risk in a Digital World” [14] 
examines key mechanisms of trust formation in virtual 
teams and online environments based on extensive empirical 
evidence. It identifies several determinants that influence 
how individuals establish and maintain trust in digitally 
mediated contexts. 

A central finding highlights the restorative role of face-
to-face interaction when trust is compromised in electronic 
communication. This emphasizes that, despite increasing 
digitalization, direct interpersonal contact remains an 
important mechanism for rebuilding trust, posing challenges 
for systems operating exclusively in virtual environments. 

Furthermore, the report underscores the influence of 
interface design on initial trust perceptions. Factors, such as 
visual aesthetics, usability, and information clarity 
significantly affect users’ evaluations of credibility and 
reliability, suggesting that trust is shaped not only by social 
factors but also by design characteristics. 

The authors also emphasize the growing importance of 
the internet in everyday life, arguing that trust 
considerations must be systematically integrated into digital 
services that function as primary sources of information and 
communication. 

Although the report does not explicitly address artificial 
intelligence, its findings are transferable to AI-driven 
systems. Since conversational agents operate within digital 
interfaces, principles, such as transparency, clarity, and 
perceived reliability are likely to influence trust in human–
AI interaction. 

Overall, this work provides a theoretical foundation for 
understanding trust in virtual environments and offers 
relevant implications for the design of trustworthy AI 
interfaces. 

B. Improved Trust in Human–Robot Collaboration with 

ChatGPT 

The study “Improved Trust in Human–Robot 
Collaboration with ChatGPT” [15] investigates the use of 
ChatGPT as a conversational control interface in a Human–
Robot Collaboration (HRC) setting. The authors analyze 
how natural language interaction influences operator 
performance and trust in robotic systems. 

In a controlled experiment with 15 participants, users 
assembled a workpiece using a ChatGPT-based assistant 
that issued commands to a robotic arm. The study was 
conducted in a virtual reality environment to enable detailed 
behavioral observation. Performance was evaluated based 
on task completion time and self-reported ratings. 

Results showed that the ChatGPT-enabled interface 
significantly improved task efficiency compared to 
conventional fixed-command systems. Participants reported 
that the assistant’s ability to retain contextual information 
and adapt to prior interactions contributed to smoother and 
more intuitive task execution. 

Trust and cognitive load were measured using 
standardized questionnaires. The findings indicate reduced 
mental effort and increased trust when participants 
interacted with the conversational interface. These effects 
were attributed to the system’s natural language capabilities 
and its capacity for contextual continuity. 

Overall, the study demonstrates that naturalistic 
communication with ChatGPT can enhance both 
performance and trust in collaborative robotic systems. 
While the focus lies on physical human–robot interaction, 
the results suggest that conversational AI can positively 
influence trust formation in technologically mediated 
environments, which is relevant to the present study. 

Prior research has established that conversational 
interfaces can enhance user trust compared to traditional 
text-based interaction. Gupta et al. [22] demonstrated that 
dialogue-based AI agents increase perceived trust in 
information systems, while Rheu et al. [23] showed that 
conversational framing positively influences user attitudes 
toward automated systems. The present study extends this 
line of research in two important ways: first, by focusing 
specifically on LLM-based conversational AI (i.e., 
ChatGPT) rather than general-purpose chatbots or rule-based 
dialogue systems; and second, by comparing voice-based 
and text-based modalities within the same AI system using 
the TAM as a validated measurement framework. This 
allows for a direct, controlled assessment of modality effects 
in the context of current-generation generative AI systems, 
which remains an underexplored area in the existing 
literature. 

2Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           12 / 145



III. METHODOLOGY AND IMPLEMENTATION 

A. Research Concept 

The present study employs a quantitative research design 

to examine how trust is formed in interactions with 

ChatGPT. This methodological choice is grounded in the 

objective of generating an initial empirical understanding of 

trust-related factors in the early adoption phase of large 

language models [16]. Quantitative methods are particularly 

suited for this purpose, as they enable systematic data 

collection, statistical comparison between groups, and the 

extraction of generalizable patterns, which are important 

requirements for exploratory work on emerging 

technologies [17]. 

Given that ChatGPT represents a relatively new class of 

AI systems, a descriptive, data-driven approach is essential 

to map the trust landscape before more complex theoretical 

models or causal mechanisms can be meaningfully 

investigated. Early-stage research benefits from 

quantification, as it allows researchers to identify trends, 

user perceptions, and recurring evaluation patterns without 

relying on preconceived assumptions [18][19]. 

To address these aims, the study was structured around 

two experimental conditions representing different 

communication modalities. Participants were assigned to 

one of these groups and completed standardized tasks 

designed to elicit interaction with ChatGPT. Following the 

experiment, participants’ attitudes, perceptions, and trust 

assessments were captured through a structured 

questionnaire. 

The conceptual basis of this questionnaire draws on the 

TAM [20], a well-established framework for examining user 

acceptance of novel technologies. TAM focuses on 

perceived usefulness and perceived ease of use as central 

determinants of user attitudes and behavioral intentions. 

These constructs provide a theoretically grounded lens for 

assessing trust in AI systems, as trust is closely tied to 

perceptions of system competence, reliability, and 

effortlessness of interaction. By integrating TAM into the 

measurement approach, the study ensures that user trust is 

evaluated systematically and in alignment with established 

technology acceptance theory [20]. 

B. Theoretical Background 

The TAM, originally introduced by Davis [20], is one of 

the most widely applied frameworks for understanding how 

individuals evaluate, accept, and use technological systems. 

Over several decades, TAM has demonstrated strong 

predictive validity across diverse technological contexts and 

remains a foundational model in information systems 

research. 

At the center of TAM are two core constructs: Perceived 

Usefulness (PU) and Perceived Ease of Use (PEU) [20]. 

• Perceived Usefulness refers to the degree 

to which an individual believes that using a particular 

system enhances their performance or supports task 

accomplishment. In the context of ChatGPT, this 

includes how effectively users feel the system helps 

them generate information, solve tasks, or achieve 

specific goals. 

• Perceived Ease of Use describes the 

extent to which an individual believes that interacting 

with a system requires minimal effort. Applied to 

ChatGPT, this relates to how intuitively users can 

formulate prompts, understand responses, and operate 

the system without cognitive strain. 

TAM proposes that both constructs shape users’ 

attitudes toward a technology, which subsequently influence 

their intention to use and, ultimately, their actual usage 

behavior [20]. As trust is closely tied to perceptions of 

system capability, reliability, and predictability, TAM 

provides a meaningful theoretical basis for examining how 

perceived usefulness and ease of use contribute to trust in 

AI-driven conversational systems, such as ChatGPT. 

For the purpose of the present study, the original version 

of TAM was deliberately selected as the theoretical 

foundation. More recent extensions, such as TAM2, TAM3, 

and the Unified Theory of Acceptance and Use of 

Technology (UTAUT), introduce additional constructs 

including social influence, facilitating conditions, or 

perceived enjoyment. While these models offer broader 

explanatory power, their complexity may obscure the 

specific focus of this study: understanding how basic 

perceptions of usefulness and ease of use relate to user trust. 

Future research could build upon the current work by 

integrating extended TAM versions to capture more 

nuanced determinants of trust in AI technologies. 

As shown in Figure 2, the original TAM structure 

proposed by Davis [20] is illustrated. 

 

Figure 2.  Technology Acceptance Model. 

IV. QUESTIONNAIRE 

Based on the assumption that trust in technological 
systems is shaped by perceived usefulness and perceived 
ease of use [20], the questionnaire was designed to reflect the 
core constructs of the TAM. The items were formulated to 
capture participants’ evaluations of ChatGPT along these 
dimensions while including additional questions explicitly 
targeting trust as an independent psychological factor. 

All items were presented as questions and answered on a 
five-point Likert scale ranging from 1 (strongly disagree) to 
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5 (strongly agree). This format was chosen to enable 
standardized quantitative comparison between participants 
and experimental conditions. Prior to data collection, the 
questionnaire was reviewed for clarity and consistency to 
ensure that all items were comprehensible and unambiguous. 

The questionnaire consisted of the following items: 
1. Do you generally trust machines or 

systems in your environment? 
2. Do you think you have acquired new 

knowledge? 
3. Would you pass on what you have learned 

to friends or acquaintances? 
4. Would you use the information you 

received for academic work at university or at the 
TH? 

5. Did you feel that your questions were 
answered competently? 

6. Did you feel sufficiently supported by the 
system? 

7. Did you doubt the information provided by 
the system at any point? 

8. How truthful do you consider the 
generated text to be? 

9. Would you use the system again to acquire 
knowledge? 

A substantial proportion of the items was oriented toward 
perceived usefulness (e.g., Items 2, 3, 5, and 9), as this 
construct reflects participants’ evaluation of the system’s 
relevance and practical value. Trust was measured through 
targeted items addressing both general attitudes and 
situational evaluations (Items 1, 7, and 8), enabling 
respondents to express their confidence in the system’s 
reliability and truthfulness. 

Perceived ease of use was captured primarily through 
Item 6, with partial relevance in Item 9. Since voice-based 
interaction is generally expected to reduce operational 
barriers, this construct was intentionally represented in a 
concise manner. This approach ensured that the 
questionnaire remained focused while still covering the 
central TAM dimensions relevant to the present study. 

The allocation of questionnaire items to the respective 
TAM constructs and trust category is summarized in Table I. 

TABLE I. ASSIGNMENT OF QUESTIONNAIRE ITEMS TO TAM 

DIMENSIONS 

Q-Number TAM 

Q1 Trust 

Q2 Usefulness 

Q3 Usefulness (private) 

Q4 Usefulness (research) 

Q5 Usefulness 

Q6 Ease of use 

Q7 Trust 

Q8 Trust 

Q9 Ease of use and Usefulness 

V. EXPERIMENTAL SETUP 

A. Test A: Auditory Interaction with ChatGPT 

For the voice-based condition, a custom prototype was 
developed using a laptop, the ChatGPT model, Microsoft 
Azure speech services, and C++ integration. Spoken input 
was converted to text via Azure, processed by ChatGPT, 
and returned to participants through text-to-speech output. 

The system operated in a continuous listening mode 
without manual activation. An initial feedback loop, caused 
by the system recognizing its own speech output as input, 
was resolved through targeted adjustments in the C++ 
implementation. 

All sessions were conducted in a quiet office 
environment to minimize background noise. Participants 
entered the room individually and received a printed task 
description identical to that of the text-based condition. 
Tasks required them to retrieve information on historical 
topics using spoken interaction only, ensuring a focused 
voice-based experience. 

Following the interaction, participants completed a 
structured nine-item TAM-based questionnaire assessing 
perceived usefulness, ease of use, and trust. 

B. Test B: Text-Based Interaction with ChatGPT 

For the text-based condition, participants interacted with 

ChatGPT via the standard interface using keyboard input 

and received written responses, enabling a continuous text-

based dialogue. All sessions were conducted in a controlled, 

distraction-free environment to ensure consistency and 

reliable data collection. 

Participants entered the room individually and received a 

printed task description identical to that of the auditory 

condition, ensuring comparable task requirements and 

cognitive demands across modalities. The standardized task 

sheet minimized interface-related variability and supported 

a consistent experimental procedure. 

Following the interaction, participants completed the 

same nine-item TAM-based questionnaire to assess 

perceived usefulness, ease of use, and trust, enabling direct 

comparison with the auditory condition. 

C. Participants and Procedure 

The final dataset comprised N = 66 participants, evenly 

distributed across the two conditions (33 per group), with a 

mean age of 23.51 years. Most participants were students or 

employees of the Technical University of Applied Sciences 

Würzburg-Schweinfurt (THWS). 

Each session lasted approximately 5–7 minutes. All 

participants were instructed to ask the same number of 

questions and were given identical opportunities to interact 

with the system, ensuring comparability between the 

speech-based and text-based conditions. 

D. Hypothesis 

The central aim of this study is to examine whether the 

modality of interaction with ChatGPT, comparing speech-

4Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           14 / 145



based versus text-based interaction, affects the level of trust 

users place in the system. To investigate this question 

empirically, the following hypotheses were formulated: 

• H0 (Null Hypothesis): 

Speech-based input and output have no effect on the 

degree of trust users place in ChatGPT. 

• H1 (Alternative Hypothesis): 

Speech-based input and output have an effect on the 

degree of trust users place in ChatGPT. 

These hypotheses provide the basis for the comparative 

analysis between the auditory and text-based interaction 

conditions and guide the statistical evaluation performed in 

this study. 

VI. RESULTS 

To examine whether interaction modality (speech-based 

vs. text-based) influenced user perceptions, independent 

two-sample t-tests were conducted for each questionnaire 

item. The analysis was structured according to three 

categories derived from the TAM: usefulness, ease of use, 

and trust [20]. 

Usefulness reflects participants’ evaluations of the 

system’s practical value for information retrieval and 

learning, ease of use captures perceived interaction effort, 

and trust represents assessments of credibility and 

reliability. These categories provide a structured framework 

for comparing the two experimental conditions. 

A. Response Distribution 

Figure 3 presents box-and-whisker plots comparing the 

response distributions for the speech-based and text-based 

conditions across all nine questionnaire items. The speech-

based condition (SP) is shown in blue and the text-based 

condition (TX) in red. 

Each box represents the interquartile range (IQR), 

encompassing the middle 50% of responses. The horizontal 

line inside each box indicates the median response. 

Whiskers extend to the most extreme values within 1.5 

times the IQR, and individual data points beyond this range 

are plotted as outliers. 

Across most items, the two conditions show comparable 

medians and IQRs, indicating broadly similar response 

patterns. A notable exception is Q1 (general trust in the 

system), where the speech-based condition yields a visibly 

higher median and a more compact distribution, consistent 

with the statistically significant result (p = 0.019). Q7 (doubt 

about information) shows the most divergent distributions: 

the text-based group is clustered at low doubt scores, while 

the speech-based group displays greater spread. 

Overall, the boxplots confirm that response patterns 

were largely equivalent across modalities, with the 

exception of Q1. The directional trends for Q3 and Q4 

(marked †) are visible as a slight upward shift in the text-

based boxes, though the overlap in IQRs reflects the non-

significant p-values. 

 

Figure 3.  Response Distribution for Speech-Based and Text-

Based Conditions Across All Nine Questionnaire Items. 

B. Independent Two-Sample t-Test 

To examine whether interaction modality (speech-based 
vs. text-based) influenced participant responses, 
independent two-sample t-tests were conducted for each 
questionnaire item using IBM SPSS Statistics. 

Statistical analysis revealed a significant difference 
between the two conditions for Item Q1 only (t(64) = 2.41, 
p = 0.019, d = 0.59, 95 % CI [0.09, 0.94]), leading to the 
rejection of the null hypothesis for this item. Items Q3 
(p = 0.131) and Q4 (p = 0.066) showed directional trends that 
did not reach statistical significance. All remaining items 
(Q2, Q5–Q9) showed no meaningful differences between 
conditions (all p > 0.10). Table II presents the group means, 
standard deviations, t-values, p-values, and effect sizes 
(Cohen’s d) for all nine items. 

Table II presents descriptive and inferential statistics 
(means, standard deviations, t-values, p-values, Cohen’s d, 
and 95 % confidence intervals) for all nine items. 

5Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           15 / 145



TABLE II.  DESCRIPTIVE AND INFERENTIAL STATISTICS (N = 66, 
N = 33 PER CONDITION). SP = SPEECH, TX = TEXT; D = COHEN’S D; 
CI = 95 % CONFIDENCE INTERVAL FOR MEAN DIFFERENCE. 
* P < 0.05. 

Item Speech 
M (SD) 

Text 
M (SD) t(64) p d 95 % CI 

Q1 4.00 (0.83) 3.49 (0.91) 2.41 0.019 0.59 [0.09, 0.94] 

Q2 4.03 (0.95) 4.03 (0.98) 0.00 1.000 0.00 [−0.48, 0.48] 

Q3 3.73 (0.84) 4.03 (0.77) −1.53 0.131 −0.38 [−0.70, 0.09] 

Q4 3.27 (1.31) 3.82 (1.04) −1.87 0.066 −0.46 [−1.13, 0.04] 

Q5 4.61 (0.50) 4.67 (0.48) −0.51 0.615 −0.12 [−0.30, 0.18] 

Q6 4.52 (0.57) 4.36 (0.60) 1.05 0.297 0.26 [−0.14, 0.44] 

Q7 2.18 (0.98) 1.79 (0.82) 1.77 0.082 0.44 [−0.05, 0.84] 

Q8 4.12 (0.55) 4.12 (0.65) 0.00 1.000 0.00 [−0.30, 0.30] 

Q9 4.45 (0.62) 4.55 (0.51) −0.66 0.515 −0.16 [−0.37, 0.19] 

 

C. Reliability Analysis: Cronbach’s Alpha Test 

To assess the internal consistency of the questionnaire, a 

Cronbach’s Alpha reliability analysis was conducted. The 

resulting coefficient of α = 0.547 indicates a moderate level 

of internal consistency. Although this value falls below the 

commonly recommended threshold of 0.70, its 

interpretation must be considered in light of the conceptual 

structure of the instrument. 

The questionnaire integrates multiple theoretically 

distinct constructs, including perceived usefulness, 

perceived ease of use, and trust. As these dimensions 

capture different aspects of user perception, heterogeneous 

response patterns are expected. Such multidimensionality 

typically leads to lower overall alpha values when reliability 

is calculated across all items, without necessarily indicating 

insufficient measurement quality [21]. 

Given the exploratory nature of the present study and its 

focus on capturing a broad range of user perceptions, a 

unified reliability analysis was considered appropriate. The 

moderate alpha value therefore reflects the instrument’s 

multi-construct design rather than methodological 

inadequacy. 

No items were removed, as each question contributes 

relevant information to the investigation of trust formation 

in human–AI interaction. Retaining all items preserves the 

conceptual breadth of the measurement approach and 

supports the study’s aim of providing an initial empirical 

assessment of modality-dependent trust dynamics. 

Reporting sub-scale reliability separately for the Trust 

(Q1, Q7, Q8), Usefulness (Q2, Q3, Q4, Q5, Q9), and Ease 

of Use (Q6, Q9) dimensions would provide a more granular 

assessment of measurement consistency. However, as data 

were collected using printed questionnaires and only 

aggregated frequency distributions were recorded, 

individual response vectors required for sub-scale 

Cronbach’s alpha computation are not available. Future 

studies should ensure digital data capture to enable sub-

scale reliability analysis. 

VII. DISCUSSION 

The present study employed an A/B testing design and 

an independent two-sample t-test to investigate whether the 

modality of interaction with ChatGPT, comparing speech-

based versus text-based modalities, influences user 

perceptions of trust, usefulness, and ease of use. Statistical 

analysis revealed a significant between-group difference for 

one item only: Q1 (general trust in machines; p = 0.019). All 

other items did not yield statistically significant differences 

(all p > 0.05). Directional but non-significant trends were 

observed for Q4 (p = 0.066) and Q3 (p = 0.131), both 

favouring the text condition. 

To interpret these findings more precisely, the 

questionnaire was structured into three theoretical categories 

derived from the TAM: Usefulness, Ease of Use, and Trust. 

In the following subsections, each category is discussed 

individually with respect to the corresponding questionnaire 

items. This structure allows for a more differentiated 

understanding of how the interaction modality affects 

distinct dimensions of user perception. 

Finally, the discussion concludes with a synthesis across 

all categories. This integrative perspective highlights how 

usefulness, ease of use, and trust interact with one another 

and collectively shape user judgments in human–AI 

interaction. By connecting these findings, the study aims to 

provide a holistic interpretation of how communication 

modality may, or may not, influence the broader acceptance 

of AI systems, such as ChatGPT. 

A. Category: Trust 

The Trust category comprised the following 

questionnaire items: 

• Q1: Do you generally trust machines or 

systems in your environment? 

• Q7: Did you doubt the information 

provided by the system? 
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• Q8: How truthful do you consider the 

generated text to be? 

Analysis using the independent two-sample t-test (see 

Table II) showed that only Q1 yielded a statistically 

significant difference between the two groups. Participants 

in the speech-based condition reported a higher general trust 

in machines and systems than those in the text-based 

condition. This suggests that the auditory modality may 

enhance users’ baseline trust in technology during 

interaction. 

In contrast, Q7 (doubt about information: p = 0.082, 

d = 0.44) and Q8 (perceived truthfulness: p = 1.000, 

d = 0.00) showed no significant differences between the 

groups. Notably, Q7 approached but did not cross the 

conventional significance threshold, suggesting a weak 

trend toward greater expressed doubt in the text condition 

(M = 1.79) compared to the speech condition (M = 2.18) that 

warrants investigation in larger samples. 

Taken together, the findings for this category suggest 

that while specific trust-related evaluations (credibility or 

doubts) are not affected by modality, generalized trust 

toward the system appears to be higher when interaction 

occurs via speech. This indicates that the communicative 

channel may influence broader perceptions of trust, even if 

it does not alter assessments of specific system outputs. 

B. Category: Usefulness 

The Usefulness category included Items Q2, Q3, Q4, 

Q5, and Q9, addressing perceived knowledge acquisition, 

information dissemination, academic applicability, response 

competence, and continued system use. 

Statistical analysis did not reveal significant differences 

between the two conditions for any usefulness item. Item 

Q2 (knowledge acquisition) showed no difference 

(p = 1.000, d = 0.00), confirming that both modalities were 

equally effective in supporting learning. Item Q9 

(willingness to reuse the system) was also comparable 

across conditions (p = 0.515, d = 0.16). 

Items Q3 and Q4 showed directional trends that did not 

reach statistical significance. Participants in the text-based 

condition tended to report higher intentions to share learned 

content with others (Q3: M_text = 4.03 vs. 

M_speech = 3.73; p = 0.131, d = 0.38) and to use 

information for academic purposes (Q4: M_text = 3.82 vs. 

M_speech = 3.27; p = 0.066, d = 0.46), though these 

differences remain inconclusive at the conventional α = 0.05 

level. 

These trends are consistent with the intuitive advantage 

of written text for information retention and reuse: text can 

be scrolled back, copied, and cited, whereas spoken output 

is transient. Future research with larger samples should 

examine whether these tendencies reach statistical 

significance. 

Item Q5 (perceived competence of responses) showed 

no significant difference between conditions (p = 0.615, 

d = 0.12), with both groups rating competence highly 

(M_speech = 4.61, M_text = 4.67). This suggests that the 

perceived quality of ChatGPT’s responses was independent 

of the interaction modality. 

Overall, the data indicate that usefulness perceptions 

were broadly equivalent across modalities. Neither 

condition produced systematically higher ratings across the 

usefulness dimension. 

In summary, the hypothesis that modality significantly 

differentiates usefulness perceptions is not supported by the 

present data. Both interaction modes were equally effective 

for knowledge acquisition and willingness to reuse the 

system. The directional trends for Q3 and Q4 suggest a 

potential advantage of text for information sharing and 

academic use, but these require replication with larger, more 

diverse samples before conclusions can be drawn. 

C. Category: Ease of Use 

The Ease of Use category comprised Items Q6 and Q9, 

addressing perceived system support and willingness to use 

the system again for knowledge acquisition. 

Statistical analysis showed highly similar response 

patterns across the speech-based and text-based conditions 

for both items, indicating that interaction modality had no 

significant effect on perceived ease of use. 

This finding is noteworthy given that voice-based 

interaction is generally less familiar to many users than text-

based input. Despite this, participants reported that the 

speech-based system was easy to use and did not introduce 

additional cognitive or technical barriers. 

Both groups expressed comparable willingness to use 

the system again (Q9), suggesting that neither modality 

hindered continued engagement. While familiarity may 

account for positive evaluations of the text-based interface, 

the similarly favourable assessment of the speech-based 

variant indicates that participants were able to interact with 

the voice system without difficulty. 

Overall, the results demonstrate that no meaningful 

differences emerged between the two conditions with 

respect to ease of use. Speech-based interaction was 

perceived as equally accessible and user-friendly as text-

based communication. 

D. Integrated Summary of Findings 

The comparative analysis of the three dimensions (Trust, 

Usefulness, and Ease of Use) provides insights into how 

interaction modality shapes users’ perceptions of ChatGPT. 

In the Trust category, speech-based interaction was 

associated with significantly higher general trust in 

technological systems (Q1: M_speech = 4.00 vs. 

M_text = 3.49; t(64) = 2.41, p = 0.019, d = 0.59). This 

constitutes a medium-sized effect and represents the only 

statistically significant finding in the study. Perceived 

truthfulness (Q8) and expressed doubt (Q7) did not differ 

significantly, indicating that the modality effect is limited to 
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a baseline or dispositional trust in the technology rather than 

situation-specific credibility judgements. 

With respect to Usefulness, no significant differences 

were found across any of the five items. Both modalities 

equally supported knowledge acquisition (Q2) and 

willingness to reuse the system (Q9). Directional trends 

suggested that text-based output may be associated with 

greater intentions to share information (Q3) and apply it 

academically (Q4), but these differences did not reach 

statistical significance and should be interpreted with 

caution. 

For Ease of Use, no meaningful differences were 

identified between the two conditions. Both interaction 

modes were perceived as equally accessible and user-

friendly, and participants reported comparable levels of 

support and willingness to use the system again. This 

suggests that speech-based interaction does not introduce 

additional usability barriers. 

Overall, the results demonstrate that interaction modality 

influences specific dimensions of user perception rather than 

overall evaluations of the system. Speech-based interaction 

enhances generalized trust in technological systems, 

whereas text-based interaction shows a non-significant 

directional trend toward supporting information sharing and 

academic applicability. Both modalities are regarded as 

equally easy to use. 

Accordingly, the null hypothesis is rejected for Q1 only. 

For all other items, the data are consistent with the null 

hypothesis of no modality effect. Overall, the results suggest 

that interaction modality has a limited and specific influence 

on user perceptions of ChatGPT: it elevates general trust in 

the technology without altering assessments of content 

quality, usefulness, or ease of use. 

VIII. CONCLUSION AND FUTURE WORK 

This study provides empirical insights into interaction 

modality (speech versus text), which influences user 

perceptions of ChatGPT with respect to trust, perceived 

usefulness, and ease of use. Statistical analysis of a nine-

item TAM-based questionnaire administered to N = 66 

participants revealed that only one item yielded a significant 

between-group difference. 

With regard to trust, speech-based interaction was 

associated with significantly higher general trust in 

technological systems (Q1: p = 0.019, d = 0.59). This 

suggests that auditory interaction may activate a broader 

sense of confidence in the technology, possibly due to the 

naturalness and immediacy of spoken dialogue. However, 

no significant differences were found for perceived 

truthfulness (Q8: p = 1.000) or expressed doubt about 

system accuracy (Q7: p = 0.082), indicating that modality 

does not influence situation-specific credibility assessments. 

Developers should therefore not assume that adding a voice 

interface will make users perceive AI-generated content as 

more truthful or accurate. 

In terms of usefulness, no significant differences were 

observed across any item. Both modalities equally 

supported knowledge acquisition (Q2: p = 1.000) and 

willingness to reuse the system (Q9: p = 0.515). Directional 

trends, though not statistically significant, suggested that 

text-based output may be associated with higher intentions 

to share information (Q3: p = 0.131) and apply it in 

academic contexts (Q4: p = 0.066). These tendencies are 

consistent with the practical advantage of written text for 

retention and reuse, but they require replication in larger, 

more diverse samples before practical recommendations can 

be derived. 

For ease of use, no significant differences emerged 

between the two conditions. Participants evaluated both 

interaction modes as equally accessible, demonstrating that 

speech-based interfaces do not introduce additional usability 

barriers despite their lower familiarity for many users. 

Several limitations should be acknowledged when 

interpreting these results. The sample comprised N = 66 

participants, predominantly students and employees of a 

German university of applied sciences (mean age 23.51 

years). This sample is relatively homogeneous with respect 

to age, educational background, and cultural context. Age 

and prior experience with AI systems are known to 

moderate technology acceptance and trust formation [4], 

and cultural dimensions, such as individualism versus 

collectivism or uncertainty avoidance, may substantially 

affect how users respond to voice-based AI interfaces. 

Future research should replicate this study with larger, more 

diverse, and cross-cultural samples to improve the 

generalizability of the findings. 

A further limitation concerns the comparability of the 

two experimental conditions. The voice-based prototype 

was implemented using a custom integration of Microsoft 

Azure Text-to-Speech (TTS) and Speech-to-Text (STT) 

services with the ChatGPT API, operated via a C++ 

application. This differs substantially from the standard 

ChatGPT web interface used in the text-based condition. 

Consequently, observed differences between conditions may 

partially reflect factors beyond interaction modality alone, 

such as differences in response latency, voice naturalness, or 

interface familiarity. Future research should employ more 

equivalent technical implementations, for instance by 

leveraging ChatGPT’s native voice mode, to isolate 

modality effects more cleanly. Nonetheless, this limitation is 

acknowledged transparently here, as it motivates important 

directions for methodological refinement in subsequent 

studies. 
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Abstract—Vibrotactile wearables have the potential to 

discreetly convey nonverbal emotional cues to people with 
visual impairments. However, many haptic approaches rely on 
arbitrary codes that require training. This evaluation study 
examines whether vibrotactile patterns can be intuitively 
associated with emotion labels without prior training, and 
assesses the emergence of stable dominant (“winner”) emotions 
for individual patterns, to support accessible affective 
communication in human-computer interaction. In a 
controlled within-subjects experiment, 33 participants 
evaluated 14 patterns presented via a wrist-worn device. After 
each stimulus, participants selected one of seven emotion labels 
in a seven-alternative forced-choice task based on Paul 
Ekman’s basic-emotions framework, including contempt. We 
tested recognition rates (target hits) and winner rates (most 
frequent label) against chance performance using one-sided 
exact binomial tests with Holm correction. Dominance was 
defined as the difference between the most frequent and the 
second-most frequent label. Three patterns showed a 
significant target mapping, while six patterns exhibited a 
significant winner emotion with high dominance. Overall, 
several vibrotactile patterns showed stable emotion 
associations without prior training and serve as candidates for 
further refinement and validation with users with visual 
impairments. 

Keywords—tactile communication; assistive technology; 
emotional communication; nonverbal communication; visual 
impairment. 

I. INTRODUCTION 
Nonverbal cues, such as facial expressions, gestures, and 

body language play a central role in the emotional classifica-
tion of social situations [1]. However, people with visual 
impairments often have limited or no access to these cues, 
which can result in a loss of affective information in every-
day life. Assistive sensory substitution approaches therefore 
aim to make visual emotional cues accessible via alternative 
sensory channels, ideally in a discreet manner and with as 
little cognitive load as possible [2][3]. 

The sense of touch is well suited in this context. Vi-
brotactile output systems can be discreetly integrated into 
wearables and do not require visual attention [2]. Research 
on affective haptics and mediated social touch suggests that 

the perception of haptic stimuli is not solely determined by 
the vibration itself, but significantly by the parameterisation 
of these vibrations, such as intensity, temporal structure, and 
dynamics. Thus, these parameters can systematically modu-
late perceived affective qualities [4][5]. 

A notable challenge is that many haptic communication 
approaches rely on conventionalised or arbitrary codes that 
require users to learn and stabilise their intended meanings 
[6][7]. This is especially problematic in situations where no 
visual reference or feedback channel is available, as it can 
significantly impair intuitive interpretability and usability 
[3]. 

This study examines whether vibrotactile patterns can be 
consistently assigned to specific emotion categories in a 
baseline sample without prior training. The conceptual 
framework of this study is based on the valence–arousal 
space (circumplex model), which describes affective states in 
terms of pleasantness (valence) and activation (arousal) [8]. 
Based on this framework, 14 vibrotactile patterns (two vari-
ants per emotion) were constructed to target seven emotion 
labels in line with Ekman’s basic-emotions approach [1]. 

We conducted a controlled pre-study with sighted partici-
pants to establish a baseline mapping of 14 vibrotactile pat-
terns to seven Ekman labels. We report recognition rate (tar-
get hits), winner emotion and winner rate (emergent map-
ping), and dominance Δ as indicators of mapping clarity, and 
we explore associations with empathy and vibration experi-
ence. 

This exploratory baseline evaluation was conducted with a 
sighted sample, a low-fidelity prototype, and a no-training 
setup under controlled conditions. The findings provide an 
initial basis for refinement, but they do not yet allow direct 
conclusions about real-world assistive use. 

The remainder of this paper is structured as follows. Sec-
tion II reviews related work on affective haptics, the va-
lence–arousal model, and Ekman’s basic emotions as the 
conceptual foundation of the study. Section III describes the 
methodology, including the prototype, vibrotactile patterns, 
study design, measures, participants, and procedure. Section 
IV presents the results of the experimental evaluation. Sec-
tion V discusses the findings, their implications, and limita-
tions. Finally, Section VI concludes the paper and outlines 
directions for future work. 

10Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           20 / 145



II. RELATED WORK 

A. Affective Haptics and Vibrotactile Communication 
Affective haptics refers to haptic interaction design that 

aims to evoke affective experiences or convey emotional 
information [4]. In wearables, this is often implemented 
using vibrotactile signals, since they can be delivered close 
to the body, are suitable for everyday use, and work inde-
pendently of visual attention [2][9]. The quality of a pattern 
is largely shaped by parameters, such as intensity, 
rhythm/pulse density, pauses, and ramp profiles [10][11]. 

A recurring challenge concerns the semantics of haptic 
signals. Many systems rely on tactile “vocabularies” or hap-
tic icons whose meaning is not inherent, but becomes estab-
lished through convention, training, or repeated use 
[10][11]. In assistive applications without a visual reference 
channel, this learning requirement is particularly challeng-
ing, as it can limit the immediate, intuitive interpretability of 
haptic patterns [2][3]. 

B. The Valence–Arousal Model 
Affective perception is often described in a two-

dimensional space defined by valence (pleasant–unpleasant) 
and arousal (activated–calm/sleepy). Russell’s circumplex 
model describes affective states as combinations of these two 
basic dimensions and offers a continuous framework for po-
sitioning and varying stimuli [8]. 

This framework is well suited to vibrotactile stimuli be-
cause parameters such as intensity, pulse density/rhythm, 
pauses, and dynamics can be operationalised as carriers of 
arousal and, indirectly, valence. Empirical studies on the 
emotional effects of haptic parameters suggest that changes 
in intensity and temporal structure can lead to systematic 
shifts in ratings within the valence-arousal space [4][5]. 

C. Ekman’s Basic Emotions 
In addition to dimensional models, emotions are fre-

quently characterised as discrete categories. Ekman's basic-
emotions framework proposes a core set of emotions that 
are relatively stable and functionally meaningful, with dis-
tinct patterns of response and expression that can be mod-
elled as qualitatively different states. The extant literature on 
the subject commonly refers to six basic emotions: happi-
ness, sadness, anger, fear, surprise, and disgust [1]. Follow-
ing prior empirical work that treats contempt as a distinct 
category, we included contempt as an additional label in the 
target set [12]. 

 
In this study, seven emotion labels (including contempt) 

are used as the target set for assignment in order to test 
whether vibrotactile patterns can be categorised intuitively 
at the label level. Valence and arousal are additionally used 
to locate the perceived effect of each stimulus within a di-
mensional space and to describe pattern profiles in a compa-
rable way. 

 

Specifically, this study makes two contributions. First, it 
introduces a structured evaluation framework for training-
free vibrotactile emotion mapping based on recognition, 
emergent winner emotions, and dominance (Δ). Second, it 
provides empirical baseline evidence on parameter configu-
rations that yield robust above-chance emotion associations. 

Against this background, three Research Questions (RQs) 
are formulated, focusing on target assignment, dominance, 
and person-specific influencing factors: 

RQ 1: Do individual vibrotactile patterns, without prior 
training, achieve assignment to the intended Ekman target 
emotion above chance level? 

RQ 2: Which emotion category is selected as the domi-
nant choice for each pattern, and how robust is this domi-
nance? 

RQ 3: Are trait empathy and experience with vibrotac-
tile feedback associated with individual recognition rates? 
(exploratory) 

III. METHODOLOGY 

A. Prototype and Vibrotactile Patterns 
The study used a low-fidelity prototype as the vibrotactile 

output system. The device uses two vibration motors inte-
grated into an elastic wristband worn on the non-dominant 
wrist. One motor is placed on the upper side of the wrist, 
while the second is positioned on the underside. Control is 
handled by an ESP32-based microcontroller connected via 
Universal Serial Bus (USB) to a control unit. An administra-
tion unit is used to trigger the predefined patterns during the 
study. A motor driver ensures that the motors are supplied 
with sufficient current. The firmware was implemented in 
the Arduino development environment. Figure 1 shows the 
wristband prototype. 

 

Figure 1.  Wristband prototype with control unit, administration unit, and 
two vibration motors. 

The vibrotactile patterns were specified as combinations 
of intensity, pulse duration, pauses, and the time course of 
intensity (ramp profile) [6][10]. Intensity was implemented 
using 8-bit Pulse-Width Modulation (PWM) in a range from 
0 to 255. In the context of pattern design, three intensity lev-
els were employed (low: 125 PWM, medium: 190 PWM, 
high: 255 PWM). Furthermore, separate time intervals were 
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defined for pulse duration and pauses (short: 300 millisec-
onds, medium: 600 milliseconds, long: 900 milliseconds). In 
order to model different dynamics, both linear and exponen-
tial ramp profiles were applied.  

The stimulus set comprised 14 vibrotactile patterns, with 
two variants created for each of the target emotions (six basic 
emotions, plus contempt) [1][12]. The development of the 
patterns was guided by the dimensions of valence and arous-
al, which are widely considered core factors of affective 
states [8]. This broad parameterisation was considered ap-
propriate for an exploratory study, as prior work suggests 
that the affective interpretation of haptic stimuli is shaped by 
both stimulus parameters and context [4][5]. 

Patterns intended to convey higher activation were typi-
cally operationalised using higher intensities, shorter inter-
vals, and more pronounced pulse sequences. In contrast, low-
activation patterns were characterised by longer, calmer tem-
poral profiles and lower intensities [4][5]. The specifications 
of all 14 patterns are summarised in Table I. 

To illustrate theory-driven parameterisation along the va-
lence–arousal space, three patterns are briefly described. We 
assume arousal is primarily encoded via intensity, pulse den-
sity, and temporal dynamics, whereas valence is influenced 
more indirectly by qualitative dynamics (e.g., smooth/fading 
vs. abrupt/jerky) [4][5]. 

Pattern 4 (Sadness B) was defined as a linear ramp-down 
from medium intensity (190 PWM) to 0 over 900 ms (R↓
lin(M→0,900)). The continuous fade without repeated pulses 
reflects low arousal and a dampened signal character 
[4][5][8]. 

Pattern 9 (Surprise A) consisted of three short pulses with 
very short pauses 
(P(S,300)+p150+P(S,300)+p150+P(H,300)), culminating in 
a high-intensity pulse. The burst-like structure and abrupt 
intensity increase operationalise high arousal (star-
tle/orienting), while valence remains context-dependent, 
consistent with surprise being potentially positive or negative 
[4][5][8]. 

Pattern 11 (Disgust A) consisted of three ramp-and-pulse 
segments with a medium–high–medium intensity structure 
([R↑ lin(0→M,600)+P(M,300)] + p150 + [R↑ lin(0→
H,600)+P(H,300)] + p150 + [R ↑ lin(0 →
M,600)+P(M,300)]). The repeated build-ups and the domi-
nant high-intensity middle segment reflect medium-to-high 
arousal and a more irregular signal character. The flanking 
medium-intensity segments before and after the peak were 
intended to avoid a single alarm-like burst and instead create 
a structured rise–peak–decline profile, which was considered 
more suitable for approximating disgust within the valence–
arousal framework [4][5][8]. 

Before the study, the programmed patterns were repeat-
edly checked on the prototype through direct tactile inspec-
tion to confirm perceptible differences and reliable motor 
function. No external calibration was undertaken to verify a 
linear relationship between PWM input and physical actuator 
output. 

 

TABLE I 
OVERVIEW OF VIBROTACTILE PATTERNS 

ID Target 
emotion Parameters Duration 

(ms) 

1 Happiness A 2×[2×P(M,300)+p150]+p300 1800 

2 Happiness B R↑lin(0→M,600)+p300+2×P(M,
300)+p150 1650 

3 Sadness A P(S,900)+p450+P(S,900) 2250 

4 Sadness B R↓lin(M→0,900) 900 

5 Anger A P(M,300)+p150+P(H,300)+p150
+P(S,300)+p150+P(H,300) 1650 

6 Anger B R↑exp(0→H,600)+D(H,900) 1500 

7 Fear A 4×[P(H,300)+p150] 1650 

8 Fear B (P(M,300)+p150+P(H,300)) + 
p150 + (…) + p300 + (…) 2700 

9 Surprise A P(S,300)+p150+P(S,300)+p150+
P(H,300) 1200 

10 Surprise B (P(H,300)+p150+P(M,300)) + 
p300 + (…) 1800 

11 Disgust A 

[R↑lin(0→M,600)+P(M,300)] + 
p150 + 
[R↑lin(0→H,600)+P(H,300)] + 
p150 + 
[R↑lin(0→M,600)+P(M,300)] 

3000 

12 Disgust B P(H,600)+p300+R↓lin(H→M,60
0)+p150+R↓exp(M→S,600) 2250 

13 Contempt A R↑lin(0→S,600)+D(S,300)+R↑li
n(S→M,600)+D(M,600) 2100 

14 Contempt B R↑exp(0→M,900)+D(M,600) 1500 

PWM levels: S = 125 (low), M = 190 (medium), H = 255 (high); P(x,t) = Pulse with intensity x and 
duration t ms; D(x,t) = Continuous vibration (constant) with intensity x and duration t ms; p = Pause 

(ms); R↑/R↓ = Ramp up/down; lin/exp = Linear/exponential. 

Variations in total duration reflect the underlying pa-
rameter combinations (pulse lengths, pauses, and ramp seg-
ments) and were not controlled as a separate variable in this 
exploratory design. 

B. Study Design and Measures 
1) Study Design 

The study used a within-subjects design. Each participant 
evaluated all 14 vibrotactile patterns, which helped reduce 
potential sources of variance caused by individual differ-
ences, such as general response tendencies or differences in 
tactile sensitivity [13]. Each trial presented one pattern fol-
lowed by a standardised questionnaire. The aim was to cap-
ture an immediate, experience-based assignment for each 
pattern. Patterns were presented in a randomised order for 
each participant to minimise order effects [13]. Participants 
were allowed one optional repeat per pattern if needed. 

2) Measures and Operationalisation 
a) Measurements per trial 

The primary dependent variable was the emotion assign-
ment in a forced-choice format (ekman_choice). Participants 
were instructed to select one of seven emotion labels (happi-
ness, sadness, anger, fear, surprise, disgust, and contempt) 
[1][12]. This response format was chosen to capture the as-
signment as a categorical decision and to test pattern recogni-
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tion statistically against a defined chance level [14]. The 
order of response options was randomised to minimise posi-
tion and order effects [15]. 

To encourage intuitive responses, the emotion category 
was collected first in each trial. Participants then rated their 
confidence in the assignment using a 5-point Likert-type 
scale (choice_confidence; 1 = very unsure to 5 = very sure) 
[16]. This measure adds a metacognitive judgement to the 
forced-choice assignment and indicates whether patterns are 
selected with low or high conviction [17]. 

Next, the affective dimensions valence and arousal were 
collected using two 5-point scales adapted from the Self-
Assessment Manikin (SAM), but without the dominance 
dimension [18]. Valence was assessed with the question 
“How pleasant or unpleasant was the vibration pattern?” 
(valence; 1 = very unpleasant to 5 = very pleasant). Arousal 
was assessed with “How calm or arousing/activating was the 
vibration pattern?” (arousal; 1 = very calm/sleepy to 5 = very 
arousing/activating). Omitting the dominance dimension 
reduced the number of items per trial and lowered participant 
burden in a repeated-measures design [14]. In addition, many 
models treat valence and arousal as the central dimensions 
for describing affective states [8]. 

Final trial order: (1) ekman_choice → (2) 
choice_confidence → (3) valence → (4) arousal 

b) Measurements per test subject 
Two additional criteria were collected to describe the 

sample and to capture potential moderating or explanatory 
variables: (i) experience with vibrotactile feedback in every-
day life and (ii) empathy. Experience with vibrotactile feed-
back was measured using five Likert-type items (including 
one reverse-coded) to capture everyday familiarity as a po-
tential covariate. Empathy was assessed using the Single 
Item Trait Empathy Scale (SITES) to provide a compact 
measure of a dispositional trait that may relate to processing 
affective information [19]. In addition, demographic varia-
bles (age, gender) were recorded to describe the sample and 
to identify potential confounding factors (e.g., age-related 
differences in tactile perception) descriptively. 

Pre-trial measures: (1) gender → (2) age 
Post-trial measures: (1) vibration_experience → (2) em-

pathy 
3) Control of Potential Confounding Factors 

To minimise order effects (learning, fatigue, or contrast 
effects), the sequence of the 14 patterns was presented in a 
randomised order for each participant [13].  

Before the trials, the experimenter checked fit and motor 
placement and provided standardised instructions to ensure 
comparable stimulation conditions. Furthermore, participants 
were permitted only one repeat per pattern to avoid distorting 
the original intuitive assignment through frequent replays. 
Repeats were recorded and used as a quality metric (e.g., 
potential indications of low perceptibility for particular pat-
terns). 

 

C. Participants and Session Procedure 
a) Participants 

The sample consisted of N = 33 sighted participants. A 
baseline sample of sighted participants was employed in or-
der to establish statistically robust stimulus-emotion associa-
tions under controlled conditions, prior to validation with 
visually impaired users. Participants were recruited as a con-
venience sample of sighted adults for this baseline study. No 
further selection protocol or stratification based on specific 
target characteristics was applied. The study was conducted 
as a supervised experiment, with an experimenter present 
throughout. Participants were aged 21 to 62 years; 45.45% 
identified as female and 54.55% as male. Each session lasted 
approximately 20–30 minutes per participant. 

b) Study Setting and Setup 
The data were collected in individual sessions. The pro-

totype was fitted on the non-dominant wrist to ensure the 
dominant hand remained available for the completion of the 
questionnaire. The two vibration motors were positioned 
above and below the wrist, and stabilised using an elastic 
fixation similar to that of a sweatband. 

The stimuli were triggered via a laptop using a Wizard-
of-Oz setup, allowing the experimenter to play the prede-
fined patterns in a controlled manner [20]. 

c) Session Procedure 
At the beginning of the experiment, the subjects were 

given an introduction to the aim of the study and the proce-
dures they would be expected to follow. They were also giv-
en information on the voluntary nature of their participation, 
the right to withdraw at any time, and the confidentiality of 
their data. The subjects then provided their signature on an 
informed consent form. In the subsequent phase of the exper-
iment, the researcher affixed the prototype to the non-
dominant wrist and conducted a meticulous evaluation of its 
fit. 

The participants initially completed a brief questionnaire 
that solicited demographic information. Two neutral practice 
trials were conducted to familiarise participants with the sen-
sation and response format and excluded from the analyses. 
Subsequent to this, the 14 vibrotactile patterns were present-
ed in a randomised order. In each trial, participants initially 
made a forced-choice assignment to an Ekman emotion, fol-
lowed by a confidence rating, and subsequently valence and 
arousal ratings. If needed, each pattern could be repeated 
once. Repeats were logged to capture potential perceptual 
issues. After completing all trials, participants answered 
questions about their experience with vibration signals and 
an empathy item. Finally, the prototype was removed and the 
session ended. 

IV. RESULTS 

A. Dataset and Analysis Strategy 
The analysis is based on N = 33 participants who each 

evaluated 14 vibrotactile patterns (462 test trials). Two neu-
tral practice trials were excluded from all analyses. After 
data collection, the dataset was screened for completeness 
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and plausibility, then cleaned and coded. Per trial, the emo-
tion label was treated as a categorical variable, while confi-
dence, valence, and arousal ratings were coded as Likert-type 
values (1–5) [16]. For analysis, we derived pattern ID, target 
emotion, and a correctness indicator (target hit). In addition, 
we summarised valence and arousal at the pattern level using 
means and standard deviations and reported repeat frequency 
as an indicator of perceptibility. For the binomial tests, sig-
nificance was evaluated one-sided because effects were hy-
pothesised as above-chance mappings. Effect sizes are re-
flected by the observed proportions (recognition/winner 
rates) and the dominance gap Δ. Data preparation and metric 
calculation were conducted in Microsoft Excel; statistical 
analyses were performed in Jamovi. 

To address RQ1 and RQ2, we computed two pattern-
level metrics: recognition rate as the proportion of target hits 
(ktarget/33) and winner rate as the proportion of the most fre-
quently selected label (kwinner/33; emergent mapping). Both 
were tested against chance level p0 = 1/7 using one-sided 
exact binomial tests [14]. Holm correction was applied 
across the 14 patterns separately for recognition tests (prec) 
and winner tests (pwin) to control the family-wise error rate at 
α = .05 [21]. Mapping clarity is reported via the runner-up 
label and dominance Δ = nwinner − nrunner-up. Repeats were ana-
lysed descriptively. Exploratory Spearman correlations tested 
mean confidence vs. recognition rate (pattern level) and par-
ticipant recognition vs. empathy/vibration experience (partic-
ipant level) [14]. 

B. Recognition Rate: Assignment to the Target Emotion 
After Holm correction, three patterns exceeded chance-

level target assignment: Sadness A (ID 3: 51.52%, 17/33), 
Sadness B (ID 4: 57.58%, 19/33), and Surprise A (ID 9: 
36.36%, 12/33) (Table II). Aggregated across variants, sad-
ness showed the highest target assignment (54.5%, 36/66), 

whereas disgust (10.6%, 7/66) and fear (12.1%, 8/66) were 
lowest. 

C. Winner Emotion and Mapping Robustness 
To capture emergent mappings, we report the most fre-

quently selected label per pattern (winner emotion) and its 
winner rate (Table II). Winner emotions can diverge from the 
intended target. After Holm correction, six patterns showed 
winner rates above chance (IDs 2, 3, 4, 5, 8, 9). Mapping 
clarity was quantified using dominance Δ. Sadness patterns 
were strongly dominant (ID 3: Δ = 11; ID 4: Δ = 14), where-
as ID 8 (anger; Δ = 6) and ID 9 (surprise; Δ = 5) showed 
moderate dominance. ID 13 showed no clear winner (Δ = 0). 

D. Repeats and Choice Confidence 
Repeats were rare (7/462 trials; 1.5%) and occurred once 

each for seven different patterns (IDs 1, 2, 4, 5, 11, 12, 14), 
indicating no systematic perceptibility issues. Pattern-level 
confidence was not associated with recognition rate (Spear-
man ρ = −0.306, p = .288; n = 14 patterns). 

E. Affective Dimensions: Valence and Arousal 
In addition to the emotion label, participants rated each 

pattern on 5-point scales for valence and arousal. Table III 
reports pattern-level means and standard deviations. Over-
all, arousal ratings varied more strongly across patterns than 
valence. 

F. Participant Characteristics and Recognition Rate 
At the participant level (N = 33), recognition rate (across 

all 14 patterns) was not correlated with empathy (SITES; ρ 
= −0.006, p = .975) or vibrotactile experience (ρ = 0.013, p 
= .943; Spearman). 

TABLE II 
RESULTS FOR VIBROTACTILE PATTERNS 

ID Target 
emotion 

Recognition 
Rate prec prec(Holm) Winner 

emotion 
Winner 
Rate pwin pwin(Holm) Δ Runner-up 

emotion 
1 Happiness 21.21% (7/33) 0.183 1.000 Surprise 27.27% (9/33) 0.038 0.264 2 Anger 
2 Happiness 24.24% (8/33) 0.089 0.977 Surprise 36.36% (12/33) 0.001 0.015* 4 Happiness 
3 Sadness 51.52% (17/33) < .001 < .001*** Sadness 51.52% (17/33) <.001 < .001*** 11◆ Happiness 
4 Sadness 57.58% (19/33) < .001 < .001*** Sadness 57.58% (19/33) <.001 < .001*** 14◆ Surprise 
5 Anger 18.18% (6/33) 0.330 1.000 Happiness 33.33% (11/33) 0.005 0.042* 2 Surprise 
6 Anger 21.21% (7/33) 0.183 1.000 Surprise 24.24% (8/33) 0.089 0.444 1 Anger 
7 Fear 15.15% (5/33) 0.518 1.000 Anger 30.30% (10/33) 0.014 0.113 2 Happiness 
8 Fear 9.09% (3/33) 0.869 1.000 Anger 42.42% (14/33) <.001 < .001*** 6◇ Happiness 
9 Surprise 36.36% (12/33) 0.001 0.016* Surprise 36.36% (12/33) 0.001 0.015* 5◇ Happiness 
10 Surprise 15.15% (5/33) 0.518 1.000 Happiness 24.24% (8/33) 0.089 0.444 1 Anger 
11 Disgust 12.12% (4/33) 0.713 1.000 Anger 21.21% (7/33) 0.183 0.549 1 Contempt 
12 Disgust 9.09% (3/33) 0.869 1.000 Surprise 21.21% (7/33) 0.183 0.549 1 Fear 
13 Contempt 21.21% (7/33) 0.183 1.000 Happiness 21.21% (7/33) 0.183 0.549 0 Contempt 
14 Contempt 12.12% (4/33) 0.713 1.000 Surprise 27.27% (9/33) 0.038 0.264 4 Fear 

Recognition Rate = Proportion of correct assignments to the target emotion (ktarget/33); Winner emotion/Winner Rate = Most frequently selected emotion/(kwinner/33); Runner-up Emotion = Second most 
frequently selected emotion; p-values: One-sided exact binomial tests against chance level p0=1/7; Holm correction within each respective test family (m=14 Patterns) applied separately for prec and pwin. 

* p(Holm) < .05, ** p(Holm) < .01, *** p(Holm) < .001.; Δ = 𝑛𝑛winner − 𝑛𝑛runner-up; ◇ Δ ≥ 5 (moderately dominant), ◆ Δ ≥ 8 (strongly dominant), in case of a tie Δ = 0 (e.g., ID 13). 
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TABLE III 
RESULTS FOR VALENCE AND AROUSAL 

ID Target emotion Valence, M (SD) Arousal, M (SD) 
1 Happiness 3.36 (1.08) 3.85 (0.91) 
2 Happiness 3.24 (1.00) 3.30 (0.95) 
3 Sadness 3.42 (1.09) 2.36 (1.25) 
4 Sadness 3.82 (1.07) 1.79 (1.08) 
5 Anger 3.42 (1.06) 4.03 (0.88) 
6 Anger 3.24 (1.12) 3.55 (1.03) 
7 Fear 2.78 (1.24) 4.61 (0.56) 
8 Fear 2.85 (1.37) 4.45 (0.62) 
9 Surprise 3.33 (1.27) 3.91 (0.98) 
10 Surprise 3.09 (1.10) 3.97 (0.77) 
11 Disgust 3.12 (1.02) 3.73 (1.04) 
12 Disgust 2.82 (1.21) 3.91 (1.07) 
13 Contempt 3.15 (1.23) 3.06 (1.30) 
14 Contempt 3.42 (1.09) 2.88 (1.17) 

M = Mean; SD = Standard deviation. 

V. DISCUSSION 
This pilot study assessed the association of vibrotactile 

patterns with discrete emotion labels without prior training 
and examined the emergence of stable “winner” emotions at 
the pattern level. Overall, only a subset of patterns support-
ed target-consistent mappings, yet several stimuli converged 
reliably on a dominant label. Given the current parameter 
space, a purely intuitive one-to-one mapping to seven emo-
tion categories appears difficult, whereas data-driven selec-
tion of robust signals remains feasible for building an initial 
haptic vocabulary [6][7]. 

The present study should be interpreted as an exploratory 
screening of a relatively broad pattern space. This made it 
possible to compare multiple candidate patterns across sev-
en target emotions, but it does not yet allow a precise as-
sessment of which individual parameters were responsible 
for the observed effects. 

Target-consistent assignments occurred primarily for pat-
terns whose temporal-energy profile was distinctive. Over-
all, sadness appeared to be the most robust category in the 
present dataset, as both sadness patterns performed above 
chance and showed strong dominance in the winner analy-
sis. In particular, the two sadness patterns were consistently 
recognized, aligning with their low-activation design (long-
er, calmer envelopes and reduced abrupt peaks) [5]. At the 
same time, dimensional ratings indicate that arousal is cap-
tured more directly by intensity, pulse density, and dynam-
ics, whereas valence appears harder to encode [4]. The va-
lence and arousal ratings further suggest that arousal was 
conveyed more clearly than valence in the present dataset. 
This is consistent with the circumplex perspective, in which 
categories in the same arousal region can be difficult to sep-
arate when a stimulus primarily communicates activation 
rather than pleasantness [8]. The recurring emergence of 

surprise as a winner label is compatible with this mecha-
nism: salient, abrupt patterns may be interpreted as an ori-
enting/startle-like signal when valence cues are weak [5][8]. 
From a design perspective, the winner-based view is practi-
cally relevant. Even when a pattern misses its intended tar-
get, a stable emergent mapping can still be leveraged as a 
reliable carrier of meaning in a tactile vocabulary [6][7]. A 
useful selection heuristic is the combination of winner rate 
and dominance Δ, because it captures both preference 
strength and separation from the runner-up. Patterns with 
high winner rate and moderate-to-high Δ are plausible can-
didates for a core set, while low-Δ patterns should be re-
parameterised to increase distinctiveness (e.g., stronger con-
trasts in timing, clearer dynamic “signatures,” or additional 
cues beyond global intensity/rhythm) [10][11]. If the goal 
remains a seven-label emotion set, future iterations likely 
need more explicit valence coding or an interaction concept 
that provides contextual framing or brief familiarisation to 
stabilise meanings [6][7]. 

Nevertheless, several limitations should be considered. 
Results were obtained in a controlled pre-study with sighted 
participants using a low-fidelity wrist-worn prototype and a 
forced-choice task without training, which may limit trans-
fer to real-world assistive use and to people with visual im-
pairments [3]. In addition, overlapping categories (especial-
ly among negative, high-arousal labels) may be amplified by 
the seven-alternative forced-choice format when stimuli 
mainly convey arousal [8]. 

VI. CONCLUSION AND FUTURE WORK 
This study provides a baseline mapping of 14 vibrotactile 

patterns to discrete emotion labels under no-training condi-
tions and introduces a pragmatic screening approach based 
on winner rate and dominance Δ. The results indicate that 
some patterns can support stable, training-free associations, 
while many mappings are dominated by arousal-related in-
terpretations, suggesting that valence is comparatively harder 
to convey via the current parameterisation. Further work 
should address four directions. First, the stimulus set should 
be iteratively optimised using the observed winner/Δ pro-
files: retain robust patterns, redesign ambiguous ones, and 
explicitly test parameter changes intended to improve sepa-
rability (e.g., timing contrasts, dynamic ramps, or additional 
distinguishing cues). This next step should reduce the pattern 
space and test simplified stimulus families before moving to 
more complex combinations. Second, validation with people 
with visual impairments is required, including calibration (fit 
and intensity thresholds) and evaluation in context-relevant 
scenarios where meaning is used rather than only judged. 
Third, the role of minimal familiarisation should be tested 
systematically (e.g., short onboarding vs. none), measuring 
learning curves, retention, and potential cognitive load trade-
offs in repeated sessions. Fourth, future work may revisit the 
methodology used to select vibrotactile patterns and examine 
whether emotion interpretations are shaped not only by the 
stimulus itself, but also by the situation, social context, or 
recent stimulus history. 
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Abstract—Semantic segmentation of extremely small defect 

regions in food inspection remains a challenging task due to 

severe foreground–background class imbalance and the high 

cost of missed detections. In the inspection of sliced apples, 

remaining skin and core fragments often occupy only a few 

pixels, making them prone to being overlooked despite high 

overall segmentation accuracy. This study systematically 

investigates semantic segmentation strategies for detecting 

extremely small defects in ultraviolet (UV) images of sliced 

apples. A stepwise experimental framework is employed to 

isolate and evaluate the effects of loss functions, encoder 

architectures, and decoder designs under identical training 

conditions. Quantitative results demonstrate that region-based 

loss functions, particularly Tversky and Focal Tversky losses, 

provide superior spatial consistency and recall compared to 

pixel-wise reweighting approaches. Furthermore, lightweight 

encoders, such as MobileNetV2, combined with UNet-based 

decoders, achieve more stable and robust performance in 

preserving fine-grained defect regions across different random 

seeds. These findings provide practical design guidelines for 

recall-oriented semantic segmentation in food inspection tasks, 

where reliable detection of extremely small defects is critical for 

quality assurance and safety. 

Keywords—Machine vision; semantic segmentation; small 

defect regions; extreme class imbalance. 

I.  INTRODUCTION 

Automated visual inspection is a key component of 
modern food processing industries, where high-throughput 
production requires consistent quality control and strict safety 
assurance. Apples are widely processed in sliced form in 
industrial food production [1][2]. During these mechanical 
operations, residual skin or core fragments may remain on 
sliced apples due to natural variations in fruit size, shape, and 
internal structure. Although such defects are typically small, 
their presence can negatively affect product appearance and 
may raise safety concerns, making reliable inspection an 
important requirement in apple processing lines. 

In current industrial practice, inspection of sliced apples is 
still largely dependent on manual visual checking by human 
operators. Machine vision–based systems [3][4] and deep 
learning enable pixel-level defect localization through 
semantic segmentation. However, detecting defects in sliced 
apples presents a particularly challenging scenario. 
Remaining skin and core fragments often occupy less than one 
percent of the image area and appear as extremely small and 
sparse regions against a dominant background. Under such 
severe foreground–background class imbalance, 

segmentation models may achieve high overall accuracy 
while still failing to detect critical defect regions, where 
missed detections are especially problematic in food 
inspection. 

UV imaging has emerged as an effective modality for 
enhancing the visibility of subtle surface features in food 
inspection. Under UV illumination, residual skin and core 
fragments on sliced apples exhibit higher contrast than 
surrounding flesh, enabling more reliable visual 
discrimination compared to conventional RGB imaging [5]. 
When combined with semantic segmentation, UV-based 
imaging provides a promising approach for detecting 
extremely small defects at the pixel level. Nevertheless, 
segmentation performance under such extreme class 
imbalance remains highly sensitive to both network 
architecture and optimization strategy, and inappropriate 
design choices can easily suppress rare defect regions during 
training. 

Although previous studies have investigated apple defect 
detection using various imaging modalities and deep learning 
models, most have focused on object-level classification or 
segmentation of relatively large defects. Systematic 
evaluation of semantic segmentation strategies for extremely 
small defect regions remains limited, particularly in terms of 
isolating the effects of loss functions, encoder architectures, 
and decoder designs under identical experimental conditions. 
As a result, practical design guidelines for recall-oriented 
segmentation in sliced apple inspection are still insufficient. 

To address this gap, this study systematically investigates 
semantic segmentation of extremely small defects in sliced 
apples using UV images. A stepwise experimental framework 
is adopted to independently evaluate loss functions, encoder 
architectures, and decoder designs under severe class 
imbalance. By emphasizing recall-oriented and overlap-based 
evaluation metrics, this work aims to identify practical design 
guidelines that minimize missed detections of small defect 
regions. The findings of this study provide useful insights for 
designing robust semantic segmentation models for food 
inspection tasks, where reliable detection of extremely small 
defects is critical for quality assurance and safety. 

The remainder of this paper is organized as follows. 
Section 2 reviews related work and outlines key challenges. 
Section 3 presents the proposed framework. Section 4 
describes the experimental setup, followed by results in 
Section 5. Section 6 concludes the paper and discusses future 
work. 
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II. RELATED WORK 

Early studies on apple inspection relied on handcrafted 
features extracted from RGB images to identify surface 
defects, while recent deep learning–based approaches have 
significantly improved detection accuracy through object 
detection and semantic segmentation models [5]. 

To enhance defect visibility beyond RGB imaging, 
various modalities, such as near-infrared, short-wave infrared, 
and X-ray imaging have been explored [6]. These approaches 
are effective for detecting internal or early-stage defects but 
often focus on object-level detection or relatively large defect 
regions and require specialized hardware. In contrast, 
inspection of sliced apples introduces additional challenges, 
as defects, such as remaining skin and core fragments, are 
extremely small, irregularly shaped, and sparsely distributed, 
making pixel-level semantic segmentation more suitable than 
object detection. 

UV imaging has recently attracted attention for sliced 
apple inspection because it enhances the contrast of residual 
skin and core fragments relative to surrounding flesh. 
Previous studies have shown that UV illumination, when 
combined with deep learning–based segmentation, enables 
more reliable detection of such subtle defects. However, 
semantic segmentation of extremely small defect regions 
remains difficult due to severe foreground–background class 
imbalance, where standard pixel-wise loss functions tend to 
bias optimization toward the dominant background class [5]. 

To address this issue, imbalance-aware loss functions, 
such as Dice [7], Tversky [8], and focal variants [9] have been 
proposed to improve sensitivity to minority regions by 
optimizing spatial overlap. In addition, network architecture 
plays a significant role in preserving fine-grained spatial 
information, as excessive down-sampling can easily suppress 
small target regions. While these techniques have been 
extensively studied in medical image segmentation, 
systematic evaluation of their combined effects in industrial 
food inspection, particularly for UV-based inspection of 
sliced apples, remains limited. 

Overall, existing studies demonstrate the potential of deep 
learning and advanced imaging modalities for apple defect 
detection, yet practical design guidelines for recall-oriented 
semantic segmentation of extremely small defects in sliced 
apples are still insufficient. This study addresses this gap by 
systematically evaluating loss functions and network 
architectures under identical experimental conditions. 

III. MATERIALS AND METHOD 

A. Overview of the Framework 

This study addresses semantic segmentation of extremely 
small defect regions in sliced apples using UV images, where 
remaining skin and core fragments appear as small dark 
regions occupying only a few pixels. 

To systematically analyze this problem, a stepwise 
experimental framework was adopted (Figure 1). Loss 
functions, which are computed by comparing the decoder 
output with the corresponding ground truth and used to 
optimize the network via backpropagation, encoder 

architectures, which extract hierarchical features from the 
input image and compress them into latent representations, 
and decoder designs, which progressively restore spatial 
resolution and generate pixel-wise predictions, were evaluated 
independently under identical training conditions. This 
framework isolates the impact of each component on 
segmentation performance. 

B. Image Acquisition 

UV image acquisition was conducted in a controlled 
environment to ensure stable and reproducible illumination 
conditions. Sliced apple samples were placed on a flat 
platform inside a black enclosure to suppress ambient light 
and external reflections. Multiple UV light sources were 
arranged around the enclosure to uniformly illuminate the 
apple slices and enhance the contrast between defect regions 
and surrounding flesh. 

Images were captured from multiple views to account for 
variations in defect appearance. For samples containing 
remaining skin, images were acquired from four directions, 
while samples containing remaining core were captured from 
three directions due to limited contrast under bottom-view 
illumination (Figure 2). This multi-view acquisition strategy 
increases dataset diversity and improves robustness against 
viewpoint-dependent variations. 

C. Dataset and Processing 

Ground-truth annotation was performed manually at the 
pixel level using a dedicated annotation tool. Three semantic 
classes were defined: background, remaining core, and 
remaining skin. The background class includes apple flesh and 
non-defect regions, while the remaining core and skin classes 
correspond to defect regions observed under UV illumination. 

The annotated dataset was divided into training, validation, 
and test sets following a fixed ratio to ensure fair evaluation. 
To mitigate overfitting caused by limited data, data 
augmentation techniques, such as random rotation and 
horizontal or vertical flipping were applied to the training set. 
These augmentations preserve defect characteristics while 
increasing the effective size of the dataset. 

The dataset consists of 339 images collected under a multi-
view acquisition setup, where each apple is captured from 
multiple viewpoints. Images of the same apple are grouped 
and assigned to a single split (train/validation/test) to prevent 
data leakage. Each of the remaining core and skin classes 

 

Figure 1. Overall architecture of the encoder-decoder segmentation 

framework. 
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occupies less than 1% of the total image area, confirming the 
extreme class imbalance in this task. 

D. Data Processing 

All images were resized to a fixed spatial resolution to 
standardize input dimensions across experiments. Input 
images were normalized using the ImageNet mean and 
standard deviation to ensure compatibility with ImageNet-
pretrained encoders. This normalization stabilizes 
optimization and accelerates convergence during training. 

Segmentation masks were resized using nearest-neighbor 
interpolation to avoid label distortion at class boundaries. This 
extreme imbalance highlights the necessity of carefully 
designed loss functions and architectures capable of 
preserving fine-grained spatial information. 

E. Model Architecture 

A multi-class semantic segmentation model based on an 
encoder–decoder architecture was employed. The encoder is 
responsible for extracting hierarchical feature representations, 
while the decoder reconstructs spatial resolution and generates 
dense pixel-wise predictions. ImageNet-pretrained encoders 
were used in all experiments to improve feature generalization 
under limited training data. 

Multiple encoders (ResNet-34, ResNet-50, MobileNetV2, 
EfficientNet-B0) [10]-[12] with different depths and 
computational complexities were evaluated to analyze their 
ability to preserve small defect features. Lightweight encoders 
are expected to retain fine-grained spatial details, whereas 
deeper encoders provide richer contextual information. 
Several decoder designs were also compared, focusing on 
their ability to fuse multi-scale features and accurately 
reconstruct extremely small and fragmented defect regions. 

F. Decoder Design 

The decoder plays a crucial role in semantic segmentation 
of extremely small defect regions, where minor spatial 
reconstruction errors can easily result in missed detections. Its 
primary function is to restore spatial resolution from encoder 
feature maps and accurately reconstruct fine-grained defect 
structures under severe foreground–background class 
imbalance. 

In this study, several representative decoder architectures 
were evaluated, including UNet, UNet++, DeepLabV3+, and 
Pyramid Attention Network (PAN)–based decoders [13]-[16]. 
These architectures differ in their approaches to multi-scale 

feature fusion and spatial detail recovery. Among them, a 
UNet-based decoder was adopted as the primary design in the 
proposed model. 

The UNet decoder employs skip connections that directly 
transfer high-resolution feature maps from the encoder to 
corresponding decoder stages, effectively mitigating 
information loss caused by down-sampling. This property is 
particularly important for preserving boundary and location 
information of extremely small and sparse defect regions. All 
decoder variants were integrated with the same encoder 
backbone and trained under identical conditions to ensure fair 
comparison. 

Pre-experimental results showed that the UNet-based 
decoder provided more stable and accurate reconstruction of 
fine-grained defect regions than other decoder designs. 
Therefore, it was selected as the final decoder configuration 
used in this study. 

G. Loss Function and Training Strategy 

Semantic segmentation of extremely small defect regions 
is strongly affected by severe foreground–background class 
imbalance, where defect pixels account for only a small 
fraction of the image. To address this issue, both pixel-wise 
and region-based loss functions were evaluated in this study, 
with particular emphasis on reducing false negatives. 

Specifically, the following loss functions were examined: 
Weighted Cross-Entropy loss, Dice loss, Tversky loss, and 
Focal Tversky loss. Weighted Cross-Entropy assigns larger 
weights to minority classes based on class frequency and 
serves as a representative pixel-wise reweighting approach. 
Dice loss and Tversky loss are region-based overlap losses 
that directly optimize spatial agreement between predictions 
and ground-truth masks, making them more suitable for 
highly imbalanced segmentation tasks. In Tversky loss, the 
weighting parameters were set to emphasize false negatives, 
reflecting the importance of recall in defect inspection. Focal 
Tversky loss further introduces a focusing parameter to 
emphasize hard-to-segment regions and improve sensitivity to 
extremely small defects. 

All models were trained under identical conditions to 
ensure fair comparison across loss functions and architectures. 
The same dataset split, optimizer, learning rate schedule, 
batch size, and number of training epochs were used 
throughout the experiments. Training samples were shuffled 
at each epoch to stabilize optimization, and all networks were 
trained end-to-end using backpropagation. 

This strategy enables systematic analysis of loss functions 
under controlled conditions. By combining recall-oriented 
loss functions with controlled training conditions, the 
proposed framework aims to reliably detect extremely small 
defect regions in sliced apple inspection. 

H. Evaluation Metrics 

Segmentation performance was evaluated using recall-
oriented and overlap-based metrics that are suitable for 
extreme class imbalance. Recall measures the ability to detect 
defect pixels, while Intersection-over-Union (IoU) evaluates 
spatial consistency between predictions and ground truth. The 
F2-score was adopted to place greater emphasis on recall than 

      

Figure 2. UV images of apple samples containing remaining 
skin (left) and remaining core (right). 
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precision, reflecting the importance of minimizing missed 
detections in food inspection tasks [17]. 

These metrics provide a complementary evaluation of 
segmentation performance for extremely small defects. 

IV. EXPERIMENTAL SETUP 

All experiments were conducted to evaluate semantic 
segmentation performance for extremely small defect regions 
in sliced apples under severe foreground–background class 
imbalance. UV images and corresponding pixel-level 
annotations were divided into training, validation, and test sets 
using a fixed split. Data augmentation, including rotation and 
flipping, was applied only to the training set. All input images 
were resized to a fixed resolution of 224 × 224 pixels and 
normalized using ImageNet mean and standard deviation. 
Segmentation masks were resized using nearest-neighbor 
interpolation. 

A stepwise experimental design was adopted to ensure fair 
comparison. Loss functions, encoder architectures, and 
decoder designs were evaluated independently, with only one 
component varied at a time while all other settings were fixed. 
ImageNet-pretrained weights were used for all encoders to 
ensure consistent initialization. 

All models were trained for 200 epochs with a batch size 
of 8 using the same optimizer and learning rate schedule 
across all experiments. Training samples were shuffled at each 
epoch, and model parameters were optimized end-to-end 
using backpropagation. Experiments were implemented using 
PyTorch and executed on a system equipped with an NVIDIA 
GeForce RTX 4080 Laptop GPU. 

V. RESULTS AND DISCUSSION 

Following the experimental protocol described above, 
quantitative and qualitative results are presented in a stepwise 
manner to clarify the effects of loss functions, encoder 
architectures, and decoder designs on segmentation 
performance. Unless otherwise specified, results reported in 
Tables 1–4 correspond to single training runs, while multi-
seed evaluation is conducted for representative configurations 
to assess robustness. 

A. Loss Function Comparison  

The first set of experiments examined the influence of loss 
function design under a fixed encoder–decoder configuration 
(Table 1). Among the evaluated loss functions, Tversky loss 
achieved the highest F2-score for remaining core defects 
(0.82), while Focal Tversky loss yielded the highest F2-score 
for remaining skin defects (0.578). Dice loss demonstrated 
relatively balanced performance across both defect types, 
whereas Weighted Cross-Entropy achieved high recall but 
substantially lower IoU and F2-scores, indicating degraded 
spatial consistency. 

Pixel-wise reweighting approaches show a fundamental 
limitation under extreme class imbalance. Although Weighted 
Cross-Entropy increases the contribution of minority-class 
pixels, it does not explicitly enforce spatial coherence, leading 
to fragmented predictions and reduced overlap with ground-
truth regions. In contrast, region-based overlap losses directly 
optimize spatial agreement, making them inherently more 

suitable for segmenting extremely small and sparse defect 
regions. 

The difference between Tversky and Focal Tversky losses 
further suggests that defect morphology influences optimal 
loss design. Remaining core defects tend to form compact 
regions, benefiting from the false-negative suppression 
emphasized by Tversky loss, whereas remaining skin defects 
are often irregular and fragmented, where the focusing 
mechanism of Focal Tversky loss improves sensitivity to 
hard-to-segment pixels. This observation underscores the 
importance of aligning loss function design with defect 
characteristics rather than relying on a single generic 
objective. 

B. Encoder Comparison under Fixed Loss Functions 

1) Core Defect Segmentation under Fixed Tversky Loss 
Table 2 compares encoder performance for core defect 

segmentation under a fixed Tversky loss. MobileNetV2 
achieved the highest core F2-score (0.868) and IoU (0.811), 
outperforming deeper encoders, such as ResNet-34 and 
ResNet-50. EfficientNet-B0 exhibited the lowest performance 
among the evaluated encoders. 

Lightweight encoders are more effective than deeper 
architectures when target regions are extremely small. 
Excessive network depth and repeated downsampling may 
suppress fine-grained spatial cues associated with small core 
defects, even if high-level contextual features are well 
captured. In contrast, MobileNetV2 preserves spatial detail 
through its compact architecture and reduced 
parameterization, which appears advantageous under severe 
class imbalance. 

2) Skin Defect Segmentation under Fixed Focal Tversky 

Loss 
Table 3 presents encoder comparison results for skin 

defect segmentation under a fixed Focal Tversky loss. Again, 
MobileNetV2 achieved the highest skin F2-score (0.707) and 
IoU (0.628). Although its core F2-score (0.829) was slightly 
lower than that obtained under fixed Tversky loss, overall 
performance remained competitive. ResNet-34 showed 
moderate performance, while EfficientNet-B0 consistently 
yielded the lowest scores for both defect types. 

Encoder effectiveness depends on preserving spatial 
resolution rather than representational depth. Lightweight 
encoders, particularly MobileNetV2, demonstrate strong 
robustness across defect types and loss configurations, 
making them well suited for recall-oriented segmentation of 
extremely small defects [11]. 

C. Decoder Comparison with Fixed Encoder and Loss 

Function 

Decoder architectures were compared under a fixed 
MobileNetV2 encoder and Tversky loss, as shown in Table 4. 
UNet and UNet++ achieved the highest overall segmentation 
performance among the evaluated models, with UNet 
achieving a core F2-score of 0.879 and a skin F2-score of 
0.678. UNet++ slightly improved skin defect segmentation 
(F2-score of 0.711) at the cost of a marginal reduction in core 
performance. 
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PAN demonstrated slightly lower performance across 
metrics, while DeepLabV3+ yielded the lowest IoU and F2-
scores for both defect types. Decoders relying on deep, low-
resolution features are less effective for reconstructing 
extremely small and fragmented regions.  

The superior performance of UNet-based architectures 
highlights the importance of skip connections that directly 
transfer high-resolution spatial features from the encoder to 
the decoder. Such connections mitigate information loss 
caused by down-sampling and are particularly critical when 
target regions consist of only a few pixels. These findings 
confirm that decoder design is a decisive factor in small defect 
segmentation under extreme class imbalance [14].  

D. Reproducibility Analysis across Random Seeds  

To assess robustness, reproducibility analysis was 
conducted using three different random seeds for 
representative model configurations. The MobileNetV2–
UNet model with Tversky loss achieved mean core and skin 
F2-scores of 0.870 ± 0.022 and 0.734 ± 0.035, respectively, 
indicating both high performance and low variance. In 
contrast, the UNet++ model with the same configuration 
showed lower mean performance and higher variance. 

Furthermore, the UNet model with a ResNet-50 encoder 
and Focal Tversky loss exhibited larger fluctuations, 
particularly for skin defects. Although full multi-seed 
evaluation was not performed for all configurations due to 
computational constraints, these results suggest that 
lightweight encoders combined with skip-connected decoders 
tend to achieve both higher accuracy and more stable 
optimization. The observed performance differences are 
larger than the corresponding variances, indicating that the 
overall trends are consistent across random initializations. 

E. Qualitative Results 

Qualitative analysis revealed that false positive 
predictions primarily appeared as small, isolated regions 
distributed across background areas. In addition to 
background noise caused by illumination artifacts or water 
droplets, this behavior is an expected consequence of 
optimizing recall-oriented metrics, such as the F2-score, 
where reducing false negatives is prioritized over suppressing 
minor false positives under extreme class imbalance [18]. 

As illustrated in Figure 3, the proposed models 
successfully localized most remaining core and skin defect 
regions. Occasional false negatives were observed near 
ambiguous boundaries or low-contrast regions, reflecting the 
inherent difficulty of segmenting extremely small defects. 
From a practical perspective, this trade-off is acceptable, as 
missing defects are more critical than minor false positives, 
which can be handled in downstream inspection.  

 

Figure 3. Qualitative segmentation results under UV imaging. From 

left to right: input images, ground truth masks, and model 

predictions. The top row corresponds to remaining core, and 
the bottom row corresponds to remaining skin. 

TABLE 1. LOSS FUNCTION COMPARISON UNDER A FIXED ENCODER AND DECODER 

Loss Function Core Recall Core IoU Core F1 Core F2 Skin Recall Skin IoU Skin F1 Skin F2 

Tversky 0.895 0.75 0.811 0.828 0.772 0.403 0.492 0.469 

Focal Tversky 0.868 0.65 0.707 0.708 0.773 0.516 0.605 0.578 

Dice 0.851 0.752 0.806 0.801 0.724 0.488 0.577 0.535 

Weighted CE 0.902 0.546 0.609 0.651 0.817 0.396 0.489 0.523 

 
TABLE 2. CORE FOCUSING ENCODER COMPARISON UNDER FIXED TVERSKY LOSS AND DECODER 

Encoder Core Recall Core IoU Core F1 Core F2 Skin Recall Skin IoU Skin F1 Skin F2 

MobileNetV2 0.866 0.811 0.872 0.868 0.758 0.636 0.724 0.711 

ResNet34 0.895 0.75 0.811 0.828 0.772 0.403 0.492 0.469 

ResNet50 0.905 0.735 0.788 0.795 0.792 0.53 0.617 0.593 

EfficientNet-B0 0.87 0.694 0.753 0.759 0.751 0.363 0.454 0.441 

 
TABLE 3. SKIN FOCUSING ENCODER COMPARISON UNDER FIXED FOCAL TVERSKY AND DECODER 

Encoder Core Recall Core IoU Core F1 Core F2 Skin Recall Skin IoU Skin F1 Skin F2 

MobileNetV2 0.89 0.756 0.821 0.829 0.756 0.628 0.717 0.707 

ResNet50 0.895 0.832 0.889 0.892 0.767 0.511 0.601 0.572 

ResNet34 0.868 0.65 0.707 0.708 0.773 0.516 0.605 0.578 

EfficientNet-B0 0.85 0.58 0.636 0.637 0.722 0.424 0.513 0.477 

 
TABLE 4. DECODER COMPARISON UNDER A FIXED LOSS FUNCTION AND ENCODER 

Decoder Core Recall Core IoU Core F1 Core F2 Skin Recall Skin IoU Skin F1 Skin F2 

UNet 0.881 0.815 0.878 0.879 0.715 0.614 0.708 0.678 

UNet++ 0.866 0.811 0.872 0.868 0.758 0.636 0.724 0.711 

PAN 0.879 0.773 0.841 0.862 0.677 0.597 0.682 0.677 

DeepLabV3+ 0.87 0.712 0.78 0.8 0.703 0.566 0.651 0.649 
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While this study focuses on widely used segmentation 
architectures and loss functions under controlled conditions, 
more specialized techniques such as boundary-aware losses, 
hard-example mining, and high-resolution refinement 
strategies may further improve performance for extremely 
small defect regions. In particular, boundary-aware 
approaches better preserve fine spatial details. These 
approaches are promising directions for future work and may 
complement the findings of this study.  

VI. CONCLUSION AND FUTURE WORK 

This study investigated semantic segmentation of 
extremely small defect regions in sliced apples under severe 
foreground–background class imbalance. Focusing on 
remaining skin and core fragments in UV images, a stepwise 
experimental framework was adopted to systematically 
evaluate the effects of loss functions, encoder architectures, 
and decoder designs on recall-oriented segmentation 
performance. 

Experimental results demonstrated that region-based 
overlap loss functions, particularly Tversky and Focal 
Tversky losses, consistently outperformed pixel-wise 
reweighting approaches in terms of spatial consistency and 
F2-score. These findings indicate that explicitly optimizing 
spatial overlap is more effective than class-frequency 
reweighting alone when defect regions occupy only a few 
pixels. 

In terms of network architecture, lightweight encoders, 
especially MobileNetV2, achieved superior and more stable 
performance compared to deeper models. This suggests that 
preserving fine-grained spatial features is more critical than 
increasing network depth for extremely small defect 
segmentation. Furthermore, UNet-based decoders with skip 
connections proved highly effective in reconstructing small 
and fragmented defect regions, highlighting the importance of 
direct feature transfer from encoder to decoder under extreme 
class imbalance. 

Reproducibility analysis across multiple random seeds 
further confirmed that the combination of a lightweight 
encoder and a skip-connected decoder provides not only high 
accuracy but also stable optimization, which is essential for 
practical deployment in industrial food inspection systems. 
Qualitative results supported these findings by demonstrating 
reliable localization of most defect regions, with an acceptable 
trade-off between recall and minor false positives. 

Overall, this work provides practical design guidelines for 
recall-oriented semantic segmentation of extremely small 
defects in sliced apples. The proposed framework and insights 
are directly applicable to food inspection tasks where 
minimizing missed detections is critical for quality assurance 
and safety. Future work will explore higher-resolution 
training, advanced post-processing strategies, and integration 
with real-time inspection pipelines to further improve 
robustness and deployment readiness. 
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Abstract—This study evaluates marker-based pose estimation 

methods for freehand three-dimensional (3D) ultrasound 

reconstruction by comparing single-marker and multi-marker 

configurations and analyzing their effects on reconstruction 

accuracy and pose stability. Although vision-based fiducial 

markers provide a low-cost and compact alternative to optical 

or electromagnetic tracking systems, their performance can 

degrade due to occlusion, motion blur, and variations in viewing 

angle. To improve robustness, multi-marker rigs arranged on 

polyhedral structures maintain visibility across multiple faces. 

In this study, both configurations were calibrated to a shared 

coordinate system and applied to breast-phantom data 

containing spherical inclusions with known diameters (5 mm 

and 10 mm). Ultrasound images and marker-tracking videos 

were recorded simultaneously, and each frame was paired with 

its corresponding six-Degree-of-Freedom (6-DoF) pose for 

volumetric reconstruction. The reconstructed inclusions were 

segmented and compared with ground-truth volumes, and 

statistical analysis was conducted using two-way Analysis of 

Variance (ANOVA) with object diameter and tracking methods 

as factors. The results show that multi-marker tracking 

consistently reduced volumetric error and variability, achieving 

the lowest mean error of 12.1 mm³ for 5-mm inclusions, whereas 

the single-marker configuration produced larger errors, 

particularly for 10-mm inclusions. ANOVA revealed significant 

main effects for both diameter and tracking methods. These 

findings indicate that multi-marker configurations improve 

pose robustness and enhance reconstruction accuracy in 

freehand 3D ultrasound systems.  

Keywords-Freehand 3D ultrasound; Pose estimation; Multi-

marker tracking; Volumetric reconstruction. 

I.  INTRODUCTION  

3D ultrasound reconstruction generates volumetric 
datasets by spatially assembling sequential two-dimensional 
brightness mode (B-mode) images according to the position 
and orientation of the ultrasound probe [1]. In freehand 3D 
ultrasound systems, accurate pose estimation is essential to 
ensure that each acquired frame is correctly positioned within 
a global coordinate system. The overall reconstruction 
accuracy, therefore, depends not only on image quality but 
also critically on the precision and stability of the probe-
tracking method. 

Various tracking technologies have been employed in 
freehand 3D ultrasound, including optical infrared systems, 
electromagnetic sensors, and vision-based tracking 
approaches [2]. Although optical and electromagnetic systems 
can provide high accuracy, they often involve high cost, 
complex installation, and susceptibility to environmental 

interference. Vision-based fiducial marker tracking using 
printed markers, such as ArUco offers a compact and low-cost 
alternative [3]. However, single-marker tracking is vulnerable 
to occlusion, motion blur, and variations in viewing angle or 
illumination [4], which may result in unstable corner detection 
and cumulative pose drift during reconstruction [5]. Such 
instability can directly degrade volumetric reconstruction 
accuracy. 

To mitigate these limitations, multi-marker fiducial 
configurations have been proposed. By arranging multiple 
markers on different faces of a three-dimensional object, 
multi-marker rigs increase the probability that at least one 
marker remains visible under challenging viewing conditions 
[6]. Systems such as DodecaPen have demonstrated that 
multi-marker configurations can achieve highly accurate six-
Degree-of-Freedom (6-DoF) tracking using a monocular 
camera [7]. Despite these advantages, the effectiveness of 
multi-marker tracking for improving volumetric 
reconstruction accuracy in freehand 3D ultrasound has not 
been systematically evaluated, particularly for small, cancer-
like targets. 

Mammography remains the standard imaging modality for 
breast cancer screening. However, its diagnostic sensitivity is 
significantly reduced in women with dense breast tissue, 
where overlapping fibroglandular structures can obscure 
lesions [8]. To address this limitation, Automated Breast 
Ultrasound (ABUS) has been introduced as a standardized, 
operator-independent three-dimensional (3D) ultrasound 
technique [9]. Clinical studies have demonstrated that 
supplementing mammography with ABUS improves cancer 
detection in women with dense breasts, reporting an additional 
detection rate of 2.4 cancers per 1,000 screened women [10] 
and an increase in diagnostic performance, with the Area 
Under the Curve (AUC) improving from 0.72 to 0.82, and 
sensitivity increasing by 29% [11]. These findings highlight 
the clinical importance of volumetric ultrasound imaging. 

Consequently, this study seeks to compare single-marker 
and multi-marker pose estimation approaches in the context of 
freehand 3D ultrasound reconstruction. We hypothesize that 
multi-marker configurations provide significantly improved 
reconstruction accuracy and stability compared to single-
marker tracking. To test this hypothesis, experiments were 
conducted using breast phantoms containing spherical 
inclusions of known diameters (5 mm and 10 mm). 
Reconstruction accuracy was evaluated by volumetric error 
analysis and statistically examined using two-way Analysis of 
Variance (ANOVA).  

By quantitatively analyzing the influence of marker 
configuration and object size, this study provides 
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experimental evidence regarding the effectiveness of multi-
marker tracking for low-cost freehand 3D ultrasound systems. 

Relevant literature on the topic of implementing marker 
detection for 3D reconstruction, along with the necessary 
information to investigate for a deeper understanding of the 
topic are summarized in Section II. The details on the data 
collection methods and how the two types of markers for 3D 
ultrasound reconstruction are evaluated, along with their 
implementation, are explained in Section III. Finally, the 
results obtained from the experiment, the conclusions that can 
be drawn, and the discussions are summarized in Sections IV 
to VI. 

II. RELATED WORKS 

Several studies on the use of markers as anchors for pose 
estimation have shown that the use of multi-marker systems 
provides advantages, especially in terms of reducing detection 
ambiguity and improving the stability of jittery marker 
detection [12]. In another study related to the use of multi-
marker [13], it is shown that marker configurations arranged 
in a 3D non-coplanar structure, such as in a dodecahedron-
shaped object, provide improved accuracy and stability of 
pose estimation compared to planar configurations. This is 
due to the ability of the 3D configuration to provide geometric 
constraints from multiple orientations, thereby reducing the 
ambiguity that commonly occurs in coplanar arrangements, 
even when multiple markers are used with uniform orientation 
relative to the camera. 

Studies that utilize markers as pose‑estimation tools and 
apply them for 3D ultrasound reconstruction have been 
conducted, demonstrating strong potential. One work directly 
related to the fundamental development of marker‑based pose 
estimation is the research by Wu et al. [7] in which they 
developed a system called DodecaPen. The system uses 
multiple ArUco markers arranged on a dodecahedron 
structure and projects the global reference points to the 
stylus‑tip position. Their results showed that they achieved 
high measurement accuracy, with the lowest 
translation‑vector error reaching 0.34 mm. However, the 
study did not provide a comparative evaluation between 
multi‑marker and single‑marker approaches for tip projection. 

Another relevant work related to 3D ultrasound 
reconstruction was conducted by Léger et al. [14]. In their 
study, they used only a single ArUco marker attached to the 
ultrasound probe. To enhance marker‑detection accuracy, 
they used a RealSense RGB camera as the marker‑capturing 
sensor. For evaluation, they designed a phantom experiment 
using LEGO blocks and wires placed between them. The 
phantom was then submerged in water as the ultrasound 
medium. The reconstructed wire length was compared to the 
ground‑truth wire length, producing errors of 2.64 mm, 1.50 
mm, and 13.83 mm along the x, y, and z axes, respectively. 
However, the study did not evaluate reconstruction 
performance on small objects representing cancer‑like lesions. 

Marker-based pose estimation for 3D ultrasound was also 
implemented by De Sanctis et al. [3]. They designed a 3D 
ultrasound system utilizing a dodecahedron-shaped marker as 
the pose reference. To obtain a reference measurement for 
comparison, an infrared tracking system was employed. The 
marker and infrared tracker were positioned on opposite sides 
of the ultrasound beam to ensure visibility. To assess 
performance, they conducted reconstruction tests on 
phantoms constructed using 3D-printed bone structures and 
tissue-mimicking material. The system achieved average 
errors of 0.857, 0.453, and 2.689 mm along the x, y, and z axes, 
respectively. However, like previous works, they did not 
investigate reconstruction performance on small cancer-
representative objects. 

III. METHOD 

In the process of 3D reconstruction using marker-based 
ultrasound, the stability of pose measurement through marker 
detection becomes crucial in determining the accuracy of the 
reconstruction results. Although a single marker is easy to 
implement, it has limitations at extreme angles. Study shows 
that multi-marker approaches are more robust under extreme 
angles [13], but they introduce additional complexity in terms 
of design and implementation. In this study, an experimental 
workflow will be conducted to evaluate the accuracy of 
reconstruction results by collecting quantitative data from 
both single-marker and multi-marker approaches. The overall 
workflow of the proposed experimental framework is 
illustrated in Figure 1. 

 

Figure 1. Overview of the proposed experimental workflow. 
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A. Experimental Setup 

The experimental system consisted of an ultrasound probe 
equipped with either a single ArUco marker or a 
dodecahedron-shaped multi-marker structure. In the single-
marker configuration, one marker from the same marker set 
used in the multi-marker structure was selected to maintain 
geometric consistency between conditions. The ultrasound 
imaging device used in this study was the Viewphii64 system 
(Socionext, Japan) [15], which provides real-time B-mode 
imaging suitable for freehand acquisition. A monocular RGB 
camera [16] was mounted approximately 40 cm above the 
acquisition area to capture marker motion during scanning. 
Illumination was maintained at approximately 500 Lux to 
minimize detection variability caused by lighting changes. 

A commercial breast phantom [17] containing spherical 
inclusions with known diameters of 5 mm and 10 mm was 
used as the reconstruction target. Ultrasound B-mode images 
were acquired while the camera simultaneously recorded 
marker motion for pose estimation. This synchronized 
acquisition enabled pairing each ultrasound frame with its 
corresponding 6-DoF pose. 

The detailed hardware configuration is shown in Figure 2. 
As illustrated in Figure 2(a), the fiducial marker structure was 
rigidly attached to the probe on the side opposite to the 
ultrasound emission surface to avoid acoustic interference 
while ensuring continuous visibility from the overhead 
camera. Figure 2(b) presents the overall data acquisition 
environment, where the RGB camera was positioned 
vertically above the phantom to provide a stable field of view 
and minimize perspective distortion during tracking. 

In addition, Figure 2(c) shows the fixed reference point 
used during the calibration procedure. This reference point 
was placed within the acquisition area and served as a spatial 
anchor for probe-tip projection validation. During calibration, 
the probe tip was repeatedly aligned with this fixed reference 
while the marker was moved in various orientations. 
Consistent projection of the probe-tip position to the same 
global coordinate confirmed proper alignment between the 
tracking system and the ultrasound image plane. The inclusion 
of this fixed reference ensured that calibration accuracy was 
evaluated under reproducible geometric conditions. 

B. Calibration Procedure 

 To ensure a fair comparison between configurations, each 
tracking method was calibrated independently while being 
aligned to a common global coordinate system. The 
calibration process included camera intrinsic calibration, 
marker size calibration, and probe-tip offset calibration. The 
probe-tip position was defined relative to the marker 
coordinate system to establish a consistent spatial relationship 
between pose estimation and the ultrasound image plane. 

Calibration accuracy was verified by projecting the probe 
tip to a fixed reference point in the acquisition area. Consistent 
projection results across repeated probe movements indicated 
successful calibration. This procedure ensured that any 
differences observed in reconstruction accuracy were 
attributable to the tracking configuration rather than 
misalignment or calibration bias. 

C. Data Acquisition 

Following calibration, data acquisition was conducted 
under controlled scanning conditions. For each configuration, 
ultrasound B-mode images and corresponding marker-
tracking video were recorded simultaneously. Each ultrasound 
frame was associated with its estimated 6-DoF pose derived 
from marker detection. 

To reduce variability in reconstruction results, probe 
motion was performed slowly and consistently in a single 
direction. By minimizing the spatial gap between consecutive 
frames, this approach ensures denser sampling, which is 
crucial for improving interpolation accuracy and overall 3D 
reconstruction quality [18]. 

D. 3D Reconstruction and Volume Measurement 

Three-dimensional reconstruction was performed by 
placing each B-mode image frame in 3D space according to 
its estimated pose. All processing was conducted using 3D 
Slicer [19] with Python scripting to ensure reproducibility. 
The spherical inclusions within the phantom were segmented 
semi-automatically, and volumetric measurements were 
computed from the segmented regions. 

Segmentation results were visually inspected to identify 
potential errors. When necessary, manual corrections were 

   
(a) Viewphii64 + Dodecahedron (b) Camera + Phantom + Lux Meter (c) Reference point for calibration 

Figure 2. Experimental setup for freehand 3D ultrasound reconstruction. 
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applied to ensure measurement reliability. This hybrid 
segmentation approach was adopted to balance automation 
and accuracy. 

Reconstruction accuracy was evaluated by comparing the 
measured volume of each inclusion with its known ground-
truth volume. The volumetric error for object i was defined as 

𝑒𝑖 = |𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑,𝑖 − 𝑉𝑎𝑐𝑡𝑢𝑎𝑙,𝑖| 

where 𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑,𝑖  denotes the reconstructed volume and 

𝑉𝑎𝑐𝑡𝑢𝑎𝑙,𝑖  represents the true volume. Smaller error values 

indicate higher reconstruction accuracy. 

E. Statistical Analysis 

To determine whether marker configuration and object 
size significantly affected reconstruction accuracy, a two-way 
ANOVA was performed. The independent variables were 
marker configuration (single-marker versus multi-marker) 
and object diameter (5 mm versus 10 mm), while the 
dependent variable was volumetric reconstruction error. Each 
configuration is tested with 10 repetitions, where smaller error 
values indicate better performance. The data collection was 
performed using one type of breast phantom, carried out by a 
single operator who does not have a medical background. 

Statistical significance was defined at a threshold of 𝑝 <
0.05. If significant main effects or interactions were observed, 
further analysis was conducted to interpret differences 
between experimental conditions. Through this structured 
analysis, the study systematically evaluates the influence of 
tracking configuration and object size on volumetric 
reconstruction performance. 

IV. RESULTS 

A. Calibration Accuracy 

Prior to reconstruction experiments, calibration accuracy 
was evaluated to ensure that both tracking configurations were 
properly aligned within the same global coordinate system. 
The average probe-tip projection error under approximately 
500 Lux illuminations was (0.64, 0.02, 0.63) mm for the 
multi-marker configuration and (0.22, 0.23, 0.91) mm for the 
single-marker configuration. 

B. Volumetric Reconstruction Accuracy 

After calibration, 3D reconstruction experiments were 
conducted for spherical inclusions with diameters of 5 mm 
and 10 mm. Volumetric errors were calculated by comparing 
reconstructed volumes with ground-truth values. Table I 
shows our volumetric reconstruction errors for single-marker 
and multi-marker configurations. 

For the 5-mm inclusions, the multi-marker configuration 
achieved a mean volumetric error of 12.1 mm³, whereas the 
single-marker configuration produced substantially larger 
errors with greater variability. The standard deviation was 
notably lower in the multi-marker condition, indicating 
improved stability. 

For the 10-mm inclusions, reconstruction errors increased 
in both configurations. However, the difference between 
tracking methods became more pronounced. The single-
marker configuration exhibited the largest mean error (132.7 

mm³) and higher variability, while the multi-marker 
configuration maintained comparatively lower error values. 

Overall, the results demonstrate that multi-marker tracking 
consistently reduced volumetric error and improved 
measurement stability across object sizes. 

C. Statistical Analysis 

To determine whether the observed differences were 
statistically significant, a two-way ANOVA was performed 
with marker configuration and object diameter as independent 
factors (Table II). 

The analysis revealed a highly significant main effect of 
object diameter (F = 86.02, p < 0.001), indicating that 
reconstruction accuracy differed substantially between 5-mm 
and 10-mm inclusions. A significant main effect of marker 
configuration was also observed (F = 6.34, p = 0.016), 
demonstrating that tracking method significantly influenced 
volumetric reconstruction accuracy. 

TABLE I.  VOLUMETRIC RECONSTRUCTION ERRORS FOR SINGLE-MARKER 

AND MULTI-MARKER CONFIGURATIONS 

Diameter 
(mm) 

Volume 
(mm3) 

Error (Measured - Actual) 
Multi Marker (mm3) Single Marker (mm3) 

e Avg  StdDev e Avg StdDev 

5 65.5 

8.9 

12.1 9.7 

23 

18.5 9.1 

24.9 24 

15.1 29.4 

31.3 27.9 

3.2 20.9 

7.9 10.8 

10.1 21.5 

14.7 19.4 

0.3 3.7 

4.7 4.8 

10 523.6 

143.2 

87.6 29.1 

227.6 

132.7 56.2 

92.8 223.5 

59.3 78.9 

73.3 132.4 

71.4 85.3 

69.9 91.6 

65.2 77.7 

134.9 148.6 

92.2 153.5 

74.2 107.8 

TABLE II.  COMPARISON OF VOLUMETRIC RECONSTRUCTION ERRORS 

BETWEEN TRACKING CONFIGURATIONS 

Source DF F p-value 

Diameter 1 86.02 <0.001 *** 

Method 1 6.34 0.016 * 

Diameter × Method 1 3.57 0.067 

Error 36 — — 

    

*: p < 0.05, **: p < 0.01 (), ***: p < 0.001  

 
 
The interaction between object diameter and marker 

configuration approached significance (F = 3.57, p = 0.067) 
but did not reach the 0.05 threshold. This suggests that while 
reconstruction error increases with object size, the relative 
advantage of multi-marker tracking remains consistent across 
diameters. 
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These statistical findings quantitatively confirm that 
multi-marker tracking provides measurable improvements in 
reconstruction accuracy. 

D. Qualitative Reconstruction Comparison 

Representative reconstruction results are presented in 
Figure 3 for both 5-mm and 10-mm spherical inclusions. For 
the 5-mm inclusions, both tracking configurations were able 
to reconstruct the general spherical structure; however, the 
multi-marker configuration exhibited smoother surface 
boundaries and more consistent spatial alignment. In contrast, 
the single-marker reconstruction showed minor boundary 
irregularities and slight positional inconsistencies, reflecting 
small pose fluctuations during scanning. 

For the 10-mm inclusions, the qualitative differences 
between configurations became more apparent. The multi-
marker reconstruction maintained a relatively uniform surface 
shape and coherent volumetric structure. Conversely, the 
single-marker reconstruction displayed noticeable surface 
distortions and irregular volume expansion, suggesting the 
accumulation of pose estimation errors over the scanning 
trajectory. These distortions are consistent with the larger 
quantitative errors observed in the volumetric measurements. 

V. DISCUSSION 

A. Interpretation of Reconstruction Accuracy 

The experimental results demonstrate that the multi-
marker configuration significantly improved volumetric 
reconstruction accuracy compared to the single-marker 
configuration. This improvement can be primarily attributed 
to enhanced pose stability during freehand scanning. In single-
marker tracking, pose estimation relies on the visibility and 
geometric consistency of a single planar marker. When the 
marker experiences unfavorable viewing angles, corner 
detection accuracy degrades, leading to instability in pose 
estimation and accumulated reconstruction error. 

In contrast, the multi-marker configuration provides 
redundant geometric constraints. Because markers are 
distributed across multiple faces of a polyhedral structure, at 
least one marker remains visible under most viewing 

conditions. This redundancy stabilizes pose estimation and 
reduces jitters in 6‑ o  tracking, an effect that is supported 
by the observed reduction in variability in volumetric 
measurements. 

B. Influence of Object Size 

The results also show that reconstruction error increased 
significantly for 10‑mm inclusions, indicating greater 
sensitivity of larger objects to cumulative pose drift during 
scanning.  espite this size dependence, the multi‑marker 
configuration consistently reduced errors, with no significant 
interaction effect, demonstrating robust performance across 
object diameters and spatial scales. 

C. Engineering Implications 

From an engineering perspective, pose stability is critical 
in freehand 3D ultrasound, as small angular errors can 
accumulate into significant spatial inaccuracies. Multi-marker 
configurations provide a low-cost, robust solution to improve 
tracking stability using simple hardware, making them 
suitable for portable and resource-limited clinical settings. 

D. Clinical Relevance 

Although this study was conducted using a breast 
phantom, the findings have implications for clinical 
ultrasound imaging. In breast cancer screening, accurate 
volumetric reconstruction may improve lesion visualization 
and measurement reproducibility. While automated systems 
such as ABUS provide standardized volumetric imaging, 
freehand 3D ultrasound remains attractive due to its flexibility 
and lower hardware complexity. Improving tracking 
robustness through multi-marker configurations could help 
bridge the gap between low-cost freehand systems and more 
sophisticated automated platforms. 

E. Limitations 

Several limitations should be considered when 
interpreting the results. First, the experiments were conducted 
under controlled lighting conditions with approximately 500 
Lux illuminations. Marker detection performance may vary 
under different clinical lighting environments. Second, only 
two object sizes were evaluated, limiting the analysis of scale-

 
(a) 5-mm spherical inclusion (b) 10-mm spherical inclusion 

Figure 3. Representative 3D reconstruction results. 
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dependent reconstruction behavior. Third, segmentation 
included manual correction, which may introduce minor 
observer-dependent variability. The fourth limitation lies in 
the type of phantom used and the limited number of data 
points per testing type, which is only 10, resulting in low data 
variability and limiting the precision of the findings across 
several scenarios.  

Another limitation comes from a Human-Computer 
Interaction (HCI) perspective, where the design places a 50 g 
3D-printed model on top of the ultrasound probe shifts the 
center of gravity of that device. This creates a unique 
challenge in ensuring that the added weight does not impose 
extra burden or discomfort on the operator during use. 
Another HCI-related challenge involves maintaining the 
marker-equipped dodecahedron within an optimal distance of 
10–15 cm from the camera to ensure stable pose estimation. 

VI. CONCLUSION AND FUTURE WORK 

This study quantitatively compares single-marker and 
multi-marker pose estimation methods for freehand three-
dimensional (3D) ultrasound reconstruction using a controlled 
breast-phantom experiment. The results demonstrated that 
multi-marker tracking significantly improves volumetric 
reconstruction accuracy and stability compared to single-
marker tracking, with the smallest error observed for the 5-
mm inclusions reaching 12.1 mm³. Similar findings related to 
using multiple sensor configurations can be found in other 
studies [20], which shows that using multiple sensors of the 
same type has better accuracy and stability for 3D ultrasound 
reconstruction. 

Two-way ANOVA confirmed significant main effects of 
both object diameter and tracking configuration on 
reconstruction error, providing statistical evidence that marker 
arrangement directly influences volumetric accuracy. 
Although reconstruction errors increased for larger objects, 
the relative advantage of multi-marker tracking remained 
consistent across object sizes. 

These findings highlight the importance of pose 
robustness in freehand 3D ultrasound systems. Even when 
calibration precision is comparable, dynamic tracking stability 
plays a critical role in reconstruction accuracy. Multi-marker 
configurations provide a practical and low-cost solution to 
enhance pose estimation without requiring expensive tracking 
hardware. 
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Abstract—Many traditional Multi-Object Tracking methods 

primarily emphasize detection accuracy and short-term 

trajectory continuity, often overlooking long-term identity 

consistency, which is crucial for robust person Re-Identification 

(ReID). This paper presents a ReID focused Multi Object 

Tracking (MOT) framework designed to improve long-term 

identity preservation through memory-driven embedding 

refinement rather than detector-centric enhancements. The 

proposed framework focuses on a ReID-focused MOT 

framework aimed at improving identity preservation across 

extended temporal spans. The framework integrated a You 

Only Look Once (YOLO)-based detector, DeepSORT for 

motion-aware association, and a Global Identity Memory 

module that maintains and refines identity embedding over time 

through memory driven fusion. In addition, a Filtered IDF1 

metric is proposed to evaluate identity consistency by focusing 

solely on detected instances, providing a fairer assessment of 

long-term identity retention. To investigate the impact of 

feature extraction quality, representative backbones, OSNet 

and ResNet50, are evaluated independently under identical 

MOT17 benchmark conditions. Experimental results 

demonstrate that the proposed GlobalID framework 

consistently improves identity retention across different feature 

extractors, demonstrating that segmentation based embedding 

refinement combined with memory driven fusion effectively 

enhances robust, identity-consistent tracking in surveillance 

and autonomous systems. 

Keywords-Person ReID; Multi-Object Tracking; Identity 

Consistency; GlobalID; ResNet50; OSNet; DeepSORT. 

I.  INTRODUCTION 

Person tracking with Re-IDentification (ReID) aims to 
maintain consistent identity labels for individuals across video 
frames, and across camera views, forming a crucial 
component in surveillance systems, public safety systems and 
intelligent transportation systems [1]. In this work, we focus 
on single camera MOT, where the goal is to detect individuals 
and preserve their identities over time within a single 
continuous video stream. 

Maintaining identity consistency remains challenging due 
to real-world visual variability. Changes in illumination, pose, 
orientation, occlusion and camera motion can break the 
appearance continuity of a person, leading to misidentification 
when they reappear after temporary disappearance [2]. 
Moreover, individuals who are wearing similar clothes 
introduce ambiguity in feature associations, often resulting in 
ID switches or identity merging [3]. These failure cases 
highlight the need for robust appearance modelling and 
reliable identity preservation mechanisms in single camera 
MOT systems.   

Many traditional tracking systems, including Kalman 
filter-based motion models [4] and appearance-augmented 
approaches, such as SORT [5] and DeepSORT [6] have made 
progress in reducing fragmented trajectories. However, these 
methods typically rely on frame-wise feature matching, 
lacking mechanisms to maintain long-term identity memory 
or adaptively update identity embeddings. Consequently, they 
struggle to preserve stable identity assignments under 
dynamic conditions. Recent research has shown that deep 
feature embeddings play a crucial role in identity consistency 
[7]. Networks, such as ResNet50 [8] and Omni-Scale Network 
(OSNet) [9] have demonstrated strong discriminative power 
in static ReID benchmarks, but their performance within 
continuous tracking scenarios remains underexplored. 

To address these limitations, this study focuses on 
improving long-term identity consistency in ReID-enhanced 
multi-object tracking. We hypothesize that the stability and 
discriminative capacity of feature embeddings are key factors 
in maintaining consistent identity assignment over time. 
Accordingly, our framework introduces three key 
innovations. First, we employ robust person detection and 
appearance feature extraction to obtain identity embeddings 
suitable for temporal refinement. Second, we propose a 
Global Identity Memory (GlobalID) module that persistently 
updates identity embeddings using Exponential Moving 
Averages (EMA), inspired by memory-based representation 
learning in unsupervised ReID [10], enabling adaptation to 
gradual appearance changes and reducing identity 
fragmentation. Third, we integrate cosine similarity, EMA-
based embedding fusion, and Intersection over Union (IoU)-
based motion cues into a unified association cost to improve 
robustness under occlusion and motion drift. 

Additionally, we investigate segmentation-guided 
embedding refinement as an auxiliary enhancement to analyze 
its impact on identity preservation. Experimental results 
indicate that comparable identity consistency can be achieved 
without segmentation when memory-driven fusion is applied, 
highlighting the dominant role of global identity memory in 
long term tracking. 

To more accurately evaluate identity stability in tracking, 
we introduce a Filtered IDF1 metric, designed to isolate the 
effect of identity association mechanisms from detection 
errors. Unlike the standard IDF1 score, which is influenced by 
missed detections and false positives, the proposed metric 
evaluates only the successfully detected instances, providing 
a more interpretable measure of temporal identity consistency. 
Comprehensive experiments on the MOT17 benchmark, we 
demonstrate that these enhancements effectively reduce ID 
switching and surpass the accuracy of conventional 
DeepSORT-based systems. 
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The remainder of this paper is organized as follows. 
Section II reviews related work on multi-object tracking, 
person re-identification, and memory-based tracking 
methods. Section III describes the proposed framework, 
including the object detection, feature extraction, and 
GlobalID module. Section IV presents experimental results 
and evaluation on the MOT17-Scale-Dependent Pooling 
(SDP) benchmark. Section V concludes the paper and outlines 
directions for future work. 

II. RELATED WORK 

A. Evolution of Multi-Object Tracking 

Early MOT primarily relied on handcrafted features and 
motion-based prediction models, such as Kalman filters [4] 
and optical flow [11] to estimate object trajectories across 
frames. While computationally efficient, these approaches 
were highly sensitive to occlusion, camera motion, and 
appearance changes, often producing fragmented trajectories 
and frequent identity switches which reduced their reliability 
in crowded or dynamic scenes. 

The introduction of Simple Online and Real-time 
Tracking (SORT) [5] and later DeepSORT [6] marked a 
significant milestone in the evolution of MOT. SORT 
employed Kalman filtering with bounding-box IoU 
association, achieving impressive speed but limited identity 
preservation. DeepSORT improved upon this by integrating a 
deep appearance descriptor trained for ReID, enabling the 
tracker to associate detections using both motion and visual 
similarity. This enhancement substantially reduced ID 
switches and improved long-term association stability.  

In parallel, object detection frameworks such as YOLO 
based architecture [12] [13] have gained popularity for their 
high accuracy and real time performance. This framework 
achieves high precision and frame-rate efficiency through 
single-stage detection pipelines. Segmentation variants 
further improved localization by generating pixel-level masks 
that effectively suppress background interference and 
improving feature extraction for ReID integration. However, 
segmentation incurs additional computational cost and its 
effectiveness in improving long-term identity preservation 
within MOT pipelines remains an open research question. 

B. Advances in ReID 

ReID plays a central role in enhancing tracking reliability 
by providing appearance-based cues for identity matching. 
Early Convolutional Neural Network (CNN)-based ReID 
models, such as ResNet-50 [8], focused on learning global 
appearance features, offering a robust baseline for visual 
representation. However, such models often struggled with 
fine-grained local variations, such as changes in pose or partial 
occlusion. Recent architecture has introduced multi-scale or 
part-aware learning to overcome these limitations. OSNet [9] 
efficiently captures both local fine-grained and global 
structural information, achieving strong performance with 
minimal computational overhead and making it suitable for 
real-time tracking contexts. Other studies, such as PCB (Part-
based Convolutional Baseline) [3] and Multi-Granularity 
Network (MGN) [14] emphasize structured feature 

decomposition to better handle pose and viewpoint variations. 
Additionally, Transformer-based ReID models [15] have 
recently shown promise in modeling long-range dependencies 
and improving context awareness across scenes. 

Despite these advancements, most ReID models are 
trained and evaluated in static conditions (e.g., Market-1501, 
DukeMTMC, MSMT17) and are not directly optimized for 
temporal identity consistency within continuous video 
sequences. When integrated into tracking pipelines, they still 
face challenges with dynamic background interference, 
motion blur, and lighting fluctuations.  

C. Embedding-Driven and Memory-Based Tracking 

In recent years, research has shifted toward embedding-
driven and memory-based MOT frameworks [3], [10]. These 
approaches accumulate temporal embeddings to maintain 
consistency across frames, allowing for adaptive feature 
matching that extends beyond immediate temporal windows. 
For example, Tracktor++ [16] and FairMOT [17] integrate 
detection and ReID into joint frameworks, improving both 
tracking precision and speed. Similarly, Joint Detection and 
Embedding (JDE) [18] introduced end-to-end training for 
simultaneous detection and embedding extraction, enabling 
efficient real-time inference.  

However, even with these advances, most existing 
systems emphasize short-term association and lack explicit 
mechanisms to ensure long-term identity preservation. Few 
studies address global identity management, where 
accumulated embeddings are updated or refined dynamically 
over time to mitigate ID drift caused by gradual appearance 
changes or occlusion. Approaches such as self-adaptive 
galleries [19] or open-world ReID memory systems [20] have 
made progress toward continuous identity learning but remain 
limited in maintaining stable embedding representations 
within unified MOT pipelines. 

D. Gap in Literature 

While combining object detection and ReID embeddings 
has improved online MOT performance, existing frameworks 
still lack mechanisms to preserve identity coherence over 
longer temporal spans. Identity inconsistency typically arises 
when individuals undergo pose or orientation changes, partial 
occlusions, or lighting variations, leading to repeated ID 
fragmentation. Only a limited number of studies explicitly 
incorporate a feature embedding-based global identity 
memory that evolves over time and actively guides 
association decisions. 

To address this gap, we propose an Integrated Global 
Identity Memory (GlobalID) that dynamically updates 
identity embeddings through EMA while applying similarity 
and IoU thresholds to ensure stable associations. Unlike 
conventional short-term embedding buffers, GlobalID 
provides a persistent, adaptive memory structure that bridges 
local frame-level tracking and long-term identity preservation. 
Implemented within a YOLOv8 + DeepSORT + 
OSNet/ResNet50 pipeline, the proposed framework 
effectively reduces ID switching and enhances overall 
tracking reliability in dynamic visual environments. 

30Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           40 / 145



III. METHODOLOGY 

This section describes the design of the embedding-driven, 
ReID-enhanced MOT framework, which emphasizes long-
term identity consistency through memory-based embedding 
refinement and global identity management. The framework 
supports two operating configurations, with and without 
segmentation-based embedding refinement allowing 
systematic analysis of the impact of feature isolation versus 
computational efficiency. 

A. Framework Overview 

The proposed framework unifies object detection, feature 
extraction, MOT, and ReID to study how feature quality and 
identity‑embedding management influence long‑term ID 
preservation. Its goal is to assess how embedding refinement 
and global ID strategies affect MOT performance under 
challenging conditions such as occlusion, illumination 
changes, and viewpoint variation [1]. 

As shown in Figure 1, the pipeline includes a YOLOv8 
detector (two configurations are compared: 
segmentation‑based setup that masks background regions 
before feature extraction, and a detection‑based setup that uses 
raw bounding boxes), DeepSORT for short‑term association, 
ReID backbones (OSNet and ResNet50) for embedding 
extraction, and a Global Identity Memory (GlobalID) module 
that maintains long‑term consistency using exponential 
moving averages and adaptive cosine matching.  

Overall, the framework provides a controlled way to 
analyze how embedding refinement and global identity 
memory contributes to stable ID assignments in realistic MOT 
scenarios. 

B. Dataset 

Experiments were conducted on the MOT17 dataset [21]-
[23], which consists of multiple pedestrian video sequences 
captured under varying illumination, crowd density, and 
camera motion conditions. Each sequence provides ground-
truth bounding boxes and identity annotations in the 
MOTChallenge format. The selected subset - MOT17-02-
SDP, MOT17-04-SDP, MOT17-09-SDP, MOT17-10-SDP, 
and MOT17-11-SDP - these five sequences were selected to 
represent a diverse range of environmental and motion 
conditions. MOT17-02 and MOT17-04 feature static cameras 

with high crowd density, MOT17-09 and MOT17-11 involve 
low-to-medium density scenes with moderate occlusion, and 
MOT17-10 includes a moving camera with dynamic 
viewpoint shifts. Together, they provide a balanced evaluation 
of identity preservation under varied real-world challenges 
without introducing redundant or overlapping conditions. 

This benchmark is widely used for MOT evaluation due to 
its complexity and standardization, allowing fair comparison 
with prior works such as DeepSORT [6] and FairMOT [17]. 

C. Object Detection and Segmentation 

Person detection was performed using YOLOv8 
architecture (Figure 2), with two configurations evaluated to 
study the impact of region refinement on embedding quality. 
For the segmentation-based configuration, YOLOv8-seg was 
employed to generate instance-level masks alongside 
bounding boxes. The segmentation masks were used to isolate 
person regions by suppressing background pixels before 
feature extraction. In contrast, the detection only 
configuration uses standard YOLOv8 bounding boxes directly 
for feature extraction, offering significantly faster inference. 
For both the configurations, only class 0 (person) detections 
were retained, using a confidence threshold of 0.3 and an IoU 
threshold of 0.6. 

D. Feature extraction and ReID 

Two representative ReID backbones, ResNet50 [8] and 
OSNet [9], were employed to extract feature embeddings. 
Each was initialized with pretrained weights from large-scale 
ReID datasets (Market-1501 and DukeMTMC), ensuring 
strong feature generalization. Person crops were resized 
(256×128 for OSNet, 224×224 for ResNet50) and normalized 
using ImageNet mean-std statistics and encoded into L2-
normalized feature vectors (512-D and 2048-D, respectively) 

 
         Figure 1. Proposed Framework. 

 

 

Figure 2. Person detection and segmentation using YOLOv8. 

 
Figure 3. Activation map of features extracted by OSNet and 

ResNet50. 
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for cosine-similarity matching. These embeddings are stored 
in memory and on disk.  

Using both backbones allows a controlled comparison 
between lightweight omni scale features and deeper global 
representations. To further examine their behavior, Grad-
CAM visualization highlights the spatial regions contributing 
to each model’s embeddings. As shown in Figure 3, OSNet 
attends to multiple fine-grained body regions, whereas 
ResNet50 focuses more on global cues such as the silhouette 
and torso. 

E. MOT with DeepSORT 

DeepSORT [6] was employed as the short-term tracking 
component, combining Kalman-filter-based motion 
prediction with appearance-based matching. Although 
DeepSORT effectively reduces short-term identity switches, 
it relies on limited temporal embedding buffers and is prone 
to identity drift under prolonged occlusion. In proposed 
framework, DeepSORT generates local track identities, which 
are subsequently refined and stabilized by the GlobalID 
module to achieve sequence-wide identity consistency. 
Tracking parameters used in this study are summarized in 
Table I. 

F. GlobalID 

To maintain identity consistency across sequences and 
handle occlusions or re-entries, Global Identity Memory 
(GlobalID) was developed. Unlike DeepSORT’s limited local 
gallery, GlobalID functions as a persistent global memory that 
stores and updates identity embeddings throughout the 
sequence. Each new detection is compared against stored 
identity embeddings using cosine similarity, defined as: 

𝑐𝑜𝑠(𝜃)  =  (𝑎 · 𝑏)/(‖𝑎‖‖𝑏‖)  (1) 
Where, 𝑎 and 𝑏 are two feature vectors representing 
embeddings of the current and stored detections, respectively. 

To adapt to gradual appearance changes, embeddings are 
updated using EMA: 

𝑓𝑡 =  (1 − 𝛼)𝑓{𝑡−1} +  𝛼𝑓𝑛𝑒𝑤,   𝛼 =  0.95 (2) 

where the most recent embedding is represented by 𝑓𝑛𝑒𝑤 and 
𝑓𝑡 is the updated smoothed feature vector. The chosen 
smoothing factor is 𝛼. 

Additionally, for each identity, a maximum of 20 feature 
vectors were retained to prevent memory overflow and reduce 
noise accumulation. New identities were only confirmed after 

appearing consistently for 5 consecutive frames, introducing 
a hysteresis effect that suppresses fake ID creation.  

This memory driven embedding enables the system to 
maintain coherent identities across long-term sequences, 
significantly reducing ID fragmentation and false associations 
compared with conventional trackers [18]-[20]. 

Figure 4 demonstrates the working of the GlobalID 
module. 

IV. RESULTS 

All experiments were conducted on sequences from the 
MOT17 dataset, which provides diverse real-world tracking 
scenarios involving frequent occlusions, appearance changes, 
and dynamic camera motion. We report both the standard 
MOTChallenge metric (IDF1) [22] and the proposed Filtered 
IDF1(F-IDF1), which evaluates identity consistency 
exclusively among successfully detected instances. This dual 
evaluation enables a clearer distinction between detection 
accuracy and identity-preservation capabilities.  

A. Filtered IDF1 metric 
Identity association performance in multi-object tracking 

is commonly evaluated on Association Accuracy (AssA), 
which measures how effectively a tracker preserves object 
identities across frames [22], [23]. This metric is represented 
by the IDF1 score, the harmonic mean of identity precision 
and recall, defined as: 

𝐹 − 𝐼𝐷𝐹1 =  (2 ×  𝐼𝐷𝑇𝑃_𝑑𝑒𝑡) / (2 ×  𝐼𝐷𝑇𝑃_𝑑𝑒𝑡 +
 𝐼𝐷𝐹𝑃_𝑑𝑒𝑡 +  𝐼𝐷𝑆𝑊_𝑑𝑒𝑡)  (3) 

where the subscript 𝑑𝑒𝑡  indicates frames with valid 
detections, and 𝐼𝐷𝑆𝑊  quantifies identity changes among 
detected objects. 

This refinement provides a more focused view of ReID 
and memory integration effects, particularly in frameworks 
where detection quality is already saturated by high-
performance detectors such as YOLOv8 [24]. 

TABLE I. DEEPSORT TRACKING PARAMETERS USED IN THIS 

STUDY 

Parameter Value Description 

Max_age 30 Max. No. of frames to keep a 

lost track alive. 

nn_budget 200 Max. size of the appearance 

descriptor gallery. 

Max_cosine_distance 0.2 Threshold for matching 

appearance embeddings. 
Max_iou_distance 0.7 IoU threshold for matching. 

n_init 3 No. of consecutive detections 

before confirming a new track. 
 
 

 
Figure 4. GlobalID Module. 
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B. Results on MOT17-SDP 

To assess the contribution of appearance embeddings and 
the GlobalID module, pretrained ReID backbones 
(OSNet_x1_0 and ResNet50) were integrated into the 
YOLOv8 + DeepSORT pipeline. Each backbone was 
evaluated using Market-1501 [25] and DukeMTMC [22] 
pretrained weights, under two configurations: segmentation 
based embedding refinement and detection only embedding 
refinements. As a baseline, the standard YOLOv8 + 
DeepSORT configuration was evaluated using DeepSORT’s 
built-in CNN appearance descriptor, without any external 
ReID backbone or GlobalID module. This represents the 
conventional tracking approach that our framework aims to 
improve upon. 

Across both configurations, integrating ReID backbones 
with GlobalID consistently improved identity preservation on 
MOT17‑SDP (Table II). OSNet‑DukeMTMC achieved the 
strongest results, reaching IDF1 ≈  0.39 and F‑IDF1 ≈  0.66 
- roughly a 25 − 35%  improvement over the baseline - 
demonstrating that refined embeddings and global memory 
updates reduce ID fragmentation. F‑IDF1 further shows that 
identity association becomes more reliable even when 
detection quality remains unchanged, as illustrated in Figure 
5. 

The segmentation assisted configurations introduced a 
substantial computational overhead, reducing inference speed 
to 1.38 − 2.46  FPS. This bottleneck arises primarily from 
two sources, the additional forward pass required by 
YOLOv8-seg to generate instance masks, and the per-frame 
background suppression applied before feature extraction. 
Importantly, the ReID backbones themselves were not 
designed for mask-aware inputs, meaning the segmentation 
step adds cost without being fully exploited by the 
downstream feature extractors. Without segmentation, both 
backbones achieve significantly faster speeds (5.73 − 7.13 
FPS), representing a more practical operating point for real-
time applications.  

V. CONCLUSIONS AND FUTURE WORKS 

This study introduced a Re-ID-focused multi-object 
tracking framework that integrates YOLOv8 detection (with 

optional segmentation), DeepSORT association, and 
pretrained ReID backbones (OSNet and ResNet50) for 
appearance embedding. The key contribution, the GlobalID 
Memory module, provides a persistent, memory-driven 
identity refinement mechanism that maintains consistent 
identities across frames through EMA fusion and cosine 
similarity. Experiments on the MOT17-SDP benchmark 
demonstrate consistent improvements over the YOLOv8 + 
DeepSORT baseline in both IDF1 and the proposed Filtered 
IDF1 metric, validating the effectiveness of ReID-driven 
association independent of detection quality. OSNet-
DukeMTMC achieved the best identity consistency (IDF1 =
 0.3918 , F-IDF1 =  0.6571 ), representing a 25 − 35% 
improvement over the baseline. A few conclusions can be 
drawn First, segmentation-based embedding refinement 
improves identity consistency by suppressing background 
noise, but its benefit is constrained when using backbones 
pretrained on bounding box crops rather than mask-aware 
inputs, the feature extractors were not trained to exploit the 
cleaner segmented regions. Second, the EMA smoothing 
factor (𝛼 = 0.95)  proved effective for gradual appearance 
adaptation. Third, the gallery confirmation threshold of five 
consecutive frames successfully suppressed false identity 

  

(a) Baseline (YOLOv8 + DeepSORT) (b) The proposed method  

Figure 5. The proposed method should have better consistency, not more switches. 

TABLE II. PERFORMANCE COMPARISON ON THE MOT17-SDP 

BENCHMARK 

Backbone Pretrained 

weights 

Detection 

Mode 

Performance 

comparison 

IDF1 F-

IDF1 

FPS 

DeepSORT 
CNN  

- 
YOLOv8 0.2916 0.6412 8.51 

OSNet DukeMTMC YOLOv8-

seg 

0.3918 0.6571 1.38 

OSNet Market-1501 YOLOv8-
seg 

0.3871 0.6583 1.44 

ResNet50 DukeMTMC YOLOv8-

seg 

0.3479 0.6354 2.23 

ResNet50 Market-1501 YOLOv8-

seg 

0.3479 0.6354 2.46 

OSNet DukeMTMC YOLOv8 0.3783 0.6514 7.13 

OSNet Market-1501 YOLOv8 0.3864 0.6531 6.55 

ResNet50 DukeMTMC YOLOv8 0.3084 0.6102 6.03 

ResNet50 Market-1501 YOLOv8 0.3140 0.6203 5.73 
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creation in crowded scenes but introduced a slight delay in 
registering fast moving individuals who briefly exit and re-
enter the frame.  

The primary limitation of the current framework is its 
computational cost. Segmentation assisted configurations 
operate at only 1.38 − 2.46  FPS, making real-time 
deployment impractical. Additionally, the framework was 
evaluated on a subset of five MOT17-SDP sequences, and 
generalization to other benchmarks or camera setup remains 
to be verified. 

Future work will focus on three directions. First, 
integrating mask aware ReID architectures to better exploit 
segmentation cues. Second, exploring lightweight 
architectures and embedding alternatives to reduce inference 
overhead to achieve real-time performance. Third, extending 
the GlobalID module to multi-camera settings, which 
represents a natural and challenging extension of the current 
framework. 
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Abstract—The paper proposes a vision-based approach for 

measuring fine Particulate Matter (PM2.5) concentrations by 

utilizing environmental images as input. A dataset was created 

by acquiring surveillance camera-captured images from 

multiple locations in Japan, forming a pair of collected outdoor 

images and Ground Truth (GT) PM2.5 observation data 

obtained from monitoring stations. Two preprocessing steps 

(image dehazing and semantic segmentation) were used to 

enhance prediction accuracy under varying atmospheric and 

meteorological conditions. The dehazing method mitigates 

visual degradation caused by haze, while semantic segmentation 

extracts and determines object-level information and the 

coverage amount of extracted objects relevant to PM2.5 

estimation. The proposed image-based system combines the 

dehazed images and segmentation masks, which are then input 

into a deep learning-based regression model to predict PM2.5 

concentrations. The experimental results demonstrate that 

integrating dehazed images and segmentation masks reduces 

prediction errors and produces more consistent estimates 

compared to using original images and other input 

configurations alone or in combination. The findings indicate 

that combining enhanced visual representations and segmented 

objects with deep learning models can serve as an effective and 

scalable complement to traditional air quality monitoring 

systems.  

Keywords-computer vision; dehazing; semantic segmentation; 

PM2.5 forecasting; regression. 

I.  INTRODUCTION 

Despite substantial improvements in air quality over 
recent decades, air pollution remains a crucial environmental 
threat and public health issue in Japan. Rapid industrialization 
and urban development in the postwar period led to severe air 
pollution problems. However, strict environmental rules and 
continuous monitoring have significantly mitigated many 
conventional pollutants. Nevertheless, an air pollutant, fine 
Particulate Matter (PM2.5), defined as particles with an 
aerodynamic diameter of less than 2.5 µm, continues to pose 
a concern, particularly in urban and industrial areas [1]. 
Particle components are generally classified as solid and 
liquid substances released into the air from domestic sources, 
such as indoor activities, industrial emissions, volcanic 
eruptions, and others. These particles are transmitted through 
the air and eventually return to the ground [2]. PM2.5 is small 
enough to enter the human red blood cell, which is 7.8 µm in 
diameter, and as a result, it can penetrate deeply into the 
respiratory system. It is linked to adverse health effects, 
including cancer, cardiovascular diseases, and asthma. 
According to the World Health Organization (WHO), seven 

million people die as o result of PM2.5 particles each year 
globally [2]. Therefore, it is essential to explore various 
methods to accurately measure PM2.5 particles. Currently, 
computer vision technologies are being applied due to their 
high spatial coverage, scalability, sensitivity to changes in 
visibility, real-time capabilities, easy deployment, and low 
cost. 

Japan is an island country, where ambient PM2.5 
concentrations are routinely monitored using ground-based air 
quality monitoring stations across its forty-seven prefectures. 
These stations rely on PM2.5 sensors that measure 
concentrations of particles. Laser scattering and Infrared Rays 
(IR) are used to detect particles, which provide accurate point-
based observations. Nevertheless, the monitoring stations 
within each prefecture limit their spatial representativeness as 
a single or a small number of sensors cannot capture the 
PM2.5 spatial variability over enormous and diverse 
geographic locations for detection. Although deploying 
additional sensors could improve coverage, such an approach 
is costly and logistically demanding. The sensors cannot 
provide accurate reading due to different factors and small 
sensitivity. Therefore, they need to be estimated precisely in 
different domains of each prefecture as they are scattered 
around the air.  

In this paper, vision-based PM2.5 forecasting is proposed. 
To identify particulates in the air, we have utilized 
geographical images of Japan’s various prefectures as input. 
We have performed image dehazing and semantic 
segmentation, and an AI technique called the regression 
method to accurately estimate PM2.5 concentration, 
especially in the presence of haze and objects in the scene. 
Regression approaches have been applied to visual input to 
model the relationship between environmental image features 
and their associated PM2.5 values. When images are used as 
inputs, the model extracts visual information, reflecting haze 
density, changes of visibility, contrast degradation, and color 
attenuation, and regresses these features to predict numerical 
PM2.5 concentrations. Moreover, it enables quantitative 
estimation of particulate matter levels, making it suitable for 
continuous monitoring and forecasting tasks rather than 
categorical classification. Experiments have been conducted 
using original images, dehazed images, and segmented 
objects. A regression model is used to examine the actual 
relationship between images/masks and their corresponding 
PM2.5 values. The testing results demonstrate lower 
correlation in terms of original images, dehazed images, 
semantic segmentation, and combined input, and an improved 
correlation when applying dehazed and object segmentation. 
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The paper is divided into five sections. In Section I, an 
overview of PM2.5, along with the research problems and 
objectives, is presented. In Section II, the existing literature on 
vision-based PM2.5 estimation and prediction approaches is 
reviewed. In Section III, the proposed methodology, including 
data collection, dataset construction, pre-processing steps, and 
the architecture of the regression model, is described. In 
Section IV, the experimental results are presented, and their 
implications on PM2.5 prediction are discussed. Lastly, in 
Section V, the paper is concluded and outlines the directions 
for future work.  

II. LITERATURE REVIEW 

Numerous research papers have applied vision-based 
approaches for forecasting PM2.5 air pollutants as a 
complementary alternative to traditional sensor-based 
monitoring systems. Previous studies demonstrated the 
viability of retrieving air quality information directly from the 
visual cues present in environmental scenes. For example, the 
vision-based techniques [3] and [4] rely on extracting haze-
related features by quantifying saturation, contrast 
degradation, color attenuation, and information losses from 
manually designed statistical images to represent the haze-
related visual degradation. These methods provide 
interpretability and relatively low computational cost. 
However, their dependence on handcrafted image features 
limits their robustness in complex outdoor environments 
under varying illumination, lighting, meteorological 
conditions, and camera conditions.  

With the rapid development of deep learning technologies, 
researchers started adopting Convolutional Neural Network-
based architectures to automatically learn discriminative 
visual characteristics from the images. Studies, such as a 
hybrid architecture Deep Neural Network model [5], 
presented a base model named Convolutional Neural Network 
(CNN), while an output layer named Long Short-Term 
Memory (LSTM) network was employed. They demonstrated 
that the two integrated models can automatically capture 
spatial features and temporal dependencies within the 
extracted feature sequences, such as pollution-related 
patterns, by utilizing the hourly images of the sky and 
surrounding environment in Bangkok, Thailand. Similarly, 
another approach, deep learning-based image analysis to 
predict PM2.5 concentrations [6], leverages existing 
surveillance infrastructure to achieve wide-area monitoring. 
In this study, a ResNet-based image analysis method was 
utilized, turning an existing traffic camera into a PM2.5 
sensor. To create a dataset, hourly traffic images and their 
PM2.5 values were attained over a six-month period from a 
traffic camera and the nearest monitoring station. In the first 
phase, the neural network model ResNet50 was used to train 
the acquired dataset. Moreover, a second phase model, 
Random Forest, was used, where the outputs of the neural 
network are utilized as input to predict overall hourly PM2.5 
values. While these CNN-based approaches enhance 
prediction accuracy, they remain sensitive to scene-specific 
factors, such as camera viewpoints, background complexity, 
and atmospheric visibility, which can degrade model 
performance across locations. 

Several studies proposed time-series modeling methods to 
address temporal dependencies in particulate matter 
dynamics. The methods [7] and [8] combined visual 
information with temporal learning frameworks, such as Long 
Short-Term Memory and encoder-decoder architectures, to 
predict PM2.5. The integrated dual-channel model [7] learned 
intuitive spatiotemporal features from a series of surveillance 
images and temporal information from atmospheric 
conditions, meteorological conditions, and temporal data for 
precise time-series forecasting of PM2.5 and PM10 
concentrations. Likewise, the spatio-temporal model [8] 
captured and measured feature correlation and loss in 
particular locations by using an image-like technique at a 
country-wide level for PM2.5 prediction. These approaches 
improved the accuracy of prediction by modeling both spatial 
and temporal correlations. However, these methods often 
require large, continuous datasets and assume stable visual 
quality, making them sensitive to haze, clouds, and adverse 
weather. 

More recent studies proposed advanced architecture and 
multimodal learning to improve the robustness of prediction. 
A Vision Transformer-based model presented in [9] can 
effectively process and learn complex data with 
spatiotemporal dependencies and deep features from image 
data, even in the absence of extensive labeled data, when 
leveraging the model. In parallel, the multimodal approach 
Contrastive Learning–Image Pre-training (CLIP) [10] 
employs transformers as backbones to learn the combined 
visual features and contextual information by leveraging 2D 
image data acquired from mobile devices.  The model was 
trained on a Graphics Processing Unit (GPU) and Single-
Board Computer (SBC) to enhance the accuracy and 
scalability of air quality monitoring. Although the methods 
demonstrate improved accuracy, they often require greater 
computational resources and depend on access to various data 
modalities. 

On the contrary, in domain-specific applications [11], 
computer vision technology and a regression model are used 
to extract the real-time traffic volume and street-view 
information from the traffic images and to predict the road 
concentration of PM2.5, which is trained on meteorological 
conditions, traffic volume, and building variables. This 
approach demonstrates the effectiveness of vision-based 
models in complex urban microenvironments. Although these 
methods achieve promising results in localized settings, their 
generalization to diverse geographical areas and broader 
atmospheric conditions remains a challenge.  

The existing vision-based PM2.5 forecast approaches 
demonstrated the efficacy of deep learning and temporal 
modeling in extracting particulate matter-related visual 
patterns. However, most prior work relies on raw image data 
to capture visual information related to atmospheric 
conditions, such as haze and visibility degradation, 
meteorological conditions, particulate matter-related 
predictors, and the development of deep learning technologies 
to map these visual features to PM2.5 concentrations. These 
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limitations motivate the need for using dehazed images 
integrated with object segmentation images, which can 
provide clearer visual cues to atmospheric conditions, while 
object segmentation enables the model to focus on 
semantically meaningful regions in the scene for consistent 
PM2.5 prediction. This proposed approach will be discussed 
in the following section. 

III. VISION-BASED PM2.5 FORECASTING 

A. Data Collection Approach 

In this study, Web-scraping is employed as a data 
acquisition method, as shown in Figure 1, to attain 
environmental scene images along with their associated 
PM2.5 concentration values. The images are obtained from 
publicly available city surveillance camera footage from 
multiple locations, whereas the corresponding PM2.5 
observation data are retrieved from official air quality index 
monitoring websites (www.aqi.in). Data collection is 

conducted at regular intervals during three daily time periods: 
morning (9:00 ~ 12:00), noon (12:00 ~ 13:00), and afternoon 
(14:00 ~ 17:00) from October 2024 to March 2025. The visual 
data and particulate matter measurements are temporally 
aligned to ensure consistency between image observations and 
Ground Truth PM2.5 concentrations. 

B. Data Description 

The dataset utilized in this work consists of paired 
environmental images and corresponding PM2.5 values 
obtained from various urban locations in Japan. Each data 
sample comprises an outdoor image and its associated PM2.5 
concentration, creating a supervised dataset for regression-
based particulate matter prediction. In addition to the original 
images, the dataset is further extended with derived 
representations, namely dehazed images and their associated 
segmentation masks, which are used to improve visual 
quality and extract object-level cues. 

The images capture a wide range of environmental 
conditions, including variations in weather, such as sunny, 
cloudy, and snowy scenarios. These conditions introduce 
differences in visibility, illumination, and atmospheric 
appearance, and these are significant factors for vision-based 
PM2.5 estimation. The images are collected at fixed 
resolutions, relying on the camera sources, ensuring that 
within each location, while preserving sufficient visual 
details for feature extraction. 

In the dataset, each sample is represented by multiple 
inputs, including the original image, the dehazed version of 
the image, and the corresponding segmentation mask, along 
with the Ground Truth PM2.5 concentration. This multi-
representation structure empowers the model to manipulate 
both enhanced visual information and semantic scene cues. 
Moreover, the dataset has temporal variation by 

incorporating samples obtained at different times of the day, 
as well as spatial variability across different cities with 
distinct urban and atmospheric conditions. 

C. Data Pairing 

The data pairing is performed to correspond to each 
environmental image with a Ground Truth PM2.5 value. The 
corresponding PM2.5 concentration is assigned based on 
both spatial and temporal alignment for each attained image. 
Firstly, a camera-to-station correspondence is considered by 
identifying the nearest air quality monitoring station to each 
camera location, utilizing Google Maps. The approximate 
distance between the camera and station is obtained from the 
map, and only stations located within a threshold distance of 
10 kilometers have been considered. This ensures that the 
selected particulate matter concentrations reasonably reflect 
the atmospheric conditions seen in the images. Furthermore, 
temporal alignment is performed by matching each image 
with the closest available PM2.5 measurement based on its 
timestamp. This stage verifies consistency between the 
captured visual scene and the recorded PM2.5 measurement. 
Finally, each valid image is paired with its associated 
particulate matter value to create a labeled data sample.  

 

Figure 1. Collecting data using Web-scraping method. 

 

 

Figure 2. Block diagram of proposed system. 

 

 

Figure 3. Process of dehazing the Sapporo city image. 

 

 

Figure 4. Model fine-tuning and object coverage percentage estimation. 
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For data cleaning, repeated images and images captured 
from altered camera positions are excluded to establish 
consistency in scene representation. Initially, around 200–

300 images are obtained per city; after the filtering process, 
the remaining dataset is reduced to approximately 70–100 
images per city. Eventually, the filtered images, along with 
their corresponding PM2.5 values, are exploited to construct 
the final dataset.    

D. System Model 

The proposed image-based system’s block diagram is 
illustrated in Figure 2, where environmental images are used 
as input to the proposed framework. A dehazing process is 
applied to enhance image quality by reducing the effects of 
atmospheric scattering. In addition, object segmentation is 
subsequently performed to identify the different key scene 
components and then compute the object coverage amount. 
These refined visual representations and the extracted object 
features are fed into the regression model. The model learns 
the pattern between these two inputs, along with the Ground 
Truth PM2.5 numerical data, to predict PM2.5 concentrations 
precisely. 

E. Image Dehazing using Dark Channel Prior Algorithm 

The first pre-processing step, the dark channel prior 
approach [12], is employed, as depicted in Figure 3, to 
remove the influence of atmospheric haze from the retrieved 
environmental images. This method is based on the 
observation that at least one color channel exhibits very low 
intensity values in most non-sky regions of haze-free outdoor 
images. Based on this assumption, the dark channel for each 
input image is determined first to estimate the spatial 
distribution of haze. Afterwards, the atmospheric light is 
calculated by identifying the brightest pixels in the dark 
channel, which represent areas with the highest haze 
concentration. Moreover, a transmission map is estimated by 
using the determined atmospheric light and dark channel 
information to illustrate the portions of the scene radiance 
that reach the camera sensor. Lastly, the dehazed image is 
recovered by restoring the scene radiance using the estimated 
parameters, including atmospheric light and transmission 
map, resulting in a dehazed image that exhibits enhanced 
visibility and contrast, providing much clearer visual features 
for further analysis. 

F. Semantic Segmentation 

Semantic segmentation constitutes the second pre-
processing phase of the proposed system architecture, as 
described in Figure 4, to obtain fine-grained, object-level 
cues from the environmental scenes. The aim of this stage is 
to identify and distinguish semantically meaningful areas or 
classes, such as sky, buildings, roads, vegetation, water, and 
other structural components within the different urban scenes 
that are potentially correlated with PM2.5 concentration. The 
segmentation process provides further contextual 
information beyond global image appearance by explicitly 
modeling the spatial distribution of those objects. 

The Ground Truth segmentation masks are constructed 
from the original images by manually annotating object 
classes, including sky, building, water, road, etc., exploiting 
the LabelMe annotation tool. The annotations are converted 
into JSON format to generate the corresponding 
segmentation masks.  

These masks are utilized to fine-tune a deep learning 
model based on the SegFormer architecture on the acquired 
dataset. The model is adopted due to its robust performance 
in capturing both local and global contextual cues, allowing 
it to adapt to the visual characteristics of the scenes. After 
fine-tuning the model, the trained model generates pixel-wise 
segmentation masks for each input image. Eventually, the 
predicted masks are subsequently utilized to determine the 
coverage amount of each segmented object class in the scene, 
providing quantitative object-level features to accurately 
estimate PM2.5. 

The performance of the segmentation model is evaluated 
using standard metrics, such as pixel accuracy, mean 
Intersection over Union (mIoU), F1-score, and recall. The 
results specify that the model obtains high segmentation 
performance across all cities. Specifically, Sapporo and 
Chofugaoka exhibit the highest performance with pixel 
accuracy and F1-score of 0.99, along with mIoU values of 
0.97 and 0.99, respectively. Aomori and Kagoshima also 
demonstrate strong performance, with pixel accuracy values 
of 0.98 and mIoU values of 0.93. These results verify that the 
SegFormer model effectively captures both global and local 
contextual features of environmental scenes.   

G. PM2.5 Prediction 

We have employed a backbone named EfficientNet-B2, a 
Convolutional Neural Network-based regression model, 
shown in Figure 5, for extracting visual features from the 
input data. The proposed approach utilizes dehazed images 
combined with segmentation masks as inputs, where a 
feature-level fusion strategy is applied. Specifically, the 
masks are integrated with the dehazed images through 
channel-wise concatenation to create a unified multi-channel 
input, enabling the model to simultaneously learn high-
quality visual information and learn trained object-level cues 
derived from semantic segmentation. 

These fused inputs are fed into the EfficientNet-B2 
backbone to learn patterns and hierarchical visual features, 
ranging from low-level texture and color information to high-
level semantic representations related to atmospheric 
conditions. The output features are generated by the 

 

Figure 5. Flowchart of proposed work. 
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backbone and then are applied to a regression head designed 
to predict continuous PM2.5 values. The regression head 
comprised fully connected layers that map the extracted 
visual cues to a numerical output, enabling end-to-end 
learning of the relationship between the images and PM2.5 
numerical data. For training, the regression head and the 
backbone network are optimized in an end-to-end manner 
using a Graphics Processing Unit (GPU). The dataset is split 
into training and testing sets with an 8:2 ratio. The model is 
trained utilizing a regression loss function, including Mean 
Squared Error (MSE), to minimize the difference between 
predicted and Ground Truth PM2.5 concentrations. An 
adaptive optimization algorithm named Adam optimizer is 
used to update the network parameters, with an appropriate 
learning rate of 0.0003, batch size of 32, and epochs of 30 to 
ensure convergence and improved prediction stability and 
generalization performance.  

IV. RESULTS AND DISCUSSION 

In this section, a comprehensive assessment of the 
proposed vision-based particulate matter prediction approach 
has been demonstrated, utilizing datasets from multiple cities 
in Japan. The experimental results are reported using five 
phases. Standard regression metrics, namely the coefficient of 
determination (R2), Mean Squared Error (MSE), and Mean 
Absolute Error (MAE), are used to evaluate the model’s 
performance. Additionally, we have conducted comparative 
analyses to examine the effect of the five stages on prediction 
accuracy. A detailed discussion of the quantitative results and 
their implications for PM2.5 prediction is provided in the 
following subsections.    

A. Experimental results 

In this study, we train a computer vision model, 
EfficientNet-B2, as a feature extractor along with the 
regression head on Japan’s different cities datasets. The 
experiments are conducted using environmental images of 
various cities, including Sapporo, Kagoshima, Aomori, and 
Chofugaoka. The prediction results for each city are presented 
in Table 1 using five input configurations. Model A utilizes 
original environmental images as input to the regression 
model. Model B utilizes dehazed images to assess the effect 
of visual enhancement on prediction performance. Model C 
uses semantic segmentation masks derived from the original 
images to verify the contribution of object-level scene cues. 
Model D integrates dehazed images and their associated 
masks, indicating the proposed method that combines both 
improved visual features and semantic information. Finally, 
Model E uses the combination of all inputs. 

As shown in Table 1, all alternative configurations have 
demonstrated varying changes in prediction accuracy across 
cities, compared to Model A. The dehazed images enhance R2 
values compared to the original images across all cities, 
demonstrating the effectiveness of visibility improvement in 
capturing pollution-related features. On the other hand, 
segmentation masks exhibit inconsistent performance, with 
generally lower correlation values, indicating that 
segmentation is insufficient solely for reliable prediction. 

Model D, which integrates dehazed images and 
segmentation masks without original images, exhibits more 
consistent and competitive performance across multiple 
datasets. It achieves the strongest R2 values, which are 0.27 
and 0.43, respectively, in Kagoshima and Aomori, while also 
maintaining relatively lower MAE values of 1.58, particularly 
for Kagoshima. These results suggest that combining dehazed 
visual information with semantic features can significantly 
capture pollution-related patterns even in the absence of raw 
images. 

In comparison, Model E, which incorporates original 
images along with dehazed images and segmentation masks, 
does not consistently outperform Model D. Although Model 
E achieves lower MAE in some cases, including 1.70 and 2.03 
for Sapporo and Chofugaoka, respectively. Its R2 values are 
lower than those of Model D in key datasets, including 
Kagoshima and Aomori. This suggests that the inclusion of 
original images does not necessarily lead to enhanced 
prediction. 

Overall, the comparative analysis demonstrates that 
Model D provides a balanced and robust performance across 
cities. 

B. Discussion 

The experimental results show that employing dehazed 
images and semantic segmentation masks improves PM2.5 
prediction performance across most cities, yielding a higher 
R2 value and lower error metrics compared to the original 
image results. In addition, the performance of the regression 
model is influenced by dataset characteristics, including 
sample size, segmented predictors, weather conditions, 
camera resolution, and distance between the camera and 
station. 

The performance of the Sapporo dataset achieves 
relatively stable performance across configurations. This can 
be attributed to the moderate dataset size of 72 samples, the 
extraction of semantic features, such as sky and building, 
consistent sunny weather conditions, and a comparatively 
short camera-station distance of 3.4 kilometers, which ensures 
reliable spatial alignment. The uniform camera resolution of 

TABLE 1. EXPERIMENTAL RESULTS USING FIVE INPUT CONFIGURATIONS 

Dataset 
Model A Model B Model C Model D Model E 

R2 MSE MAE R2 MSE MAE R2 MSE MAE R2 MSE MAE R2 MSE MAE 

Sapporo 0.16 1.95 1.72 0.29 6.21 1.92 0.01 6.70 1.81 0.22 2.37 1.81 0.18 4.93 1.70 

Kagoshima 0.14 5.28 1.99 0.20 6.73 2.09 0.08 7.23 2.20 0.27 3.82 1.58 0.24 5.29 1.79 

Aomori 0.19 8.69 2.49 0.26 7.82 2.32 0.04 7.47 2.16 0.43 7.39 2.40 0.31 8.34 2.32 

Chofugaoka -0.21 13.06 3.02 0.18 14.91 3.00 0.04 5.33 1.94 0.15 13.35 2.95 0.11 8.56 2.03 
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960 x 540 provides consistent feature extraction, further 
enabling enhanced prediction accuracy.  

In Kagoshima, although the dataset contains 79 samples, 
the semantic information sky and mountain, appearance of 
sunny and cloudy weather, and a longer camera-station 
distance of 4.5 kilometers add additional variability. Despite 
this, Model D achieves the best performance, indicating that 
the integration of dehazing and semantic segmentation helps 
reduce the effects of environmental variation.  

For Aomori, Model D obtains the highest R2 value of 0.43, 
indicating a strong correlation between predicted and 
observed PM2.5 values. This indicates that the integration of 
dehazed images and segmentation masks effectively captures 
the overall pollution trends in this dataset. However, the error 
metrics MSE and MAE remain relatively higher compared to 
other cities, suggesting that although the model captures the 
general pattern well, prediction deviations still exist. This 
behavior may be attributed to snowy conditions, which 
introduce visual complexity and weak semantic feature cues, 
thereby limiting precise prediction. While the camera-to-
station distance is 3.5 kilometers, which supports reasonable 
spatial alignment, the challenging environmental conditions 
limit accurate estimation.  

For Chofugaoka, despite having a relatively larger dataset, 
which contains 93 samples and the shortest distance between 
the camera and station is 2 kilometers, the performance is 
comparatively lower. It indicates that factors, including scene 
complexity and variability in sunny and cloudy weather, and 
the presence of sky and water, have a stronger impact than 
spatial proximity alone. The higher error values specify that 
visual obscurity and weak feature correlations limit the 
model’s effectiveness. 

Model D demonstrates more consistent performance 
across cities, specifically under varying environmental 
conditions. Notably, it reaches competitive or superior results 
without utilizing original images. In contrast, Model E does 
not consistently enhance performance, suggesting that raw 
images may introduce redundancy or noise rather than useful 
information.        

V. CONCLUSION AND FUTURE WORK 

The aim of this study is to develop an image-based system 
framework for predicting particulate matter concentrations 
using geographical images collected from various 
geographical locations of Japan. The urban-level datasets are 
constructed by pairing outdoor city images with the associated 
Ground Truth PM2.5 observations obtained from the cities’ 
monitoring stations. We have employed image dehazing 
techniques to enhance the reliability of visual information 
under varying atmospheric conditions for reducing haze 
effects. Semantic segmentation is proposed to extract 
meaningful object-level characteristics from the urban scenes. 
These proposed pre-processing stages aim to emphasize visual 
features, such as sky conditions, buildings, and water, that are 
closely related to air pollution, thus improving the input data 
quality for prediction. 

The proposed system integrates two complementary 
inputs, such as dehazed images and object segmentation 
masks, along with PM2.5 measurements, which are fed into a 

regression method and trained to predict PM2.5 
concentrations. Experimental results demonstrate satisfactory 
performance in terms of using dehazed images and 
segmentation masks in vision-based air quality estimation 
compared to the other input configurations. 

In future work, we would like to apply our proposed 
method to other existing PM2.5 vision datasets to evaluate its 
performance under diverse environmental conditions. 
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Abstract—This study presents a comprehensive comparative 

analysis of two web application interface variants that differ in 

button design, specifically graphical buttons and text-based 

buttons. The research was conducted in the context of universal 

design, using eye-tracking technology, which enables objective 

assessment of users' visual behaviour during task performance. 

A range of measures was analysed, including the number and 

duration of fixations, the distribution of attention points, and 

heat maps. Furthermore, the temporal parameters of task 

completion and the quality of execution were considered. The 

findings reveal substantial disparities in the manner in which 

users navigate the interface, thereby substantiating the efficacy 

of integrating quantitative and visual analyses in the 

development of accessible web applications. 

Keywords-eye tracking; user interface; universal design; 

accessibility; gaze fixations. 

I.  INTRODUCTION 

The progressive evolution of web applications has led to 
an escalating emphasis on the calibre of user interfaces and 
their accessibility to a broad audience [1]. Universal design 
is predicated on the creation of solutions that are useful and 
comprehensible for users irrespective of age, experience, or 
perceptual limitations [2][3]. Buttons represent a 
fundamental component of the interface, serving as the 
primary mechanism through which users interact with the 
system [4]. However, designing button interfaces that are 
both intuitive and universally accessible remains a non-trivial 
challenge. 

In the domain of design practice, the utilisation of both 
text and graphic buttons is a prevalent phenomenon. Despite 
the potential of icons to expedite the identification of 
functions, their interpretation can be ambiguous. A key 
challenge in interface design is balancing visual efficiency 
with clarity of interpretation, particularly for users with 
diverse levels of experience and perceptual abilities. Graphic 

buttons may accelerate recognition for familiar users, but can 
introduce ambiguity, while text buttons improve clarity at the 
cost of increased processing time. Conversely, text buttons 
necessitate a higher level of cognitive engagement, yet 
frequently yield enhanced precision in interaction [5][6]. The 
objective of this article is to provide a comparative analysis 
of both solutions using eye-tracking research, which allows 
for the assessment of actual user behaviour, rather than 
merely their declarations [7]-[9]. Although prior research has 
investigated eye tracking in the context of interface 
evaluation, relatively little attention has been given to the 
direct comparison of text and graphic buttons using both 
objective eye-tracking data and subjective usability 
measures. This study aims to fill this gap by integrating these 
two perspectives in a unified analysis. This study focuses on 
three research questions. First, it investigates whether the 
type of button (text versus graphic) influences visual 
attention patterns. Second, it examines the effect of button 
type on task completion efficiency. Third, it analyses how 
button type impacts perceived usability.  

The remainder of the paper is structured as follows. 
Section II presents the literature review. Section III describes 
the methodology and experimental design. Section IV 
outlines the research plan. Section V presents the results of 
the study. Section VI discusses the findings. Finally, Section 
VII concludes the paper and outlines directions for future 
work. 

II. LITERATURE REVIEW 

Issues of usability and accessibility of user interfaces 
represent a significant research domain within the broader 
field of human-computer interaction [10][11]. In the context 
of the proliferation of web applications, there is an increasing 
emphasis on the design of interfaces that are not only 
aesthetically pleasing, but also intuitive and accessible to 
users with varying perceptual abilities. In this context, 
interactive elements, such as buttons, which play a pivotal 
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role in the communication process between the user and the 
system, are of particular importance [12][13]. 

Conventional usability evaluation methodologies, 
encompassing task tests, surveys and heuristic analyses, 
furnish valuable insights concerning the quality of an 
interface. However, these approaches are predominantly 
reliant on user declarations. Consequently, there is an 
increasing call to supplement these methods with approaches 
that facilitate the recording of actual, often unconscious, user 
behaviour. One of the most frequently employed techniques 
of this nature is eye tracking, which facilitates the analysis of 
eye movements during interaction with the interface [14]-
[16]. 

Eye-tracking studies are utilised for a variety of purposes, 
including the assessment of the visual hierarchy of interfaces, 
the identification of key elements for task completion, and the 
detection of problem areas. The analysis of the number and 
duration of fixations allows for the drawing of conclusions 
regarding the cognitive load experienced by users, while the 
utilisation of heat maps facilitates a visual assessment of 
attention distribution. In the context of universal design, these 
techniques are of particular importance because they allow 
the identification of perceptual barriers that may not be 
revealed in studies based solely on subjective assessments 
[17]-[19]. 

A significant area of research pertains to the comparison 
of diverse forms of interface element presentation, 
encompassing graphic and text buttons. It has been posited 
by certain authors that the employment of graphic icons can 
facilitate more expeditious recognition of functions and 
enhance the visual appeal of the interface [20]. It is 
emphasised that the effectiveness of these systems is 
contingent upon the clarity of the symbols employed and the 
experience of the users. In some cases, this may result in 
interpretative uncertainty. Conversely, text buttons are 
frequently regarded as offering enhanced clarity and 
predictability, although they may necessitate a more 
protracted information processing duration [21]. 

Research on interface usability increasingly emphasises 
the importance of combining eye-tracking analyses with 
usability survey results. This methodological approach 
facilitates the comparison of objective measures of visual 
behaviour with subjective assessments of comfort, 
readability and ergonomics of the interface [22]. The findings 
of preceding studies suggest that a thorough evaluation of 
interfaces must encompass both considerations to enhance 
the efficacy of the design decision-making process [23]. 
However, existing studies often focus on either subjective 
usability or isolated eye-tracking metrics, without integrating 
both perspectives, which limits the comprehensiveness of 
their conclusions. 

III. METHODOLOGY 

Issues of accessibility and usability of user interfaces are 
widely discussed in the relevant literature. The authors of 
numerous works have indicated that classic evaluation 
methods, such as surveys or heuristic tests, should be 
supplemented with techniques that enable the recording of 

unconscious user reactions. One such methodology is eye 
tracking, which facilitates the analysis of eye movements. 

Eye-tracking studies are utilised for a variety of purposes, 
including the assessment of the visual hierarchy of interfaces, 
the identification of key elements, and the identification of 
problem areas. The analysis of fixations and saccades enables 
conclusions to be drawn about the cognitive load and 
intuitiveness of design solutions. In the context of universal 
design, it is emphasised that interfaces should minimise the 
need to interpret symbols and reduce the risk of incorrect user 
decisions. 

A corpus of previous studies comparing text and graphic 
elements indicates that the superiority of one solution over 
the other depends on the context of the task and the 
experience of users. This article provides a detailed 
expansion on the aforementioned research, with a focus on a 
comprehensive analysis of visual perception patterns. 

A. Participants 

The study involved 10 participants (4 females, 6 males), 
aged between 23 and 25 years. All participants were students 
of Computer Science at the Lublin University of Technology 
who were recruited on a voluntary basis. They reported 
normal or corrected to normal vision. The respondents had 
extensive experience with web layouts (web design and 
development), although they had no prior experience with the 
tested interfaces. The participation in the study was 
voluntary. Informed consent was obtained, and the 
participants were informed about the purpose of the study. 

B. Apparatus 

The Gazepoint GP3 HD eye tracker characterised by a 
sampling rate of 150 Hz with an accuracy of 0.5-1° was used 
to conduct the study. The device was connected to the Acer 
Nitro 5 AN517-41-R48Y laptop with a 17.3-inch screen with 
a resolution of 1920 × 1080 pixels. The experiment was 
performed under identical conditions in a laboratory with 
stable light conditions to ensure the accuracy of the 
measurements.  

C. Experimental Design 

The research plan was developed in such a way as to 
enable a reliable comparison of the two interface variants 
while maintaining repeatable experimental conditions. This 
can be seen in Figure 1.  

The study was divided into two primary sections, 
corresponding to two methods of interface presentation: 
method A, which employed graphic buttons, and method B, 
which utilised text buttons. Participants were randomly 
assigned to one of the two interface variants, thus allowing 
the experimenters to avoid both the learning effect and the 
transfer of experience between application versions. The 
applied design ensured independent observations and a more 
reliable comparison of the two interface variants. 

A comprehensive dataset was meticulously collected for 
each task performed during the study. It encompassed two 
main categories of information: eye-tracking metrics, which 
captured detailed aspects of participants' visual behaviour, 
and temporal information, providing insight into how much 
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time was devoted to each activity. Every participant 
completed a total of 10 tasks. With ten participants involved 
in the study, the experiment yielded 100 task-level 
observations (10 participants multiplied by ten tasks). This 
enabled a direct comparative analysis between the two 
interface versions under investigation. Once the experimental 
phase had concluded, the collected data was carefully 
organised and prepared for further analysis. This analysis 
consisted of two complementary components: a comparison 
of average metric values obtained for each interface version, 
and an assessment of visual representations of users' visual 
behaviour. Together, these approaches provided both a 
quantitative and a qualitative perspective on the results. 

 

Figure 1.  Research plan of the study. 

D. Procedure 

The participants in the study performed a series of tasks 
involving the identification and utilisation of particular 
application functions. The tasks included: (1) locating a 
specific function within the interface, (2) navigating to a 
selected section of the application, and (3) completing 
predefined actions requiring interaction with the available 
buttons. These tasks were designed to reflect typical user 
scenarios and to ensure comparability between the two 
interface variants. The tasks were meticulously designed to 
necessitate active searching for interface elements and the 
formulation of interactive decisions, thereby facilitating the 
observation of natural visual exploration strategies. The 
imposition of a time limit during the execution of the tasks 
was deemed unnecessary, as this could have resulted in the 
introduction of undue pressure, which might have influenced 
the user behaviour in an unnatural manner. 

E. Data Collection and Measures 

The experiment involved the collection of both 
quantitative and qualitative data. Quantitative analyses 

encompassed task completion time, the number and average 
duration of fixations, and the number of errors made. The 
qualitative data comprised heat maps and visualisations of 
fixation distribution, which facilitated the assessment of the 
areas of the interface that attracted the most attention from 
users. The analysis of fixations was given particular 
emphasis, since their number and duration are widely 
recognised as indicators of cognitive load and the degree of 
clarity of the information presented. 

F. Data Analysis 

The collected data was then aggregated and subjected to 
a comparative analysis between the two versions of the 
interface. This methodology enabled a multidimensional 
assessment of the impact of button design on interface 
perception, task performance efficiency, and interaction 
accuracy, while maintaining the principles of universal 
design. For each participant, mean values were calculated for 
all tasks across the individual metrics analysed. Due to the 
small sample size, a non-parametric Mann-Whitney U test 
was applied instead of parametric tests to compare the two 
interface variants. Effect sizes (r) were also calculated. 

IV. RESULTS 

The research results include both quantitative and 
qualitative analysis of data obtained during the eye-tracking 
experiment. The integration of these two perspectives yielded 
a more comprehensive understanding of the variations in the 
perception of interfaces with graphic and text buttons. 

The initial aspect analysed was the number and duration 
of fixations. The data presented in Table 1 illustrate the mean 
fixation values for both methods. In the case of the interface 
with graphic buttons, a greater number of fixations was 
observed, with a shorter duration. This configuration is 
indicative of a thorough scanning of the interface, 
necessitating the interpretation of the significance of the 
icons. In the case of the text interface, the number of fixations 
was lower, while their average duration was longer. This 
suggests that the subjects were focusing more intently on the 
information presented, and that they found it clearer. These 
results may suggest that the text-based interface imposed a 
lower cognitive load, allowing for more efficient information 
processing. However, this interpretation should be treated 
with caution, as cognitive load was not directly measured 
using dedicated physiological or validated workload 
assessment methods. The interface with graphic buttons 
required greater interpretative effort from users, which was 
reflected in the higher number of shorter fixations. 

The Mann-Whitney U test did not reveal statistically 
significant differences between the two interface variants for 
each analysed metric (p > 0.05). However, an analysis of 
effect sizes revealed significant differences in user behaviour. 
It should be noted that a large effect was observed for the 
fixation count (r = 0.56) and a moderate effect for the 
completion time (r = 0.50). A moderate effect was also found 
for fixation duration (r = 0.36), while in the case of saccade 
duration and saccade count, only small effects (r ≈ 0.10) can 
be observed. 
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TABLE I.  MEAN NUMBER OF FIXATIONS AND MEAN NUMBER OF 

SACCADES ACROSS INDIVIDUAL TASKS FOR BOTH METHODS 

Task Method Fixation count Saccade count 

1
 

Method A 28.20 108.00 

Method B 18.80 55.75 

2 
Method A 11.20 38.20 

Method B 10.60 43.80 

3 
Method A 55.20 184.40 

Method B 27.20 106.60 

4 
Method A 24.80 113.80 

Method B 15.20 59.00 

5 
Method A 35.20 111.40 

Method B 12.20 56.60 

6 
Method A 7.60 32.40 

Method B 6.80 34.60 

7 
Method A 21.20 87.80 

Method B 13.80 80.40 

8 
Method A 25.80 98.00 

Method B 11.60 78.60 

9 
Method A 12.75 35.25 

Method B 7.80 35.60 

10 
Method A 16.75 55.75 

Method B 14.20 76.60 

 
A key component of the analysis involved the heat maps 

generated for Task 2, as shown in Figures 2 and 3. In the case 
of method A, the heat maps reveal the dispersion of users' 
attention between several areas of the interface, including 

elements that are irrelevant to the task at hand. In contrast, 
method B has been shown to result in clear clusters of fixation 
within the text buttons, which are directly related to the task. 
This finding indicates that the correct element is recognised 
more quickly.  

 

 

Figure 2.  Heat map for task 2 for method A. 

 

Figure 3.  Heat map for task 2 for method B. 

Another parameter analysed was the task completion 
time. The data is presented in Figure 4. 

 

Figure 4.  Mean values of eye-tracking metrics for AOI (Area of Interest) for each task: mean task completion time (a), mean fixation duration (b), mean 

saccade duration (c).

44Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           54 / 145



A thorough examination of the graph reveals that the 
utilisation of graphic buttons resulted in a reduction of task 
completion times. However, a discernible correlation 
between this reduction and the accuracy of completion was 
not observed. The text variant was characterised by a 
marginally extended completion time, yet concurrently 
exhibited enhanced stability in the results obtained by 
participants. 

An additional element of the analysis was a chart based 
on the results of the LUT (Lublin University of Technology) 
survey, which can be seen in Figure 5. This was used to 
subjectively assess the usability of the interface by 
participants after completing the tasks. The survey 
incorporated a series of statements evaluated on an ordinal 
scale, encompassing, inter alia, aspects, such as the 
readability of the interface, the ease of locating functions, and 
the overall ergonomics of the application. The presentation of 
the responses in the form of a chart facilitated a direct 
comparison of the perception of both interface variants. 
 

 

Figure 5.  Mean WUP (Weighted Usability Points)  scores by evaluation 

area and final score for Methods A and B (LUT survey). 

An analysis of the LUT survey chart reveals that the 
interface with text buttons received higher ratings in areas 
related to the clarity and comprehensibility of functions. The 
overall WUP rating for method B was significantly higher, at 
around 4.6, whilst for the graphical version it remained just 
above 4.3. It was evident that respondents frequently asserted 
a high degree of certainty with regard to the function of 
interface elements. In contrast, there was a notable decrease 
in the number of instances requiring guesswork regarding the 
purpose of buttons. The advantages of the text-based 
interface were particularly evident in terms of navigation and 
content (in both cases, the scores ranged from 4.6 to 4.7, 
whilst the graphical version scored around 4.0-4.2 points). 
Conversely, the graphic variant was regarded as more 
visually appealing and dynamic with slightly higher ratings 
in the application interface category, approximately 4.6 
points for method A vs. 4.4 for method B. However, 
respondents frequently highlighted the necessity for 
additional interpretation of the icons. The results of the LUT 

survey are consistent with the observations from the eye-
tracking data and complement them significantly, combining 
an objective perspective with the subjective assessment of 
users. 

The WAVE tool (Web Accessibility Evaluation Tool) 
[24] was used to assess compliance with the Web Content 
Accessibility Guidelines (WCAG) 2.0 guidelines [25]. It is 
an automated tool that detects accessibility issues, such as 
errors, contrast problems, and structural elements, enabling a 
systematic evaluation of the interface. No significant 
problems or warning messages were identified during testing. 
A summary of the results obtained is presented in Table 2. 

TABLE II.  RESULTS OF THE ANALYSIS OF TWO VERSIONS OF THE 

INTERFACE USING THE WAVE TOOL 

WAVE Category Method Frequency 

Errors 
Method A 0 

Method B 0 

Contrast errors 
Method A 0 

Method B 0 

Alerts 
Method A 0 

Method B 0 

Features 
Method A 1 

Method B 1 

Structural elements 
Method A 8 

Method B 17 

Accessible Rich Internet 

Applications (ARIA) 

Method A 8 

Method B 20 

V. DISCUSSION 

The analysis of the results confirms that the form of 
presentation of buttons in the web application interface has a 
significant impact on both visual perception and the 
effectiveness of user interaction. The amalgamation of eye-
tracking data with the results of the LUT survey facilitated a 
multidimensional evaluation of the solutions that were tested, 
thereby complementing both objective and subjective 
perspectives. 

The interface incorporating graphic buttons encouraged 
faster action, which was reflected in shorter task completion 
times, as it was suggested in study [20]. Concurrently, the 
examination of fixations and heat maps suggests that users 
predominantly engaged their visual attention in interpreting 
the significance of icons. The dispersion of fixation points 
and the increased frequency of brief glances suggest an 
elevated cognitive load, particularly in circumstances 
necessitating unambiguous identification of the interface's 
functions. Moreover, the analysis of effect sizes is consistent 
with the visual patterns observed in the heat maps and 
confirms the interpretation that using an interface designed 
with graphic buttons demands greater cognitive effort. 
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The variant with text buttons demonstrated a distinct 
behavioural pattern. It is evident that longer and more 
concentrated fixations, in addition to a focus on key areas of 
the interface, serve to indicate greater clarity and 
predictability of the system's operation, which is consistent 
with the findings of the study [21]. Despite the slightly 
protracted task completion time in this instance, users 
demonstrated a reduced incidence of errors and exhibited a 
heightened sense of confidence in their decisions, a finding 
that is corroborated by the LUT survey results. 

Analysis of data from the WAVE tool indicates that there 
are no errors, contrast issues, or alerts in either interface 
variant, which confirms their fundamental technical 
correctness. However, the noticeable difference in the 
number of structural elements and ARIA attributes (Method 
B has a higher number) are due to the different ways of 
implementing semantics and accessibility, despite 
compliance with WCAG 2.0. 

These results are significant in the context of universal 
design, which aims to minimise cognitive barriers and ensure 
that interfaces are accessible to as wide a range of users as 
possible. From this standpoint, the lucidity of 
communications and the predictability of interactions may be 
of greater significance than the maximum velocity of 
operations. The analysis suggests that text buttons are better 
suited to meeting these requirements, especially in the 
context of utility applications. 

Concomitantly, it is imperative to acknowledge that a 
compromise solution may be to utilise hybrid interfaces that 
combine graphic icons with short text labels. This 
observation is consistent with previous findings suggesting 
that graphical elements support rapid recognition, while text 
enhances interpretability [20][21]. This approach has the 
potential to address the interpretation challenges observed 
while maintaining the visual benefits of graphical interfaces. 
The findings suggest that eye tracking is an effective tool for 
supporting design decisions and identifying subtle usability 
issues that are not always revealed by traditional evaluation 
methods, as demonstrated in [17]. 

VI. CONCLUSION AND FUTURE WORK 

The article presents the findings of comparative tests 
conducted on two variants of a web application interface, 
distinguished by the form of the buttons utilised – graphic and 
text. The employment of eye-tracking technology, in 
conjunction with a LUT survey, facilitated a comprehensive 
evaluation of both the objective visual behaviour exhibited 
by users and their subjective sentiments regarding the 
usability of the interface. The findings suggest that there are 
substantial variations in visual exploration strategies, task 
completion time and user confidence levels contingent on the 
design solution adopted. 

The findings of the present study demonstrate that 
interfaces based on text buttons promote greater clarity and 
accuracy of interaction, a factor that is of particular 
importance from the point of view of universal design. 
Conversely, graphic buttons can facilitate expeditious 
orientation within the interface; however, their judicious 
selection is contingent upon the selection of appropriate 

symbols and the context of utilisation. The conclusions 
presented herein have the potential to provide practical 
support for user interface designers. Further research could 
focus on the analysis of hybrid solutions and the expansion 
of the research group to include users with diverse perceptual 
needs. Increasing the sample size would allow for a more 
reliable statistical verification of the observed differences. 
Although statistical tests were conducted in this study, no 
statistically significant differences were observed (p > 0.05); 
however, effect size analysis revealed significant differences 
between the compared interface variants. 
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Abstract—The aim of this work is to investigate how specific 

visual features of graphical interfaces influence the efficiency of 

information localization by users. This study focuses on 

examining the role of readability in visual characteristics, such 

as contrast, text formatting, and element highlighting, in 

shaping the speed and accuracy with which users can identify 

relevant information. The experiment involved comparing two 

versions of a museum interface: one designed in accordance 

with the principles of universal design and the second one with 

reduced readability. Eight stimuli were used in the study, which 

was conducted with 15 participants using eye-tracking 

technology. The qualitative and quantitative analyses were 

performed. Among the analysed features, task completion time, 

number of fixations, time to first fixation, and fixation dwell 

time were considered. Moreover, heat maps were also included 

in the study. The results indicate that high contrast, larger font 

size, and a well-structured content layout significantly reduce 

the number of fixations and shorten the time needed to locate 

information. Additionally, larger graphic elements with intense 

colours attract users’ attention more effectively, and their 

highlighting facilitates localization. The findings are expected to 

contribute to a deeper understanding of user interaction with 

visual interfaces and to provide guidelines for designing more 

effective and user-friendly digital environments. 

Keywords-eye tracking; readability; visual accessibility; user 

interfaces. 

I.  INTRODUCTION 

The User Interface (UI) is the main point of human-
computer interaction [1]. It represents the perceptual layer, 
which often directly influences visual attention patterns even 
before cognitive processing occurs. Thus, there is a particular 
need to investigate how digital accessibility elements, such as 
visual accessibility and readability, affect user behaviour. 
There is also a lack of analyses that take into account how 
users truly perceive interfaces, rather than assessing this 
aspect only in terms of compliance with guidelines. 

In the context of digital systems, UX refers to the user 
experience, which includes aspects such as usability, 

intuitiveness, efficiency, satisfaction, and accessibility [2][3]. 
The UI directly impacts the quality of the UX and, more 
importantly, serves as its visual and interactive element. That 
is why it is so important for designed interfaces to be 
accessible, i.e., usable by the largest possible group of users 
regardless of their age, background, skill level or other 
limitations [4], and usable, i.e., the use of the interface should 
be effective and easy [5]. 

Both usability and accessibility are the subject of 
numerous studies that explicitly emphasize the great 
importance of inclusive interface design [6][7]. Research 
shows that failure to comply with basic principles in this area 
can lead to a decline in the quality of the user experience, 
which also translates into, among other things, a decline in 
satisfaction, efficiency, and engagement [8][9]. The solution 
is to apply universal design principles, which define a set of 
guidelines that should be followed during the design process, 
allowing for the developed solution to be used, to the greatest 
extent possible, by all people, regardless of their abilities or 
disabilities [10]. 

One element of accessibility is visual accessibility, which 
covers the aspect of visual perception. It determines the 
extent to which content is presented in a readable and 
understandable way for the widest group of users [11][12]. 
Aspects of visual presentation increase visual accessibility 
and apply to all users [13], not just those with disabilities. 

An element of usability is readability, which refers to the 
ease of reading content [14]. Key aspects affecting readability 
are contrast, as well as appropriate font type and size 
[15][16]. Furthermore, the appropriate structure and layout of 
elements increase user engagement and task completion 
efficiency [17][18]. 

Ready-made solutions in the form of heuristics [19] and 
accessibility standards not only facilitate interface design, but 
can also be used to evaluate existing solutions. Furthermore, 
visual accessibility and readability can be tested using 
automated tools, such as WAVE [20]. A tool that allows for 
an objective assessment of both perceptual and cognitive 
aspects is eye tracking [21]. 

48Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           58 / 145



 

The aim of this paper is to examine how different aspects 
of visual accessibility and readability affect the effectiveness 
in terms of users’ ability to locate information in two versions 
of a museum application interface. To achieve this goal, an 
eye-tracking study was performed. 

Unlike previous studies that primarily formulate general 
usability and accessibility guidelines, this study provides a 
quantitative validation of selected visual accessibility 
principles within a specific application domain, namely 
museum interfaces. Moreover, the research contributes by 
linking eye-tracking metrics (such as fixation count, dwell 
time, and time to first fixation) with concrete interface design 
variables, including contrast, typography, and layout 
structure. This allows not only confirmation of known 
principles, but also their measurable impact on user attention 
and search efficiency in realistic interaction scenarios. 

The remainder of this paper is structured as follows. In 
Section II, the materials and methods used in the study are 
described. Section III presents the results of the eye-tracking 
analysis. Section IV discusses the findings and their 
implications. Finally, Section V concludes the paper and 
outlines directions for future research. 

II. MATERIALS AND METHODS 

Fifteen participants (14 males and 1 female) took part in 
the study, with an average age of 23.2 years (SD = 0.54). 
Prior to the study, informed consent was obtained from all 
participants (the opinion from the Scientific Research Ethics 
Committee of the Lublin University of Technology No. 
1/2024 of 19 February 2024). All participants had experience 
in using websites. 

The research object was a proprietary online museum 
website created using the Angular library. Two alternative 
versions of the interface were implemented: the first, 
designed based on universal design principles (Interface 1), 
and the second, in which no good practices were applied and 
readability was intentionally limited (Interface 2). 

Eye movements were recorded using a Gazepoint GP3 
HD eye tracker (Gazepoint, Vancouver, Canada; 150 Hz, 
accuracy 0.5-1°) on a 17.3” screen (1920 × 1080 pixels). 

The experimental procedure involved a short introduction 
to the experiment, in which the participants were informed 
about the aim and procedures. The actual eye tracking study 
was conducted on a group of participants who were asked to 
complete a total of 13 tasks (commands): five tasks (1-5) in 
two versions of the application interface, and three additional 
commands unrelated to any version of the interface (6-8), 
which were utilised for additional verification of the 
readability aspect. Table 1 presents an overview of the tasks 
performed by the respondents, along with the visual 
accessibility and readability issues that were the subject of 
their assessment. To minimize potential learning effects 
associated with the repeated exposure to similar interface 
structures, the order of interface presentation was 
counterbalanced across participants. Half of the participants 
started with Interface 1, while the other half began with 
Interface 2. Additionally, the order of tasks was randomized 
within each interface version. This approach was applied to 

reduce bias related to familiarity and learning effects in the 
paired experimental design. 

TABLE I.  RESEARCH TASKS WITH CORRESPONDING ISSUES OF VISUAL 

ACCESSIBILITY AND READABILITY 

Task 

number 
Task scope 

Area of 

accessibility/readability 

1 
Locating the link to the 
museum’s social media 

Visual contrast of the interface 

2 
Locating the question in 

the FAQ section 

Aesthetics, formatting, and 

grouping of text content 

3 
Locating the link to the 
latest exhibition 

Organisation and order of 
elements 

4 

Locating the button/link 

to the museum’s rules 
and regulations 

Distinguishability of buttons 

and links 

5 
Locating the link to the 

FAQ section 
Visibility and location 

6-8 Locating the image 

Readability of typography (font 
type, colour, size), visibility of 

visual elements against the 

background, relationship 
between captions and graphic 

elements, and visual hierarchy 

of elements 

 
Each task was associated with a particular visual stimulus 

in the form of a screenshot of the application and required 
participants to localise specific interface elements that were 
formulated as commands (e.g., ‘Locate the museum’s social 
media button’). The participants could move on to the next 
tasks by pressing the space bar. The tasks were displayed one 
at a time.  

Heat maps were exported for the purpose of qualitative 
analysis. The heat maps allow for a visual representation of 
the aggregated level of visual attention, which is represented 
by colours applied to the visual stimulus. This makes it 
possible to locate areas that attract attention as well as those 
that are ignored by users [22]. 

An Area of Interest (AOI) was defined for the collected 
eye tracking data. The AOI data was used in qualitative 
analysis, which was conducted on the basis of proprietary 
scripts in the R language. The following eye tracking metrics 
were selected and considered in the context of the defined 
AOIs: 

● Number of fixations - the total number of fixations in 
the AOI, which is negatively correlated with the 
performance [23]. 

● Time To First Fixation (TTFF) - the time elapsed 
from the appearance of the stimulus to the first 
fixation in the AOI. This measure indicates how 
quickly a particular element attracts the user’s 
attention - the shorter the time, the faster the 
observer’s attention is attracted [24]. 

● Fixation dwell time - the total time that the user spent 
in the AOI. It indicates the level of interest - the 
longer the time, the greater the interest [25]. 

An additional metric was the task completion time, which 
refers to the time taken to complete a particular task. It 
measures the performance of completed tasks - shorter times 
indicate that specific tasks are easier to complete and that the 
interface design is better [26]. 
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Normality and homogeneity of variance tests were 
performed within the quantitative eye-tracking data to verify 
the applicability of Student’s t-test. As the assumptions were 
not met, a non-parametric equivalent of Student’s t-test, i.e., 
Wilcoxon signed-rank (paired) test, was performed. 

III. RESULTS 

Based on eye-tracking data, the heatmaps were generated. 
Their content made it possible to verify that, for tasks 1-5 in 
Interface 1, areas receiving a high level of attention covered 
a smaller region and were significantly fewer in number 
compared to the corresponding heat maps for Interface 2. 

Figures 1 and 2 illustrate sample heat maps associated 
with task 2, which involved finding a specific question in the 
FAQ section. In Figure 1, it can be observed that in Interface 
1, the participants’ gaze was concentrated most intensely on 
the element representing the target solution of the task, but it 
is also worth noting the increased intensity of attention within 
another section of the FAQ, where the participants focused 
their gaze when reading the content of the preceding section. 
Several areas of low attention intensity within the navigation 
bar and other questions can be seen, but their intensity is 
significantly lower. In the case of Figure 2, it can be observed 
that the area of increased visual attention has a much larger 
surface area than in Interface 1, where attention is 
concentrated on only two relatively small, dense points. 
Furthermore, this area has a generally higher level of 
attention intensity, indicating that in Interface 2, the subjects 
had to put more effort into finding the target element. 

 

 

Figure 1.  Example of a heatmap of task 2 in the case of Interface 1. 

 

Figure 2.  Example of a heatmap of task 2 in the case of Interface 2. 

In the case of three additional commands (6-8), heat maps 
clearly show that the visual attention of the participants was 
focused primarily on the highlighted elements. In the case of 
graphics, these were large objects in bright colours, while the 
text was visually appealing due to its clear, sans-serif font in 
bright but well-contrasting colours. Similarly, smaller 
elements were more difficult to locate, resulting in a greater 
number of areas of moderate or increased attention intensity. 

Figure 3 shows a heat map associated with task 8, which 
shows that the large highlighted element with a bright 
contrasting font attracts the most attention compared to other 
less prominent elements. 

 

 

Figure 3.  Example of a heatmap of task 8. 

For the purposes of qualitative analysis, mean values, 
medians, and confidence intervals were calculated for the 
individual tasks in both interfaces: task completion time and 
(in the context of AOI) fixation dwell time, TTFF, and 
number of fixations. 

Figure 4 presents a comparison of mean task completion 
times for individual tasks for both interfaces. As can be easily 
seen, the mean times for Interface 1 were shorter than those 
for Interface 2 in each command. The difference between the 
times ranged from 0.6 s to approximately 7.0 s on average. 

 

Figure 4.  Mean task completion time per task according to the interface 

obtained for all participants. 

50Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           60 / 145



 

Figure 5 presents a comparison of mean fixation dwell 
times (AOI) in individual tasks for both interfaces. Similar to 
the mean task completion time, the mean dwell times for 
Interface 1 were also shorter than those for Interface 2 for 
each command. Only for task 2, the mean results are almost 
identical, while in the other commands, the differences 
between the times ranged up to approximately 1.6 s on 
average. 

 

Figure 5.  Mean fixation dwell time (AOI) per task according to the 

interface obtained for all participants. 

In the case of the TTFF (AOI) measure, for which the 
mean values for individual commands are presented in Figure 
6, it can be seen that the TTFF time for tasks 2, 3, and 5 was 
greater in the case of Interface 2, averaging approximately 
0.5 s to 1.5 s. For task 1, the TTFF times are similar, while 
for task 4, the discrepancy is clearly noticeable and is 
approximately 0.9 s less for Interface 2. 

 

Figure 6.  Mean TTFF (AOI) per task according to the interface obtained 

for all participants. 

A comparison between the mean fixation counts for both 
interfaces across all commands presented in Figure 7 
demonstrates that, except for task 5, the mean fixation count 
was higher, ranging from approximately 4.4 to 11 fixations 
for Interface 2. In the case of command 5, this number was 
very close for both interfaces. 

 

Figure 7.  Mean number of fixations (AOI) per task according to the 

interface obtained for all participants. 

Normality and variance heterogeneity tests were 
performed for every command for each measure for both 
interfaces. The test results indicated that for some data, the 
assumptions of the Student’s t-test were not met, so non-
parametric Wilcoxon signed-rank (paired) tests were 
performed. The tests showed that there are statistically 
significant differences between interfaces that are not 
applicable to some commands. In the case of the task 
completion time, the statistically significant differences were 
observed for command 1, and similarly for dwell time for 
commands 1 and 4. Regarding TTFF, a significant difference 
between interfaces was observed for command 2. In the case 
of fixation count, the differences were observed for 
commands 1, 3 and 4. All values met the criterion of p < 0.05. 

IV. DISCUSSION 

As can be observed from the heat maps, participants’ 
attention is more clearly focused on key areas in Interface 1 
than in Interface 2. These areas are smaller, yet they attract 
more visual attention. In Interface 2, however, participants’ 
attention is less concentrated, which is reflected by a more 
even distribution of attention and the presence of areas with 
lower fixation intensity. This suggests that, even without 
prior experience with the application, users can intuitively 
locate the most important functions in Interface 1. The results 
also confirm the conclusions presented in [17], which state 
that elements located in the top, middle, and right sections of 
the interface attract the most attention. 
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Similar observations can be made regarding heat maps 
relating to contrast, font size, the order of elements, and the 
readability of navigational elements. Participants were able 
to use the website more easily in high contrast mode, and 
elements with larger font sizes were more visible. 
Furthermore, Interface 1, with clearly organised and logically 
ordered elements, was associated with higher levels of visual 
attention. Key navigational components, such as clearly 
visible FAQ buttons in the navigation bar, attracted more 
attention than less prominent links in the footer. These 
observations are consistent with the results presented in 
article [16], which found that participants preferred text 
written in larger font sizes, as well as high contrast between 
the font and background colours. 

In the case of heat maps related to visual aspects and 
interface readability, such as layout, element highlighting, 
and typography, it has been proven that larger, emphasized or 
intensely coloured images attract the user’s attention much 
more than smaller, less prominent, or less noticeable 
elements. Heat maps suggest that the participants looked at 
smaller areas, indicating greater intuitiveness and simplicity 
of Interface 1. These results are consistent with the 
conclusions of the study [15], in which the authors 
demonstrated that bright, saturated colours effectively attract 
users’ attention. Furthermore, a study conducted in [18] 
shows that large images, photos of celebrities, minimal text, 
and search functions attract attention, and this study proves 
the same with regard to large images and minimal text. 

In the context of quantitative analysis, for both task 
completion time and fixation dwell time, it can be observed 
that Interface 1 was characterised by shorter values compared 
to Interface 2. This leads to the conclusion that increasing 
visual accessibility and readability significantly improves the 
efficiency with which the participants are able to find specific 
elements within the interface. However, it is worth noting that 
the differences in fixation dwell time between the interfaces 
were smaller than the differences in task completion time. 
This is because fixation dwell time is only part of the total 
task completion time within the AOI and does not include, 
for example, the time needed for navigation, information 
processing, and decision-making by the participants. 

It should also be noted that in task 2, the fixation dwell 
times were very similar, which may be due to the fact that in 
both interfaces, the subjects had to analyse the same text 
fragments, and the only difference was in the aesthetics, 
formatting, and grouping of the text content. Therefore, these 
visual changes did not significantly affect fixation time, 
although they still facilitated orientation in the content and 
influenced the overall efficiency of task performance, which 
is clearly noticeable in the other measures (task completion 
time, TTFF, and number of fixations). 

The TTFF measure revealed that the times associated 
with tasks 2, 3, and 5 were notably faster for Interface 1 
compared to Interface 2. This suggests that Interface 1 has 
superior visibility, aesthetics, and content organisation, 
enhancing the perceptibility of its key areas. Furthermore, the 
shorter TTFF time suggests that Interface 1 is more effective 
at managing user attention, is more readable, and is visually 
clear. 

By contrast, it is worth noting the opposite trend for tasks 
1 and 4, for which TTFF times were shorter for Interface 2. 
This is because, in both cases, the page content included a 
map that took up most of the screen and attracted 
participants’ attention. In case of Interface 1, the map was 
placed above the target text in task 1, making it slower to 
locate the necessary information than in Interface 2, where 
the map was located below the target text. In case of Interface 
1 in task 4, only the text content was displayed for the 
participants to analyse. These results suggest that compliance 
with universal design principles does not always guarantee 
shorter TTFF, and that the layout and nature of page content 
also significantly impact the effectiveness of information 
retrieval. 

The mean number of fixations confirmed that in almost 
all cases, the number of fixations for Interface 1 was lower 
than for Interface 2. This suggests that better organisation and 
readability of interface elements, as well as contrast, content 
aesthetics, and the use of buttons instead of links, contribute 
to more effective content searching.  

However, it is worth noting that, in task 5, locating the 
FAQ link in Interface 1 took less time than in Interface 2 but 
required almost the same number of fixations. This suggests 
that the greater readability and better placement of the 
element (the link in the navbar with the larger font) enabled 
it to be identified more quickly, despite the similar number of 
fixations. In Interface 2, however, the link in the footer with 
the smaller font required a similar number of fixations but 
took more time to be located. 

V. CONCLUSION AND FUTURE WORKS 

The aim of the study was to assess the impact of visual 
accessibility and interface readability on the effectiveness of 
information location by users, based on a comparison of two 
versions of a museum web application. Eye-tracking and 
task-related metrics were utilised to perform the analysis. The 
study contributes to the field by providing quantitative 
evidence of how specific visual design features influence user 
attention and performance within a domain-specific 
interface. 

The study indicates that users are more likely to notice 
graphic elements that are larger, have intense colours, or are 
highlighted or emphasised. Additionally, visual interface 
features, such as high contrast, larger font size, aesthetic 
formatting, and logical content organisation significantly 
improve visual accessibility and reduce the time needed to 
find information. These results demonstrate that an effective 
layout and visual distinction of elements can enhance the 
efficiency of navigating the interface and provide valuable 
insights for creating more user-friendly digital environments. 

While the study provides relevant findings and clear 
conclusions, it should be noted that it has certain limitations. 
First, the relatively small sample size may limit the 
generalizability of the results. Non-parametric Wilcoxon 
signed-rank (paired) tests revealed no statistically significant 
differences between the two interfaces in relation to certain 
assigned tasks and measures. Future research plans to 
examine a significantly larger group of respondents and 
expand the number of visual stimuli to investigate more 
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aspects that could affect visual accessibility and readability. 
Second, the within-subject (paired) experimental design 
introduces a potential risk of learning effects, although 
counterbalancing and task randomization were applied to 
mitigate this issue. Third, the study relies solely on eye-
tracking data, without incorporating predictive models, such 
as visual saliency analysis. An important extension of the 
presented study could involve the use of computational visual 
saliency models. Such models allow prediction of areas that 
are likely to attract user attention prior to actual interaction. 
Comparing predicted saliency maps with empirical eye-
tracking data could provide deeper insight into discrepancies 
between expected and observed gaze behavior. This would 
further strengthen the evaluation of interface effectiveness 
and support more predictive design approaches. Future work 
should address these limitations by increasing the sample 
size, integrating computational attention models, and 
exploring additional interface types and domains. 
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Abstract— The aim of the paper is to evaluate the usability and 

accessibility of three mobile apps designed for university 

students, including those with various types of disabilities. The 

following apps from Polish universities were selected for 

analysis: Kampus Pollub, PW Navi, and SmartUMED. The 

study employed multiple methods to assess usability, including 

eye-tracking technology, the System Usability Scale (SUS), the 

User Version of the Mobile App Rating Scale (uMARS), and an 

automated accessibility evaluation tool. The study was 

conducted with a group of 30 participants. The results indicate 

that contemporary mobile apps intended for students generally 

achieve a satisfactory level of usability, although variability in 

user evaluations was observed. Significant differences were 

found between objective and subjective quality assessments 

within the uMARS questionnaire, with users rating objective 

aspects more favorably than their overall subjective experience. 

Furthermore, no statistically significant relationship was 

identified between SUS scores and uMARS ratings, suggesting 

that usability and perceived app quality represent distinct 

dimensions of user experience. Eye-tracking analysis revealed 

trends indicating higher visual effort for less usable interfaces; 

however, these differences were not statistically significant. 

Keywords-mobile apps for students; usability; accessibility; 

eye tracking; SUS; uMARS; Accessibility Scanner. 

I.  INTRODUCTION 

Nowadays, mobile apps constitute an integral part of the 
everyday functioning of most users. Their large number and 
diversity contribute to improving the performance of daily 
activities in almost every area of life. The widespread 
availability of mobile devices makes it possible to use these 
apps anytime and anywhere. A particularly important group 
of mobile app users are young people, including students, for 

whom such apps serve as a significant tool supporting the 
organization of the educational process. They enable, among 
other things, the optimization of study schedules, quick 
access to essential information, assistance in planning travel 
to the university or locating teaching facilities, and above all, 
they allow for time savings and the reduction of potential 
difficulties resulting from the lack of specific information. 

Regardless of functionality and the scope of provided 
content, an important aspect of mobile apps quality is the 
intuitiveness and simplicity of the user interface, which 
enables effective use. Equally important is adapting apps to 
the needs of people with various types of disabilities, which 
still does not constitute a universally applied standard. 

Despite the wide range of mobile apps dedicated to 
students, many of them are not fully adapted to the needs of 
diverse user groups due to the design solutions applied. The 
lack of essential features, such as options for configuring and 
personalizing the user interface, as well as insufficient 
accessibility support for users with mobility impairments, 
means that some apps do not meet the requirements of full 
functionality. 

Usability evaluation includes the verification of ease of 
use, intuitiveness, and efficiency of app usage in the context 
of achieving user goals. Accessibility evaluation, in turn, 
focuses on determining whether the app is adapted to the 
needs of people with various types of disabilities, including 
visual, auditory, motor, and cognitive impairments. Such 
studies are conducted based on the Web Content 
Accessibility Guidelines (WCAG), which constitute an 
international standard developed by the World Wide Web 
Consortium (W3C) and define principles for designing and 
creating websites and mobile apps [1]. 
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The evaluation of a mobile app is conducted to improve 
its quality, reduce errors, and enhance user satisfaction. One 
common approach involves user-based testing in the form of 
experiments, in which participants perform predefined task 
scenarios. During task execution, user interactions with the 
app are analyzed using selected research methods and tools. 

The remainder of the paper is organized as follows. 
Section II reviews selected studies presenting various 
approaches to evaluating mobile apps for diverse user groups. 
Section III defines the research aim and formulates the 
hypotheses. Section IV describes the methodology, including 
the evaluated apps, research procedure, participant 
characteristics, research environment and instruments, and 
study scenarios. Section V presents the results, including 
SUS and uMARS questionnaire outcomes, eye-tracking 
measures, scenario performance metrics, and qualitative 
accessibility assessment. Finally, Section VI discusses the 
findings, verifies the hypotheses, outlines limitations, and 
suggests directions for future work. 

II. RELATED WORK 

The literature presents a variety of approaches to 
evaluating mobile apps designed for diverse user groups. 
Usability studies often adopt mixed-method strategies that 
combine subjective techniques, such as questionnaires and 
interviews, with objective methods, including eye tracking. 
Eye-tracking technology, in particular, is widely recognized 
as an effective tool for analyzing user–interface interactions 
and identifying potential usability issues related to interface 
design [2]. 

Examples of such approaches can be found in recent 
studies. A usability evaluation of an educational mobile app 
incorporating gamification elements, intended for children 
with type 1 diabetes, their caregivers, and diabetes educators, 
applied a combination of eye tracking, the thinking-aloud 
technique, the System Usability Scale (SUS) questionnaire, 
and focus group interviews [3]. A similar methodological 
framework was used to assess the usability and interface 
quality of the “DiagNurse” app, designed for practicing 
nurses and nursing students [4]. 

In another study, eye-tracking data were combined with 
the results of the User Experience Questionnaire (UEQ), 
allowing for a comprehensive evaluation of mobile app 
usability through the integration of objective and subjective 
data [5]. In turn, studies focusing on the quality and 
functionality of nutrition-related mobile apps employed the 
standardized Mobile App Rating Scale (MARS) as an 
evaluation tool [6]. In the usability assessment of the 
“DiaCare” app, which supports self-management of diabetes, 
the User Version of the Mobile App Rating Scale (uMARS) 
was used. This instrument is designed for end users and 
enables the evaluation of aspects such as engagement, 
functionality, aesthetics, and information quality [7]. 

III. AIM AND HYPOTHESES 

The aim of the article is to evaluate the usability and 
accessibility of three selected mobile apps intended for 
students, while also providing broader insights with 

implications for the scientific community. Accordingly, the 
following research hypotheses were formulated: 
H1: Mobile apps designed for students demonstrate a 
measurable level of usability, which varies depending on 
interface design characteristics. 
H2: Statistically significant differences exist between the 
mean scores of the objective quality dimensions (sections A–
D) and the subjective quality dimension (section E) of the 
uMARS questionnaire in mobile app evaluation. 
H3: There is a significant positive correlation between 
usability scores obtained using the SUS and interface quality 
scores obtained using the uMARS.  
H4: Differences in usability of mobile app interfaces are 
associated with corresponding trends in eye-tracking metrics, 
such as fixation count, fixation duration, and saccade count. 

IV. METHODOLOGY 

A. Selection of Apps 

Before selecting the apps, criteria were defined, including 
availability on Android and iOS, free access, key 
functionalities (e.g., campus maps and navigation), and 
suitability for users with various disabilities, allowing 
adaptation to individual needs. 

Three mobile apps for Polish university students were 
selected:  

● Kampus Pollub (Lublin University of Technology) 
● PW Navi (Warsaw University of Technology) 
● SmartUMED (Medical University of Łódź) 

Their main interfaces are shown in Figure 1. 

   

Figure 1.  Main panels of the selected apps analyzed in the study. 

B. Procedure 

To conduct the study, the eye-tracking technique was 
employed alongside the SUS and uMARS questionnaires, 
consisting of 10 and 23 items, respectively. The research 
procedure comprised the following stages: 

● Study preparation: selection of apps for analysis, 
development of research scenarios, recruitment of 
the study group, preparation of the testing 
environment, and conduct of a preliminary study. 

● Eye-tracking study: participants completed four 
predefined test scenarios for a given app. 

● Questionnaires: participants completed two 
questionnaires: SUS and uMARS. 
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● Data processing: analysis of eye-tracking data and 
calculation of SUS and uMARS scores. 

● Results analysis: interpretation of the obtained 
results and formulation of conclusions. 

C. Participants 

The study involved a group of 30 participants aged 
between 20 and 25 years and included both first-year students 
and students at the final stage of their academic education. 
Their experience and proficiency in using mobile apps varied, 
ranging from highly experienced users to individuals with 
relatively limited familiarity with such solutions. 

A. Research Environment and Instruments 

The study was conducted in a laboratory at the 
Department of Computer Science, Lublin University of 
Technology, under controlled conditions to ensure 
participant comfort and concentration. A Motorola Moto G73 
5G smartphone with the evaluated apps installed was 
mounted in a fixed desk holder, providing stable positioning 
at an appropriate angle and distance from the participant. 

Participants’ actions and eye movements were recorded 
using Pupil Invisible eye-tracking glasses connected to a 
OnePlus 8 smartphone via the Pupil Companion app. The 
system enables binocular gaze tracking (up to 200 Hz for eye 
cameras and ~30 Hz for the scene camera) and supports 
natural movement. Data were transmitted to Pupil Cloud and 
analyzed using iMotions 11 on an Acer Nitro 5 laptop. 

The eye-tracking study began with informing each 
participant about the purpose and course of the study, 
followed by obtaining their informed consent to take part in 
the experiment. Next, the participant’s position was adjusted 
to ensure proper posture and optimal conditions for eye-
tracking data collection, and a one-point calibration was 
performed to ensure measurement accuracy. During the main 
phase, participants completed tasks defined in the research 
scenario while wearing the eye-tracking glasses, which 
recorded both the visual scene and eye-movement activity. 
The experimental workstation and example views of the 
evaluated mobile apps with recorded fixation points and 
saccades during task execution are illustrated in Figure 2. 

The study was conducted under the supervision of an 
experienced moderator, whose role was to oversee the proper 
course of the experiment and ensure that all procedures were 
carried out consistently across participants. Task scenarios 
were provided on paper at the workstation, allowing 
participants to refer to them freely whenever needed and 
minimising additional eye movements that would otherwise 
occur when switching between the task description and the 
evaluated application on the same screen. After completing 
the tasks, participants were asked to fill in two standardised 
questionnaires: the System Usability Scale (SUS) and the 
user version of the Mobile Application Rating Scale 
(uMARS), which together provided subjective feedback 
complementing the objective eye-tracking measurements. 

  

Figure 2.  Example views from the eye-tracking study. 

The SUS questionnaire consists of 10 items rated on a 
five-point Likert scale, producing a score from 0 to 100, 
where values above 68 indicate above-average usability [8]. 
The uMARS questionnaire, designed for non-expert users, 
evaluates app quality across 20 items in five sections: 
engagement, functionality, aesthetics, information quality, 
and subjective quality, also using a five-point Likert scale [9]. 

D. Research Scenarios 

Tables I–III present the research scenarios, including 
tasks designed specifically for the SmartUMED, Kampus 
Pollub, and PW Navi apps, respectively. 

TABLE I.  SCENARIO FOR SMARTUMED APP 

No. Tasks 

1 
Display the campus map and locate the Sędziowska Campus 

in the Bałuty district. 

2 Enable the route option adapted for users with disabilities. 

3 
Using the search function, find the Rectorate building on the 

UMED campus map. 

4 Change the app language to English. 

TABLE II.  SCENARIO FOR KAMPUS POLLUB APP 

No. Tasks 

1 Display the campus map and locate the CENTECH building. 

2 
Enable the option that indicates on the campus map locations 

with various barriers for people with disabilities. 

3 
Using the search function, find the Pentagon building on the 

campus map. 

4 Change the app language to English. 

TABLE III.  SCENARIO FOR PW NAVI APP 

No. Tasks 

1 
Display the campus map and locate a men’s restroom adapted 

for people with disabilities. 

2 
Set the navigation option to bypass stairs for users with 
mobility difficulties. 

3 
Using the search function, find the museum on the Warsaw 

University of Technology campus map. 

4 Change the app language to English. 
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V. RESULTS 

To compare the apps, the study utilized the following 
metrics: 

● SUS score – for a reliable assessment of the app’s 
usability, including user satisfaction and 
memorability. 

● uMARS score – which allows evaluation of the 
overall quality of mobile apps. 

● Scenario performance metrics: scenario completion 
time, scenario execution correctness. 

● Eye-tracking measures: fixation count, fixation 
duration, saccade count. 

● Qualitative accessibility assessment – evaluates how 
well a mobile app meets the needs of users with 
disabilities using accessibility features and the 
automated Accessibility Scanner tool. 

A. SUS Evaluation 

Based on the data collected using the SUS questionnaire 
from 30 participants, a SUS score was calculated for each 
participant and each app. The results were then averaged 
across the three tested apps and presented in Figure 3, 
together with standard deviations. All apps achieved scores 
above 68 points, which represents the commonly accepted 
threshold for satisfactory usability [10]. 

 

Figure 3.  Results of SUS evaluation. 

A one-sample t-test was conducted to compare the mean 
SUS scores of each app against the benchmark value of 68 in 
order to assess H1. The results showed that the Kampus 
Pollub (M = 79.25, SD = 11.73, p = 0.014) and PW Navi (M 
= 86.75, SD = 10.54, p < 0.001) apps achieved usability 
scores significantly above the benchmark, indicating high 
usability. In contrast, although the SmartUMED obtained a 
mean score above 68 (M = 72.25, SD = 21.81), this difference 
was not statistically significant (p = 0.553), likely due to 
greater variability in user evaluations. 

B. uMARS Evaluation 

The uMARS results were used to compare the three apps. 
Figure 4 presents mean scores and standard deviations for 
each section: four objective dimensions: engagement (A), 
functionality (B), aesthetics (C), and information quality (D), 

and one subjective dimension assessing overall app quality 
(E). 

 

Figure 4.  uMARS assessment by sections A–E. 

The results show that Kampus Pollub achieved the 
highest scores in functionality, aesthetics, information 
quality, and subjective evaluation, while PW Navi scored 
highest in engagement. SmartUMED received the lowest 
ratings across the evaluated apps. 

In addition, Figure 5 presents a chart showing the average 
scores calculated for sections A–D (left bars) and section 
E (right bar). 

 

Figure 5.  Average uMARS scores for sections A–D and section E. 

A Wilcoxon signed-rank test was conducted to compare 
the objective quality scores (sections A–D) and subjective 
quality scores (section E) obtained from the uMARS in order 
to assess H2. The results revealed a statistically significant 
difference between the two measures (W = 26.0, p < 0.001), 
indicating that users evaluated the apps differently in terms 
of objective quality and subjective experience. 

The relationship between SUS usability scores and 
uMARS interface quality ratings was examined to assess H3. 
Due to the non-normal distribution of the data, Spearman 
rank correlation was applied. The analysis revealed no 
statistically significant relationship between SUS and either 
the objective quality dimensions (A–D) (ρ = -0.23, p = 0.23) 
or subjective quality (section E) (ρ = -0.28, p = 0.13), 
indicating that usability scores were not associated with 
perceived app quality. 
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C. Scenario Performance Evaluation 

Figure 6 shows results of evaluation scenario 
performance using mean completion time and execution 
correctness. Correctness exceeded 80% for all apps. Kampus 
Pollub achieved the shortest completion time (17.6 s) and the 
highest execution correctness (100%), while SmartUMED 
required the longest time (21.0 s) and exhibited lower 
correctness (80.9%). These differences suggest variations in 
interaction efficiency between the apps. 

 

Figure 6.  Average results of scenario performance evaluation. 

D. Eye-tracking Measures Evaluation 

Figures 7–9 present the results for three eye-tracking 
metrics: fixations count (Figure 7), saccade count (Figure 8), 
and fixation duration (Figure 9). These metrics enable the 
identification of usability issues and differences in interaction 
efficiency between interfaces [2]. 

 

Figure 7.  Average fixation count. 

Across all three metrics, the highest values were observed 
for the SmartUMED app. In contrast, PW Navi and Kampus 
Pollub achieved lower and relatively comparable values. The 
elevated metrics for Smart UMED suggest that users devoted 
more visual attention to its interface, which may indicate 
increased cognitive load or lower interface intuitiveness [11]. 
Conversely, the lower values recorded for Kampus Pollub 
and PW Navi point to more efficient visual processing and 

easier task navigation [12]. However, Kruskal–Wallis tests 
revealed no statistically significant differences between the 
apps for fixation count (H = 1.95, p = 0.378), saccade count 
(H = 0.40, p = 0.817), or fixation duration (H = 2.55, p = 
0.280). These observations relate to H4, indicating that while 
trends in eye-tracking metrics correspond to differences in 
usability, they do not reach statistical significance. 

 

Figure 8.  Average sacade count. 

 

Figure 9.  Average fixation duration. 

E. Accessibility Evaluation of Mobile Apps 

To assess the accessibility of the evaluated apps, both 
built-in accessibility features and automated analysis results 
were examined. Table IV presents the additional accessibility 
settings of each app. These settings enable users with limited 
abilities to use the apps more easily. The PW Navi offers a 
significant number of accessibility options compared to the 
others, which have only a few settings. Accessibility analysis 
using the Accessibility Scanner revealed that most issues 
occurred with maps (Table V), where the contrast between 
the background and interactive elements was often 
insufficient. Additionally, some interactive elements were 
too small, potentially hindering use for users with visual or 
motor impairments. 
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TABLE IV.  ACCESSIBILITY FEATURES PRESENT IN THE APPS 

App Accessibility Features 

SmartUMED 

Adaptive route option – automatically selects a route 

that avoids obstacles hindering movement for users 
with mobility impairments. 

SOS function – enables quick contact with campus 

services supporting users with disabilities. 

Kampus 
Pollub 

Theme change (light, dark, high contrast) 

Ability to report and locate barriers for wheelchair 

users 

PW Navi 

Visual support options 
● Voice-guided navigation points 
● Alternative views adapted for visually 

impaired users 
● Always display location information 
● Show warnings when approaching obstacles 
● Use vibration notifications 
● Path planning based on segments for visually 

impaired users 

Hearing support options 
● Present content using sign language 
● Disable voice prompts 
● Use vibrations instead of sounds 
● Use vibration notifications 

Mobility support options 
● Avoid stairs in navigation 
● Use wheelchair-accessible navigation 

TABLE V.  ACCESSIBILITY ANALYSIS RESULTS WITH THE MAP VIEW 

App Panel Potential issues 

SmartUMED 

Home Image contrast 

Map 
Low contrast 

Buttons too small 

Settings - 

Kampus 

Pollub 

Home - 

Map 

Repeated element descriptions 

Low contrast 

Problematic element for screen 
readers 

Settings - 

PW Navi 

Home - 

Map Low contrast 

Settings Buttons too small 

VI. CONCLUSION AND FUTURE WORK 

The aim of this analysis was to evaluate the usability and 
accessibility of three mobile apps designed for students, 
using eye-tracking metrics, the SUS and uMARS 
questionnaires, and an automated accessibility assessment 
tool. 

The usability assessment based on the SUS questionnaire 
indicated that all evaluated apps achieved good or higher 
ratings, with scores ranging from 72.3 to 86.8 – well above 
the standard 68-point threshold. The uMARS evaluation 
showed that Kampus Pollub achieved the highest scores in 
most sections, except for engagement (Section A), where PW 
Navi scored highest. In contrast, SmartUMED received the 
lowest scores across all categories and exhibited the largest 
standard deviations, indicating a wider variability in user 
experiences. This suggests that PW Navi and Kampus Pollub 
provided more consistent user experiences, whereas 

SmartUMED elicited diverse responses, possibly reflecting 
a less refined interface. 

Performance metrics, which are among the most 
commonly used usability measures [2], also supported these 
findings. Kampus Pollub demonstrated the shortest mean 
scenario completion times and the highest scenario execution 
correctness, indicating efficient and accurate task 
performance [13]. Although SmartUMED users required 
longer task completion times, scenario correctness remained 
comparable to PW Navi. Eye-tracking data revealed that 
SmartUMED elicited a higher number of fixations and 
saccades, as well as longer mean fixation durations, likely 
reflecting increased cognitive load or less intuitive interface 
design [11], [14]. 

All tested apps exhibited a small number of accessibility-
related issues. Based on the results, it is recommended to 
increase button sizes, improve their visibility, and enhance 
the contrast of certain interface elements to ensure better 
legibility for users. It is also worth noting that the apps differ 
in the range of accessibility support features. PW Navi stands 
out, offering the most comprehensive set of accessibility 
functions for users with various types of disabilities. 

The analysis of the collected data enabled the verification 
of the formulated research hypotheses and provided insights 
into the relationships between usability, perceived quality, 
and user interaction patterns. The results of this analysis led 
to the following conclusions: 
● H1 was partially supported: The analysis of SUS scores 

indicates that mobile apps designed for students generally 
achieve usability levels above the accepted benchmark. 
However, not all apps reached statistical significance, 
likely due to variability in user evaluations. Overall, these 
findings suggest that contemporary student-oriented 
mobile apps tend to provide a satisfactory level of 
usability. 

● H2 was supported: The analysis revealed statistically 
significant differences between the mean scores of the 
objective quality dimensions (sections A–D) and the 
subjective quality dimension (section E) of the uMARS 
questionnaire. These findings indicate that users tend to 
evaluate mobile apps more favorably in terms of objective 
quality aspects than in terms of their overall subjective 
experience. This suggests that functional and structural 
qualities of apps do not necessarily translate into equally 
positive user perceptions, highlighting the importance of 
considering both objective and subjective measures in 
mobile app evaluation. 

● H3 was not supported: The analysis did not reveal a 
statistically significant relationship between usability 
scores obtained using the SUS and interface quality 
assessments measured with the uMARS questionnaire. 
These findings indicate that subjective usability and 
perceived app quality represent distinct dimensions of 
user experience and should therefore be considered 
complementary in evaluation. 

● H4 was only partially supported: The analysis indicated 
observable differences in eye-tracking metrics between 
the evaluated apps, with lower usability interfaces 
generally associated with higher fixation counts, longer 
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fixation durations, and increased saccade activity. 
However, these differences were not statistically 
significant. 
The study demonstrates that PW Navi and Kampus Pollub 

provide high levels of usability and accessibility, with PW 
Navi particularly excelling in accessibility support, whereas 
SmartUMED requires further improvements to achieve 
comparable user satisfaction and interface intuitiveness. 
These findings highlight the value of combining eye-tracking 
techniques, standardized usability questionnaires, and 
automated accessibility assessments to obtain 
a comprehensive evaluation of mobile apps [15]. 

Although all analyzed apps meet the essential usability 
and accessibility criteria, further interface optimization is 
recommended. Among them, PW Navi stands out as a strong 
example of accessibility-oriented design. 

Finally, the limitations of the present study should be 
acknowledged, including the homogeneity of the study 
group, which consisted of 30 participants aged 20–25 years. 
Future research should consider including a more diverse 
sample of participants, including older individuals and people 
with varying degrees of disability, in order to increase the 
generalizability of the findings. 

REFERENCES 

[1] Web Content Accessibility Guidelines (WCAG) 2.2. [Online]. 

Available from: https://www.w3.org/TR/WCAG22/ 

2026.02.06 

[2] J. Š. Novák, J. Masner, P. Benda, P. Šimek, and V. Merunka, 

“Eye tracking, usability, and user experience: A systematic 

review,” Int. J. Hum.-Comput. Interact., vol. 40, no. 17, pp. 

4484–4500, 2024, doi: 10.1080/10447318.2023.2221600. 

[3] M. Miłosz, M. Plechawska-Wójcik, and M. Dzieńkowski, 

“Testing the Quality of the Mobile Application Interface Using 

Various Methods—A Case Study of the T1DCoach 

Application,” Appl. Sci., vol. 14, no. 15, p. 6583, 2024, doi: 

10.3390/app14156583. 

[4] G. J. Nowicki et al., “Development and pre-evaluation of a 

‘DiagNurse’ mobile app to support nurses in clinical diagnosis 

using the ADDIE model,” Sci. Rep., vol. 14, no. 1, p. 29765, 

2024, doi: 10.1038/s41598-024-81813-0. 

[5] I. Julian, D. F. Murad, and R. Y. Riva’i, “Combining UEQ and 

Eye-Tracking Method as Usability Evaluation for Mobile 

Apps,” in Proc. 2021 3rd Int. Conf. Cybern. Intell. Syst. 

(ICORIS), Makassar, Indonesia, 25–26 Oct. 2021, pp. 1–6. 

[6] B. Taszarek, E. Książek, and K. Konikowska, “Functional and 

Quality Analysis of Nutrition-Related Mobile Apps Available 

in Poland Using the MARS Scale,” J. Food Eng. Sci., vol. 41, 

pp. 42–54, 2025, doi: 10.15611/nit.2025.41.05. 

[7] A. Kurnia, F. M. Said, and S. L. Paduragan, “User-Centered 

Usability Evaluation of the DiaCare App for Diabetes Self-

Management: A uMARS Analysis,” Al-Rafidain J. Med. Sci., 

vol. 7, no. 2, pp. 171–176, 2024, doi: 

10.54133/ajms.v7i2.1499. 

[8] J. Sauro and J. R. Lewis, Quantifying the User Experience: 

Practical Statistics for User Research. San Francisco, CA: 

Morgan Kaufmann, 2016. 

[9] S. R. Stoyanov, L. Hides, D. J. Kavanagh, and H. Wilson, 

“Development and validation of the user version of the Mobile 

Application Rating Scale (uMARS),” JMIR mHealth uHealth, 

vol. 4, no. 2, p. e72, 2016, doi: 10.2196/mhealth.5849. 

[10] J. Brooke, “SUS: A Retrospective,” J. Usability Stud., vol. 8, 

pp. 29–40, 2013. 

[11] A. R. Idrees et al., “Exploring the usability of an internet-based 

intervention and its providing eHealth platform in an eye-

tracking study,” J. Ambient Intell. Humaniz. Comput., vol. 14, 

no. 7, pp. 9621–9636, 2023, doi: 10.1007/s12652-023-04635-

4. 

[12] K. Holmqvist et al., Eye Tracking: A Comprehensive Guide to 

Methods and Measures. Oxford, U.K.: Oxford University 

Press, 2011. 

[13] A. N. Tuch, J. A. Bargas-Avila, K. Opwis, and F. H. Wilhelm, 

“Visual complexity of websites: Effects on users’ experience, 

physiology, performance, and memory,” Int. J. Hum.-Comput. 

Stud., vol. 67, no. 9, pp. 703–715, 2009, doi: 

10.1016/j.ijhcs.2009.04.002. 

[14] J. Falkowska, J. Sobecki, and M. Falkowski, “Utilization of 

Eye-Tracking Metrics to Evaluate User Experiences—

Technology Description and Preliminary Study,” Sensors, vol. 

25, p. 6101, 2025, doi: 10.3390/s25196101. 

[15] K. Łazaruk, P. Tokarski, K. Rybak, M. Plechawska-Wojcik, 

and M. Dzieńkowski, “The Force of Habit: Comparing 

Graphical User Interfaces of Popular Operating Systems Using 

Eye-Tracking Analysis,” IEEE Access, pp. 1–28, 2025, doi: 

10.1109/ACCESS.2025.3614018. 

60Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           70 / 145



Impact Analysis of Microinteractions on User Experience in User Interfaces
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Abstract—Microinteractions constitute a crucial element in
enhancing the usability and overall user experience of digital
interfaces. The objective of this study is to empirically inves-
tigate the impact of incorporating microinteractions into an
e-commerce interface by comparing two versions: one with
microinteractions and one without them. The experimental pro-
cedure employed eye-tracking technology in conjunction with
the Short version of the User Experience Questionnaire (UEQ-
S), which was extended with additional author-developed items.
The results revealed a substantial improvement in usability, a
higher intention to reuse the system, and approximately double
the levels of excitement and enjoyment when interacting with
the interface enriched with microinteractions. Notably, partic-
ipants using the version without microinteractions reported a
perceived need for these features more frequently, potentially
indicating heightened frustration due to their absence. Although
not all observed differences reached statistical significance, the
overall findings support the conclusion that microinteractions
have a positive influence on the quality of the user experience.

Keywords-microinteractions; user interface; user experience;
usability; eye tracking; UEQ-S questionnaire.

I. INTRODUCTION

User eXperience (UX) and User Interface (UI) design are
central to modern digital systems, with microinteractions,
such as animations and feedback, playing an increasingly
important role in shaping user perception. As defined by Saf-
fer, microinteractions consist of triggers, rules, feedback, and
loops [1], which together enhance usability and engagement.

Research on microinteractions focuses primarily on their
impact on UX and design approaches within user interfaces.
McDaniel [2] defines microinteractions as structured units
composed of triggers, rules, feedback, and loops that enhance
usability and system efficiency. Gonzales et al. [3] emphasize
the role of observing user behavior in interface design,
while Boyd and Bond [4] demonstrate that microinteractions
positively affect perceived usability in studies using System
Usability Scale (SUS) and UEQ metrics. Falkowska et al.
[5] show that rapid feedback improves form completion
efficiency and user satisfaction. In mobile health applica-
tions, microinteractions increase accessibility and satisfaction
[6], and similar benefits have been observed on academic
platforms [7]. Ahn et al. [8] link personalization and visual
interactivity to user agency and intention to recommend,

while Reyneke [9] demonstrates their role in emotional
attachment and brand loyalty. Positive emotional responses
have also been associated with long-term engagement [10].

In the context of UX animation, Burge [11] reports that
animated microinteractions enhance credibility, particularly
among older users, while Lomakina [12] applies Disney’s
animation principles to support intuitive interface design.
On platforms such as TikTok, effective microinteraction
design is associated with increased retention and loyalty [13],
while positive effects on satisfaction and usability have also
been reported in e-commerce contexts [14]. Sosa-Tzec and
Stolterman [15] emphasize the semiotic role of animations
in clarifying functionality, and Jergović et al. [16] under-
line the importance of feedback-rich microinteractions for
engagement. Smooth transitions between interface states have
been shown to reduce disorientation [17], while appropriate
animation timing supports UX fluency [18][19].

Research on wearable devices indicates that microinter-
action timing and complexity influence cognitive load and
user comfort [20]. Betz and Hall [21] show that optimized
microinteractions increase satisfaction and adoption in in-
stitutional repositories, while Avila-Munoz et al. [22] and
Antal [23] highlight the importance of balancing aesthetic
and functional aspects to improve feedback, accessibility, and
interface coherence.

A/B testing is commonly used to evaluate usability
through controlled comparisons of interface variants [24].
Eye tracking complements this approach by providing objec-
tive measures, such as fixation duration and gaze trajectories
[25], with machine learning increasingly used to support
adaptive interface design [26]. Among subjective methods,
questionnaires remain essential, with the UEQ-S validated
as a reliable tool for assessing pragmatic and hedonic UX
dimensions [27].

In summary, microinteractions significantly influence us-
ability, emotional engagement, and user satisfaction. Their
effectiveness depends on intentional design supported by
rigorous evaluation using complementary research methods.

The rest of the paper is structured as follows: Section II
describes the research methods, Section III presents the re-
search results, Section IV discusses the results, and Section
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V concludes the paper.

II. MATERIALS AND METHODS

The study analyzed the impact of microinteractions on
the interface and UX, using eye-tracking technology and an
evaluation questionnaire. Data were collected using an eye-
tracking device, which enabled the recording and analysis
of eye movements to evaluate how users interacted with the
interface. Key eye-tracking metrics included Fixation Count,
Fixation Duration (Dwell Time), Peak Saccade Velocity,
Time to First Fixation (TTFF), as well as visualizations, such
as heatmaps and scanpaths.

Complementarily, the UEQ-S was used to evaluate the
usability and attractiveness of the interface [27], extended
with additional items developed by the authors to allow for
a more nuanced assessment.

A. Research plan

The research design comprised several stages (Figure 1)
and was preceded by the development of two interface
versions: one with microinteractions and one without. Par-
ticipants were randomly assigned to one of two groups, each
interacting with a different version of the system. Additional

questionnaire items were included to enable a more detailed
assessment of usability and user perception.

The experimental procedure consisted of two identical
stages for both groups: eye-tracking analysis of responses
to visual stimuli and an evaluation of the overall interface
experience. After data validation, quantitative and qualitative
analyses were performed.

B. Research object

For the purposes of the experiment, a simple website in
the form of a store for technology items, such as electronics
and accessories was implemented. The site was designed as
a browser-based application in two versions: one included
microinteractions, the other did not. The store consisted of
five main views: home page, product list, product details,
shopping cart, and registration page. Users could perform
basic actions, such as registering, browsing, searching for
products, and adding and removing them from the shopping
cart.

The main difference between the interface versions was
the use of microinteractions, such as button animations, user
guidance, and feedback on actions performed. The applica-
tion was designed for intuitive use and its interface provided

Figure 1. Study design.
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readability and user-friendliness, allowing participants to
focus on the tasks at hand.

C. Research group
The study included 33 participants aged 19 to 25. Their

mean age was 21.9 with a standard deviation of 1.06. The
study group mainly consisted of men (30 males, 3 females).
Most participants had normal or corrected vision. Minor
uncorrected visual impairments were present in three cases
but did not affect the results due to the task nature and
short viewing distance. All the respondents were computer
science students with advanced digital literacy and prior
experience using online stores. In accordance with the A/B
testing [24], participants were randomly assigned to two
equivalent experimental groups, which tested two alternative
versions of the interface that differed in the presence (A,
n = 16) or absence (B, n = 17) of microinteractions,
allowing for a reliable assessment of their impact on the UX
under experimental conditions.

D. Research stand
The experiment was conducted under controlled laboratory

conditions at the Lublin University of Technology, with
appropriate lighting and ergonomic workstations. Eye move-
ments were recorded using a Gazepoint GP3 HD remote eye
tracker (150 Hz, 0.5–1° accuracy). Data were recorded and
analyzed using iMotions software (v. 9.1).

E. Experiment description
During the eye-tracking phase, participants located and

interpreted information across key website views, including
promotional content on the main page (Task 1), product
pricesand specifications on product list (Task 2) and detail
pages (Task 3), interface controls in the shopping cart (Task
4), and form errors during registration (Task 5).

After completing the tasks, participants filled in an eval-
uation survey comprising the UEQ-S questionnaire [27] and
14 additional statements grouped into three dimensions. The
usability dimension (S1–S7) assessed ease of information
retrieval (S1), visual clarity (S2), task orientation (S3), action
awareness (S4), feedback quality (S5), sense of control (S6),
and perceived functional value of microinteractions (S7). The
acceptability dimension (S8–S11) measured willingness to
reuse the website (S8), preference for microinteractions (S9),
perceived negative impact (S10), and influence on visual
appeal (S11). The user experience dimension (S12–S14)
evaluated enjoyment (S12), perceived system responsiveness
(S13), and navigation smoothness (S14).

Data were collected individually and compared between
groups to assess the impact of microinteractions.

F. Research metrics
To assess visual attention and cognitive load during UI

interaction, standard eye-tracking metrics were applied, pro-
viding quantitative insight into visual processing and naviga-
tion. The analyzed measures included Time to First Fixation,

Fixation Count, Dwell Time, Peak Saccade Velocity, and
gaze visualizations in the form of heatmaps and scanpaths.
These metrics were compared across interface variants to
evaluate the impact of microinteractions on attention, search
efficiency, and cognitive workload.

III. RESEARCH RESULTS

This section presents the study’s results, including the most
used eye-tracking metrics for evaluating usability, as well as
users’ responses to the questionnaire.

A. Eye-tracking results

Table I presents average values for TTFF, Dwell Time,
Fixation Count, and Peak Saccade Velocity for interfaces
with and without microinteractions. The version with mi-
crointeractions showed shorter TTFF, higher Dwell Time,
increased Fixation Count, and higher Peak Saccade Velocity.

TABLE I. AVERAGE VALUES FOR CHOSEN METRICS WITH THE
STANDARD DEVIATION

Metric Micro. No Micro.

TTFF [s] 1.88 ± 1.06 2.34 ± 0.79
Dwell Time [%] 25.48 ± 8.00 18.28 ± 5.38
Fixation Count 5.36 ± 2.47 4.06 ± 1.82

Peak Sac. Vel. [deg/s] 80.68 ± 6.25 72.46 ± 4.34

Average TTFF values (Figure 2) were generally lower for
the interface with microinteractions, except in Task 3. The
largest differences occurred in Tasks 2 and 4.

Figure 2. Average TTFF values for each task.

Average Dwell Time in the Area Of Interest (AOI) (Fig-
ure 3) was higher for the interface with microinteractions
across all tasks except Task 4, where values were comparable.

The interface with microinteractions showed higher Fix-
ation Count values and greater variance before entering
the AOI compared to the non-interactive interface. Higher
Peak Saccade Velocity values were also observed for the
interactive version, with the distribution shifted toward higher
velocities. In contrast, the non-interactive interface exhibited
a more uniform distribution of viewing behavior and fewer
high-velocity outliers.
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Figure 3. Average Dwell Time on AOI for each task.

Heatmaps for Task 3 are presented in Figure 4. For the
interface with microinteractions (accordion – collapsible con-
tent), gaze concentrations were more localized around the
expanded content section containing the searched informa-
tion. In contrast, the non-interactive interface showed a more
dispersed gaze distribution across the interface.

Similar behaviour can be noted for Task 5 (Figure 5). In
the case of the interface with microinteractions (highlighting,
error icon, and clear feedback), the strongest user attention
is focused on the form field containing the error and the
accompanying message. As for the version without microin-
teractions, users’ gaze is primarily focused on the field above
the actual error, which may indicate difficulty in locating it
or a possible shift caused by measurement limitations. There
is also a clear dispersion of attention, represented by green-
yellow cold areas.

The scanpaths for Task 3 are shown in Figure 6. For the
interface with microinteractions, scanpaths consisted of fewer
fixations and shorter saccades. The non-interactive interface
exhibited scanpaths with a higher number of fixations and
longer saccades.

Similar observations can be made in the case of Task 5.

Selected scanpaths, which are presented in Figure 7, show
that in the interface with micro-interactions, the scanning pat-
tern is significantly less chaotic. The number of fixations has
decreased by more than half, and the number of long saccades
has also been clearly reduced.

B. Questionnaire results

The UEQ-S questionnaire comprises eight bipolar items
rated on a 7-point scale, assessing pragmatic quality (us-
ability and functionality) and hedonic quality (aesthetics,
stimulation, and attractiveness).

UEQ-S results (–3 to 3; Figure 8) show higher ratings for
the interface with microinteractions across most dimensions,
particularly usability, efficiency, perspicuity, supportiveness,
and stimulation. The largest differences were observed in
usability-related dimensions, indicating improved navigation
and information processing. Higher stimulation and attrac-
tiveness scores suggest increased user engagement, while
novelty showed minimal differences, implying a limited
effect of microinteractions on perceived innovation.

Average ratings (1–7; Figure 9) show consistently higher
scores for the interface with microinteractions across overall,
pragmatic, and hedonic scales. The largest difference was
observed for pragmatic quality, indicating a positive effect
on perceived functionality, while the smallest difference
occurred for hedonic quality, which nonetheless favored the
microinteractions version.

Statistical significance between the two interface versions
was assessed using UEQ-S results from an A/B test with two
independent groups (n = 16 and n = 17).

As shown in Table II, independent samples t-tests revealed
a statistically significant difference in pragmatic quality be-
tween the two interface versions (p = 0.004), whereas no
significant difference was observed for hedonic quality (p =
0.328). The interface with microinteractions received higher
ratings for supportiveness, efficiency, and perspicuity. The
difference in the overall UEQ-S score did not reach statistical
significance (p = 0.063).

Figure 4. Heat map for Task 3: a) with microinteractions, b) without microinteractions.
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Figure 5. Heat map for Task 5: a) with microinteractions, b) without microinteractions.

Figure 6. Scanning paths for Task 3: a) with microinteractions, b) without microinteractions.

The second part of the questionnaire comprised 14 state-
ments evaluated on a 7-point Likert scale. Twelve statements
were positively worded, while two were negatively worded.
For the purpose of aggregated analyses, responses to the
negatively worded statements were reverse-coded so that

higher values consistently reflected more positive evaluations
across all items.

Figure 10 presents the mean scores for individual state-
ments for both interface versions. In the majority of cases,
higher scores were observed for the version with microint-

Figure 7. Scanning paths for Task 5: a) with microinteractions, b) without microinteractions.
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Figure 8. Average user UEQ-S ratings for both interface versions.

Figure 9. Average UEQ-S ratings by dimension.

TABLE II. STATISTICAL TEST RESULTS FOR UEQ-S FOR EACH
DIMENSION

Scale Test result Stat. sig. diff.

UEQ-S overall 0.063 None
Pragmatic quality 0.004 Present
Hedonic quality 0.328 None

eractions. The largest differences between the two versions
were recorded for statements S4–S6 (usability dimension)
and S12–S13 (user experience dimension).

For statements S2, S7, and S9–S11, higher mean ratings
were observed for the interface without microinteractions.
Overall, the independent samples t-test results (Table III)
revealed statistically significant differences between the two
interface versions for usability, acceptability, and overall user
experience.

Within the usability dimension (S1–S7), statistically sig-
nificant differences in favor of the interface with microint-
eractions were found for action awareness (S4: p = 0.007),
feedback clarity (S5: p < 0.001), and sense of control (S6:
p < 0.001). The difference for information findability did not
reach statistical significance (S1: p = 0.059). For statement
S7, higher ratings were recorded for the interface without
microinteractions (p = 0.027).

In the acceptability dimension (S8–S11), the interface

Figure 10. Average user ratings for additional statements.

TABLE III. STATISTICAL TEST RESULTS FOR ADDITIONAL QUESTIONS

Statement S1 S2 S3 S4 S5
p-value 0.059 0.915 0.527 0.007 0.000

Statement S6 S7 S8 S9 S10
p-value 0.001 0.027 0.021 0.033 0.154

Statement S11 S12 S13 S14 Total
p-value 0.423 0.004 0.000 0.139 0.017

with microinteractions received higher ratings for willingness
to reuse the interface (S8: p = 0.021). No statistically
significant difference was observed for perceived distraction
(S10: p = 0.154). Higher ratings for the interface without
microinteractions were found for statement S9 (p = 0.033).

For the user experience dimension (S12–S14), statistically
significant differences in favor of the interface with microint-
eractions were observed for enjoyment (S12: p = 0.004) and
perceived responsiveness (S13: p < 0.001). The difference
for navigational fluidity was not statistically significant (S14:
p = 0.139).

Aggregated analysis across all statements showed a statisti-
cally significant difference between the two interface versions
(p = 0.017).

IV. DISCUSSION

The study demonstrates that microinteractions positively
influence interface usability, User eXperience (UX), and
overall acceptability. Objective eye-tracking measures and
subjective assessments (UEQ-S and additional Likert items)
provide converging evidence of their impact.

Eye-tracking results indicate that interfaces with microin-
teractions achieved shorter average TTFF, higher Fixation
Count, longer Dwell Time in the AOI, and higher Peak
Saccade Velocity, suggesting increased engagement and more
dynamic visual exploration. Analyses of heatmaps and scan-
paths further confirm that microinteractions improved visual
focus on key elements, reduced attention dispersion, and
supported faster localization of relevant information. In more
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complex interface structures, they led to fewer fixations and
shorter scanpaths, indicating more efficient visual processing.

UEQ-S results confirmed the positive effect of microinter-
actions on perceived supportiveness, usability, and efficiency.
Additional questionnaire items supported these findings, with
users rating the interactive version as more responsive and
more effective in providing feedback. The statistically sig-
nificant difference in pragmatic quality between interfaces
further reinforces the positive influence of microinteractions
on usability. These results are consistent with prior studies
showing that microinteractions improve engagement, feed-
back clarity, and interaction efficiency [2][5][7]. Research
by [3][6][22] similarly emphasizes their role in enhancing
interface intuitiveness, reflected in the improved perspicuity
scores observed in this study. An exception was novelty,
which was rated higher for the non-interactive version, likely
due to the widespread presence of microinteractions in con-
temporary interfaces, such as TikTok [13].

The results also demonstrate a positive impact of mi-
crointeractions on UX. Questionnaire data showed significant
improvements in stimulation, enjoyment, perceived respon-
siveness, and sense of control. These findings align with
studies indicating that animation-based microinteractions en-
hance engagement and intuitiveness [12][16]. Microinterac-
tions also increased perceived interface attractiveness and
users’ willingness to reuse the system. Eye-tracking data
corroborated these outcomes by revealing more focused and
less chaotic navigation patterns. Importantly, no negative im-
pact on user comfort was observed, consistent with findings
that microinteractions enhance UX by capturing attention and
stimulating interest [4][10][15]. Users of the non-interactive
version more often indicated that adding microinteractions
could improve functionality and expressed a stronger prefer-
ence for their inclusion in future interfaces, suggesting that
their absence was noticeable [3][16][21].

Microinteractions did not significantly affect navigation
fluidity, potentially due to the need for more refined anima-
tion timing, as noted in prior work [18][19]. Nevertheless,
consistent with earlier research [8]–[10][15][17], microin-
teractions elicited positive emotional responses, leading to
higher hedonic ratings.

In conclusion, the findings indicate that microinteractions
significantly enhance usability, UX, and interface acceptabil-
ity, confirming their value as an effective design tool in user
interface development.

A. Limitations of the study

Certain subjective evaluations, including preferences for
the version without microinteractions and assessments of
interface originality, revealed discrepancies between partic-
ipants. This suggests that individual expectations and prior
experience may significantly influence the perception of
microinteractions, thereby limiting the conclusiveness of

findings regarding their perceived attractiveness and innova-
tiveness.

Another limitation may be the laboratory-based experi-
mental setting, which does not fully reflect naturalistic user
behavior in real-world environments. The tasks were short
and strictly defined (e.g., information search, shopping cart
interaction, registration form completion), which may reduce
the validity of the findings.

Additionally, the sample size was relatively small (n = 33)
and homogeneous, consisting exclusively of computer sci-
ence students with high digital literacy and prior experience
with e-commerce systems. This limits the generalizability of
the results to broader and more diverse user populations.

Finally, the analysis was restricted to two interface vari-
ants (with and without microinteractions), without consid-
ering different types or combinations of microinteractions,
which may exert varying effects on attention allocation and
cognitive load.

V. CONCLUSION AND FUTURE WORK

The study confirmed that microinteractions significantly
enhance interface usability and UX, as evidenced by im-
proved eye-tracking metrics and questionnaire results indicat-
ing greater engagement, clarity, supportiveness, enjoyment,
sense of control, and willingness to reuse the interface.

However, some results, such as mixed ratings of originality
and occasional preference for the non-interactive version,
suggest that user expectations and prior experience influence
the perception of microinteractions, particularly in terms of
innovativeness.

Future research should examine interactive website imple-
mentations, broader usage scenarios, and diverse types of
microinteractions, while including participants with varying
levels of technological proficiency to better understand their
overall impact.
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Abstract—This paper discusses the design, development, and
deployment of an iteratively designed information management
and visualization platform known as the People’s Market
Dashboard System (PMDS) created for a subsidy-based farmers
market. The platform seeks to enhance the administrative capacity,
service delivery, and data-driven decision-making of participating
public service organizations; improve market management quality
and sustainability; and advance broader health and social equity
objectives of market sponsors and managers. Exploratory inter-
views, participatory observations, iterative prototyping, research
memos, and in-situ testing were used to design a low-barrier
technology for use within predominantly low-resource, racial
minority, and immigrant and refugee populations. Disrupting
traditional power dynamics between institutions and community
partners, the platform reflects participatory and adaptive co-
design practices that put community priorities at the center.

Keywords-participatory design; co-design; community informatics;
digital innovation; public service system.

I. INTRODUCTION

Digital innovations are typically developed for mainstream,
middle-class users by for-profit start-ups and established
technology businesses. These innovations emerge within well-
resourced contexts of relative predictability with efficiency
centered performance objectives and formalized organizational
policies that structure the context of development and im-
plementation. However, the development and deployment of
digital innovations within the public service sector—which
consists of contexts often characterized by administrative
uncertainty, organizational and cultural diversity, and resource
scarcity—may be particularly important for Human-Computer
Interaction (HCI) researchers to consider.

In this study, we examine the co-design, development, and
implementation of a novel, low-barrier information management
and point-of-sale system developed for use within a grassroots,
subsidy-based community farmers’ market. The market is
supported through a community-institution partnership between
a county government entity and a grassroots social enterprise
that works with marginalized youth. The scientific goal of this
applied study is to identify and examine key consideration
factors that shape the process of digital technology co-design
and development within low-resource communities.

The platform, referred to as the People’s Market Dashboard
System (PMDS), aggregates data on various market processes
and interactions and displays these data as interactive visuals
within a set of integrated dashboards, facilitating standardized
data collection and data validity processes while democratizing

the value of those data for decision-making among both high-
and low-power system users. The rest of the paper is structured
as follows. Section II presents the previous research that
contributed to the methodology and design of the PMDS.
Section III describes the context of the project and an overview
of the platform. Section IV details the different phases in the
co-design and development of the PMDS. Section V discusses
system deployment. Section VI presents the key findings.
Finally, section VII concludes the paper and outlines directions
for future work.

II. RELATED WORK

A. Co-Design

Co-design is closely intertwined with Participatory Design
(PD), a design practice that originated in Scandinavia in
the 1970s-1980s where workers, unions, and researchers
collaborated to create workplace technologies. Participatory
design aims to ensure that people affected by technology have
a voice in its development, through the lens of participation as
empowerment [1][2]. Co-design utilizes a variety of toolkits
and techniques that facilitate stakeholder collaboration. They
help translate their lived experiences, knowledge, hopes, and
priorities into actionable design insights. These methods are
designed to lower barriers to participation. Toolkits such
as sorting, collage making, design games allow participants
express their creativity and needs in technology [3]. Through
storyboards, sketches or cutout paper interfaces, low-fidelity
prototyping enables iterative exploration, as non-technical
environment makes participants more comfortable in critiquing
and modifying ideas [4][5]. Buxton emphasizes the importance
of sketching as a design practice, highlighting its role in
generating ideas rather than validating them [4].

Conversations are themselves a powerful co-design tech-
niques, enabling stakeholders to articulate experiences, ne-
gotiate meanings and surface tacit knowledge that may not
be captured through formal methods. Conversations serve a
dual role; they elicit input and cultivate a sense of ownership,
making stakeholders active contributors rather than passive
informants. Paired with low-fidelity artifacts (such as sketches
or mock-ups), conversations can become framework for co-
design, grounding abstract ideas in tangible form, sparking
discussions and iteration [4]. In our work, we use sketching
as a starting point for design conversation with key system
users to bring to life ideas that emerge in the co-design process
(Figure 1).
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B. Asset-aware Design Approach

Recent work in HCI has advocated for moving beyond
deficit-oriented framing of resource-constrained communities
toward asset-aware design approaches. This approach situates
the design on local strengths rather than deficit. Wyche et al.
introduced asset-based design by emphasizing how community
resilience, social network, and informal innovation serve as
foundations for sustainable technology in resource-limited
setting [6].

C. Adaptive, In-situ Testing

When designing technologies for resource-constrained pop-
ulations, it is often necessary to use methods that extend be-
yond traditional laboratory-based evaluations, since community
members may face limitations related to time, transportation,
or financial resources, as well as challenges like limited or
unstable connectivity, shared devices, or low literacy. By
refining features in context, technologies become more usable,
resilient, and aligned with the lived realities of marginalized
communities [7]. Previous HCI research shows that in situ
methods surface contexual factors that remain visible in
controlled settings, such as workarounds that users develop to
cope with resource limitations [6][8].

D. Low-barrier Technology Design

The development of low-barrier technology has emerged
in HCI as a critical approach to designing systems that are
accessible to communities facing socioeconomic, linguistic, or
infrastructural constraints [9]–[12]. This approach prioritizes
simplicity, affordability, low entry threshold for participation in
digital technology. The research of Talhouk et al. with refugees
underscores the need for minimal hardware and literacy
demands. They designed health technologies in Lebanon to
operate on low-cost mobile platforms and to enable multilingual
interaction [7].

III. CONTEXT AND PLATFORM OVERVIEW

In this research project, we co-designed and implemented
PMDS as a novel, low-barrier information management and
point-of-sale system developed for use within a grassroots,
subsidy-based community farmers’ market. The market is
supported through a community-institution partnership between
a government entity (primary funder) and a grassroots, social
enterprise (hereafter referred to by their role as "market
manager") that works with marginalized youth for agricultural
and entrepreneurial skill-building. The purpose of the farmers’
market is to expand access to fresh, affordable and culturally-
specific foods for residents living in a limited food access, high
poverty region of the city. Corollary purposes of the market
include creating economic opportunities for small businesses
of all kinds with limited market access and reducing nutrition-
related health inequities in the region. The platform has several
system user groups, including the market manager staff and
volunteers who manage all check-in and registration processes
for vendors and attendees as well as subsidy reimbursement

processes for vendors (see Figure 2). Vendor types are subdi-
vided based on what they sell at the market and, concomitantly,
the types of market subsidies they can receive in payment from
attendees.

The platform aggregates data about various market processes
(e.g., registration, transaction), inputs them into a database
through a series of interconnected HTML forms completed by
various market actors such as the market manager staff and
vendors, and displays this data as interactive visuals within a
set of Tableau dashboards. In this way, the designed platform
facilitates standardized data collection and data validity pro-
cesses which concomitantly supports market compliance and
sustainability. It also democratizes the value of that data for
decision-making by enabling all system users to access these
dashboards.

Figure 1. Initial sketch of PMDS co-design process illustrating early system
ideation and stakeholder collaboration.

IV. CO-DESIGN AND DEVELOPMENT PROCESS

A. Needs Assessment

Co-design of the platform began through a series of ex-
ploratory, unstructured interviews with the market manager.
The initial needs assessment revealed many pain points in
the current market processes that could be aided through a
digital platform. We will discuss two of those challenges here.
First, there were serious communication challenges across
the many community-institution partners involved in market
implementation. Language barriers were a concern among
market vendors with limited English proficiency; however, it
was difficult to determine the extent to which language barriers
would continue to be a problem as related to system use given
that the market manager reassured our team that language
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barriers were not a major concern. Another important challenge
was the lack of clear communication among stakeholders and
the inconsistent implementation of market policies. We began
to envision opportunities for the platform to support greater
policy transparency and enforcement between managers and
vendors.

The second identified issue was that vendors had previously
not always received timely payment for items purchased by
attendees through subsidy-based benefits. Vendors who did
not receive payment at the end of the market day or shortly
thereafter were left in very difficult situations affecting their
personal finances, as most operated on tight margins. This
reimbursement challenge was due to several contingent reasons;
however, we believed that our system could support more timely
repayment and greater accuracy in tracking those balances owed
to vendors.

These challenges were initially revealed through a virtual
conversation involving the project sponsor, market manager,
and market vendors. However, this conversation revealed that
ongoing conversations with market vendors would not be
possible due to both their time constraints, the optional nature of
their participation in dialogue with our team, and the significant
language barriers of the vendors with the highest likelihood
of participation. Their input was later incorporated into the
iterative design of the high fidelity prototype during the training
and early implementation processes.

Several other operational challenges were identified through
a series of follow-up conversations with the market manager
and review of both observational and secondary data from
the previous year’s market. The notes and memos generated
from these conversations were collectively analyzed and the
policy design considerations were concurrently translated into
prospective technical functionalities.

This preliminary information gathering process was ex-
traordinarily important because it allowed the development
team to understand the system pain points and to begin to
determine what types of system designs would be needed.
Working within many constraints including a relatively short
design-to-deployment timeline, our team leveraged its technical,
administrative, and food systems expertise to conceptualize
and create a mobile wallet based system which would enable
point-of-sale tracking and standardization of the market benefits
allocation processes while accounting for important differences
in the allocation policies. This mechanism became the basis on
which PMDS was designed and developed, ultimately revealing
the high level of interdependence between market policy design
and the technical design of the platform. The timeline for
this project was approximately 8-10 months with the first
stage (needs assessment) lasting about 5 months and occurring
concurrently with the low-to-moderate fidelity prototyping
(approximately 2 months).

Figure 2. Overview of key market processes and system interactions.
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B. Low-Fidelity Prototype

Informed by the insights from the initial needs assessment,
the team created early system diagrams to model information
flows, user interactions, and user access levels. These diagrams
served both as internal tools for development clarity and as
communication artifacts for aligning with non-technical system
users including the primary funder and market manger. These
initial diagrams were primarily based on the expected data
needs and interests of the key system users, which enabled
a backwards mapping from data visuals to needed fields and
forms. Apart from the technical expertise of our team, we have
both theoretical and practical food systems expertise within
our team that informed these preliminary sketches, which were
iteratively modified through conversation with the system users.
The ongoing communication of the development team with the
market manager about their needs and the evolving decisions
and contingencies of market management enabled iterative
development of both the preliminary sketches and the platform
through Spring 2025.

Simultaneously, the database schema was iteratively con-
structed using Smartsheet, with particular focus on relational
logic between vendors, market attendees, and transaction
records (see Figure 4). This database was selected because the
primary funder already used this software, and the original
plan was to develop and deploy the system for use within the
funder’s IT environment. The process emphasized modularity
to accommodate evolving market workflow and market man-
agement policies. Tableau was selected as the data visualization
software because it was familiar to the project director, highly
rated for its user-friendly interface, and its practicality as our
team has institutional access to a secure Tableau server which
enabled cost containment for our end users.

Next, the development process moved into early-stage
prototyping and database schema design. This phase was
characterized by the development of low- to mid -fidelity
prototypes created to visualize and refine potential system
functionality, which was guided by the preliminary system
architecture and design requirements (see Figure 3). Compo-
nents of these sketches reflected market manager objectives and
plans for the upcoming market expressed in the unstructured
interviews. For example, graphics selected for the dashboards
addressed expressed data needs of the market manager required
for funder compliance and future grant writing purposes. The
types of graphics used were based on data visualization best
practices for low-moderate data literacy communities, and the
data fields and forms used were and mapped onto market
workflow processes.

During this phase, the technical team also began sketching
interface components as reflected in the ongoing conversations
with the market manager, including the intake form fields and
dashboard structures, based on the following:

• Potential data input fields expressed or implied by market
manager as data needs and/or interests

• Anticipated data categories and field values
• Administrative workflows

Figure 3. Low-fidelity prototype sketch of a vendor dashboard.

Continuing the co-design process, the team organized a
design feedback session with stakeholders (manager and
primary sponsor), aimed at introducing stakeholders to the
emerging features and functionalities of the platform under
design. Vendors were not present at this feedback session
due largely to scheduling and timing difficulties. This session
provided a crucial sounding board for exploring the system’s
scope and usability. Although not a technical walk-through,
the session helped align expectations and generated feedback
on high-level goals and constraints. It also improved system
users’ ability to understand what the platform was that the
team was developing. Up until this point, system users with
less direct involvement in the development process had a very
limited understanding of what this prospective digital platform
was. The feedback session provided system users with greater
clarity about the system structure and its purposes.

C. High-Fidelity Prototype

This phase marked the evolution from conceptual sketches
and diagrams to functional system modules (see Figure 5). The
technical team built interactive prototypes that incorporated
the following:
• Dynamically validated forms that ensured data accuracy at

point-of-entry
• Dynamically updated visualization dashboards to convey

market trends
• Unique identifiers to track vendor and attendee records

between system components
• Role-based access flows

1) The Dashboard: In order to facilitate the ongoing
dialogue with system users and co-design activities, our team
designed image-based dashboard mockups derived from earlier
sketches. The dashboard design process involved navigat-
ing the tension between accurate data representation (e.g.,
specifying exact charts, metrics, and data sources) and data
comprehensibility (including data visualization best practices
regarding visual layouts, color composition, data literacy and
clear communication standards). These decisions were made
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Figure 4. System diagram illustrating the interaction between input forms, database schema, dashboards, and receipt generation modules.

collaboratively with the expertise of both the technical and
practical (e.g. public administration, food systems) members
of our team.

After refining the dashboard layout and features, the team
developed Tableau visualizations for process-related outcomes
such as market performance, payment remittance, and benefits
utilization. The backend development included establishing
connection between the HTML forms and Smartsheet through
Google Apps Scripts. Tableau was ultimately selected as the
data visualization software because it was a practical solution
that produces high quality, dynamic data visuals with a wide
range of functionalities and graphic types available. System
users would be accessing all dashboards through the website,
so there was no concern about inaccessibility or functional
use challenges when viewing dashboards through a mobile
app. The website was determined to be the most appropriate
modality for housing the PMDS given our study timeline and
budget. High fidelity prototyping and iterative development
lasted approximately 4 months, while initial user training
and implementation (beta testing) occurred over a 3-6 month
period. These two study phases where overlapping and included
copious amounts of informally gathered user feedback and
observational data (back-end observation of database entry and
"front-end" observation onsite at the market) gathered by our
team.

We also developed and deployed a web interface for a unified
appearance and a single access point of the platform that
supported convenient access for system users (see Figure 6).

This, along with the logo that we developed, helped to create
an polished identity for the platform that system users could
learn to recognize and see themselves reflected in.

There were many cycles of internal testing and ongoing
iterative feedback solicitation from system users involving the
following areas:
• Form interfaces (e.g., auto-fill logic, field hiding based on

conditions)
• Dashboard hierarchy (e.g., utility of filters and information

visibility)
• System documentation (e.g., tooltips, form labels)
• "Virtual ID card" (QR code generated to access mobile

wallet)

D. Beta-Testing

Once the working platform was almost complete, the
focus shifted to beta testing and capacity building. In the
weeks leading up to the market opening, the team tested the
system with a limited group of stakeholders. The development
team members and stakeholders participated in structured
walkthroughs to assess usability and data integrity across
different system entry points.

Initial testing focused on form functionality and the mobile
wallet mechanism, with the goal of identifying usability issues
and testing edge cases. As the testing progressed, the emphasis
shifted toward robustness testing — purposely attempting to
"break" the system through unanticipated inputs, duplicate
entries, or timing-based conflicts. Our team continuously looked
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Figure 5. High-fidelity dashboard prototype illustrating refined visualization modules and reduced cognitive load (redacted for confidentiality).

for ways to enhance the platform for user needs and the User
Experience (UX). For example, we created a live mobile wallet
view of current balance of benefits for each customer, and later
a similar vendor wallet providing the same so vendors could
track their expected reimbursement income during the market.

Concurrently, training materials and hands-on walkthroughs
were provided for stakeholders, focusing on operational work-
flows such as:

• Registering new attendees and vendors
• Processing market transactions and reimbursing vendors for

subsidy-based transactions
• Monitoring benefit distributions in real-time

The final rounds of beta-testing were constrained by real-
world operational timelines. As the market season approached,
safeguards were implemented to prevent test data from mixing
with actual attendee and vendor information, which limited
certain test scenarios. In these cases, validation relied on
simulated runs using dummy datasets. System performance,
feature gaps, and final usability concerns were logged for
post-season reflections and revisions.

V. DEPLOYMENT AND ADAPTATIONS

The platform was deployed approximately one week before
the first day of the market. Onsite participatory observation
occurred during the first market days, which were characterized
by a hectic market environment as system users adjusted
to using a new platform and adapted market policies and
procedures as technical challenges arose.

One key issue identified was the lack of a strong, central
Wi-Fi connection, which hindered registration and transaction
processing and resulted in initial data loss. Adaptive modifi-
cations were made to the form submission process, including
disabling submit buttons, and adding success messages. How-
ever, the negative impact of the initial data loss on system
users’ confidence in the platform was significant. Gradually,
their confidence in the platform and their ability to use it
successfully was rebuilt through continuous practice, ongoing
onsite technical assistance, and iterative system modifications.

VI. KEY FINDINGS

Several important findings about the opportunities and
limitations of co-designing digital innovations within limited-
resource community contexts were identified in this study.

A. User Engagement in Co-Design and Implementation

First, close attention to the needs, capacities, and concerns of
all types of system users during the co-design and testing phases
can greatly support implementation success. Due to logistical
and linguistic constraints, we were not able to engage with
vendors during the co-design process; we primarily engaged
them during training and in situ testing during implementation.
Earlier and ongoing exposure of the vendors to the platform
would have helped to avoid many of the technical challenges
experienced and would likely have fostered early confidence in
the system among end users. In turn, these factors would likely
have reduced the heavy reliance of system users on technical
assistance provided by our team. These considerations are
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Figure 6. Web interface portal view providing a unified access point for system users.

being thoroughly incorporated within the platform design and
implementation timeline of the next phase of this study.

B. User Trust and Proximate Support During Implementation

Additionally, trust and proximity were essential elements
of the success of this implementation, despite the myriad
challenges experienced. When implementation challenges arose
in the first weeks of the market, it was invaluable that the
lead author had an established relationship with the market
manager and was present onsite helping system users navigate
through those challenges in the first weeks of the market.
She was able to help distinguish challenges that were caused
by technical glitches from those that were merely system
use errors. Together, she and the development team were
able to determine which of the latter warranted technical
modifications and adjustments to meet system users’ needs and
thus distinguish those needs from supplemental user training on
correct system use. Intensive technical assistance was provided
through phone calls, text messages, and later through a Discord-
based "help desk" chat between the market manager and our
student-based developer team. These regular, direct interactions
between our team and the market manager helped to minimize
the physical, temporal (time zone), cultural, and expertise
differences between their team and ours. These interactions
also provided invaluable learning opportunities for both groups,
which collectively enhanced the use and improvement of the
platform.

C. Prioritizing User Privacy and Security by Design

Ensuring privacy and security, even when not explicitly
requested by system users, was central to maintaining trust
and platform integrity. Our team prioritized encryption and
other data security processes to ensure the security and privacy
of data at all times. This included awareness of the socio-
political context in which both the platform and the market
were being implemented, which directly impacts system design

and project related decision-making. Consideration of these
contextual factors and their implications on system users sense
of safety and security continue to be of the utmost importance
to our team.

VII. CONCLUSION AND FUTURE WORK

This project illustrates how understanding dynamic public
service contexts as common situational parameters can elicit
effective co-design and adaptive development practices. Digital
innovations designed for resource-limited and culturally diverse
communities should always be rooted in proximity, alignment
of priorities, and trusting relationships with system users. These
socio-relational factors enable digital tools to be effectively
designed to support end users’ goal achievement and sustainable
use. Co-designing digital innovations with system users requires
direct engagement of development teams within social and
administrative contexts that are often characterized by frequent
changes, contingent decision-making, and multi-layered politics.
Future work on this platform includes adapting PMDS into a
multi-user system to support other types of related programs
for similar networks of diverse local food systems actors. This
includes expanding the platform into a mobile application,
building a technical assistance and training infrastructure
with dynamic, gamified learning elements, and redesigning
the data architecture—along with input forms—to enable AI-
driven insights and seamless system integrations. Engaging
interdisciplinary development teams with diverse technical and
domain expertise enables the proactive development of solutions
to address these and other implementation challenges. Without
these relational elements, digital innovation risks exacerbating
mistrust and reinforcing existing social inequities. This work
offers practical insights for researchers and practitioners
designing human-centered digital platforms for public service
delivery.
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Abstract—This study provides the comparison of prefrontal 

cortical activation during visual versus conditioned haptic 
emotion stimulation using functional Near-InfraRed 
Spectroscopy. Using a within-subject design with classical 
conditioning, 32 participants learned associations between 
facial expressions and vibrotactile patterns. Results showed no 
significant difference in prefrontal oxygenated hemoglobin 
concentration between modalities (p = .640), supporting 
modality-independent emotion processing. However, haptic 
processing required significantly higher cognitive effort as 
measured by the NASA Task Load Index (NASA-TLX) Mental 
Demand subscale (p = .001, r = .57). Recognition rates were 
comparable (94.8% visual, 93.8% haptic). These findings 
suggest that haptic emotion communication systems are 
neurally viable but may require extended training to reduce 
cognitive demands. The results have implications for the 
development of assistive technologies that could enable blind 
and visually impaired individuals to access non-verbal 
emotional information through the tactile channel. 

Index Terms—haptic emotion communication; cross-modal 
processing; prefrontal cortex; cognitive load; assistive system. 

I. INTRODUCTION 
When people talk to each other, the spoken word is only 

a fraction of what is actually communicated. A raised 
eyebrow can signal skepticism, a fleeting smile can suggest 
agreement, an averted gaze can reveal disinterest [1]. This 
non-verbal communication, such as facial expressions, 
gestures, or eye contact, accounts for over 50% of emotional 
information exchange in conversations [1]. 

For the 2.2 billion people worldwide with visual 
impairments, including 36 million who are completely blind 
[2] [3], this visual dimension of human interaction remains 
systematically inaccessible. Without visual cues, affected 
individuals cannot recognize whether a statement is meant 
ironically, approvingly, or disapprovingly. Such information 
is typically derived from facial expressions and gestures [4], 
leaving them without a central source of information for 
understanding social situations. This situation is referred to 
as “conversational asymmetry,” an imbalance in which 
sighted conversation partners have access to all 
communication channels, while visually impaired 
individuals can only receive verbal and auditory information 
[5]. This asymmetry affects not only individual 

conversations but the fundamental ability to build trust and 
maintain social relationships [5]. 

Existing assistive technologies for visually impaired 
people, such as screen readers, speech synthesis, or acoustic 
signals, primarily rely on auditory output [6]. In social 
interactions, these solutions reach their limits: Auditory cues 
interrupt con-versations, occupy the already heavily used 
auditory channel, and are perceptible to outsiders, preventing 
discretion [6]. The tactile channel offers a promising 
alternative: It can be used in parallel with auditory 
communication and enables discrete information 
transmission during ongoing conversations [7]. 

Research has demonstrated that emotions can be 
communicated through touch [4]. Liu et al. [7] transferred 
this principle to technical systems. Their programmable 
vibrotactile inter-face is based on elastomer actuators that 
generate vibrations in the frequency range of 50-450 Hz and 
enable four-dimensional haptic stimulation (time, position, 
amplitude, frequency) [7]. Users achieved emotion 
recognition rates of 64.6% without prior training; after 
systematic learning training, this increased to 95.8% [7]. 
Although these results demonstrate the behavioral 
effectiveness of haptic emotion transmission, there has been 
no neurophysiological study to date that clarifies whether 
haptic stimuli evoke the same cortical activation patterns as 
visual emotional stimuli [8]. 

The behavioral successes of Hertenstein et al. [4] and Liu 
et al. [7] demonstrate that humans can recognize emotions 
through haptic stimuli. However, high recognition rates only 
show that emotional information arrives, not whether the 
brain processes this information in the same way as visual 
stimuli [7]. It remains unclear whether haptically transmitted 
emotions activate the same neural networks as visual stimuli. 
Research on cross-modal emotion processing suggests that 
the brain may process emotional information independently 
of the sensory input modality [9]. Klinge et al. [10] also 
showed increased amygdala activation in blind participants 
during emotional auditory stimuli. 

Even with comparable activation patterns, the question of 
cognitive costs arises. Cognitive Load Theory [11] postulates 
capacity-limited working memory resources; decoding 
unfamiliar stimulation modalities could require additional 
processing resources [12]. 
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Despite established evidence for behavioral effectiveness 
of haptic emotion transmission and cross-modal emotion 
processing, a direct neurophysiological comparison of visual 
and haptic emotion stimulation is lacking [8].  

Based on the identified research gap, this study addresses 
the following research question: Does emotional processing 
differ between haptic and visual modalities? 

This study has several limitations, including the 
restriction of fNIRS to cortical surface activity, the relatively 
small sample size, and potential additional cognitive 
demands introduced by the conditioning paradigm. 

The remainder of this paper is organized as follows. 
Section II reviews related work on haptic emotion 
communication, neural foundations of cross-modal 
processing, and functional Near-InfraRed Spectroscopy 
(fNIRS) in emotion research. Section III describes the 
methodology, including study design, stimuli, and 
measurement procedures. Section IV presents the results. 
Section V discusses the findings and their implications. 
Section VI concludes the paper and outlines future work. 

II. RELATED WORK 

This section reviews the theoretical and empirical 
foundations relevant to the present study. 

A. Haptic Emotion Communication 
Can humans understand emotions through touch alone? 

Hertenstein et al. [4] investigated this question in an 
experiment in which participants communicated eight 
different emotions exclusively through touching another 
person’s arm, without words, facial expressions, or eye 
contact. Recipients recognized emotions with remarkable 
accuracy: Anger was correctly identified in 78% of cases, 
fear in 75%, disgust in 68%, and happiness in 83% (chance 
level: 12.5%). The researchers identified characteristic touch 
patterns: Anger was conveyed through short, intense touches; 
sadness through slow, gentle contact; joy through rhythmic, 
dynamic movements [4].  

Liu et al. [7] transferred these findings to technical 
systems. Their flexible haptic interface uses elastomer 
actuators generating vibrations in the range of 50-450 Hz. In 
their study, users achieved emotion recognition rates of 
64.6% for six basic emotions without prior training. After a 
systematic learning program, this increased to 95.8%, 
evidence that the brain can learn to associate vibration 
patterns with emotional meanings [7]. 

B. Neural Foundations of Cross-Modal Emotion 
Processing 
For developing haptic emotion systems, it is crucial 

whether the brain can process emotions independently of the 
sensory channel. The meta-analysis by Lindquist et al. [9] 
provides important theoretical foundations: The absence of 
modality-specific emotion centers suggests that emotional 
information from different sensory channels could be 
processed in the same neural networks. 

Klinge et al. [10] provided direct experimental evidence 
for this adaptability in a functional magnetic resonance 

imaging (fMRI) study. fMRI is an imaging technique that 
visualizes brain activity through changes in blood 
oxygenation and offers high spatial resolution [13]. The 
researchers compared brain activity of 12 congenitally blind 
and 12 sighted participants while both groups listened to 
emotional voices (fearful, angry, neutral). The central 
finding: Blind participants showed significantly stronger 
amygdala activation for emotional compared to neutral 
voices. The amygdala is an almond-shaped structure in the 
temporal lobe that plays a key role in evaluating the 
emotional relevance of stimuli [14]. Particularly revealing 
was the finding that the strength of amygdala activation 
correlated with individual recognition performance (r = .54). 
These results demonstrate that the emotional brain, when 
lacking a sensory channel, increasingly uses the remaining 
channels for emotional processing [10]. 

Theoretically, cross-modal emotion processing can be 
explained by Embodied Cognition, according to which 
bodily experiences, including haptic perception, are closely 
linked to cognitive and emotional processes [15]. Multiple 
Resource Theory [12] also postulates that processing new or 
unfamiliar stimuli requires more cognitive resources than 
automated processes. 

C. fNIRS in Emotion Research 
Compared to fMRI, fNIRS offers crucial advantages for 

studies with haptic stimulation. Participants can move, the 
device is portable, and measurement occurs under 
naturalistic conditions without the constraints of an MRI 
scanner [16]. The prefrontal cortex is particularly accessible 
for fNIRS and shows reliable emotion-related activation 
patterns [17]. 

Sánchez-Reolid et al. [8] demonstrated the validity of 
fNIRS for emotion recognition in a recent study. The 
researchers presented participants with emotion-inducing 
images from the IAPS database and classified the evoked 
emotions (happiness, sadness, fear, anger) based on valence 
and arousal according to Russell’s Circumplex Model. With 
a 22-channel fNIRS setup over the prefrontal cortex and a 
Bagging-Trees algorithm, they achieved 64% classification 
accuracy. A value well above chance level that confirms the 
suitability of fNIRS for emotion research. While fNIRS has 
been successfully used to measure emotional responses to 
visual stimuli, a direct comparison with haptic emotion 
stimulation is lacking [8] [7]. 

Based on these findings, two hypotheses were 
formulated: 
H1: When haptic emotion stimuli are tested, the 

prefrontal cortex is activated equally as with visual emotion 
stimuli. 
H2: When haptic emotion stimuli are tested, the 

subjectively perceived cognitive load is higher than with 
visual emotion stimuli. 

III. METHODOLOGY 

This section describes the study design, stimuli used, 
measurement procedures, and experimental protocol. 
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A. Study Design and Sample 
The study uses a within-subject design with classical 

conditioning paradigm. In a learning phase, associations 
between visual emotion stimuli and emotion-specific 
vibration patterns were established. Subsequently, it was 
tested whether haptic stimuli without visual information 
evoke comparable cortical activation. N = 32 participants 
were recruited following standard inclusion criteria (age > 
18, normal or corrected-to-normal vision, no known 
neurological disorders). Participation was voluntary and 
conducted in accordance with institutional ethical guidelines, 
with informed consent obtained from all participants. 

B. Visual Stimuli 
Six emotion categories (happiness, sadness, fear, anger, 

disgust, neutral) from the FACES database were used [18]. 
The FACES database was chosen because it offers 
standardized, validated facial expressions with high 
recognition rates and is established in emotion research [18]. 
For each emotion, two images (one female, one male model) 
were presented alternately (Image1 → Image2 → Image1 → 
Image2), so that each emotion was shown four times. Using 
both genders increases the generalizability of results and 
controls for possible gender-specific differences in emotion 
perception. 

C. Haptic Stimulation System 
For haptic stimulation, a vibrotactile stimulation system 

was employed. The system consists of vibration motors 
attached to the fingers and wrist of the non-dominant hand. 
The non-dominant hand was chosen because it is less 
accustomed to fine motor tasks in everyday life, requiring 
increased conscious attention to tactile stimuli [19]. Each 
emotion was assigned to a specific finger, with assignment 
randomized, as emotional meaning is established through 
associative learning during the conditioning phase [14]. The 
haptic system was chosen because it enables discrete, non-
intrusive information trans-mission and does not occupy the 
auditory channel, which are essential requirements for 
assistive technologies for visually impaired people [6]. 

D. fNIRS Measurement 
Brain activity was measured using fNIRS. fNIRS is 

based on the principle that near-infrared light (760-850 nm 
wave-length) penetrates skull bone and brain tissue but is 
absorbed by hemoglobin. Active brain regions require more 
oxygen, causing blood to flow more strongly to these areas, 
changing the ratio of oxygenated (HbO) to deoxygenated 
hemoglobin (HbR). This change is measurable through light 
absorption [13]. 

For measurement, the Artinis Brite24 system with 27 
channels was used with a frontal headband over the 
prefrontal cortex. The optodes covered Fp1, Fp2, F3, F4, F7, 
F8 (10-20 system). The mean HbO concentration across all 
channels served as an indicator of prefrontal activity. fNIRS 
was preferred over fMRI because, as already mentioned, 
participants can move around, the device is portable, and 
measurements are taken under natural conditions without the 
restrictions of an MRI scanner, which is an essential 

prerequisite for studies involving haptic stimulation [16]. 
The sampling rate was 25 Hz. 

E. Assessment of Cognitive Load 
The NASA Task Load Index was used to assess 

cognitive load [20], capturing subjectively perceived 
workload across six dimensions, including mental demand 
and frustration. The NASA-TLX was chosen because haptic 
emotion recognition may require more cognitive resources 
than familiar visual processing [11]. Assessing cognitive 
load is crucial for evaluating the everyday practicality of 
assistive systems, as excessive demands would limit practical 
usability in daily life [6] [11]. 

F. Experimental Procedure 
Study duration was planned at 35 minutes per participant. 

The experimental protocol consisted of three consecutive 
phases. 

In the conditioning phase, participants learned the 
assignment between FACES images and vibration patterns. 
The experimenter explicitly named each emotion (e.g., “Now 
follows happiness”) to support conscious linking between 
visual and haptic stimulus. A memory check at the end of the 
phase ensured that all assignments were correctly learned, 
with error free reproduction of all six assignments as the 
criterion [21]. Stimuli followed standardized timing. In the 
visual phase, after a 10s baseline, each emotion was shown 
four times for 4s, separated by 5s pauses. In the haptic phase, 
a 10s baseline preceded vibrations of approximately 200 ms, 
also separated by 5s pauses. The baseline served as a resting-
state reference for all activations. 

After successful conditioning, the visual test phase 
followed. Participants viewed FACES images without 
accompanying vibration and verbally reported the perceived 
emotion after each block. Responses were not corrected to 
avoid influencing the data. Brain activity was continuously 
recorded via fNIRS, followed by completion of the NASA-
TLX to assess subjective cognitive load. 

The haptic test phase concluded the experiment. With 
eyes closed, participants received vibration stimuli only to 
assess whether conditioned associations allowed correct 
emotion identification via haptic stimulation alone. Verbal 
emotion reports followed each block during continuous 
fNIRS recording, and the NASA-TLX was administered 
again to compare cognitive load between conditions. 

IV. RESULTS 
This section presents the results in four subsections: 

sample description, fNIRS findings, emotion recognition 
rates, and subjective cognitive load. 

A. Sample 
Thirty-two participants took part in the study (16 female, 16 
male). Age ranged from 20 to 50 years (M = 26.38, SD = 
5.70). Thirty-one participants were right-handed, one person 
was left-handed. All participants had normal or corrected 
vision. Participation was voluntary and required written 
consent. 
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B. fNIRS Results 
fNIRS measures changes in the concentration of 

oxygenated hemoglobin in cortical blood vessels of 
superficial brain regions. An increase in HbO value indicates 
increased neural activity, as active brain areas are supplied 
with more oxygen-rich blood [16]. Values are given in 
micromoles per liter (µmol/L) and calculated relative to 
baseline (resting state). 

 The fNIRS data were processed using a Python script 
(version 3.9) with pandas, numpy, and scipy. Processing 
included artifact removal, event marker identification (S1 for 
visual, S2 for haptic phase), emotion block segmentation, 
and baseline correction using a 10-second rest period (250 
data points at 25 Hz). As a block design with multiple stimuli 
per emotion block was employed, the mean HbO across each 
block served as the dependent measure, capturing the 
cumulative hemodynamic response rather than individual 
stimulus-evoked responses. Statistical analysis focused on 
the prefrontal cortex (PFC), as fNIRS primarily captures 
cortical surface activity and the PFC plays a central role in 
cognitive-emotional processing [22]. To avoid pseudo-
replication, HbO values were first averaged across all 
prefrontal channels per emotion and condition then across 
the six emotions per participant, yielding one mean HbO 
value per condition and participant (N = 32 paired 
observations). The Shapiro-Wilk test revealed significant 
deviations from normal distribution for both conditions 
(visual: W = .722, p < .001; haptic: W = .463, p < .001); 
therefore, the nonparametric Wilcoxon signed-rank test was 
applied. Descriptive statistics are summarized in Table I. 

TABLE I. DESCRIPTIVE STATISTICS AND WILCOXON TEST FOR 
PREFRONTAL HBO CHANGES 

 

Note. N = number of participants (paired observations); M = mean; 
SD = standard deviation; Z = Wilcoxon signed-rank test statistic; 
p = significance value. Positive HbO values indicate an increase 
relative to baseline. 

 
The Wilcoxon signed-rank test revealed no statistically 

significant difference between visual and haptic stimulation 
in the prefrontal region (Z = −0.47, p = .640). Descriptively, 
haptic stimulation was associated with a mean increase in 
HbO of 5.93 µmol/L, whereas visual stimulation showed a 
slight decrease of −0.85 µmol/L. Emotion-specific results are 
presented in Table II. 

 
 
 
 
 
 
 

TABLE II. WILCOXON TESTS FOR VISUAL VS. HAPTIC PER EMOTION 
(PREFRONTAL REGION) 

 

Note. All tests two-tailed. Z = Wilcoxon sign ed-rank test statistic; 
p = significance value; r = effect size (r = Z/ N). 

 
Emotion-specific analyses revealed no significant 

differences between modalities (all p > .05). Small effect 
sizes were consistent with the absence of significant 
differences between modalities. In summary, the fNIRS 
results show that haptic emotional stimulation activates the 
prefrontal cortex at a level comparable to visual stimulation. 
The activation patterns do not differ significantly between 
the two modalities. 

C. Emotion Recognition 
Emotion recognition accuracy was captured through 

verbal responses after each emotion block. In the visual 
condition, 182 of 192 assignments were correct (94.8%). In 
the haptic condition, 180 of 192 were correct (93.8%), 
representing a difference of only 1.0 percentage points. 
Recognition rates are shown in Table III. 

TABLE III. EMOTION RECOGNITION RATES BY PHASE AND EMOTION 

 

The highest recognition rates were observed for Neutral 
(100% in both phases) and Happiness (100% visual, 96.9% 
haptic). These results confirm successful conditioning and 
reliable stimulus identification in both modalities. 

D. Subjective Cognitive Load (NASA-TLX) 
Subjective cognitive load was captured using the NASA-

TLX [20]. The NASA-TLX is a multidimensional instrument 
for assessing subjective workload and comprises six 
subscales: Mental Demand, Physical Demand, Temporal 
Demand, Performance, Effort, and Frustration. Subjective 
workload results are summarized in Table IV. 
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TABLE IV. NASA-TLX RESULTS: COMPARISON OF VISUAL AND 
HAPTIC STIMULATION 

 
TABLE IV. NASA-TLX RESULTS: COMPARISON OF VISUAL AND 

HAPTIC 
STIMULATION

 

Note. Wilcoxon signed-rank test for paired samples. M = mean; 
SD = standard deviation; Z = Wilcoxon signed-rank test statistic; p 
= significance value. 

 
The NASA-TLX total score showed no significant 

difference between conditions (Z = 1.81, p = .070). 
However, the Mental Demand subscale showed a highly 
significant difference (Z = 3.21, p = .001) with large 
effect size (r = .57) [23]. At the individual level, 24 of 
32 participants (75%) reported higher mental demand 
during haptic stimulation. 

These results show that processing haptic emotional 
stimuli is associated with significantly higher cognitive 
demand than processing visual stimuli. 

V. DISCUSSION 
Results support H1: No significant difference was found 

be-tween conditions (p = .640), indicating comparable 
prefrontal activation. Descriptively, haptic stimulation 
showed higher activation (M = 5.93 µmol/L) compared to 
visual stimulation (M = −0.85 µmol/L), though this did not 
reach significance due to high interindividual variability. H2 
was confirmed: The Mental Demand subscale showed a 
highly significant difference (p = .001, r = .57). The high 
recognition rates (94.8% visual, 93.8% haptic) confirm 
successful conditioning and demonstrate that haptic emotion 
communication can achieve nearly equivalent accuracy to 
visual recognition. 

The finding that prefrontal activation did not differ 
significantly has important theoretical implications. 
According to cognitive emotion regulation models [24], the 
prefrontal cortex evaluates emotional stimuli independently 
of sensory input modality. This aligns with cross-modal 
plasticity research [25]. The successful conditioning phase 
appears to have led to haptic stimuli activating similar 
prefrontal networks as visual stimuli, supporting modality-
independent emotional representations at higher cortical 
levels. The emotion-specific analysis reinforces this: no 
significant differences for any emotion category, suggesting 
a general pattern consistent with Embodied Cognition 
theories [15]. 

The significant difference in Mental Demand reveals an 
important distinction: While neural activation is 
comparable, cognitive effort differs considerably. Processing 
haptic stimuli requires identifying vibration patterns and 
retrieving learned associations, while visual emotion 
recognition occurs automatically [26]. Visual recognition is 
automated through lifelong experience. Humans recognize 

emotional expressions from early childhood [27], whereas 
haptic coding is learned only during a brief conditioning 
phase. This aligns with Multiple Resource Theory [12]. The 
specificity of the effect is noteworthy: While the NASA-
TLX total score did not differ significantly, the Mental 
Demand subscale showed a highly significant difference. 
This suggests that haptic processing selectively increases 
cognitive demand without affecting other aspects of 
workload, such as physical effort or frustration. One 
plausible explanation is that the haptic condition requires an 
additional layer of meaning-construction: participants must 
sustain a technically mediated representation and 
continuously map it onto socially learned emotional 
categories. Related work on technically mediated self-
representation indicates that changes in representational 
format can affect subjective presence and increase 
interpretive processing demands, even when task accuracy 
remains high [35]. 

These findings are directly relevant for haptic assistive 
systems for blind and visually impaired people. Neural 
equivalence suggests haptic systems could provide 
functionally similar emotional information access at the level 
of prefrontal cognitive-emotional evaluation. However, 
increased cognitive load could be problematic in real-world 
applications where resources may be limited [28]. The high 
recognition rates (93.8% haptic) and potential reducibility 
of cognitive load through extended training support 
practical viability. Our haptic recognition rates (93.8%) 
exceed previous studies (50-78%) [4] [29], likely due to the 
explicit conditioning paradigm enabling more reliable 
retrieval. The comparable prefrontal activation extends 
previous fNIRS emotion research [16] to cross-modal 
communication. 

Several limitations should be considered. fNIRS cannot 
capture deeper structures (amygdala, ACC, insula) central 
to emotion processing [30]; complementary fMRI studies 
would be necessary. Optode placement followed 
standardized landmarks, but anatomical correspondence may 
vary [31]. Findings from sighted participants may not 
generalize to blind individuals, who show different cortical 
organization [32] [33]; future studies should investigate 
whether they show increased efficiency in haptic processing. 
The FACES database excludes Surprise [34], and haptic 
patterns lacked empirical pre-validation [4] [29]. Manual 
stimulus triggering and fixed phase order prevent precise 
timing verification and counterbalancing. The increased 
prefrontal activation during haptic stimulation could reflect 
cognitive translation processes (retrieving learned 
associations) rather than emotion processing per se. A clear 
separation between emotional activation and cognitive 
demand is not possible with the present design. 
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VI. CONCLUSION AND FUTURE WORK 
This study provides fNIRS-based evidence for the 

assumption that conditioned haptic emotion stimulation 
activates the prefrontal cortex to the same extent as visual 
emotion stimulation. The absence of significant differences 
in prefrontal HbO concentration (p = .640) supports the 
hypothesis that emotion processing operates at a modality-
independent level after successful conditioning. 

However, haptic emotion processing requires 
significantly more cognitive effort, as demonstrated by the 
highly significant difference in NASA-TLX Mental Demand 
scores (p = .001, r = .57). This dissociation, characterized by 
comparable neural activation but increased cognitive load, 
has important implications for the design of assistive 
technologies. Haptic emotion communication systems appear 
to be neurally viable but may require structured training 
programs to achieve the level of automation typically 
associated with visual emotion recognition. 

Recognition rates were comparable between modalities 
(94.8% visual, 93.8% haptic), demonstrating that haptic 
emotion communication can achieve nearly equivalent 
accuracy to visual recognition after appropriate conditioning. 

Future research should extend this paradigm to blind and 
visually impaired populations to determine whether cross-
modal plasticity enhances haptic emotion processing 
efficiency in this target group. Additional research directions 
include longitudinal studies on training effects on cognitive 
load, automated stimulus presentation for better temporal 
precision, and integration with fMRI to capture subcortical 
activation patterns.  

Future work should also explore real-world applications 
and social use cases, such as supporting social interaction 
and everyday communication for visually impaired 
individuals. 
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Abstract—In shared spaces, Autonomous Mobile Robots (AMRs)
must efficiently reach their goals while remaining physically safe
and psychologically nonthreatening. Conventional Social Force
Model (SFM) control uses distance-based repulsion and can
underestimate future collision risk, which worsens the safety-
efficiency tradeoff at higher speeds. We propose a collision-
predictive SFM that weighs repulsion based on the anticipated
risk of collision at the closest approach, as determined by distance
and time. This is mapped through a braking-indicator probability.
Simulations compared random, crossing, and straight flows across
desired AMR speeds. The method kept close encounters low while
shortening completion time in the Straight flow.

Keywords-Autonomous mobile robot; Social force model; Colli-
sion predictive avoidance algorithm.

I. INTRODUCTION

In recent years, shared spaces, where pedestrians, bicyclists,
and other users share the same space, have been expanding
in urban areas [1][2]. These spaces have limited explicit
traffic controls, such as signals and lanes, and order is
maintained through mutual coordination among users, including
yielding, adjusting speed, and changing paths [3]. This paper
addresses the scenario of a single Autonomous Mobile Robot
(AMR) operating within an environment of numerous moving
pedestrians and performing tasks such as delivery and mobility
assistance.

Transportation by AMR is promising due to its convenience.
In this context, the AMR requires a navigation strategy that
ensures safety while reaching its destination as efficiently as
possible [2]. However, a trade-off is anticipated: increasing
safety often reduces efficiency metrics, such as travel speed
[2][4].

A key challenge when introducing AMRs into shared
spaces is achieving “predictable and non-threatening” behavior
within pedestrian groups [5][6]. Pedestrians avoid collisions by
interpreting the intentions of others through their gaze, body
orientation, and subtle changes in speed. If an AMR’s behavior
lacks human-like cues or consistency, however, it can trigger

unnecessary avoidance actions and anxiety, which can disrupt
the overall flow of the space [5].

The Social Force Model (SFM) is a well-known model that
describes crowd behavior [7][8]. It describes crowd flow and
avoidance by combining the driving force toward a destination
with repulsive forces from others and obstacles. Applying the
SFM to AMR movement could provide a unified approach
to handling avoidance actions within pedestrian groups [5][9].
However, SFM’s simple, distance-based avoidance is predicted
to inadequately reflect differences in future risk based on
congestion levels and crossing angles [10]. This makes the
trade-off between efficiency and safety more apparent.

Safety in shared spaces must be considered from two perspec-
tives: physical safety, which prevents collisions and excessive
proximity, and psychological safety, which mitigates feelings
of anxiety, surprise, and pressure experienced by pedestrians
[1][2][11]. The widely used traditional risk metric, Time To
Collision (TTC) [12], assumes one-dimensional movement. It
is difficult to apply to two-dimensional movement, such as
when an AMR’s trajectory intersects with a pedestrian group’s
movement. Furthermore, the potential disconnect between the
objective danger level and the subjective sense of safety is a
unique design challenge of shared spaces [1][11].

Therefore, this study focuses on a braking indicator [13]
that assigns a hazard level based on the probability that a
person will apply the brakes. This probability is derived from
the Distance of Closest Point Approach (DCPA) and the Time
of Closest Point Approach (TCPA). We propose a collision-
predictive avoidance algorithm that integrates this indicator into
SFM. The proposed method aims to reduce travel time while
avoiding sudden approaches to pedestrians. It accomplishes this
by adjusting the evasion amount (reaction force) based on the
“potential for future collision” rather than merely avoiding
proximity. Furthermore, the evaluation criteria include the
ripple effect on indirect groups of pedestrians (smoothing
flow/eliminating congestion), as well as pedestrians who are
directly interacting with the AMR. This allows for consideration

84Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                           94 / 145



of safety and efficiency from the perspective of the entire shared
space.

In Section 2, we describe the proposed method and the
simulation setting, including the AMR control strategies and
evaluation measures. In Section 3, we present the simulation
results under the different pedestrian flow conditions. Finally,
in Section 4, we discuss the implications of the findings, outline
the limitations of the study, and suggest directions for future
research.

II. METHOD

A. Overview

This study examines scenarios in which a single AMR enters
an environment with numerous pedestrians moving within
a shared space. The AMR traverses pedestrian flows while
navigating to its destination. The evaluation aims to verify
whether the proposed collision-predictive avoidance algorithm
can efficiently reach the destination while ensuring safety by
preventing excessive proximity to pedestrians. For comparison,
a baseline (distance-based avoidance) was established using
the SFM to describe the AMR’s motion. The performance
difference between the baseline and the proposed method was
then compared under various pedestrian flow types and AMR
desired speed conditions.

B. AMR Movement Control

Two control methods were set for the AMR:
• Baseline (SFM-based avoidance): The AMR performs

avoidance actions based on the SFM, using repulsive forces
proportional to its distance from pedestrians. The avoidance
intensity primarily depends on distance and does not directly
reflect differences in future collision risk.

• Proposed (collision-predictive avoidance): The proposed
method retains the SFM framework, but it also estimates the
potential for the AMR to make dangerously close approaches
to pedestrians in the future. It then adjusts the avoidance
intensity according to this risk level. The method uses the
distance to closest point of approach (DCPA) and time to
closest point of approach (TCPA) to estimate risk. These
are calculated from the relative motion between the AMR
and the pedestrian. These values are then input into a brake
indicator [13], which assigns a risk level as a “probability
of braking.” The AMR’s repulsive force is weighted by
this risk level, strengthening avoidance for high-risk targets
while mitigating it for low-risk ones. This enables avoidance
based on “potential future collision risk” rather than mere
proximity avoidance. The method simultaneously aims to
maintain safety and suppress reduced mobility efficiency.

C. Simulation Environment

The simulation space was defined as a 20-meter-by-20-meter
square field on a two-dimensional plane. Pedestrian agents
and one AMR agent were placed within this space. Each
agent moved from its starting point toward a destination (goal
area). The simulation progressed in discrete time, updating
acceleration, velocity, and position at each step. This study

defined 1,000 steps as one trial and performed 500 trials. The
final performance was calculated as the average of these trials.

D. Pedestrian Flow Scenarios

The SFM was used for the motion model of all pedestrians.
The SFM default value of 1.34 m/s was set for all pedestrians
to achieve the desired crowd speed. To reproduce typical
pedestrian flows in shared spaces, three types of pedestrian
flows were created by varying the placement of starting
and destination positions: Random, Crossing, and Straight.
“Random” represents mixed, multidirectional movement; “Cross-
ing” represents intersecting flows; and “Straight” represents
unidirectional, straight-line flow. These conditions include
scenarios with different avoidance patterns, such as intersecting,
overtaking, and oncoming traffic, enabling a cross-situational
evaluation of the effectiveness of the proposed method.

E. Experimental Factors

In this simulation, the AMR’s desired speed was the primary
operational factor. It was set in steps within the range of 0.5–2.0
m/s to examine how the trade-off between increased efficiency
from higher speeds and potential safety compromises could be
mitigated. For each pedestrian flow scenario, all combinations
of the AMR control method (baseline or proposed) and desired
speed were executed.

F. Dependent Measures

Performance evaluation was conducted along two axes: AMR
efficiency and safety.

• Efficiency: The completion time for the AMR to reach the
goal area from its starting point was calculated.

• Safety: Events in which the distance between the AMR and
a pedestrian fell below a certain threshold were defined as
proximity events. The total number of these events (i.e., close
encounters) was calculated (e.g., distance <0.1 m).

To examine the ripple effect of the AMR’s presence on
pedestrian crowd movement, pedestrians were classified into
two groups: those that directly interacted with the AMR and
those that did not. Direct interaction was defined as pedestrians
whose field of view included the AMR during the simulation
and who were included in the avoidance calculations. Similar
to the AMR, completion time and number of close encounters
were measured for both direct and indirect interaction groups.

III. RESULTS

Figures 1 to 3 illustrate the changes in (i) efficiency
(completion time) and (ii) safety (number of close encounters)
as the desired speed of the AMR is manipulated (0.5–2.0 m/s),
categorized by pedestrian flow scenario. The figure shows the
results for three groups—Mobility (AMR), Direct-interaction
Pedestrians, and Indirect-interaction Pedestrians—and com-
pares SFM (Baseline) with the collision predictive avoidance
algorithm (Proposed). Error bars indicate standard errors.
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Figure 1. Trade-off between efficiency and safety in random situation.

A. Random Condition

Figure 1 illustrates the results in the random situation.
Focusing on AMR under the random condition, SFM showed

an increase in the number of close encounters as the desired
speed increased. In contrast, the collision predictive avoidance
algorithm maintained a nearly constant number of close encoun-
ters regardless of changes in desired speed. Overall, however,
SFM had slightly shorter completion times. Under random
conditions, SFM exhibited a trade-off where “increased speed
→ shorter completion time” was accompanied by “increased
number of close encounters.” In contrast, the collision predictive
avoidance algorithm exhibited a more desirable pattern of
change: “shortening completion time without increasing the
number of close encounters.” Next, no clear difference in the
number of close encounters was observed for Direct-Interaction
Pedestrians based on desired speed or algorithm. Regarding
completion time, however, under conditions with relatively
high desired speeds (1.4 m/s or higher), the collision predictive
avoidance algorithm had shorter completion times than SFM.
For indirect-interaction pedestrians, no changes in the number
of close encounters or completion time were observed due to
differences in desired speed or algorithm.

B. Crossing Condition

Figure 2 illustrates the results in the crossing situation.
Mobility and pedestrian change patterns in the crossing

condition were similar to those in the random condition.
Specifically, SFM increased close encounters frequency with
rising desired speed, while the collision predictive avoidance
algorithm maintained a nearly constant close encounters
frequency. Completion time shortened with increasing desired
speed for both algorithms.

C. Straight Condition

Figure 3 illustrates the results in the straight situation.

The mobility change pattern in the straight condition was
similar to that in the random and crossing conditions. However,
different characteristics were observed in pedestrian movement
performance.

For direct-interaction pedestrians, the collision predictive
avoidance algorithm resulted in fewer close encounters than
SFM under conditions with high desired speeds. Similarly, com-
pletion times tended to be shorter for the collision predictive
avoidance algorithm. Furthermore, as with direct-interaction
pedestrians, the collision predictive avoidance algorithm si-
multaneously reduced the number of close encounters and
shortened completion times for indirect-interaction pedestrians.

IV. DISCUSSION

This study examined the effectiveness of a collision-
predictive avoidance algorithm that aims to balance safety and
efficiency in a shared space environment with a single AMR
and numerous moving pedestrians. A Baseline SFM performing
distance-based avoidance was set as a point of comparison.
Performance was evaluated by manipulating pedestrian flow
scenarios and the desired speed of the AMR. The results showed
that, under the Random, Crossing, and Straight conditions, the
Baseline exhibited a clear trade-off between improved efficiency
and reduced safety as the desired speed increased. In contrast,
the proposed method tended to shorten completion time while
maintaining a low number of close encounters. This supports
the possibility of improving speed without sacrificing safety.

This difference is thought to stem from the disparity in
the risk representation used for avoidance decision-making.
The baseline method performs avoidance based on repulsive
forces derived from distance (or instantaneous configuration).
Consequently, as speed increases, situations arise where the
heightened risk of future collisions is not sufficiently reflected
in the avoidance strength. This results in more approach events
at high speeds, making safety degradation more apparent. In
contrast, the proposed method uses a braking indicator based
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Figure 2. Trade-off between efficiency and safety in crossing situation.
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Figure 3. Trade-off between efficiency and safety in straight situation.

on DCPA/TCPA that adjusts the avoidance intensity according
to the anticipated danger level of the future closest approach.
This enables strong, early avoidance activation for “dangerous
crossings” at high speeds while preventing overreaction to
lower-risk targets. Therefore, it can be interpreted as achieving
improved efficiency while maintaining safety.

The pedestrian-side results suggest that the effectiveness of
the proposed method may extend beyond “the AMR’s own
safe operation.” Under random/crossing conditions, signifi-
cant differences were less apparent for indirect-interaction
pedestrians, with effects primarily manifesting locally where
AMRs interacted directly. This suggests that, in multidirectional,
intersecting flows, localized avoidance actions are less likely
to propagate order across the entire space. Thus, improve-
ments for AMRs are less reflected in the travel time of
indirectly interacting pedestrian groups. Conversely, under the
straight condition, the proposed method reduced the number

of approaches and shortened completion times for direct- and
indirect-interaction pedestrians. This result indicates that, in
situations with aligned flow directions, AMR behavior may
suppress localized disruptions, such as congestion or chains of
excessive avoidance, and propagate smoother flow throughout
the entire pedestrian stream more readily.

This study has several limitations. First, the results reported
here are from a homogeneous pedestrian group with specific
properties. Robustness under realistic conditions, including
variations among individuals (desired speed, reaction time, field
of view, etc.), requires separate investigation. Second, safety
metrics were defined based on the number of close encounters
below a threshold; thus, they did not directly evaluate the
“severity” of encounters or the abruptness of avoidance maneu-
vers (i.e., acceleration/jerk related to pedestrian discomfort).
Third, only one AMR was tested. In scenarios with multiple
AMRs, avoidance interactions could amplify nonlinearly. Future
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work should use multifaceted metrics to evaluate performance,
including approach distribution, avoidance smoothness, and
pedestrian subjective evaluations. This work should also extend
to multiple AMRs and real-world experiments.

As an important next step, real-world validation should
be conducted to examine whether the proposed method also
improves pedestrians’ sense of psychological safety. In addition
to field experiments in shared spaces, user studies could
assess subjective reactions such as perceived safety, comfort,
predictability, and threat while people interact with AMRs
using different avoidance strategies. Such evaluations would
help substantiate the claim that the proposed algorithm is not
only physically safe, but also psychologically nonthreatening.

V. CONCLUSIONS

In this paper, we proposed a collision-predictive avoidance
algorithm, showing promise in mitigating the safety-efficiency
trade-off that is typically observed in distance-based AMR
navigation in shared spaces. By incorporating anticipated
collision risk through DCPA/TCPA-based braking indicators,
the method reduced close encounters while maintaining or
improving travel efficiency across multiple pedestrian flow
conditions. The findings also suggest that its benefits may
extend beyond the AMR itself to surrounding pedestrians,
particularly in aligned flow environments. Although further
validation under more realistic and complex conditions is
necessary, the present results provide initial support for the
usefulness of collision-predictive avoidance as a framework for
achieving both physically safe and psychologically acceptable
AMR behavior in shared spaces.
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Abstract—Web browsing shapes how we work and connect, yet
it still relies heavily on the mouse and keyboard. For people with
physical disabilities or professionals in hands-busy environments,
this dependence makes accessing the web frustrating or impossible.
This study presents a solution, a VoiceNav system that allows
users to browse websites entirely using voice commands. The
goal is to make this system work automatically on any website,
bridging the gap by enabling users to browse and control websites
entirely through voice commands. By processing natural speech,
analyzing the underlying structure of web pages, and mapping
spoken instructions to precise actions, the system transforms
traditional navigation into a more intuitive and conversational
experience. A critical feature is its ability to resolve ambiguity.
When faced with multiple similar elements, such as two buttons
labeled “Upload,” the system asks the user to clarify their intent,
mirroring real-life communication and ensuring that interactions
remain accurate and dependable. In its current prototype, the
system focuses primarily on voice interaction and real-time
understanding of the page. Spoken requests are converted into
structured commands by a parser, while the page is broken down
through Document Object Model (DOM) analysis to identify
the most relevant interactive elements. This enables support for
common actions, such as opening websites, clicking buttons and
links, scrolling, navigating menus, and typing into fields, without
requiring any site-specific setup. Initial testing shows strong
performance on navigation-centric browsing, with an overall
success rate of around 80%, driven primarily by robust execution
of general navigation and clicking actions (e.g., opening links,
selecting buttons, and scrolling). The main weaknesses appear in
form-heavy scenarios, especially when entering emails or other
structured inputs, where transcription and formatting errors can
reduce precision. These results highlight both the practicality of
voice-first browsing today and the areas where more intelligent
input handling and stricter validation would further enhance
reliability. By demonstrating the capabilities of voice-based web
navigation, this project showcases how accessibility and modern
technology can collaborate to enhance everyday life. It offers
not just a practical tool, but also a glimpse of a future where
interacting with the web feels more natural, inclusive, and human.

Keywords-web browsing, voice-based, personalized, conversational,
hands-free

I. INTRODUCTION

Web browsing remains one of the most common digital
activities, yet interaction with websites still depends heavily on
the mouse and keyboard. This dependency limits the adoption of
more natural human–computer interaction and creates barriers
in hands-busy scenarios, where users cannot conveniently
switch between physical tasks and manual browser control.

These barriers are more severe for people with motor
impairments (e.g., limited hand mobility or conditions affecting

fine control), for individuals recovering from injuries, and for
older adults experiencing reduced mobility. While accessibility
standards, such as the Web Content Accessibility Guidelines
(WCAG) encourage inclusive design, many real-world websites
are still difficult to operate without conventional input devices,
leaving a gap between technical capability and practical
inclusion.

This study addresses that gap by presenting VoiceNav, a
browser-based system that enables users to navigate and operate
websites using natural voice commands, without requiring site-
specific customization. Users can issue direct instructions such
as opening a website, scrolling, clicking links or buttons, and
entering text into input fields, allowing common browsing tasks
to be completed hands-free. The system is designed to work on
arbitrary websites by analyzing the page structure and mapping
spoken intent to concrete browser actions.

A key challenge in voice-driven interaction is ambiguity:
a page may contain multiple similar interactive elements
(for example, two buttons labeled “Upload”). To maintain
reliable control, the system incorporates a clarification step
that prompts the user when multiple plausible targets exist,
mirroring how ambiguity is resolved in human conversation.
By combining speech recognition, intent parsing, DOM-based
element discovery, and action execution in a modular workflow,
the approach aims to make voice-first browsing more usable,
dependable, and scalable for accessibility and everyday hands-
busy use cases.

The general relevant background on this field is discussed
in Section II. The design of the VoiceNav system and the
evaluation methodology are presented in Section III. The
prototype of this system is narrated in Section IV. The
evaluation of the performance of the VoiceNav system is
articulated in Section V. The final remarks and the future
extension of this system are presented in Section VI.

II. BACKGROUND

Recent advances in web technologies and interaction
paradigms have significantly transformed how users access and
navigate online content. These developments have improved
inclusivity by enabling alternative interaction modalities that
reduce reliance on traditional input devices, such as keyboards,
mice, and touchscreens. Among these, hands-free, voice-driven
web browsing has emerged as a promising approach for
enhancing accessibility and usability, particularly for users with
motor impairments or in contexts where manual interaction is
impractical.
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Hands-free web browsing enables users to navigate websites,
retrieve information, and perform complex tasks using spoken
language. At its core, this interaction paradigm relies on
Automatic Speech Recognition (ASR) systems, which convert
spoken audio into textual representations by analyzing phonetic
patterns and linguistic structures [1]. While early ASR systems
were constrained by limited vocabularies and sensitivity to
noise and accents, modern deep learning–based approaches
have substantially improved robustness and accuracy across
diverse speakers and environments [2].

Once speech is transcribed, natural language processing
(NLP) techniques are employed to interpret user intent and
map spoken commands to executable browser actions. These
commands range from simple navigational requests (e.g., “scroll
down”) to complex multi-step instructions (e.g., “search for
running shoes under $100 and add the first result to the cart”).
NLP models analyze syntax, semantics, and contextual cues
to infer user goals and translate them into appropriate web
interactions [3]. This capability is central to enabling natural,
flexible voice-based browsing experiences.

Voice-driven browsing is closely related to the evolution of
voice assistants, such as Siri, Alexa, and Google Assistant,
but places a stronger emphasis on direct interaction with web
page elements, including forms, buttons, multimedia content,
and dynamically generated interfaces. This requires precise
grounding of language commands to the Document Object
Model (DOM) and continuous adaptation to changing web
states [4]. Human–Computer Interaction (HCI) research plays
a crucial role in shaping these systems by guiding interface
design, feedback mechanisms, and error-recovery strategies to
support natural and trustworthy interaction [4].

Key advantages of voice-driven browsing include greater
accessibility for users with motor disabilities, more natural and
hands-free interaction for multitasking scenarios (e.g., driving
or cooking), and enhanced usability for users with limited
literacy or language skills. Furthermore, real-time continuous
speech recognition enables always-on listening modes, reducing
the need for repeated activation phrases and providing smoother
user experiences.

Despite its advantages, hands-free browsing presents several
challenges. ASR systems must handle background noise,
accents, homophones, and disfluencies, while NLP compo-
nents must resolve ambiguous or underspecified commands.
Furthermore, dynamic and visually complex web layouts
complicate the mapping between language and actionable
elements, necessitating robust error detection and correction
mechanisms to maintain user confidence [3].

Recent progress in large language models (LLMs) has
significantly advanced voice-based web interaction by enabling
deeper contextual understanding, multi-step reasoning, and
iterative error correction. Frameworks, such as DexAssist
demonstrate how dual-LLM architectures can separate planning
and execution monitoring, leading to improved task success
rates in complex browsing scenarios [3]. Similarly, multimodal
approaches like WebVoyager incorporate visual perception to
interact with real-world websites more effectively [5]. These

developments represent a shift from rigid command-based
systems toward intelligent, adaptive web agents capable of
natural language interaction.

Understanding the evolution and technical foundations of
hands-free web browsing is essential for situating current
research within the broader fields of computer science and HCI.
This work builds upon advances in ASR, NLP, accessibility-
driven design, and LLM-based reasoning to contribute to the
development of inclusive, intelligent web interaction systems.

A. Speech Recognition and Natural Language Processing
At the foundational level, hands-free browsing relies heavily

on ASR and NLP technologies [1][2]. Speech recognition
serves as the primary input mechanism, converting acoustic
signals into digital text representations. This process involves
complex signal processing, phonetic modeling, and language
modeling components that must operate reliably across diverse
speakers, environments, and linguistic variations.

Modern speech recognition systems employ deep learning
architectures, including recurrent neural networks, transformer
models, and connectionist temporal classification (CTC) algo-
rithms to achieve robust performance [2]. The challenge extends
beyond simple transcription to include understanding speaker
intent, handling disfluencies, and adapting to domain-specific
vocabularies relevant to web browsing tasks.

NLP complements speech recognition by interpreting the
semantic content of transcribed utterances. NLP techniques
enable systems to parse complex instructions, resolve ambigui-
ties, and map user intentions to executable browser actions [3].
This semantic understanding is crucial for handling the varied
and often imprecise nature of spoken commands in real-world
browsing scenarios.

B. Human-Computer Interaction and Accessibility
The accessibility dimension is particularly significant, as

voice-driven browsing serves as an assistive technology for
users with motor disabilities, visual impairments, or other
conditions that limit traditional input methods. This positions
the research within the broader context of universal design and
inclusive technology development, aligning with established
accessibility standards and guidelines.

C. Speech Recognition Technologies
Speech recognition technology has evolved significantly

from early template-matching approaches to sophisticated deep
learning systems. Traditional ASR systems relied on hidden
Markov models and Gaussian mixture models, which required
extensive training data and performed poorly with speaker
variations [2].

Contemporary ASR systems employ end-to-end neural
architectures that can learn directly from raw audio to text
mappings. These systems demonstrate improved robustness
to noise, accents, and speaking styles, making them more
suitable for real-world browsing applications [1]. However,
challenges remain in handling domain-specific terminology,
proper nouns, and the informal language patterns common in
voice commands.
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Recent research has focused on accent-specific adaptation
techniques that improve recognition accuracy for diverse user
populations [2]. This work is particularly relevant for voice
browsing systems that must serve global user bases with varying
linguistic backgrounds.

III. SYSTEM ARCHITECTURE AND EVALUATION
METHODOLOGY

A. System Architecture

The proposed architecture for VoiceNav integrates both
voice and eye-based interaction to achieve a fully hands-free
web navigation experience. The system follows a modular,
service-oriented design where each module is responsible for a
specific functionality but communicates seamlessly with others
to ensure consistency, accuracy, and responsiveness.

At a high level, the system comprises six core components:
Voice Input, Speech Recognition, Eye Tracking, AI Processing,
Action Execution, and Browser Interface. Figure 1 illustrates
the overall structure and data flow.

Figure 1. High-level architecture of the VoiceNav system showing the
integration of voice

The voice input component captures the user’s voice com-
mands through the browser microphone interface. Using the
Web Speech API, it continuously listens and converts spoken
instructions into text. The system maintains a configurable
confidence threshold (set to 0.3) to minimize misrecognition,
automatically restarting recognition in noisy environments.

The AI processing module interprets both the text output
from speech recognition. It uses natural language processing to
determine user intent and to produce a specific action command.
The module includes the following subcomponents:
• Intent Parser: Interprets command semantics (e.g., navigate,

click, type).
• Context Resolver: Matches identified intent with elements

or cross-checked elements in the DOM.
• Fallback Mechanism: Handles cases when voice input is

unreliable, defaulting to the best available modality.
The action execution module receives the interpreted com-

mand and performs the corresponding operation directly on
the web page. It interacts with the DOM to execute actions,
such as clicking buttons, scrolling, typing input, or triggering
events.

The interface feedback module provides visual or auditory
feedback upon successful command recognition or action
execution. Examples include highlighting the element being
acted upon, confirming actions via voice response, or displaying
temporary overlays.

B. Evaluation Methodology

The evaluation methodology for the VoiceNav system was
designed to examine the effectiveness, robustness, and usability
of hands-free, voice-first web navigation in realistic interaction
scenarios. The methodology builds upon established evaluation
practices in voice-driven browsing, multimodal interaction, and
AI-powered web agents [3]–[5], emphasizing end-to-end task
performance rather than isolated component accuracy.

1) Experimental Design: VoiceNav was evaluated using
a task-based experimental design, in which the system was
required to complete predefined browsing tasks on real, publicly
accessible websites. This approach reflects common evaluation
strategies used in prior studies on voice-controlled browsing
systems and autonomous web agents [3][5], ensuring ecological
validity and relevance to real-world use cases. The evaluation
focused on voice-first interaction, meaning that all commands
were issued verbally without reliance on traditional input
devices, such as keyboards or mice. This constraint ensures that
observed performance accurately represents hands-free usage
conditions, which are central to the system’s accessibility and
HCI goals [4].

2) Task Selection and Websites: A set of representative
browsing tasks was selected to cover a broad range of
interaction types, including:
• Page navigation and scrolling
• Link and button selection
• Menu interaction
• Limited form interaction (e.g., entering text into input fields)
Tasks were executed across multiple websites with varying
structural complexity, including content-oriented pages and
form-heavy interfaces. This selection strategy allows perfor-
mance comparison across different web layouts and interaction
demands, a factor known to significantly influence voice-based
system accuracy [3].

91Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                         101 / 145



3) System Configuration: The VoiceNav system was de-
ployed as a Chrome browser extension, leveraging the Web
Speech API for speech recognition [1] and browser-level access
to the DOM for action execution. Default system parameters
were used throughout testing, including a fixed speech recog-
nition confidence threshold and standard language settings. No
user-specific calibration, adaptation, or personalization was
applied, ensuring consistency across trials and enabling fair
comparison across websites.

Speech input is processed in real time, and commands are
interpreted using the system’s AI processing module, which
maps transcribed text to browser actions. This configuration
mirrors the operational conditions of contemporary voice
browsing systems and allows direct comparison with existing
approaches described in the literature [3][4].

4) Evaluation Procedure: For each website, a sequence
of tasks was executed sequentially. A task was considered
successful if the system completed the intended action cor-
rectly without requiring repetition, clarification, or manual
intervention. Failed tasks included misinterpreted commands,
incorrect element selection, or incomplete execution.

To capture performance variability, task success rates were
calculated per website, rather than aggregated across all
tasks. This granular analysis enables identification of specific
interaction contexts where performance degrades, particularly
in scenarios involving structured data entry or complex page
layouts [2][3].

5) Performance Metrics: The primary evaluation metric
was task success rate, expressed as a percentage of correctly
executed commands. This metric is widely used in evaluating
voice-based and AI-driven web interaction systems, as it
directly reflects practical usability [3]–[5].

In addition to the overall success rate, qualitative observa-
tions were recorded during testing to identify recurring error
patterns, such as transcription errors, ambiguous command in-
terpretation, and failures in form validation. These observations
provide contextual insight into system limitations that are not
fully captured by quantitative metrics alone [4].

6) Methodological Limitations: The methodology inten-
tionally prioritizes system-level feasibility over large-scale
statistical validation. As such, the evaluation does not include
extensive user studies or long-term adaptation analysis. How-
ever, this approach is consistent with exploratory evaluations
of emerging multimodal interaction systems and early-stage
AI-assisted browsing frameworks [3]–[5].

Overall, this methodology provides a structured and realistic
assessment of VoiceNav’s current capabilities while clearly
identifying directions for future refinement, including improved
handling of structured input and enhanced error recovery
strategies enabled by large language models [3].

IV. PROTOTYPE

In this section, the first version of the VoiceNav user interface
is shown. These images (Figures 2, 3, 4, 5) give an idea
of how users will interact with VoiceNav. This product is
built as a Chrome extension. When loaded, the user sees the

main bar showing that the project is ready (Figure 2). In the
menu (Figure 3), users can switch languages (for example,
English or Italian), mute the microphone, and choose whether
the system is listening for commands. The green icon can be
moved around the screen so users can place it where it is
easiest to use. This makes the system flexible for everyone.

Figure 2. Extension loaded and ready to use (VoiceNav bar)

Figure 3. Menu interface lets users switch language and control the
microphone. Icon can be moved anywhere

Figure 4. Voice recognition is always listening for commands and gives a
quick response
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Figure 5. AI processes spoken commands and passes them as instructions to
the command parser

When voice recognition is active, VoiceNav listens for spoken
commands. A pop-up appears showing ”Voice recognition
activated – always listening!”, letting users know they can
speak and the system will react quickly (Figure 4). When the
user says a command like ”click products,” an AI processes
the instruction and shows a reminder that it is working on the
user’s request (Figure 5). The spoken command is translated
from speech to text, ensuring accuracy so actions match what
users want.

V. DISCUSSION | EVALUATION

Scenario: Users want a drop-in paragraph added to their
existing text that explicitly links the lower checkbox/radio
accuracy to form-control ambiguity and UI implementation
differences.

Initial testing shows strong performance on general nav-
igation and clicking tasks, with an overall success rate of
approximately 80% as illustrated in Figure 6. The figure
summarizes command execution accuracy across the evaluated
interaction categories and highlights the robustness of voice-
driven navigation in typical browsing scenarios. The main
weaknesses emerge in form-heavy interactions, particularly
when entering email addresses or other structured inputs, where
transcription and formatting errors reduce overall precision.
These results demonstrate both the current practicality of voice-
first browsing and the areas where smarter input handling and
tighter validation mechanisms would further improve reliability.

Across navigation-centric websites, VoiceNav demonstrated
consistent accuracy when executing commands, such as
scrolling, opening links, navigating menus, and selecting visible
interface elements, as reflected by the high success rates shown
in Figure 6. These findings are consistent with prior research
indicating that voice-driven interaction performs reliably when
commands can be directly mapped to discrete DOM elements.

Performance degradation was observed on websites that
require structured form input, particularly for email fields and
text fields that enforce strict validation rules. As shown in
Figure 6, these scenarios exhibit noticeably lower accuracy
compared to navigation tasks. In such cases, minor transcrip-
tion errors introduced by the speech recognition component
resulted in failed submissions or incorrect input. This limitation
reflects a broader challenge identified in voice-based interaction
systems, where free-form speech must be translated into highly
constrained input formats.

Form controls also contributed to reduced reliability, espe-
cially where the system had to resolve a spoken label to a

specific option within a group. Figure 6 shows lower success
rates for radio-button selection (60%) and checkbox selection
(40%) compared to navigation tasks, indicating that VoiceNav is
less accurate on state-based inputs than on discrete click targets.
This reduction is partly explained by ambiguity in user phrasing
(e.g., “enable/disable,” “tick/untick,” “the second option”),
closely named alternatives, and inconsistent DOM/accessibility
labeling on custom-styled inputs, all of which make correct
grounding and state toggling harder than activating a single
button or link.

Despite these limitations, the overall results indicate that
voice-first browsing is already viable for a wide range of
everyday web interactions. The contrast between high naviga-
tion accuracy and reduced performance on structured inputs,
visible in Figure 6, underscores the importance of integrating
intelligent input correction, validation-aware formatting, and
iterative error-recovery mechanisms capabilities increasingly
supported by large language model-based architectures.

VI. CONCLUSION AND FUTURE WORK

This study demonstrates that voice-based hands-free web
browsing is a practical and valuable step toward making
everyday web access more inclusive for users who cannot
reliably use a mouse and keyboard, as well as for hands-
busy situations. The proposed approach emphasizes a modular,
browser-native design in which continuous speech recognition,
natural-language command parsing, DOM-based element dis-
covery, and action execution operate as separate components
that work together to deliver end-to-end voice control on
arbitrary websites.

The main proposition supported by the prototype work
is that voice control can be implemented effectively using
standard browser technologies, provided the system includes
robust intent parsing and reliable grounding of commands to
page elements. This early voice-based system is evaluated
using 40 test cases, with 10 per category across a single
website. We also manually evaluated the system with 10
participants across mixed tasks, including tables, navigation,
duplicate controls, and pop-up scenarios. Early prototype results
indicate strong performance on common navigation operations
(e.g., opening pages, clicking links/buttons, scrolling), while
highlighting that form-heavy interactions and structured text
entry remain the most error-prone areas due to transcription
and formatting challenges. These findings suggest the system
is already suitable for basic browsing assistance, with clear,
well-scoped engineering work needed to improve reliability in
noisy environments and to strengthen text-entry mechanisms
(e.g., spelling modes, confirmation steps, and validation).

From a practical standpoint, the work implies that voice-first
browsing can reduce friction for accessibility use cases without
requiring site-specific configuration, which is critical for real-
world adoption across diverse websites. To be dependable in
daily use, the system must also prioritize user trust: clear
feedback, safe error recovery, and transparent confirmations
when actions are ambiguous are essential to prevent unintended
clicks or submissions. Future development should focus on
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Figure 6. VoiceNav DOM command execution accuracy across evaluated interaction categories

expanding the command set, improving robustness and latency,
and running structured user evaluations to quantify task success
rates and usability across a wider range of websites and
environmental conditions.
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Abstract—Spatial composition is a key factor in Virtual Reality
storytelling, as object arrangement directly influences how users
perceive meaning and emotion. However, converting text into 3D
layouts is difficult because systems typically prioritize geometric
rules over narrative context. Dynamic Diorama moves beyond
simple geometry by analyzing text for structural details and
emotional cues to shape the layout. Rather than just placing
objects randomly or by rigid rules, our pipeline aligns the
spatial relationships directly with the story’s mood. This ap-
proach is benchmarked against standard baselines across four
distinct narrative themes: happiness, fear, surprise, and sadness.
Participant feedback indicated that the Large Language Model
driven scenes offered significantly better narrative coherence
and emotional alignment compared to the random and heuristic
baselines. Eye-tracking data supported this finding, revealing that
semantically informed scenes reduced the time-to-first-fixation on
key narrative elements.

Keywords—narrative-driven scene generation; VR storytelling;
semantic layout reasoning; spatial placement.

I. INTRODUCTION

Stories in Virtual Reality (VR) are shaped as much by
spatial arrangement as by plot. Where an object sits, how char-
acters face each other, and which items occupy the foreground
all contribute to what users notice and how they feel. These
decisions are not merely authoring challenges, but perceptual
ones, as spatial decisions directly shape what users attend
to and how narratives are experienced. Unlike traditional
screen-based media, immersive Augmented Reality (AR) and
VR environments amplify the perceptual impact of spatial
decisions. Object placement, orientation, and proximity are
not merely compositional choices but directly influence users’
sense of presence, attention, and emotional engagement. Small
spatial inconsistencies may disrupt narrative flow or reduce
immersion, while subtle spatial cues can silently reinforce
tension, intimacy, or anticipation.

Creating spatial narratives remains labor-intensive, as de-
signers must constantly trade off physical plausibility, visual
clarity, and affective intent—factors that do not always align.
Many automated layout tools prioritize geometric or visibility
constraints, producing scenes that are technically coherent
but may fail to reflect the intended emotional cues of the
story [1][2]. Narrative text contains both explicit relations
(e.g., “the lamp sits on the table”) and implicit affective

cues, such as tension, intimacy, or distance, that can in-
form scene composition. Still, prior evaluations tend to em-
phasize per-object plausibility or geometry-focused metrics,
with comparatively less attention given to human perception
of narrative coherence in immersive environments. Recent
language-conditioned systems demonstrate that free-text can
guide object placement and reduce manual effort [3][4].

Advances in Artificial Intelligence (AI), particularly
language-based models, offer an opportunity to bridge this
gap between narrative intent and spatial realization. Narra-
tive descriptions often encode affective and relational cues
implicitly rather than explicitly, leaving room for interpretation
that exceeds the expressiveness of rule-based systems. In this
context, AI-driven reasoning is not introduced to maximize
automation, but to explore whether semantic and affect-aware
interpretations of narrative text can better support spatial
storytelling in immersive environments. To study this inter-
pretive space systematically, this study frames placement as
an experimental variable of narrative-driven scene generation.

We introduce a controlled VR testbed, Dynamic Diorama,
which exposes three placement paradigms (random baseline,
rule-based heuristic, and Large Language Model (LLM) in-
formed placement) and applies them to short vignettes de-
signed to evoke distinct emotions. The testbed combines
semantic parsing, heuristic validation, and placement ranking
to maintain physical plausibility while enabling systematic
comparisons across placement approaches. We investigated
how variations in placement strategy shape viewer perception,
attention, and spatial validity. This study addresses the follow-
ing research questions:

• RQ1: How do layouts produced by different object
placement strategies affect viewers’ perceived narrative
coherence and emotional alignment in VR scenes?

• RQ2: How do these layout strategies influence visual at-
tention patterns, as measured through gaze-based metrics,
during narrative scene exploration?

• RQ3: To what extent can layout strategies that incorpo-
rate higher-level semantic or affective reasoning improve
perceived narrative quality without increasing spatial inva-
lidity, such as collisions or physically implausible place-
ments?

95Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                         105 / 145



The contributions of this study are threefold: 1) a controlled
experimental testbed for narrative scene layout in VR, where
the object placement strategy is treated as an independent
experimental variable, 2) an experimental setup with three
random, heuristic, and LLM-based layout strategies designed
to enable systematic comparison of their effects on viewer
perception and attention and 3) an empirical VR study that
examines the effects of different layout strategies on narrative
coherence, emotional alignment, and visual attention using
self-report and gaze-based measures.

The remainder of this paper is organized as follows: Section
II reviews related work on text-to-scene generation. Section
III details the Dynamic Diorama framework and placement
strategies. Section IV describes the experimental design and
methodology. Section V presents the quantitative and qual-
itative results. Finally, Section VI concludes the study and
outlines future directions.

II. RELATED WORK

A. Object Placement in Text-to-Scene Systems

Early attempts to generate scenes from text relied heavily
on hand-crafted grammars and domain-specific rules, which
proved brittle when applied to open-ended or creative narra-
tives [2]. Recent work has shifted toward transformer-based
language models, which are better suited to handling am-
biguity and implicit structure. LLMs have been shown to
extract elements, such as scene boundaries, characters, and
relationships directly from unstructured natural language [5].
Systems like PlaceIt3D [3] and SceneTeller [4] illustrate how
natural language can be used to guide 3D layout generation
and reduce the need for manual scene construction.

In VR and Mixed Reality (MR) applications, object place-
ment is typically constrained by geometric and semantic con-
siderations. Common practices include managing occlusion,
optimizing visibility, and respecting surface affordance, such
as ensuring that objects are placed on appropriate supports
rather than floating in space [1][3]. Work on AR label place-
ment and occlusion-aware heuristics highlights the limits of
geometry-first optimization when communicative or narrative
goals are considered [6][7][8]. Scene-graph representations
further formalize spatial relationships by linking object cat-
egories to likely locations and neighboring elements, demon-
strating how semantic information supports functional place-
ment [9]. These methods are effective at producing physically
consistent environments.

Still, many of these approaches focus on identifying what
should appear in a scene, paying less attention to how the
emotional tone of a narrative should influence spatial compo-
sition. However, physical correctness alone does not guarantee
that a scene supports a narrative. In many cases, layouts that
are spatially sound fail to convey the emotional tension or
intimacy implied by a story, resulting in environments that
feel correct but emotionally unengaging [6].

B. Learning-Based Object Placement

Learning-based object placement models address some of
the limitations of rule-driven systems by inferring spatial
patterns from large collections of scenes [10]. This allows
them to capture contextual relationships that are difficult
to express through explicit heuristics. At the same time,
unconstrained learning-based outputs can introduce practical
issues, including object collisions or violations of physical
affordance. Hybrid approaches attempt to balance these trade-
offs by combining learned or language-derived proposals with
rule-based validation mechanisms [11]. Such combinations are
especially relevant in storytelling contexts, where a degree of
spatial flexibility is needed, but basic physical coherence must
still be preserved [12].

C. Interactive Layout Tools

Another line of work extends language-conditioned place-
ment through open-vocabulary mappings, allowing free-form
textual descriptions to be associated with 3D assets beyond
fixed label sets [13]. This capability is particularly important
for narrative scenes, where descriptions are often abstract
or metaphorical. Interactive, chat-driven layout tools further
point toward more fluid human–model workflows by enabling
authors to iteratively refine layouts through dialogue rather
than low-level parameter tuning, as demonstrated by systems,
such as Chat2Layout [12]. Despite these advances, evaluating
whether a generated scene actually aligns with an author’s
intent remains difficult. As a result, assessment often depends
on a combination of automated measures and user-centered
evaluation.

D. Emotion-Aware Spatial Design

Emotion-aware techniques are widely used in VR to drive
reactive elements, such as lighting, sound, or avatar behavior
[14]. Their influence on the spatial arrangement of objects,
however, has received comparatively less attention. Frame-
works like UniEmoX [15] suggest ways to model emotion per-
ception in a general form, but there is still limited empirical ev-
idence on how emotion-driven spatial composition affects user
experience in immersive environments. This gap motivates our
study that compares different placement strategies—ranging
from random and heuristic methods to language-guided ap-
proaches—under controlled emotional narratives.

While existing text-to-scene systems primarily focus on
geometric plausibility, our Dynamic Diorama framework in-
troduces a novel approach by treating spatial placement as an
experimental variable driven by affective cues. This explicitly
bridges the gap between semantic LLM reasoning and emo-
tional narrative alignment in VR.

III. DYNAMIC DIORAMA FRAMEWORK

A. Framework Overview

In this study, we propose Dynamic Diorama as a research
platform that supports systematic observation of how different
object placement strategies influence narrative experience in
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VR. This framework emphasizes comparability across con-
ditions by using the same stories, assets, and physical con-
straints. This keeps the focus on placement behavior rather
than content differences.

Figure 1 illustrates the high-level workflow of the Dynamic
Diorama framework. In this workflow, the narrative text is first
organized into scene-level representations that guide object
placement. The resulting layouts are validated for spatial
plausibility before being rendered as a VR story.

Scene 
Structuring Narrative 

Corpus

Object
Placement 

Spatial
Validation

VR Story
Play

Figure 1. High-level workflow of the Dynamic Diorama framework.

B. Narrative Stimuli and Visual Scope

Four narratives were prepared to be used across all ex-
periments to avoid variation. Each narrative was written to
convey a single dominant emotion (happy, fearful, surprised,
or sad). Narrative length ranged from approximately 60 to 100
words. To support temporal progression, each story is divided
into five sequential scenes. Scene boundaries are derived
using an LLM that produces a structured representation of
narrative flow. Rather than generating geometry directly, this
representation is later interpreted by the Unity runtime to
drive scene transitions and placement logic. This step enables
consistent story structure across placement strategies while
keeping narrative content fixed.

All scenes are composed of a fixed pool of 30 3D assets.
This collection comprises a diverse set of low-poly models,
including environmental elements (e.g., furniture, foliage),
human characters, and animals. These assets were selected
for their narrative versatility, allowing the same objects to be
recontextualized across different emotional scenarios (e.g., a
dog functioning as a companion in a ‘Happy’ scene or a threat
in a ‘Fear’ scene). The asset pool size was limited by hardware
performance, development effort, and the requirements of
standalone VR deployment. No placement approach is given
access to additional assets or visual effects. Assets were reused
across scenes, with differences arising only from their spatial
arrangement, orientation, and relationships. Keeping the asset
set fixed reduces the influence of visual richness and keeps
spatial composition as the main experimental variable.

C. Scene Structuring

A narrative, N , can be represented as the following ordered
sequence of scenes

N = {s1, s2, . . . st . . . sT }, (1)

where each scene st corresponds to a distinct segment of the
story. For a given scene, the system operates over a fixed asset

pool A, consisting of arbitrary assets (ak) and is identical
across all experimental conditions, as follows:

A = {a1, a2, . . . ak . . . aK}, (2)

The outcome of scene composition is a spatial layout

Lt = {(ai,pi, θi) | ai ∈ At ⊆ A}, (3)

where pi ∈ R3 denotes the 3D position vector of asset ai,
and θi ∈ [0, 2π) represents its orientation around the vertical
axis. Differences between placement approaches arise from
how these layouts are produced.

The placement process is defined as mapping a scene
description and asset pool to a spatial layout:

f : (st, A)→ Lt, (4)

In this study, all placement approaches implement the same
mapping interface f , but differ in the information used to
guide it as: random placement ignores narrative semantics,
heuristic-based placement relies on predefined spatial rules,
and the LLM placement incorporates narrative and affective
cues extracted from the text.

D. Object Placement

Three placement approaches are implemented within the
same framework, each operating on identical narrative input
and spatial limits but differing in how placement decisions are
produced.

1) Constrained Random Placement: The random baseline
is intentionally simple, while still enforcing spatial constraints.
Object locations are generated without regard to narrative
meaning or emotional tone. Basic checks are applied to avoid
collisions and invalid placements. This ensures that scenes
remain navigable and visually acceptable, despite lacking
semantic or emotion-aware structure. This condition serves as
a baseline reference for evaluation. The underlying logic for
this approach is detailed in Figure 2.

Algorithm 1 Random Placement Strategy

Require: Asset pool A, valid spatial regions R
Ensure: Scene layout L

1: for each asset a ∈ A do
2: Random position p ∼ R
3: Random orientation θ ∼ [0, 2π)
4: Add (a, p, θ) to L
5: end for
6: return L

Figure 2. Pseudo-code for the random placement strategy.

2) Heuristic-based Placement: In the heuristic condition,
object placement follows a fixed set of designer-defined rules
specified in a JSON configuration file. These rules determine
which assets may appear in each scene and constrain their
allowable regions, orientations, and basic spatial relationships.
The rules reflect common assumptions about plausible object
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arrangements but are not sensitive to narrative emotion. As a
result, the layouts are consistent and easy to interpret, but they
do not change in response to the emotional tone of the story.
This limitation is clearly illustrated in Figure 5, where the
heuristic agent correctly orients towards the target but fails to
exhibit the bodily expression required for the ‘Surprised’ emo-
tion. In practice, the heuristics are implemented through spatial
constraints, such as raycast-based surface checks, predefined
anchor regions, and simple orientation rules. The execution
flow of these rules is outlined in Figure 3.

Algorithm 2 Heuristic-Based Placement Strategy

Require: Asset pool A, rule set H
Ensure: Scene layout L

1: for each asset a ∈ A do
2: Retrieve rule h ∈ H corresponding to asset type of a
3: Determine position p← hpos(a)
4: Determine orientation θ ← hori(a)
5: Add (a, p, θ) to L
6: end for
7: return L

Figure 3. Pseudo-code for the heuristic-based placement strategy.

3) LLM-Informed Placement: In the LLM-informed con-
dition, the narrative text is interpreted by Google’s Gemini 3
Pro model. We selected this model for its advanced reasoning
capabilities in spatial context understanding and multimodal
processing [16]. The model was accessed via API with a
temperature setting of 0.7 to balance structural adherence with
creative interpretation. It produces a structured description
used by the Unity pipeline. This description encodes relational
cues, such as relative distance, spatial priority, and orien-
tation (e.g., near a window, facing the viewer), which are
then translated into concrete 3D placements by the engine.
Unlike the other placement approaches, this condition allows
cues from the narrative to influence spatial decisions. These
cues can affect object proximity, character orientation, facial
expressions, and gaze direction, including how elements are
oriented relative to the viewer. To maintain a clear separation
between conditions, affect-driven adjustments are applied only
in the LLM-informed placement strategy. For example, the
structural adjustments made to visually emphasize the antag-
onist in the ‘Fear’ scenario are demonstrated in Figure 6. The
LLM pipeline relies on a zero-shot prompting strategy where
the scene boundaries and object relations are parsed into json
objects. These objects dictate the exact spatial parameters (e.g.,
proxemics, gaze vectors) before the Unity engine renders the
final layout. The integration of this semantic parsing into the
pipeline is summarized in Figure 4.

E. Spatial Validation

All scenes undergo the same validation checks before ren-
dering, regardless of placement strategy. These checks include
collision detection, surface support verification, and spacing
constraints. Applying the same validation across conditions

Algorithm 3 LLM-Informed Placement Strategy

Require: Narrative text N , asset pool A
Ensure: Relational placement specification R

1: Extract spatial relations S ← Analyze(N)
2: for each relation r ∈ S do
3: Infer spatial parameters (distance, orientation,

salience) for r
4: Associate parameters with relevant assets in A
5: end for
6: return R

Figure 4. Pseudo-code for the LLM-Informed placement strategy.

prevents physically implausible layouts while still allowing
differences in spatial composition. Validation is implemented
using Unity’s PhysX engine through collider intersection
checks and surface support tests.

IV. EVALUATION

A. Hardware and Software

The study was conducted using the HTC Vive Focus Vision
headset. All scenes were rendered in real time using Unity
6, and the same application build was used across all ex-
periments. Audio was delivered through the headset’s built-in
speakers.

Interaction was limited to natural head movement, keeping
attention on the narrative and the surrounding scene rather
than on controls. All sessions were conducted in the same
physical environment, with room layout, ambient lighting,
and verbal instructions kept consistent to minimize external
variation. To capture granular attention metrics, we leveraged
the HTC Vive Focus Vision’s built-in eye-tracking capabilities
via the OpenXR interface. Gaze origin and direction vectors
were accessed in real-time, synchronized with the application’s
update loop. We implemented a custom raycasting system that
continuously mapped these vectors to the 3D scene geometry,
allowing the system to log specific object fixations, gaze
duration, and scan paths with high precision throughout the
narrative experience [17].

B. Experimental Design

Participants joined the experiment voluntarily and were
recruited informally. No specific experience with VR, games,
or interactive storytelling was required. Each participant com-
pleted a single session in which the same narrative was
presented three times under different scene configurations. The
narrative text, asset pool, and runtime constraints remained
unchanged, so differences between scene versions were limited
to object placement and spatial relationships. Scene config-
urations were labeled neutrally (Scene A, B, and C), and
participants were not informed of the underlying placement
strategies to avoid expectation bias. The order of the three
scene versions was random between participants to reduce
sequence effects.
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(a) Random-Based (b) Heuristic-Based (c) LLM-Based

Figure 5. ‘Surprised’ scenario (Diorama 1). (a) Random-Based: Character
gazes at an arbitrary point, lacking context. (b) Heuristic-Based: Character
correctly looks at the target (bird) based on rules, but the body orientation
fails to convey the emotional state to the viewer. (c) LLM-Based: Character
maintains gaze on the target while orienting the body towards the camera, ef-
fectively displaying the ‘Surprised’ emotion and maximizing user immersion.

(a) Random-Based (b) Heuristic-Based (c) LLM-Based

Figure 6. ‘Fear’ scenario (Diorama 2). (a) Random-Based: Character gazes
aimlessly into the dark forest, failing to acknowledge the nearby antagonist.
(b) Heuristic-Based: Character adheres to the gaze rule by facing the target
coordinates, but the composition fails due to occlusion, leaving the antagonist
visually obstructed by a tree. (c) LLM-Based: The scene is semantically
restructured to reveal the antagonist clearly, while the character’s body
orientation and gaze align to vividly portray the ‘Fear’ state to the viewer.

(a) Random-Based (b) Heuristic-Based (c) LLM-Based

Figure 7. ‘Sadness’ scenario (Diorama 3). (a) Random-Based: Character
stands in the background facing away from the focal point (photograph),
completely missing the narrative beat. (b) Heuristic-Based: Character satisfies
the gaze constraint by facing the target, but the substantial distance and rigid
posture fail to evoke the intended intimate atmosphere. (c) LLM-Based:
The agent demonstrates semantic understanding of proxemics by positioning
the character intimately close to the memento and adjusting the head tilt
downward, effectively embodying the emotion of mourning through non-
verbal cues.

(a) Random-Based (b) Heuristic-Based (c) LLM-Based

Figure 8. ‘Happiness’ scenario (Diorama 4). (a) Random-Based: Spatial
layout is disjointed; the secondary character (dog) is obscured by foliage
in the background, severing the narrative link. (b) Heuristic-Based: The
agent aligns orientation to the target, but the excessive physical distance
results in a detached observation rather than a shared emotional experience.
(c) LLM-Based: The model interprets ‘Happiness’ as active companionship,
significantly reducing the spatial distance to foster a sense of intimacy and
interaction between the character and the animal.

Each session began with a brief verbal introduction. Par-
ticipants were informed that they would experience a VR-
based story and later answer questions about their impressions
and observations. Each participant was assigned one of four
narratives, each centered on a single dominant emotional
tone. The selected story was presented three times, once for

each scene configuration, with short pauses between viewings
to allow participants to rest without disrupting the overall
narrative context.

After each scene viewing, participants completed a short
questionnaire assessing narrative coherence, emotional align-
ment, and presence for the scene they had just experienced.
Narrative coherence was evaluated through questions focusing
on the relationship between object placement and story under-
standing, specifically how logical the arrangement of objects
felt within the context of the story and whether placement
helped direct attention to important elements. Presence was
assessed by asking participants whether they felt physically
present in the environment, became engrossed in the virtual
world, and felt like part of the story rather than an exter-
nal observer. Emotional alignment was measured by asking
participants to identify the dominant emotion they felt in the
scene and to rate how strongly that emotion was conveyed.
After all three scene versions had been viewed, participants
completed an additional comparative questionnaire. These
questions asked participants to directly select which scene
best conveyed the story’s emotion, supported narrative under-
standing, guided visual attention most naturally, elicited the
strongest sense of immersion, and which version they would
choose to show to another person.

C. Measures and Data Collection

A total of 20 participants (16 male, 4 female) ranging in
age from 21 to 45 participated in the study. The cohort pos-
sessed diverse educational backgrounds, predominantly hold-
ing or pursuing undergraduate (50%) and graduate (45%) de-
grees. The majority of the participants (90%) reported having
beginner-level experience with VR technologies, while 10%
possessed intermediate familiarity. Participant background in-
formation also included field of study (e.g., Computer En-
gineering, Electronics) to represent a wider range of user
perspectives.

Responses were collected using a combination of short-
answer prompts and 7-point Likert-scale ratings. For con-
structs measured using multiple Likert-scale items, responses
were averaged to form composite scores for analysis.

V. RESULTS

A. Results on Narrative Perception

To address RQ1, we examined how different object place-
ment strategies influenced participants’ perceptions of narra-
tive coherence, emotional alignment, and presence. A one-way
Analysis of Variance (ANOVA) was conducted to evaluate
the statistical significance of the perception scores. As shown
in Table I, the LLM-based placement strategy consistently
received higher ratings in semantic categories. It achieved sig-
nificantly higher perceived narrative coherence (µ = 5.7, σ =
0.9) and stronger emotional alignment (µ = 5.4, σ = 0.9)
compared to the heuristic-based and random conditions (p <
0.001).

Interestingly, the sense of presence was comparable be-
tween the Heuristic (µ = 5.1, σ = 0.8) and LLM-based
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(µ = 5.0, σ = 0.8) conditions (p > 0.05). This suggests
that while rule-based layouts can achieve physical plausibility,
semantic reasoning is essential for conveying the narrative’s
emotional context and improving the storytelling capability of
the scene.

TABLE I
PERCEPTION SCORES ACROSS PLACEMENT APPROACHES (N=20).

Metric Random Heuristic LLM-based
Narrative Coherence 3.0 ± 1.7 5.1 ± 1.3 5.7 ± 0.9
Emotional Alignment 3.2 ± 1.5 4.4 ± 1.3 5.4 ± 0.9
Sense of Presence 4.4 ± 1.1 5.1 ± 0.8 5.0 ± 0.8

B. Results on Visual Attention
To address RQ2, we examined how object placement strate-

gies influenced visual attention during scene viewing. As
shown in Table II, layouts generated using the LLM-informed
strategy consistently guided attention more effectively than
the other conditions. Participants oriented to relevant objects
more quickly in the LLM-based scenes. This is reflected in a
significantly shorter Time to First Fixation (µ = 2.1 s, σ = 0.7)
compared to the heuristic-based (µ = 3.6 s, σ = 1.0) and
random layouts (µ = 4.8 s, σ = 1.2). Once fixated, participants
also spent more time attending to key story elements in
the LLM-informed condition, exhibiting longer Dwell Times
(µ = 5.4 s) than in the other two conditions.

TABLE II
GAZE-BASED ATTENTION RESULTS ACROSS PLACEMENT APPROACHES.

Metric Random Heuristic LLM-based
Time to First Fixation (s) 4.8 ± 1.2 3.6 ± 1.0 2.1 ± 0.7
Dwell Time (s) 2.3 ± 0.9 3.1 ± 1.1 5.4 ± 1.3

The differences in both Time to First Fixation and Dwell
Time across the three conditions were found to be statistically
significant (p < 0.01) using a one-way ANOVA.

C. Results on Physical Plausibility
We analyzed the physical plausibility metrics summarized

in Table III. The Random baseline exhibited the highest
instability, with an 11.2% initial collision rate and 7 visible
artifacts in the final scenes, demonstrating the necessity of
constraints. The Heuristic approach remained the most stable
(2.1% collision) due to rigid rules.

The LLM-based strategy showed a moderate initial collision
rate (3.8%), primarily driven by the model’s semantic attempts
to create intimate object proximity. However, the Spatial Vali-
dation layer effectively mitigated these risks. Consequently, the
LLM-based approach achieved a highly plausible final result
with minimal artifacts (2 instances), significantly outperform-
ing the Random baseline and approaching the stability of hand-
crafted heuristics.

Since the physical plausibility metrics primarily consist of
frequency counts, a Chi-square test was utilized, confirming
that the reduction in invalid placements compared to the
random baseline was statistically significant (p < 0.05).

TABLE III
PHYSICAL VALIDITY AND SYSTEM PERFORMANCE METRICS.

Metric Random Heuristic LLM-based
Initial Collision Rate (%) 11.2 2.1 3.8
Validation Rejection Rate (%) 14.5 1.5 2.4
Avg. Generation Retries 1.8 0.2 0.8
Final Invalid Placements (Count) 7 1 2
*Refers to minor artifacts visible across all 20 experimental sessions.

D. Qualitative Results

Participants were asked to select the diorama version they
felt best represented the story. As summarized in Table IV, the
majority of participants (60%) explicitly preferred the LLM-
based layouts. Qualitative feedback indicated that users found
these scenes “more alive” and “narratively accurate,” particu-
larly praising the meaningful interactions between characters,
such as the intimate proximity to the dog in the ‘Happiness’
scenario in Figure 8 or the mourning posture in the ‘Sadness’
scenario in Figure 7.

The Heuristic approach was preferred by 35% of users,
primarily for its “clean and organized” structure, though some
described it as “emotionally distant.” The Random baseline
was largely rejected (5%), with participants citing that the
chaotic placement often “broke the immersion” and made the
story difficult to follow. These preference rates align with
the quantitative gains in coherence and emotional alignment
reported in RQ1, confirming that users prioritize semantic
depth over simple geometric order.

TABLE IV
USER PREFERENCES ACROSS PLACEMENT APPROACHES (N=20).

Preferred Scene Version Percentage (%)
Random 5.0
Heuristic 35.0
LLM-based 60.0

In summary, the qualitative feedback and user preferences
strongly corroborate the quantitative gaze and perception met-
rics, confirming that semantic layout reasoning significantly
enhances the immersive storytelling experience.

VI. CONCLUSION AND FUTURE WORK

This study presented a framework that reimagines spatial
layout not merely as a geometric puzzle, but as a narrative
medium. By incorporating LLMs into the VR pipeline, we
explored how spatial composition can move beyond static rules
to reflect emotional context—translating abstract sentiments
like “happiness” or “fear” into concrete proximity and orien-
tation adjustments.

Our evaluation suggests that semantically informed lay-
outs offer a tangible advantage in narrative coherence and
emotional alignment over traditional baselines. Although the
generative approach introduced high initial collision rates due
to its ambitious placement strategies, our findings confirm
that a validation layer can effectively mitigate these risks,
balancing semantic expressiveness with physical plausibility.
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For future work, we plan to integrate procedural mesh
deformation and inverse kinematics to resolve physical con-
flicts dynamically, ensuring that intimate character interactions
remain both semantically powerful and geometrically seamless
without relying on expensive regeneration cycles. The evalua-
tions will involve a larger and more diverse participant sample
to further validate these findings.
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Abstract—Navigating unfamiliar and complex indoor envi-
ronments independently is challenging for People with visual
Impairments (PVI). As a result, PVI rely on a variety of Assistive
Technologies (AT) to preplan and execute their journeys indoors.
Among these AT are the emerging Conversation Interaction
(COI) systems that leverage Large Language Models (LLMs)
to deliver engaging experiences. Specifically, for indoor location
assistance, there is an increasing focus on the remote exploration
of Points of Interest (POIs), such as shopping malls, before
planning a visit. However, there are few studies on the use of
COI systems for indoor wayfinding and related aspects, such as
route rehearsals—a process of learning the required sequence
of actions from one location to another. Consequently, it is not
clear what kind of spatial information PVI would expect from
conversational interaction agents, how they would use these aids,
and the challenges that might arise from their use. To explore the
potential of conversational interaction as a modality for indoor
wayfinding assistance for PVI, we developed ‘GeoChatre,” an
interactive mobile COI app that enables contextual learning of
unfamiliar indoor routes. Our study reveals the specific types of
spatial information that PVI expect from conversational agents
for indoor wayfinding, including step-based distance estimates,
directional guidance, landmarks, obstacle awareness, and shows
that contextual, progressive disclosure of information supports
route recall. Additionally, our results show that voice-based
interactions in shared indoor spaces raise privacy concerns,
particularly on destination disclosure, highlighting the need for
coded interactions and discreet input alternatives.

Keywords-AI and Accessibility; Assistive Technologies; Naviga-
tion; Conversational Interaction; Visual Impairments; Privacy.

I. INTRODUCTION

Buildings with complex layouts present significant navi-
gation barriers for People with Visual Impairments (PVI),
particularly when visiting for the first time [1][2]. While a
range of Assistive Technologies (AT) have been developed to
support indoor mobility [3], the integration of Large Language
Models (LLMs) into COI systems (e.g., ChatGPT) has opened
a new avenue for delivering spatial information through nat-
ural dialogue [4][5], since LLMs provide a more accessible
knowledge source than conventional Question and Answering
(Q&A) systems [6].

For example, there is an increasing use of COI for indoor
wayfinding assistance to support exploration of points of
interest [7], such as in shopping malls [8], to provide users
with information based on personal interests before making
travel decisions. Conversational interaction is also being used
to select or specify destinations [9]–[12], or for human local-
ization in indoor environments through intelligent conversation
between users and an agent [13]. While some studies have
investigated COI for indoor wayfinding [13]–[16], there is
limited work targeting indoor route rehearsals for PVI—the
process of learning the required sequence of actions to reach
destinations or return to their origin. Instead, blind individuals
often acquire such route knowledge through the use of tactile
maps [17] or with the assistance of Orientation and Mobility
(O&M) specialists, especially when changing environments
[18].

However, tactile maps assume tactile literacy on the part of
the users and lack the capacity to provide detailed information
[19], while O&M experts might not always be available.
To overcome these limitations, this research explores the
use of COI agents as wayfinding assistants to provide users
with advance knowledge of POIs and facilitate their learning
of indoor routes [5]. Our research considers the following
questions:

RQ 1: What kind of spatial information do PVI expect
from conversational interaction for indoor route learning?

RQ 2: How would PVI like to use conversational
interaction for indoor route learning?

RQ 3: What challenges/reservations might PVI have
with the use of conversational interaction for indoor
wayfinding assistance?

The contributions of our study are twofold: First, we identify
the specific types of spatial information that PVI expect
from a conversational agent for indoor wayfinding assistance,
including step-based distance estimates, directional guidance,
landmarks, and obstacle awareness. Second, we uncover that
voice-based interactions in public indoor spaces raise privacy
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concerns that might have often been overlooked in AT designs,
with participants distinguishing between socially neutral and
sensitive locations, thereby contributing new insights into
the social dynamics of using COI systems in shared indoor
environments.

The rest of the paper is structured as follows: Section II
provides an overview of related work, followed by a brief
explanation of system design in Section III. User recruitment,
demographics, and study procedures are discussed in Section
IV. Sections V and VI present the results and the implications
of findings, respectively, while the limitations of the study are
highlighted in Section VII. Section VIII concludes the paper,
summarizes the central findings, and outlines directions for
future work.

II. RELATED WORK

Independent wayfinding in unfamiliar environments is chal-
lenging for most people, especially for PVI [11]. Accordingly,
AT for navigation usually provide guidance or facilitate knowl-
edge of the surroundings for PVI [20][21]. Previous research
has shown the potential of traditional tactile maps to convey
spatial environmental knowledge [22]. There are also digital
interactive maps that provide dynamic spatial information and
auditory feedback for spatial learning [17][23][24], but they
impose hardware requirements [20] and are limited in their
adaptability to different user needs or contexts without major
modifications [17]. Other attempted solutions use commodity
smartphones to provide virtual navigation via a sequence of
turn-by-turn instructions, and render relevant POI information
[11][12][20][25], but as these are passive systems, they do not
support interactive Q&A as might be needed by PVI [8][17].

Since natural language dialogue is often the preferred in-
teraction method by PVI [26], more AT are integrating COI
agents to improve user experience [7][8][27][28]. Research on
COI systems, particularly for indoor location assistance, has
primarily focused on exploration of POIs. Such approaches
allow remotely “probing” POIs for information based on indi-
vidual interests [8][27][29]. There is also research on general
scene understanding, mostly for outdoor settings [30], and on
obstacle avoidance [31]. However, to the knowledge of the
authors, only a few studies have been carried out on COI for
wayfinding [8][13], and related aspects, such as preplanning
indoor routes. Addressing these gaps in the literature is of
value to PVI, since acquiring cognitive maps of both outdoor
and indoor environments, before independent navigation, is
crucial [5][17]. Moreover, there is no guidance available as to
the kind of spatial information that PVI would expect from
conversational interaction agents for indoor wayfinding, how
such agents would be used, and the challenges that might arise
in their use.

III. SYSTEM DESIGN OF GEOCHATRE

To address the gaps in the literature identified above, we
developed “GeoChatre,” an interactive mobile app that enables
contextual learning of unfamiliar routes in complex indoor

environments, following the principles recommended for de-
signing conversation agents for navigation [32]. GeoChatre
is intended for a number of situations: 1) where PVI have
a specific destination in mind for independent navigation, 2)
scenarios in which users are temporarily disoriented, e.g., in
complex building environments, and seek to regain orientation,
and 3) where individuals simply want to know what POIs
exist along a given route, either for the sake of their spatial
awareness or to plan journeys there.

Figure 1. Conversational interaction architecture: GeoChatre.

The GeoChatre system, as shown in Figure 1, was im-
plemented on Android, and tested on a Google Pixel 9
Pro smartphone. The app uses the “Take Me Out of Error”
(TACME) indoor localization framework based on pedestrian
dead reckoning that we developed as part of a larger study.
TACME runs on a server built on indoor maps from floor
plans to render routes and POIs information. The architecture
comprises three principal components: a client-side, an LLM
server, and an indoor map server. Communication between
these components follows a request-response pattern over the
REST Application Programming Interfaces (APIs).

A. Input Processing and User Intent Classification

Users interact with GeoChatre through voice or text input.
For voice interaction, users double-tap the screen, triggering
distinct audio cues (speech and non-speech) to signal the
start and end of voice registration. Voice input is captured
using Android’s built-in SpeechRecognizer. The system also
supports textual input. Once a verbal request is transcribed,
it is sent to the LLM server, which runs Llama 3.2 3B. The
LLM is prompted to perform intent classification to determine
whether the input represents a new route request, a follow-
up inquiry, or an ambiguous query requiring clarification. For
new route requests, the mobile application sends the extracted
source and destination to the indoor map server via a REST
API call. The server provides spatial data, including relevant
safety cues for each route segment.

B. Data Retrieval and Response Generation

The route data retrieved from the map server is combined
with the user request and passed to the LLM. The LLM, by
prompts, synthesizes route information into a natural-language
response tailored for PVI. For initial direction requests, the
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LLM generates concise summaries by combining consecutive
similar actions (e.g., aggregating multiple short segments into
a concise instruction such as Walk straight for 15 steps, then
turn right at the water fountain and walk for an additional 6
steps. Main restroom will be on your left. Users can request
more detailed information through follow-up queries. Follow-
ing this approach to information rendering, our information
design can be situated within some established theoretical
frameworks: the Landmark-Route-Survey model of spatial
knowledge acquisition [33][34] and the information-seeking
mantra of “overview first, zoom and filter, then details on
demand” [35]. In other words, when a user first makes a direc-
tion request, GeoChatre delivers a concise route summary that
aggregates consecutive navigation actions into an overview.
Users can then progressively access richer spatial information
through follow-up questions—effectively achieving details on
demand through natural dialogue. The generated response is
delivered to the user through Android’s text-to-speech engine,
with audio feedback beeps providing interaction cues for
different user request and response states. The LLM is also
customized through prompting to provide multilingual indoor
navigation assistance required by PVI.

IV. USER STUDY

We secured the approval of the McGill University Research
Ethics Board (REB #19-10-041) for our study. Seven partic-
ipants, (N = 7; 2 female, 5 male, mean age of M = 41.9
years (SD = 10.2) took part in the experiment, and were
compensated CA $15 per hour for their time. One com-
pletely blind person participated in the study. The remaining
six participants had corrected-to-normal vision. The study
was conducted on the third floor of a multi-story university
building. The indoor map server is developed from the floor
plan. The map indexed 28 POIs across the navigable area,
organized into categories, including classrooms, offices, and
amenities such as a printing station, a lounge area, study areas,
emergency exits, and vertical circulation points. The building
features an L-shaped main corridor spanning approximately
200 meters, with multiple perpendicular branches extending
to classrooms, offices, and amenities.

We collected demographic information from the subjects,
including their vision level, time of blindness onset, use of
wayfinding aids, and whether they have any hearing im-
pairments. A short training session was conducted to famil-
iarize them with the control settings for the app, such as
for the loudness and speed of text-to-speech. Also, during
this phase, participants received names of different indoor
locations and learned to request direction guidance from their
current position. They were also informed that they can ask
for additional details, such as nearby landmarks, estimated
walking time, safety cues, and any other information they
deemed helpful for constructing mental representations. In the
experiment, subjects were requested to choose from indoor
locations that they would visit and use the COI tool to
explore and familiarize themselves with the route information
prior to undertaking the journey. The goal was to explore

how COI systems would support the development of spatial
knowledge for real-world navigation. After the participants
carried out these tasks, they completed a post-questionnaire
survey. We also conducted semi-structured interviews to gain
deeper insights into the experiences of the participants. The
sessions were audio recorded, and each study session lasted
approximately 60 minutes.

V. RESULTS

A. RQ1: What kind of spatial information do PVI expect from
conversational interaction for indoor route learning?

The analysis reveals that subjects expected a rich set of
spatial information from GeoChatre. Their expectations clus-
tered around four distinct categories of spatial information,
each serving a complementary role for independent wayfinding
indoors.

1) Step-count Information: Step-based distance estimation
provided by GeoChatre emerged as one of the most widely
discussed types of spatial information. Step counts were valued
as actionable cues that support self-location awareness. As
some participants explained: It is able to calculate the distance
between where I am and where I am going to by steps. That
means I am able to count my steps and get to where I am
going to. (P001); . . . it can also tell me how many steps to
take to get there . . . (P002). Some expressed that the step
information can help to determine how much effort is required
to complete wayfinding tasks. For example, it can also help me
to know how much effort it will take me to get there . . . (P002).
Importantly, participants demonstrated an understanding of the
limitations of step-count cues. One acknowledged that the
number of steps might not be accurate, since the number of
paces for each person may be different. (P002). However, they
still valued it as a rough idea of what the distance is. (P007).
This suggests that PVI may not require absolute precision,
but rather a reliable distance estimate that supports spatial
knowledge of the journey ahead.

2) Landmark Identification and Sequential Ordering:
Landmarks emerged as prominent spatial features expected
with their sequential presentation along the routes. There
were several expressions, such as, it is able to tell me the
different landmarks I will encounter on my path. . . the water
fountain, study area, the fire extinguisher, the elevator, then the
female toilet. . . , the female restroom before. . . (P001). Some
highlighted the value of the order of information presented:
the aspect I find interesting is the sequence of landmarks
starting from where you are leaving to. . . the way it arranged
it sequentially. . . it is very interesting. (P004). It appears the
sequential ordering of landmarks creates a narrative structure
of the journey that supports the construction of mental maps,
just as expressed by one participant that . . . being able to map
the indoor area is quite interesting. (P006)·

3) Turn-by-Turn Directional Information: Participants val-
ued explicit Turn-by-Turn instructions (TbT) as directional
cues. Most of them successfully recalled the routes. For
example, a participant recounted one of the route instructions
saying, It said from here, then I go. . . take a right 14 steps,
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take left 29 steps, left again 16 steps, and my destination
will be at the left. (P001). This demonstrates the degree
to which these instructions were internalized and retained.
Another account reveals how TbT and landmarks work in
concert: when they say you go straight, you turn left and you
continue a bit forward and I think they gave indications also
you’re going to see. . . bins, you’re going to see fountain and
you’re going to pass one of the labs. (P007). The integration
of directional, landmark, and metric information constitutes
the comprehensive spatial information expected by PVI.

4) Obstacle Awareness and Safety Cues: Obstacle and
safety information emerged as an important expectation, par-
ticularly regarding the dynamic nature of indoor spaces. Par-
ticipants valued information about obstacles and how to avoid
them. One expressed satisfaction for being told to be careful
of the obstacles on the way (P002) while some raised concerns
about how the system would adapt quickly to understanding
when. . . objects are moved around. This suggests that PVI
expect spatial information from COI agents to reflect the
current state of the environment.

B. RQ2: How would people with visual impairments like to
use conversational interaction for indoor route learning?

1) Journey Preplanning: A striking finding is the strong
emphasis participants placed on using the COI app before
undertaking a journey. Being able to plan before traveling will
enable PVI to build cognitive maps of the environment. This
was clearly articulated by one of the participants who said: It
will help before one embarks on a journey, you can have an
idea of the path, and how to get there. (P002). This remote
environmental awareness capability with conversational agents
extends to exploration of POIs and querying for their existence
in an interactive manner: even without standing up from my
seat, I can know if a particular object or location exists, and
if it exists, it can also help me to know how much effort to
take me to get there (P002). Some of the participants expressed
satisfaction with knowing what to expect by simply interacting
with the COI agent, much more like with human assistance:
knowing what to expect when going. . . before going to a place
(P003). They also commented on the advantage of being aware
of certain information from COI aids that would not have
otherwise been available: Even for people. . . , who can see,
you may not notice some of the information it has given you,
you may not even have noticed them or even pay attention to
them. (P001). The COI agent offers a fundamentally different
experience from conventional prejourney tools, which lack
adaptability and flexibility to user requests [8].

2) Duality Modes, Active-Journey Error Correction and
Integrated Navigation: Subjects articulated a clear desire for
the COI agent to serve both planning and real-time goals, and
critically, to integrate with existing mobility aids. Participants
(P002, P003, P005, and P007) expressed satisfaction with the
dual role—the possibility of using the app for remote planning
and in-situ navigation: It can give information beforehand and
when you are in the process of carrying out the action. (P005).
A real-time use case could even be for when individuals at

certain indoor locations (e.g., at the reception) wanting to
find directions to a destination of interest. They would simply
interact with the agent in such situations and receive similar
assistance as that from humans: I have gone to a number of
places where you don’t know where certain things are, where
certain things are arranged, or even where the restroom is;
you will be asking people around, but with this, it will guide
you. (P001).

Some individuals specifically noted the value of the app
for getting directions: It is also good for a shopping mall; you
want to shop and you are looking for the directions . . . (P004);
It would be nice in navigating new places, new environment
like malls, indoor marketplaces, new spaces. . . you have never
been before, you are looking for a particular location inside
that building. (P006) and I like to use this application in
a complex environment. (P005). They also want to use the
COI app for wayfinding error corrections as part of real-time
navigation support. This reflects a practical case when people
are lost or temporarily disoriented in buildings and would like
to regain their orientation: I also find the part that you enter a
wrong direction and it guides you back. . . so it doesn’t waste
your time. (P001).

Most of the subjects explained the need to integrate the COI
app with existing mobility systems: it can not be standalone. It
will need other mobility aids. Integrating this with a mobility
aid will make navigation seamless. (P002). One participant
said I will use this to plan and then use the mobility aid for the
real-time movement. (P003). Another PVI further explained
that if you can combine it with. . . , it would just be like okay,
it gives you an overview of the route first, and you start
walking, and it kind of updates you as you work. So I think
it would be very good. (P007). All these suggest that PVI see
the conversational agent as a builder of a cognitive map that
should complement other mobility tools.

3) Diverse Indoor Environments and Application Scenar-
ios: All seven participants discussed other potential use cases,
indicating a remarkably broad applicability. Although the
most consistently recurring scenario was navigating unfamiliar
environments (P001, P002, P003, P005, P006, P007), partic-
ipants also identified specific indoor venues including shop-
ping malls, subway stations (P004, P006, P007), workspaces
(P006), university campuses (P007), or finding location of
washrooms, cardio stations, cafetaria, gyms and fitness centres
(P001, P007) within buildings. Based on their prior work-
ing experience, one participant offered a particularly “rare”
application in maintenance and inventory management for
finding missing items: I have seen where some maintenance
organizations are unable to use some spare parts because they
are unable to find their location, and because they are unable
to find them, they won’t be able to use them until those spare
parts are expired. (P004). Some also attested to the value of
the COI agent in familiar environments: even places where
you have been, but you need direction. . . , to the same place.
(P006) and even for the sighted: That information will help
both somebody with visual impairments and somebody who
can really see. (P001).
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C. RQ3: What challenges/reservations might PVI have with
the use of conversational interaction for indoor wayfinding
assistance?

Despite an overwhelmingly positive reception from partici-
pants, particularly on the perceived usefulness and enjoyment
of COI for indoor navigation experience as shown in Figure 2,
participants identified several key issues that could impede the
effective use of COI for indoor navigation.

Figure 2. Participant enjoyment rating with conversational interaction:
GeoChatre.

Figure 3. User perception of conversational wayfinding agent.

1) Accent and Speech Recognition Barriers: A few subjects
had challenges with the speech recognition. This likely results
from accents, dialectal variation, or low-resource language
influences that affected their interaction with the app. One
participant framed this as an equity issue and said it should
be accessible for all people irrespective of their accents.
(P005). There appears to be a sort of semantic substitution:
It’s misplacing some words for other words, like, restroom for
restaurants. (P005). This finding carries significant weight,
given that visual impairments may necessitate voice-based
interactions. As depicted in Figure 3, the “accent-bias” elicited
mixed reactions, affecting user confidence in the agent.

2) Privacy and Social Concerns in Indoor Public Spaces:
A nuanced challenge emerged around the social dynamics of
speaking to a COI agent in public. While several participants
were generally comfortable interacting with GeoChatre, some
provided insights into the situational nature during such inter-
actions, distinguishing between socially neutral destinations: I

don’t mind if people hear that I need to go to the cafeteria. . .
and socially sensitive ones: But . . . stuff like the washroom or
even like, yeah, like even I need the bin, well, nobody needs
to know that I’m going to throw my dirty t-shirt in the bin.
(P007). Some proposed solutions, such as coded destination
options: it would be nice to just use your phone and be able
to click. Or option one, washroom; . . . (P007, P006) to allow
navigation requests without explicitly disclosing destinations.
In other words, participants want COI systems to automatically
prompt with number-coded options for destinations or support
the customization of location labeling when users explicitly
request such interactions. These findings reveal the desire and
challenge to control the information that becomes publicly
audible through voice-based interactions for wayfinding in
shared indoor environments.

3) Noise and Environmental Interference: Some partici-
pants (P003, P007) raised concerns about performance in
noisy environments. They expressed discomfort using the COI
agent in large indoor spaces because there could be noise,
like, interference, and it might not be able to, like, pick
it. (P003). Another participant drawing on experience with
voice assistants: if you’re like Siri or all the vocal assistants,
they tend to glitch when there are many noises. (P007). This
challenge is particularly critical because the environments
where PVI might most need wayfinding assistance—shopping
malls, subway stations, university buildings—are often among
the noisiest. In those situations, PVI might be required to speak
louder, which is often undesirable: if you yell out loud and
there’s a lot of people. (P007) while planning navigation to
socially sensitive areas (e.g., washrooms).

VI. DISCUSSION

A. Multi-Layered Spatial Information Requirements

Our findings from this study suggest that COI systems for
indoor wayfinding should deliver spatial information in an
integrated manner, combining steps, landmarks, turn-by-turn
directions, and obstacle warnings. By leveraging the reasoning
capabilities of LLMs, this information should be delivered
progressively. In one of the accounts from the participants,
they like that GeoChatre did not output all those details (P006)
at once but provided information based on contexts and as
requested.

There is also a strong desire for conversational interaction
agents to support both journey planning and in-situ navigation.
Planning would allow users to remotely explore the envi-
ronments, assess effort, and build mental models of routes
before traveling. This knowledge can be further “rebuilt” at
the sites (e.g., within the building) just before navigation, or
even during wayfinding, to self-correct from disorientation.
Additionally, the consistent framing of conversational agents
as complementary aids by PVI means they should be designed
and used alongside existing mobility tools.

B. Contextual and Progressive Information Delivery

Results revealed that participants value the COI agent for
its mode of information delivery, which was both contextual—
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tailored to the request—and progressive—structured from
overview to detail. This finding aligns with prior research on
the standard principles of presenting information—overview-
first, and detail-on-demand [35][36]. Participants captured both
dimensions of information presentation: in the first go, it did
not put all those details, which might not be necessary until if
I have to ask, and when I want details, it gives me details . . .
(P006); when I asked for landmarks, it provided landmarks
. . . (P007). This combined delivery mode appears to support
route recall as subjects were able to recount spatial elements
and describe the routes after they interacted with the agent.

C. Accessibility and Inclusivity Implications

For PVI who rely on voice as one of their primary input
modalities, speech recognition failure is technically equivalent
to an inaccessible interface. One explanation for this recogni-
tion issue lies in the composition of COI training data [37].
Although many AI models are trained on vast datasets, these
often lack linguistic and cultural diversity because they are dis-
proportionately composed of Western-centric data [16]. COI
systems should therefore be trained on diverse accents from
the outset, with strong consideration for potential influences
from low-resource languages [37].

The findings around social comfort suggest that systems
should incorporate privacy-aware features such as coded POIs.
The distinction between socially neutral and sensitive locations
should inform interaction designs that preserve the privacy
of use in shared spaces. In addition, the recurrent feedback
that COI can benefit sighted individuals as well as PVI
promotes a universal design that could enlarge the user base
and reduce stigma associated with such assistive technologies.
In deed, participants expressed strong willingness to adopt the
technology, with one stating I would just use it all the time.
Because it’s super practical . . . and describing it as something
that could literally change my life. (P007).

VII. LIMITATIONS

While this study provided insights into the expectations of
PVI, desired use scenarios, and reservations regarding “con-
versational” indoor wayfinding, several limitations should be
acknowledged. First, the work drew on interviews with seven
participants. This might limit the generalization of findings
to the broader community of PVI. Future studies should
recruit a larger sample. In addition, the present study evaluates
spatial knowledge acquisition rather than actual navigation
performance. While our results demonstrate that participants
can form cognitive maps of the indoor environment using COI,
we did not measure how well this knowledge translates to suc-
cessful real-world indoor wayfinding. This will be addressed
in a planned follow-up study involving in-situ navigation tasks
with PVI participants. Furthermore, analysis of results relies
on self-reported data, so there might be differences between
the reports of participants and their actual behaviour in real-
world settings.

VIII. CONCLUSION AND FUTURE WORK

Our study on conversational interaction for indoor wayfind-
ing assistance shows that people with visual impairments have
multi-dimensional expectations. PVI desire contextualized and
multilayered spatial information and the protection of personal
privacy when interacting with COI agents. They prefer using
COI systems flexibly across planning and in-situ navigation,
in diverse indoor environments, and as a complement to
existing mobility aids. Generally, “conversational wayfind-
ing” is perceived as promoting independence while offer-
ing cross-ability benefits. However, there remain significant
problems, including “linguistic-bias”, privacy concerns, and
environmental interference in crowded environments. Future
research should pursue privacy-preserving interaction designs
and scalable deployment strategies to advance this emerging
technology toward real-world impact for indoor navigation.
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Abstract—Energy efficiency recommender systems are increas-
ingly introduced in workplace environments, yet their adoption
remains challenging due to acceptability issues, such as lack
of trust, intrusiveness, and limited user control. While Human-
Computer Interaction (HCI) design principles for recommender
systems are well established, their application in shared pro-
fessional contexts remains underexplored. This paper reports
an empirical investigation through two successive studies: (1)
an exploratory co-design workshop with corporate employees,
and (2) a two-phase evaluation in a university setting, including
an acceptability study using medium-fidelity and video proto-
types followed by a hands-on evaluation of a functional mobile
application (SmartLR). Across these studies, we examine how
HCI design elements, such as notification strategies, transparency
mechanisms, and personalization features, shape user trust,
perceived control, and short-term acceptability in professional
settings. The results highlight recurring design trade-offs related
to notification intrusiveness, automation, transparency, and cog-
nitive load. Based on these findings, we propose five practical HCI
design guidelines for energy-efficiency recommender systems in
workplace environments.

Keywords-HCI design; Recommender Systems; Energy Effi-
ciency; Workplace Environments; User Centered Design; User
Acceptability.

I. INTRODUCTION

Recommender Systems (RSs) are increasingly used to
support energy efficiency in buildings and workplace envi-
ronments by providing occupants with personalized recom-
mendations based on sensor data and contextual information
[1][2]. Unlike consumer-facing recommender systems, work-
place energy RSs primarily operate in shared spaces, rely
on continuous environmental sensing, and often offer limited
direct personal benefit to individual users. Beyond algorithmic
accuracy, adoption also depends on user acceptability, trust,
and perceived disruption to everyday work activities.

Prior research in Human-Computer Interaction (HCI) has
identified several factors that influence the acceptability and
use of recommender systems, including perceived usefulness,
ease of use, transparency, and user control [3]–[5]. These
dimensions have been widely studied in domains such as e-
commerce, media recommendation, and smart home systems
[6]–[8]. However, their applicability to workplace energy
recommender systems remains insufficiently understood. In
professional contexts, users must reconcile energy-saving rec-
ommendations with productivity demands, privacy concerns
related to environmental sensing, and the collective nature

of decision-making in shared spaces, which fundamentally
shapes system acceptability [9][10]. Indeed, most existing
work on energy-related recommender systems has focused
on algorithmic approaches, system architectures, or quanti-
fied energy savings [11]–[13]. While some studies examine
user engagement and feedback mechanisms [14][15], fewer
investigate how concrete interface design choices influence
acceptability during early and medium-term adoption phases,
particularly as systems evolve from conceptual prototypes to
deployed applications. Understanding how user perceptions
change across increasing levels of system fidelity is therefore
critical for designing recommender systems that can be mean-
ingfully integrated into workplace environments.

This paper presents an empirical investigation of a work-
place energy efficiency recommender system conducted
through two successive studies. First, an exploratory co-design
workshop to surface user expectations, concerns, and perceived
adoption barriers. Second, a two-phase study: the first phase
employed medium-fidelity and video-based prototypes to ex-
amine initial reactions to alternative interface designs follow-
ing comparative evaluation approaches [16][17]. The second
phase examined user experience with a functional mobile
application in a workplace setting, focusing on usability, trust,
and perceived effort.

Rather than proposing novel interaction techniques, in this
work we synthesize five design guidelines grounded in our
findings in a setting where recommender systems are often
ignored. Our findings reveal recurring design trade-offs spe-
cific to workplace environments, such as balancing notification
intrusiveness with awareness, automation with perceived user
control, and transparency with cognitive load. By articulat-
ing these tensions, the paper provides practical insights for
researchers and practitioners designing recommender systems
in organizational contexts, particularly those addressing sus-
tainability goals.

This paper is structured as follows: Section II reviews
related work on HCI design principles and recommender
systems. Sections III, III-C, and III-D present our empirical
investigation, results and discussion. Finally, Section IV con-
cludes with a summary of contributions and defined limitations
of our work.

109Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-383-5

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

ACHI 2026 : The Nineteenth International Conference on Advances in Computer-Human Interactions

                         119 / 145



II. RELATED WORK

In this section, we review related work on HCI design in
recommender systems, with a focus on energy efficiency RSs.
We structure the review in two parts: (1) a general overview
of recommender systems; and (2) HCI design in recommender
systems, which are central to our case study. We synthesize
gaps, and position our work within the intersection of these
two domains.

A. Overview of Energy Efficiency Recommender Systems

According to [2], Recommender Systems (RSs) are classi-
fied as information systems that primarily focus on information
retrieval tasks. They are initially designed for content person-
alization based on explicit or implicit user preferences. RSs
for energy management have emerged as a critical domain,
especially in the context of smart buildings [2][11][13]. These
systems typically leverage Internet of Things (IoT) sensor
networks to monitor environmental conditions (temperature,
humidity, occupancy, lighting), analyze user behavior and
occupancy patterns, and generate recommendations for energy-
saving actions [18]. For example, such systems may recom-
mend opening a window when humidity becomes too high,
turning off lights in unoccupied rooms, adjusting blinds ac-
cording to sunlight, or modifying heating and cooling settings
when temperature exceeds comfort thresholds. While much of
the literature focuses on the functioning and algorithmic per-
formance of RSs, comparatively little attention has been paid
to their interface design. Indeed, HCI considerations remain
secondary in this literature, most studies focus on prediction
accuracy, optimization efficiency, or energy outcomes, with
interface design treated as an implementation detail rather than
a research variable.

In this work, our focus lies on the HCI aspect, specifically,
how HCI design influences trust, acceptability and acceptance
of these systems, key factors of their adoption and success. A
comprehensive taxonomy of energy saving RSs can be found
in [2]. This gap persists in recent work, e.g., while DigiGuide
[19], and the user-centered recommendation system based on a
Pareto-efficient optimization algorithm presented by Cipollone
et all. [20] represent technical sophistication, neither reports on
user interface design, usability testing, or acceptability factors.

B. HCI Design in Recommender Systems

Because RSs are largely unidirectional delivering recom-
mendations rather than soliciting input, user interaction is often
limited. As a result, maintaining engagement and fostering
trust requires thoughtful interface design. In this context,
different researchers explored how reflective interfaces can in-
fluence user behavior in energy consumption contexts [9][21].
Different factors influencing user’s acceptability and accep-
tance have been examined, including perceived usefulness,
ease of use, trust, and social influence. Each of these can
be shaped through HCI strategies. For example, T. Schwartz
et al. demonstrate how interfaces that encourage users to
reflect on their personal data can lead to more conscious
and sustainable energy use [10]. Their findings highlight the

importance of providing users with meaningful feedback and
actionable insights. Indeed, users are more receptive when
systems provide data that encourages reflection. The impact
of interface design is further supported by Swearingen and
Sinha, who show that navigation and layout significantly
influence user satisfaction, more so than aesthetics or algo-
rithm quality [6]. Hammami et al. reach similar conclusions
in HCI evaluation studies, reinforcing the need to prioritize
interface clarity over aesthetics [17]. Tintarev et al. emphasize
the importance of explanation and transparency in RSs [8].
Their work shows that users are more likely to trust and
follow recommendations when they are provided with clear,
contextualized justifications. Similarly, Falconnet et al. [22]
investigate how message framing affects user beliefs, system
attitudes, and behavioral intention, demonstrating that well-
framed and justified messages enhance engagement and de-
cision making speed. Indeed, tailored messaging within RSs
can significantly enhance user engagement and satisfaction.
This study demonstrates the critical role of transparent and
contextually appropriate communication in improving user
experience. In a broader HCI perspective, Wang et al. [23]
use the UTAUT model to analyze acceptance factors such as
performance expectancy, effort expectancy, and social influ-
ence. They underline the importance of contextual adaptation
and community perception in fostering adoption, while also
highlighting the need for further research into how specific
HCI elements affect these variables.

Finally, HCI for sustainability (also called Sustainable HCI)
has long investigated how interface design can promote pro-
environmental behavior [14]. Sustainable HCI has produced
extensive knowledge on eco-feedback, but workplace energy
recommender systems, which combine recommendation al-
gorithms with feedback interfaces, remains underexplored.
Empirical studies of deployed systems in shared professional
environments are a few. Our work responds to this gap by
exploring the HCI design of energy efficiency focused RSs in
workplace environments.

1) HCI and Trust in Recommender Systems: Trust is a
well-established determinant of recommender system success
[9]. Research has identified multiple trust antecedents: trans-
parency and explainability (users trust systems when they
understand recommendation rationale) [8]; perceived compe-
tence (recommendation accuracy and relevance) [24]; privacy
assurance (clear data handling policies); and user control
(ability to override or customize) [7]. Explainability must be
personalized and context-adaptive. Chromik and Butz [25]
articulate design principles for explainable user interfaces
(XIA), emphasizing adaptation to users’ evolving cognitive
states and expertise levels. However, these advances remain
concentrated in domains such as e-commerce, healthcare, and
generic AI decision-making; application to energy efficiency
or workplace sustainability contexts is minimal. Little work
examines how transparency, control, and privacy perceptions
operate in shared workplace environments where users receive
recommendations but derive no direct personal benefit.
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2) Workplace Specific HCI Challenges: Workplace envi-
ronments impose distinct HCI challenges for recommender
system adoption [26][27]. Most relevant challenge is notifica-
tion fatigue, recent work on novel notification modalities (e.g.,
pneumatic shape-changing smartwatch backs) demonstrates
efforts to combat alert fatigue, but remains in early prototyping
stages and untested in workplace contexts. Also, privacy
and surveillance sensitivity is a very important challenge.
In shared spaces, users are acutely aware of data collection
and monitoring [7]. Unlike e-commerce where data sharing
is implicitly traded for personalization, workplace sensing
raises concerns about performance evaluation and autonomy
infringement. These concerns are amplified when occupants
are passive data providers rather than active participants in
system governance [3]. While workplace HCI challenges are
increasingly recognized, e.g., new ISO standards [28] and
Industry 5.0 frameworks [29], empirical research validating
design solutions through deployed systems and standardized
evaluation frameworks is lacking.

To summarize, while RSs for energy efficiency have made
significant progress, their success depends heavily on HCI
design. Despite considerable advances, several critical gaps
remain in the literature. First, while algorithmic performance
has been extensively studied, the impact of specific HCI design
elements on long-term acceptability and engagement is less
understood, particularly in workplace contexts where motiva-
tions differ from consumer applications. Second, though the
benefits of transparency and explanation have been established,
optimal approaches for delivering this information remain
unclear. Our study builds on this literature by examining how
HCI design choices could impact acceptability and acceptance
of RSs in workplace environments.

III. EMPIRICAL INVESTIGATION

Building on the research gaps identified in the literature,
this section presents our empirical studies conducted across
two workplace environments. Our studies directly address the
need to better understand how specific HCI design elements
influence user acceptability and engagement with energy ef-
ficiency recommender systems. In particular, we explore how
interface design, notification strategies, and interaction patterns
shape users’ willingness to accept and adopt such systems in
professional contexts.

Our research was conducted as part of two ongoing projects
with similar goals but distinct implementation contexts: Buil-
dOn and Smart Campus, presented below. The first study,
exploratory in nature, was conducted in a corporate setting
through the BuildOn project [30] using a co-design focus
group approach. The second study took place in our university
through the Smart Campus project [31] , involving iterative
user-centered design and evaluation of a functional mobile rec-
ommender system. Together, these studies offer comprehensive
insights into user expectations, interaction patterns, and trust
factors that shape system acceptability and engagement across
different professional environments.

TABLE I. OVERVIEW OF THE EMPIRICAL STUDIES AND PROJECT PHASES

Study Project Purpose
Study #1 BuildOn Exploratory co-design

workshop to identify user
expectations, preferences,
and adoption barriers.

Study #2 Smart Campus
- Phase 1

Acceptability evaluation
using medium-fidelity and
video prototypes.

Study #2 Smart Campus
- Phase 2

Hands-on evaluation of the
functional SmartLR mo-
bile application.

We structure this section as follows: subsection III-A
presents the first study, subsections III-B, III-C, and III-D
present the SmartLR system used in the Smart Campus project
and the two studies related to this project.

A. Study #1: Co-Design Focus Group (BuildOn Project)

To ground our research in real user needs, we conducted
an exploratory study as part of an ongoing European project
(BuildOn), which aims to design recommender systems for
indoor environmental quality optimization in office buildings.
This initial study employed a co-design approach involving
employees from a corporate office environment (EDF R&D
Paris) to understand user expectations and concerns before
developing functional prototypes.

1) Methodology and Participants: The co-design focus
group involved 12 occupants of the EDF R&D office building
in Paris, including engineers, researchers, and project man-
agers. An open invitation email was distributed to employ-
ees working in the building, and the 12 participants who
volunteered to take part were included in the workshop. No
participant selection or sampling procedure was applied as the
objective was to capture diverse workplace perspectives related
to comfort, energy use, and daily interaction practices in office
environments. Participation was unpaid and based entirely on
voluntary involvement.

The workshop was facilitated by the author as part of
the BuildOn research project. Before the session, an EDF
R&D executive introduced the BuildOn project objectives
and remained present during the workshop. The co-design
activities were then moderated by the author, who guided
discussions, asked follow-up questions to better understand
participants’ design choices and reasoning, and coordinated
the different collaborative activities.

The session followed a structured co-design and design
thinking format lasting approximately three hours. Activi-
ties included presentation of usage scenarios, collaborative
brainstorming, group discussions, and interaction blueprinting
exercises centered on future energy recommendation services.
Participants worked in small groups to propose interface ideas,
discuss positive and negative aspects of potential solutions,
and present their final concepts to the other participants. The
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workshop relied on presentation slides, whiteboards, handwrit-
ten notes, and participant-generated mockups.

Qualitative data collection combined direct observation,
handwritten notes, photographs of participant-produced mock-
ups and collaborative boards, and spontaneous verbal feedback
shared during discussions and presentations. During group pre-
sentations, participants explained and justified their proposed
interaction designs, while the author documented recurring
concerns, expectations, and design rationales.

Qualitative feedback was analyzed using an exploratory
thematic approach. Notes, participant comments, and work-
shop artifacts were reviewed iteratively to identify recurring
expectations, usability concerns, interaction preferences, and
perceived adoption barriers. Emerging observations were pro-
gressively grouped into broader themes related to system
acceptability, user control, personalization, and communica-
tion preferences. This exploratory analysis aimed to identify
key interaction principles and acceptance factors to guide
subsequent design phases of the recommender system.

2) Key Findings: Workshop notes and participant discus-
sions were systematically documented and then analyzed
using an exploratory thematic approach to identify recurring
expectations, preferences, and adoption concerns related to
workplace energy recommender systems. Several recurring
themes emerged from participant feedback, which fell into
two main categories: essential features for acceptability ("must
have") and potential adoption barriers ("must avoid").

a) Essential Features:
• Personalization: Ability to customize thresholds based

on personal comfort preferences.
• Contextual Information: Connection with external

weather conditions and forecasts.
• Positive Reinforcement: Messages that congratulate

users for energy-friendly behaviors, periodic challenges,
or gamified comparisons between offices.

• Advisory Tone: Recommendations framed as sugges-
tions rather than commands.

• Comparative Feedback: Options to compare perfor-
mance with others or against historical data.

• Bi-directional Communication: Ability to report dis-
comfort or override recommendations.
b) Adoption Barriers:

• Mobile Notifications: Users strongly rejected smart-
phone alerts, anticipating they would be quickly ignored
or disabled.

• Lack of Control: Systems that offer recommendations
without allowing user adjustments.

• Absence of Visual Signals: Participants preferred am-
bient visual indicators (such as LED-based signals) over
text-only interfaces or push notifications.

Participants also emphasized the importance of bi-
directionality in interactions. Being able to report discomfort,
signal absences, or override incorrect recommendations when
context is missing (e.g., "I am feeling cold despite the system
saying the temperature is optimal") was seen as essential for

maintaining a sense of agency. These insights underline a
recurring tension in workplace recommender systems: users
may accept passive systems only if they retain control and
can understand or challenge the system’s reasoning.

In summary, this initial study highlighted interaction princi-
ples essential for designing acceptable recommender systems
in workplace environments. It confirmed that transparency,
personalization, and perceived control are critical to foster trust
and engagement.

B. The Smart Campus Project

Smart Campus is an ongoing initiative on our university
campus aiming to reduce energy consumption through context-
aware, sensor-driven recommendations delivered to building
occupants via a mobile application (named SmartLR). The
SmartLR system continuously monitors indoor conditions us-
ing IoT sensors installed in staff offices and shared spaces.
These sensors collect real-time data on temperature, humid-
ity, presence, and lighting, which are processed to generate
energy-saving recommendations. The system targets a wide
range of university users—including faculty, administrative
staff, and PhD students—encouraging behavior change without
disrupting daily routines.

We conducted a two-phase study within this project to
investigate how different HCI design elements influence users’
willingness to engage with such a system. To ensure a user-
centered approach, we adopted an iterative evaluation process
spanning two complementary phases:

• Phase 1 – Early acceptability evaluation: Participants
were introduced to the system through medium-fidelity
prototypes and video scenarios. We aimed to explore
their initial reactions, concerns, and expectations, and to
identify HCI elements likely to affect acceptability (e.g.,
interface clarity, feedback granularity, perceived control,
notification strategies).

• Phase 2 – Acceptance evaluation: Based on Phase 1
findings, we developed a functional mobile application
and tested it with a new group of participants. This
phase focused on real-time interaction, mobile usability,
and the role of trust and personalization in shaping user
engagement and long-term adoption.

Both studies were conducted on campus and involved 32
participants in total (15 for the first study and 17 on the second
study), covering a diversity of roles in the university. The next
two sections detail the methodology and findings from each
study.

C. Study #2 - Phase #1: Early Acceptability Evaluation

This study evaluates the acceptability of our recommender
system (SmartLR) prior to deploying the full app. We fo-
cused on how different HCI design approaches influence user
perceptions and willingness to engage with energy-saving
recommendations in workplace settings. By examining initial
reactions to different interface designs, we aimed to identify
key factors that enhance or inhibit system acceptability.
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1) Protocol: The evaluation session began with a brief
introduction to SmartLR, explaining its functionality, the role
of IoT sensors installed throughout university facilities, and its
mobile application as the primary interface for user interaction.
This introduction aimed to familiarize participants with how
the mobile app delivers energy-saving recommendations, and
its intended benefits.

Participants were presented with three different prototype
designs of the mobile application, each illustrating a unique
design approach. Following this, they viewed two short video
demonstrations simulating real-world interactions with the sys-
tem. These videos highlighted typical user interactions, show-
casing how SmartLR offers recommendations and how users
respond to notifications for energy-saving actions through their
smartphones. This experimental approach builds on prior HCI
evaluation research, which supports the use of multiple design
alternatives and video-based evaluation to enhance feedback
quality and user engagement. Research has shown that "testing
many is better than testing one", as comparative evaluations
help users express their preferences and usability concerns
more effectively [16][17]. Moreover, using video alongside
paper prototypes, as noted by Hammami et al. [32], allows
participants to visualize system interactions more clearly,
leading to more detailed feedback.

2) Participants: We recruited 15 voluntary participants
through internal laboratory messaging and direct email in-
vitations sent to colleagues and administrative staff within
the university. No compensation was provided. Participants
were drawn from diverse professional backgrounds, including
researchers (PhD students, postdocs, and research engineers)
and administrative staff. While demographic data such as age
were not collected, the participant pool ensured representation
across different roles within the university.

3) Prototype Elaboration: To evaluate the impact of dif-
ferent HCI design elements, we developed different design
prototypes of the SmartLR mobile application. These proto-
types were designed to explore variations in interface layout,
interaction flow, and visual hierarchy.

a) Paper Prototype: The paper prototypes were medium-
fidelity mockups created in Figma and printed for the session.
We created three different interface designs of the mobile
application, each with a distinct layout while maintaining the
same core functionalities. The three prototype designs are
presented in Figure 1.

The design prototypes included key system features:
weather information to contextualize recommendations; room
identification; room status displaying sensor readings for tem-
perature, humidity, and lighting conditions; and a menu icon
providing access to additional system functions (contents not
detailed at this stage).

Each prototype contained two different UIs, representing
two distinct system states: normal and alert. The normal state
shows the system’s standard operation when environmental
conditions are stable: temperature and humidity within optimal
ranges, and lighting conditions aligned with occupancy. The
alert state is triggered when conditions deviate from optimal

Figure 1. Three alternative interface designs tested for SmartLR in the first
phase of Study #2

ranges, such as excessive temperature/humidity or lights left
on in unoccupied rooms, prompting corrective action recom-
mendations.

b) Video Prototype: In addition to the paper prototypes,
we created two short video simulations to demonstrate user
interaction with SmartLR using the mobile application. The
first video lasted 52 seconds, while the second lasted 1 minute
and 20 seconds. Each scenario illustrated a different context
in which SmartLR provides recommendations and how users
respond to system notifications through their mobile phone.

c) Scenario 1: High Humidity Alert: In the first sce-
nario, a person works in their office with the blinds open, door
and windows closed, and the light on, maintaining an ideal
temperature. They receive a notification on their phone that
the room’s humidity is high and a prompt is given to ventilate
it. The individual then opens the windows and the door to
ventilate the space, following the system’s recommendation,
and later resumes work. After a short while, they recheck the
humidity status on their phone using the application.

d) Scenario 2: Unnecessary Lighting: The second sce-
nario depicts a person working in their office under normal
conditions: blinds open, door and windows closed, and light
on. Upon preparing to leave, the individual turns off their
computer, gathers their belongings, and exits the office forget-
ting light on. After leaving, they receive a phone notification
advising them to turn off the light to conserve energy. This
scenario emphasizes the system’s ability to prompt users to
save energy even if they forget to perform actions themselves.

The combination of paper and video prototypes allowed
participants to evaluate both static interface designs and inter-
active system behavior, ensuring a comprehensive assessment
of usability, clarity, and effectiveness in real-world contexts.
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4) Data Collection: To collect user feedback, we employed
two complementary methods: semi-structured interviews and a
questionnaire based evaluation. Initially, participants engaged
in an interactive feedback session (the interview). We used a
whiteboard to visually categorize feedback into three columns:
Likes, Dislikes, and Suggestions. Participants shared their
thoughts directly on the whiteboard using pens or post-it
notes. This method captured both qualitative and quantitative
feedback, providing diverse insights into user preferences and
responses. To enhance feedback depth, we asked participants
to think aloud during the evaluation, capturing real-time reac-
tions. Sessions were audio recorded to ensure comprehensive
documentation of all feedback.

After the interview, participants completed a structured
questionnaire based on the Unified Theory of Acceptance
and Use of Technology (UTAUT) model [4]. To clarify
the relationship between the questionnaire and our research
questions, the questionnaire items were grouped into four
constructs derived from the UTAUT model. Items related
to perceived usefulness of SmartLR for supporting energy
efficiency and workplace comfort were associated with Per-
formance Expectancy (RQ1). Items related to ease of use,
clarity of interaction, and usability were associated with Effort
Expectancy (RQ2). Items reflecting the perceived influence
of colleagues and the organizational context were associated
with Social Influence (RQ3). Items related to confidence in the
system’s recommendations and data handling were associated
with Trust (RQ4). In addition, separate items captured usage
intention and overall evaluation of the application.

Qualitative feedback collected during these individual ses-
sions was analyzed using an exploratory thematic approach.
Feedback from think-aloud observations, interview responses,
and whiteboard annotations was reviewed and grouped into
recurring themes related to usefulness, usability, aesthetics,
and privacy concerns.

5) Research Questions: Our study explores how differ-
ent HCI design elements influence user experience with the
SmartLR mobile application. We explored four specific Re-
search Questions:

• RQ1 (Performance Expectancy): Users who perceive
the system as beneficial for their work and energy effi-
ciency will be more likely to adopt it.

• RQ2 (Effort Expectancy): Users who find the system
easy to use will be more likely to adopt it.

• RQ3 (Social Influence): Users who perceive a positive
social climate around SmartLR will be more likely to
integrate it into their routines.

• RQ4 (Trust): Users who trust the system’s accuracy,
privacy, and reliability will be more likely to adopt it.

6) Results:
a) Qualitative Results: We collected 149 feedback dur-

ing interviews: 63 Likes (42%), 22 Dislikes (15%), and 64
Suggestions (43%). The high proportion of suggestions indi-
cates constructive engagement, with users actively contributing
to system improvement rather than merely criticizing existing
features.

Feedback was categorized into four dimensions:

• Utility: 85 comments (57%) – Users appreciated the eco-
logical focus and real-time environmental measurements.
Suggestions focused on personalization (customizable
thresholds) and visualization of environmental impact.

• Usability: 37 comments (25%) – Concerns emerged
regarding notification frequency, with users expressing
preference for non-intrusive alerts that would not disrupt
work.

• Aesthetics: 19 comments (13%) – Minor feedback on
visual design elements.

• Privacy and Security: 8 comments (5%) – Exclusively
categorized as Dislikes or Suggestions, indicating po-
tential trust barriers. Users raised questions about data
storage duration, location, and access permissions.

Users expressed strong interest in gamification elements
(badges, weekly reports, office competitions) to make energy-
saving behaviors more tangible and engaging. This aligns with
research by Mendez et al. [15] and Chatzigeorgiou et al. [14],
which demonstrates how gamification strategies promote long-
term engagement with energy-saving systems.

Notably, participants did not express strong preferences
for any single interface design among the three prototypes.
Instead, they identified useful or problematic elements across
all versions, providing valuable guidance for our final design
decisions.

b) Quantitative Analysis: The questionnaire contained
16 items rated on a 5-point Likert scale from "Strongly Dis-
agree" (1) to "Strongly Agree" (5). We analyzed participants’
responses by calculating mean scores for each construct and
interpreting them with respect to the corresponding Research
Questions:

• Performance Expectancy (RQ1): 4.0 – Users recog-
nized the system’s potential benefits for energy efficiency.

• Effort Expectancy (RQ2): 4.4 – Perceived ease of use
was rated highest.

• Social Influence (RQ3): 3.4 – Workplace norms showed
limited influence on adoption intention.

• Trust (RQ4): 3.8 – Moderate confidence in data handling
and recommendation accuracy.

• Usage Intention: 3.9 – Positive willingness to adopt the
system.

• Overall Application Evaluation: 4.2 – Generally posi-
tive perceptions.

These findings suggest that perceived usefulness (RQ1),
ease of use (RQ2), and trust (RQ4) were all positively per-
ceived by participants and may play an important role in
shaping acceptance of the system.

7) Discussion: This study provides critical insights into
factors influencing early acceptability of energy efficiency
recommender systems in workplace environments. Key im-
plications for the interface design in such systems include:

1) Prioritize intuitive, low cognitive load interfaces: The
high Effort Expectancy score (4.4) suggests that usability
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is an important factor, though not sufficient alone to
guarantee adoption.

2) Implement transparent data handling practices: Pri-
vacy concerns, while representing only 5% of feedback,
were exclusively negative, indicating that clear explana-
tions and GDPR compliance are necessary to maintain
trust.

3) Demonstrate concrete benefits through visualization:
Users requested features showing energy savings and
environmental impact, confirming that tangible feedback
motivates sustained engagement.

4) Balance notification frequency: Concerns about dis-
ruptive alerts underscore the need for well-timed, non
intrusive notifications in workplace contexts.

5) Offer personalization options: The strong demand for
customizable thresholds and display preferences rein-
forces that perceived control is critical for user accep-
tance.

D. Study #2 - Phase #2: Acceptance Evaluation

Building on insights from phase 1, we developed a fully
functional version of SmartLR to conduct a hands-on eval-
uation of the system in a controlled workplace-like setting.
This second phase shifted from hypothetical scenarios toward
direct interaction with a working application, allowing us to
examine how the HCI design principles identified during the
acceptability evaluation influenced usability, trust, perceived
effort, and user engagement during realistic usage situations.
While phase 1 focused on anticipated acceptability based
on prototypes, phase 2 explored user experience through
supervised interaction with the functional application.

1) Protocol: User tests were conducted using a fully func-
tional mobile application on a provided Android smartphone.
The session began with a brief introduction to SmartLR,
after which participants were given time to freely explore the
application’s features and interface. During this exploration
period, we simulated environmental changes to trigger alert
conditions, generating notifications that participants could re-
spond to in real time. This controlled evaluation approach
allowed us to observe reactions to system alerts and assess
how intuitively users navigated the interface when prompted to
take action. Although the evaluation took place in a supervised
setting, the interaction scenarios were designed to reproduce
realistic workplace situations, with participants seated at office
desks while interacting with the system. The main SmartLR
application interfaces used during testing are shown in Figures
2, 3, and 4. The home screen features several key elements:
Current weather conditions displayed prominently. University
branding for institutional context. Profile access for person-
alization. Real-time sensor readings (temperature, humidity,
presence, lighting). Alert indicators when measurements ex-
ceed thresholds. And navigation menu for accessing additional
features.

Based on phase 1 of the study, we implemented several
enhancements:

Figure 2. SmartLR home screen showing normal conditions with sensor
readings

Figure 3. SmartLR home screen with alert notification for high humidity

Figure 4. SmartLR statistics page displaying historical environmental data
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• Dynamic indicators showing temperature and humid-
ity trends (increasing, stable, and decreasing arrows),
providing users with proactive awareness of changing
conditions. These visual cues allow users to anticipate
changes and take preventive actions, such as opening
a window or adjusting heating, before reaching critical
thresholds.

• Visual gauges indicating "normal" ranges for environ-
mental measurements, making it easier for users to inter-
pret data at a glance, a feature particularly appreciated
for humidity levels.

• A dedicated statistics page (see figure 4) offering histori-
cal measurement data organized chronologically, enabling
users to track patterns over time and better understand
environmental fluctuations.

• Enhanced privacy protection through comprehensive
GDPR compliance documentation, developed in collab-
oration with the university’s specialized legal services.
This included the integration of a formal data protection
charter within the application, directly addressing privacy
concerns raised during Study #1.

These design decisions directly addressed feedback from the
first evaluation, particularly the desire for more personaliza-
tion options, clearer visualization of environmental data, and
transparent privacy controls. The interface prioritized intuitive
navigation and minimal cognitive load while providing the
detailed information users requested.

2) Participants: We recruited 17 voluntary participants
from the same university population as Phase 1 through
internal laboratory messaging and direct email invitations sent
to colleagues and administrative staff. No compensation was
provided. Participants came from similar profiles, including
researchers, faculty members, and administrative staff.

3) Data Collection: As in phase 1, we employed a mixed-
methods approach combining qualitative feedback through
interactive sessions and quantitative assessment through a
standardized questionnaire. During the interview, we asked
participants to categorize their feedback as likes, dislikes, or
suggestions, providing consistent comparison with our first
study results.

The questionnaire was modified slightly from Study #1 to
include additional items related to expected effort and ex-
panded questions about design aesthetics and privacy percep-
tions. These additions were motivated by a specific focus on
how interface design influences perceived effort and usability.
The revised questionnaire maintained the 5-point Likert scale
structure from the previous study.

As in phase 1, qualitative feedback collected during these
individual sessions was analyzed using an exploratory the-
matic approach. Participant comments and suggestions were
reviewed and grouped into recurring themes related to utility,
usability, aesthetics, and personalization.

4) Results:
a) Interactive Feedback Analysis.: We collected 132

feedback which we categorized and quantified. The distribu-
tion showed 32% Likes, 30% Dislikes, and 38% Suggestions.

Compared to phase 1, we observed a relative increase in Dis-
likes (from 15% to 30%) and a decrease in Likes (from 42% to
32%). This shift likely reflects the transition from conceptual
evaluation to practical usage, where users encountered actual
limitations rather than hypothetical capabilities.

We further classified feedback based on the system aspects
users commented on most directly. The analysis revealed three
main categories:

• Utility: 54.3% of feedback. Representative suggestions
included adding comparative consumption data between
dates, language selection options, and visibility of thresh-
old values on the statistics page. These suggestions reveal
users’ desire for more personalized and informative fea-
tures that enhance the practical value of the system.

• Usability: 37.4% of feedback. Participants requested
highlighting relevant measurements during alerts and
praised the overall simplicity and ergonomics of the
interface. Comments such as "easy to handle" and "fairly
simple and ergonomic" indicate generally positive recep-
tion.

• Aesthetics: 8.3% of feedback. Only minor comments
about color choices, indicating that participants were
primarily concerned with functionality and ease of use
rather than visual appearance.

A notable pattern in the feedback was the emphasis on
personalization. Multiple users requested the ability to cus-
tomize which measurements appeared on the home screen,
highlighting the importance of adaptability in interface design.

b) Questionnaire Analysis.: The questionnaire analysis
revealed consistently positive perceptions across all dimen-
sions, with improvements in almost all categories compared
to phase 1.

• Performance Expectancy: Increased from 4.0 to 4.2,
suggesting that hands-on experience with the functional
system strengthened users’ belief in its utility. This sug-
gests that participants perceived the system as useful and
relevant for supporting energy-efficiency practices.

• Effort Expectancy: Remained high (4.5 compared to 4.4
in Study #1), confirming that the implemented interface
successfully preserved the intuitive usability identified
as crucial in our first phase of the study. This result
suggests that ease of use was positively perceived and
likely contributed to overall system acceptance.

• Trust: Showed a slight increase from 3.8 to 4.1, indicat-
ing that the privacy controls and transparency features in-
corporated into the functional application helped address
users’ data protection concerns.

• Design: The addition of a specific Design score (4.5)
suggests that visual and interactive elements contributed
positively to user satisfaction and perceived usability.

• Social Influence: Increased substantially from 3.4 to
3.9, approaching the thresholds of the other factors.
This suggests that as users gain concrete experience
with energy-saving recommendations, they become more
aware of the social and organizational context of their
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energy consumption behaviors.
5) Discussion: this second phase of Study #2 provided

valuable insights into how users interact with and perceive
SmartLR in a functional context, revealing both strengths in
our implementation and opportunities for future refinement.
The questionnaire results provide encouraging indications re-
garding the acceptability of the proposed design approach
and the relevance of the explored Research Questions. The
high Effort Expectancy score (4.5) suggests the importance
of usability and interface design in participants’ perceptions
of the system, demonstrating that our user-friendly interface
contributed positively to system acceptability. The increase in
Performance Expectancy (4.2) from phase 1 supports RQ1,
suggesting that users who recognize the application’s practical
value may be more willing to adopt it Similarly, improvements
in Trust (4.1) and Social Influence (3.9) indicate more positive
participant perceptions regarding confidence in the system and
its integration within workplace practices.

A recurring theme in user feedback was the desire for
personalization. Multiple participants requested the ability
to customize displayed measurements on the home screen,
highlighting the importance of adaptability in interface design.
This preference reveals that even when users appreciate an
interface’s overall design, they still value the ability to tailor
it to their specific needs and preferences.

The functional aspects of the system emerged as particularly
crucial to users, with utility related feedback dominating
the comments (54.3%). This suggests that while aesthetic
considerations contribute to overall satisfaction, the core ca-
pabilities and practical benefits remain primary drivers of
user engagement. Features that provide tangible evidence of
impact, such as comparative energy consumption data, appear
especially valuable in reinforcing performance expectations
and sustaining motivation.

Based on these findings, we identify several implications
for future development:

1) Enhance personalization options: Allow users to con-
figure their information displays according to individual
preferences and priorities (linked to RQ2).

2) Provide more concrete visualization of energy sav-
ings: Reinforce performance expectations through tan-
gible evidence of impact (linked to RQ1).

3) Maintain interface clarity and usability: Continue to
evolve the design while preserving the high standards
identified in this study.

4) Further strengthen trust: Maintain transparent com-
munication about data handling practices and regular
updates on security measures (linked to RQ4).

5) Develop social features: Encourage users to share
their experiences, leveraging the increased importance of
social influence observed in this study (linked to RQ3).

IV. CONCLUSION AND FUTURE WORK

This paper investigated how Human-Computer Interaction
(HCI) design influences the acceptability of energy-efficiency
recommender systems in workplace environments. Through

two complementary studies, a co-design workshop in the
BuildOn project and a two-phase SmartLR evaluation in the
Smart Campus project, we examined how users perceive and
react to different interface design choices across early design
and hands-on evaluation stages.

The results consistently indicate that short-term acceptabil-
ity is shaped by perceived usefulness, ease of use, trust,
perceived control, and the way recommendations are presented
through the interface. In particular, participants responded
positively to personalization options, contextualized feedback,
and clear interaction mechanisms, while raising concerns about
intrusive notifications, insufficient transparency, and limited
control over recommendations.

Based on these findings, this work contributes five practi-
cal design guidelines for workplace energy-efficiency recom-
mender systems:

1) Balance notification intrusiveness: Recommendations
should be delivered in ways that support awareness
without unnecessarily interrupting work activities.

2) Enable personalization: Users should be able to adapt
thresholds, displayed information, and notification pref-
erences to their needs and workplace situations.

3) Provide layered information access: Interfaces should
present essential information first while allowing access
to more detailed explanations, sensor values, and histor-
ical data when needed.

4) Visualize impact: Systems should make the conse-
quences of recommendations more concrete through
clear and meaningful feedback on environmental con-
ditions and energy-related effects.

5) Build trust through transparency: Interfaces should
clearly communicate recommendation logic, privacy-
related information, and data-handling practices in order
to support user confidence.

Rather than claiming long-term adoption effects, these
guidelines should be understood as design recommendations
grounded in iterative empirical evaluation of initial user
perceptions and reactions. Although these guidelines were
derived from the context of energy-efficiency recommender
systems, some of the identified HCI considerations, such
as transparency, personalization, feedback clarity, and user
engagement, may also be relevant to other domains involving
persuasive or behavior-change technologies. However, addi-
tional studies would be required to validate their applicability
beyond the energy domain.

This work has several limitations. First, the studies relied on
relatively small participant samples in specific workplace con-
texts, which limits the generalizability and replicability of the
findings. Second, the evaluations primarily captured short-term
acceptability and supervised interaction rather than long-term
adoption in everyday practice. In particular, the second phase
of the SmartLR study involved controlled hands-on sessions
with simulated alert conditions rather than a fully naturalistic
deployment. Third, the qualitative analyses were exploratory
and intended to identify recurring expectations, concerns, and
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design implications rather than establish predictive or causal
relationships.

Future work should extend this research through longitudi-
nal studies in real workplace environments in order to examine
sustained use, behavioral change, and long-term acceptance.
Additional work is also needed to explore adaptive notification
strategies, richer personalization mechanisms, and stronger
integration with building management systems. Future investi-
gations could also examine the role of gamification elements,
which emerged as a user interest in our studies, while consid-
ering the risk of engagement fatigue. Finally, evaluating these
design principles in other organizational settings would help
assess their robustness beyond the specific contexts studied
here.
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Abstract—Sound is essential for immersion in Extended

Reality (XR), yet audio design is often manual and disconnected

from narrative context. This paper presents a Large Language

Model (LLM) driven pipeline for event-aware audio generation

in XR storytelling. The system extracts sound-inducing events

from scene inputs, generates context-specific audio using a

diffusion model, and selects high-quality samples through an

LLM-based judging mechanism. Generated sounds are bound to

narrative events using timing and repetition cues. We evaluated

the system using a six scene story displayed in XR with 20

participants. Results show improved narrative-audio alignment

and immersion when using Semantic Representation.

Keywords-extended reality; generative audio; LLM-based sys-
tems; event-aware audio; immersive storytelling.

I. INTRODUCTION

Sound is one of the most fundamental modalities through
which humans perceive and interpret their surroundings.
It provides essential information about spatial orientation,
material properties, and the cause of events, and often
reaches our consciousness faster than visual stimuli. Auditory
feedback is not supplementary, but a vital component in how
humans build a mental model of the world and feel present
within it.

As it is transitioned from physical to digital environments
through Virtual Reality (VR) and Extended Reality (XR),
establishing a strong sense of presence becomes a significant
challenge. VR aims to transport users into entirely synthetic
worlds, while XR seeks to integrate digital content seamlessly
into the user’s physical environment. In both domains,
the goal is to support immersion and presence, enabling
users to suspend disbelief and meaningfully engage with
the experience. Although visual technologies in immersive
environments have reached high levels of fidelity, the auditory
experience has often lagged behind. Without synchronized,
contextually accurate sound, even the most visually stunning
immersive experience feels hollow and artificial. This creates
a sensory mismatch that disrupts the user’s immersion.

Extensive research has been conducted in an attempt to
bridge this gap. Initial efforts centered on spatial audio
and pre-recorded sound libraries activated by specific user
actions. Even though recent studies have moved towards
more sophisticated context-aware approaches [1][2][3]. Most
existing approaches primarily focus on generating individ-
ual sound effects or scene-level audio, without addressing
narrative continuity across scenes or automatic binding of
sounds to evolving events. While recent generative models
demonstrate impressive audio quality in isolation, they are
typically evaluated at the model level rather than within
interactive experiences. As a result, little attention is given to
how generated audio supports story progression, maintains
consistency over time, or impacts user perception during

actual XR use. These limitations become especially critical
in narrative settings, where sounds must be context-aware,
temporally aligned, and perceptually coherent to sustain
immersion.

To address these limitations, this study proposes a Large
Language Model (LLM)-integrated pipeline designed to
enhance storytelling in XR through generative audio. The
proposed sonification pipeline automatically generates audio
content and binds it to XR scenes based on semantic structure.
This study investigates the following research questions:
• RQ1: Does using structured scene descriptions improve

narrative-audio alignment and immersion compared to
video-based input with a brief textual summary?

• RQ2: Do technically literate users perceive the proposed
framework as a viable tool for automated audio authoring
in XR?
Building on these research questions, we present an

LLM-driven pipeline that analyzes narrative context, object
identities, and environmental interactions to extract sound-
producing events and generate context-specific audio. The
generated sounds are integrated back into the experience
through event-aware binding, supporting temporal alignment
and continuity across scenes. We evaluate the proposed
system through a within-subject VR user study with 20
participants using a six-scene narrative experience, comparing
input representations and examining the automated audio
selection mechanism. The contributions of this paper are four-
fold: 1) a modular pipeline for automatic, event-aware sound
generation in XR storytelling, 2) an LLM-based judging
mechanism for automated ranking and selection of diffusion-
generated audio, 3) an event-aware audio binding strategy that
supports temporal alignment and narrative continuity across
scenes, and 4) an XR user study evaluating narrative-audio
alignment, synchronization, and perceived immersion.

The remainder of the paper is organized as follows:
Section II reviews related work in XR audio and generative
models. Section III details the proposed Event-Aware Audio
Generation System. Section IV describes the experimental
setup and user study methodology. Section V presents the
results, and Section VI concludes the paper and outlines
future work.

II. RELATED WORK

The role of sound in XR has evolved from simple triggering
of pre-recorded assets to systems that attempt to adapt
audio dynamically to user interactions and scene context.
Early approaches emphasized spatial accuracy and realism,
while more recent work explores generative methods that
produce sound based on semantic or visual inputs. As
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immersive experiences become increasingly narrative-driven
and multi-scene in structure, the need for audio systems that
support temporal coherence, event continuity, and contextual
reasoning has grown.

A. Audio in XR and Interactive Systems
Early work in immersive audio primarily emphasized

spatial fidelity and the triggering of pre-recorded assets.
These systems typically relied on rule-based or retrieval-
based mappings, where specific user actions were manually
associated with fixed sound libraries. While effective for basic
interactions, this approach required substantial authoring effort
and offered limited flexibility.

More recent approaches aim to reduce this overhead
through in situ generation. For example, SonifyAR [1][2]
employs a pipeline called Programming by Demonstration to
capture physical interactions (such as a ceramic cup sliding
on wood) as text, which is then processed by an LLM to
retrieve or generate sound. SandTouch [3] demonstrates that
gesture-responsive audio feedback can improve presence in
virtual art experiences. Similarly, Sonify Anything [4] uses
computer vision to infer material properties and generate
physically plausible interaction sounds in real time.

Despite these advances, most interactive audio systems
remain focused on short-term physical interactions or isolated
object-level feedback. They do not reason over narrative
structure, temporal continuity, or evolving scene context. As
a result, they are limited in their ability to support story-driven
experiences in XR. Recent exploratory studies on generative
Artificial Intelligence (AI) for immersive storytelling [5][6]
also highlight the absence of mechanisms for maintaining
coherent audio behavior across multi-scene narratives. This
gap motivates the need for systems that move beyond local
interaction cues toward event-aware, narrative-level audio
generation.

B. Generative Audio Models
Recent advances in generative audio have been largely

driven by latent diffusion models. Systems, such as Au-
dioLDM [7] and AudioLDM 2 [8] generate high-quality
sound from natural language prompts. These models support
zero-shot generation, style transfer, and audio inpainting,
significantly improving output realism. PicoAudio [9] further
introduces timestamp-aware generation and frequency con-
trollability, enabling finer temporal alignment between audio
and visual content.

Despite their strong generative capabilities, these models
are primarily designed for standalone audio production.
They do not inherently account for scene structure, object
behavior, or narrative progression within XR environments. In
immersive applications, audio must be aligned not only with
visual timing but also with semantic context and continuity
across scenes. Diffusion models alone do not provide this
linkage.

As a result, deploying generative audio in XR requires an
intermediate reasoning layer that determines which sounds
should be generated, when they should occur, and how they
should persist over time. This layer must translate structured
scene information into generation prompts and bind the
synthesized outputs back into the runtime environment. Our

work addresses this integration gap by combining generative
audio models with LLM-driven event extraction and event-
aware audio binding.

C. Multimodal Reasoning with LLMs
LLMs are increasingly used as reasoning components

in multimodal systems. They enable the interpretation of
narrative text, visual inputs, and structured environmental
data. Prior work has shown that LLMs can decompose stories
into object descriptions and scene layouts, as demonstrated
in Metabook [10] and Stepping Into Stories [6]. DreamFoley
[11] jointly models video, text, and audio to generate foley
sounds aligned with visual motion, while Scene2Hap [12]
uses LLMs to infer physical properties, such as material
density for haptic feedback.

Beyond content generation, recent studies have explored
the use of LLMs for automated evaluation. Audio-aware LLM
judges [13] and LLM-as-a-judge protocols [14] demonstrate
that LLMs can approximate human preferences when ranking
generated outputs. These approaches enable scalable quality
assessment without manual annotation.

While these systems highlight the potential of LLMs for
multimodal reasoning and evaluation, they largely operate at
the level of individual scenes or isolated interactions. They do
not address how narrative events evolve over time, nor how
generated content should be persistently bound to objects
and actions within immersive environments. Our work builds
on this line of research by using LLMs not only for content
generation and evaluation, but also for extracting event-level
structure that supports continuity and audio binding across
multi-scene XR experiences.

D. Audio-Visual Alignment and Object-Level Sonification
Aligning audio with specific visual elements is essential in

immersive systems, particularly when multiple sound sources
coexist within a scene. Sounding That Object [15] generates
audio from user-selected visual regions within images, linking
sound directly to object-level input. Scene-to-Audio [16]
converts complex visual scenes into representative audio
renderings, primarily for accessibility purposes. Similarly,
SEE-2-SOUND [17] produces spatial audio by identifying and
localizing multiple sound sources in visual content without
requiring explicit training data. ImmerseDiffusion [18] further
extends this direction by conditioning diffusion models on
spatial and environmental parameters to generate immersive
3D soundscapes.

Together, these approaches demonstrate a shift from scene-
wide sonification toward object-aware audio generation. How-
ever, most systems operate at the level of isolated frames or
single-scene inputs. They focus on spatial alignment or object-
level correspondence, but do not explicitly model how sounds
should persist, evolve, or repeat across a sequence of narrative
events. In story-driven XR experiences, continuity goes
beyond recognizing objects; sounds must remain consistent
over time, align with unfolding actions, and reflect changes
across scenes.

Taken together, prior work advances interaction-level
sonification, generative audio synthesis, multimodal reasoning,
and spatial alignment. However, these efforts remain largely
fragmented. Most systems focus on individual components,
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such as object-level sound generation or visual-audio corre-
spondence, rather than treating audio as part of a continuous
narrative experience. As a result, narrative reasoning, temporal
consistency, and runtime audio binding are rarely addressed
within a single framework. In contrast, our work introduces
an end-to-end pipeline that extracts sound-producing events
from structured scene representations and maintains consistent
audio behavior across multi-scene XR narratives.

III. EVENT-AWARE AUDIO GENERATION SYSTEM

A. Framework Overview

The proposed system is designed as a modular framework
for event-aware audio generation in XR. As shown in Figure 1,
the framework operates in four components: 1) context
analysis and audio prompt generation, 2) audio generation,
3) audio selection, and 4) event-aware audio binding. Each
component is intentionally decoupled, allowing different
LLMs, audio generators, or runtime engines to be substituted
without altering the overall pipeline.

The framework accepts two forms of input: 1) a Perceptual
Scene Representation (PSR) consisting of a scene video and
its short summary, and 2) a Semantic Representation (SR) that
encodes objects, actions, and temporal information extracted
from the XR environment. Both inputs can be transformed into
a shared intermediate representation in the form of structured
audio events as proposed in this paper. These events define
when sounds occur, how they evolve over time, and how they
relate to narrative progression.

Each audio event is converted into (N) audio clips using a
generative audio model. An LLM-based selection mechanism
then ranks these candidates based on semantic relevance and
perceptual quality. Finally, the selected audio clips are bound
to the XR runtime using timing, repetition, and transition
parameters, enabling consistent and context-aware sound
behavior across multiple scenes. The following subsections
describe each component of the framework in detail.

B. Context Analysis and Audio Prompt Generation

The framework supports two input representations for
different types of XR data. These are processed by an LLM
to bridge the gap between environmental data and audio
synthesis. The first is a perceptual scene representation,
consisting of a scene video paired with its short summary. This
setting approximates vision-based approaches commonly used
in prior work, while preserving minimal narrative context
required for audio generation. The second is a semantic
representation, which encodes contextual information, such
as objects, actions, and temporal relationships extracted from
the XR environment.

The LLM acts as a digital sound designer. First, it processes
the given input to identify every sound-generating event within
the scene. Then, for each event, it generates a structured audio
specification that includes:

• Event type: new, continue (persisting from a previous
scene), or copy (reusing an existing sound).

• A text prompt for the audio generation model.
• Start and end times aligned with scene animations.
• A repetition flag for recurring actions (e.g., footsteps),

enabling variation across repeated sounds.
• A volume level scaled from 1 to 10.
• Fade-in and fade-out durations to support smooth transi-

tions.
To generate these specifications, the LLM follows a list of

rules and constraints. The first rule is event type management,
which ensures temporal consistency across the narrative. The
LLM determines if a sound is being created for the first time,
flows uninterrupted from a previous scene, or is a specific
recurring sound effect that must remain identical.

The second rule focuses on the audio prompt. To ensure
the generated audio clips integrate realistically into the XR
environment, the LLM is told to specify physical attributes
for each event, including material composition and specific
acoustics. This descriptive detail guides the generation model
to produce audio that respects the context of the scene.

The third rule establishes a hierarchical volume scaling
logic. On a scale of 1 to 10, the LLM assigns volume levels
based on the event’s narrative priority; background ambiances
are restricted to a lower range of 2–4, while discrete
action events are prioritized with higher values between 5–8.
This automated mixing ensures that key interactions remain
audible and clear without being masked by environmental
soundscapes.

The final rule defines timing and transitions. The LLM
assigns start and end times in a (mm:ss) format to synchronize
each sound with scene animations. It also specifies fade-in and
fade-out durations to ensure smooth transitions and prevent
abrupt auditory cuts.

For recurring interactions, such as walking or wing flapping,
events are marked as repetitive. In these cases, the framework
requests multiple audio samples for the same prompt, allowing
variation during playback rather than relying on a single
repeated clip. This distinction enables the system to handle
both continuous ambient soundscapes and discrete interaction
events within a unified representation.

C. Audio Generation and Selection
After audio effect descriptions are produced, the framework

performs a generate-and-select cycle for each sound event.
For every prompt, the audio generation model produces N
number of candidate audio clips. This allows the system to
explore different versions of the same prompt and reduces
the impact of randomness in diffusion-based generation.
Candidate selection is performed using an LLM-as-a-Judge
mechanism. Each generated clip is scored on a scale from 0
to 100 according to three criteria:
• Thematic accuracy: how well the sound matches the

textual prompt.
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• Technical quality: clarity and absence of artifacts or digital
noise.

• Atmospheric coherence: perceived realism and contribu-
tion to immersion.
The highest-scoring clip is selected as the final output for

non-repetitive events. For repetitive actions, such as footsteps,
this process is repeated three times to produce a small pool
of variations. During playback, clips are sampled from this
pool to avoid perceptual repetition and auditory fatigue.

This generate-and-select strategy reduces randomness in
diffusion models, where a single output may not match the
intended sound. Evaluating multiple candidates helps maintain
consistency between audio and scene context.

D. Event-Aware Audio Binding
The final component of the framework integrates the

generated audio files into the XR environment. In this context,
event-aware binding associates generated sounds with specific
animation events (e.g., synchronizing wing-flap audio with
the bird’s wing-flap motion). This module follows the event
parameters produced during the Context Analysis (Section
III-B) to determine when and how each sound should be
played. Audio sources are instantiated dynamically at runtime
and attached to their corresponding scene objects. For each
event, the system applies the specified start and end times,
volume level, and transition parameters. Fade-in and fade-out
durations are used to avoid abrupt onsets or cutoffs. This
ensures smooth integration with ongoing scene dynamics and
animation timelines. Repetitive events, such as footsteps or
wing flaps, are handled differently. Instead of replaying a
single clip, the system draws from a small pool of generated
variations. During playback, clips are selected in sequence to
cover the required animation duration. This reduces perceptual
repetition and creates a more natural auditory effect.

IV. EXPERIMENTS

A. Hardware and Software
In this study, a Meta Quest headset was chosen as the

primary interaction device due to its superior passthrough
capabilities, high-quality visual fidelity, and its ability to
operate as a standalone unit. A local workstation equipped
with an NVIDIA RTX 5090 GPU was preferred as the
generative AI pipeline host. The proposed audio generation
workflow was implemented in Python. The latest Gemini
Pro API [19] was used to analyze inputs and generate audio
effect descriptions, which were then used by the AudioLDM
2, specifically the cvssp/audioldm2-large checkpoint [20],
latent diffusion model, to generate audio clips. Additionally,
the Gemini Flash API [19] functioned as a judge to evaluate
and select the optimal audio samples. The Unity game engine
was used to develop the XR environment.

B. Narrative and Experimental Environment
The framework was evaluated using a six-scene XR

narrative inspired by the Thirsty Crow fable [21], implemented
in Unity. The narrative was designed to cover a range of
acoustic conditions, including ambient environments, object
interactions, and repetitive motion events. This allowed the
system to be tested across both continuous soundscapes and
discrete action-driven audio.

The six scenes were structured as follows:
• The bird walking through a forest environment (Figure 2a).
• The bird flying within the forest (Figure 2b).
• The bird flying above clouds (Figure 2c).
• The bird standing on the edge of a pitcher and looking

inside (Figure 2d).
• The bird pecking the pitcher (Figure 2e).
• The bird collecting stones and dropping them into the

pitcher (Figure 2f).

(a) Scene 1 (b) Scene 2

(c) Scene 3 (d) Scene 4

(e) Scene 5 (f) Scene 6

Figure 2. Narrative scenes used in the XR evaluation.

The full narrative experience lasted approximately two
minutes, with individual scenes designed with a fixed duration
of eleven seconds to maintain experimental consistency. The
Thirsty Crow narrative was selected due to its clear sequence
of actions and physical interactions.

The study was conducted in a quiet indoor setting rather
than a controlled laboratory. Participants experienced the
narrative using the headset under consistent lighting and
audio conditions. This setup was chosen to approximate
realistic usage scenarios while maintaining basic experimental
consistency.

C. Experimental Design
To evaluate the proposed framework, we conducted a

user study with 20 participants recruited through purposive
sampling. The primary selection criteria required participants
to have a baseline familiarity with XR systems and generative
AI tools to ensure the evaluation focused on the quality of
the generated audio rather than the novelty of the hardware.
Additionally, all participants were required to have normal or
corrected-to-normal vision and hearing. The group consisted
of 5 female and 15 male participants, aged between 20 and
27 years. All participants were either university students or
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TABLE I. MEAN (± SD) LIKERT RATINGS FOR PERCEPTUAL SCENE REPRESENTATION AND SEMANTIC REPRESENTATION WITH AND WITHOUT
REPETITION.

Perceptual Scene Representation Semantic Representation

wo. Repetition w. Repetition wo. Repetition w. Repetition

Audio Narrative 2.8 ± 1.41 2.35 ± 1.29 3.75 ± 1.33 3.15 ± 1.08
Audio Visual Synchronization 2.56 ± 1.28 2.26 ± 1.19 4.3 ± 0.78 3.09 ± 0.83
Immersion / Presence Contribution 2.94 ± 1.36 2.56 ± 1.32 3.8 ± 1.43 2.95 ± 1.27

graduates from diverse academic backgrounds and reported
moderate familiarity with XR systems and contemporary
generative tools. Participation was voluntary, and informed
consent was obtained prior to the experiment. No personally
identifiable data was collected.

The study followed a within-subjects design, where each
participant experienced automatically generated auditory
scenes using two different input methods: perceptual scene
representation and semantic representation. Additional system
components, including repetitive audio handling, were evalu-
ated as part of the overall framework. Dependent measures
included perceived narrative–audio alignment, audio–visual
synchronization, immersion and presence, and subjective
preference between conditions. In this study, the number
of candidate audio files (N) is selected as three.

D. Procedure
Each participant completed one session lasting approxi-

mately 15 minutes. Upon arrival, participants received a brief
introduction to the narrative experience and the headset. After
the device was fitted, a short calibration was performed to
ensure visual and auditory clarity. Participants experienced the
narrative twice, generated with both PSR and SR input types.
The order of auditory scenes generated was randomized across
participants to eliminate order effects. After each exposure
to the audiovisual content, participants completed a short
questionnaire, in which participants rated their experience
using a 5-point Likert scale (1: Strongly Disagree, 5: Strongly
Agree) across three dimensions:
• Audio Narrative: whether the sounds matched the scenes.
• Audio–Visual Synchronization: whether sounds occurred

at appropriate moments.
• Immersion and Presence: whether audio contributed to a

sense of immersion.
To assess the framework’s potential as a developer-facing

tool, participants also rated the system’s usefulness for
automatic sound generation across the following dimensions:
• Utility and Adoption: whether the tool is perceived as

useful for development and likely to be used in future
projects.

• Audio Quality: whether generated audio clip’s quality is
good

• Workflow Efficiency: whether the system increases effi-
ciency compared to traditional methods.

• Preference for Automation: whether automated sound
creation is preferred over manual searching and curation.

V. RESULTS

A. Results on Narrative–Audio Alignment and Immersion
Our analysis focuses on the comparative performance of

the input representations (PSR vs. SR), the impact of the

repetition mechanism, and the perceived utility of the system
as an automated authoring tool.

The data indicate a clear preference for the Semantic
Representation (SR) over the Perceptual Scene Representation
(PSR) across all measured dimensions. As shown in Table I,
participants rated the SR condition (without repetition) signifi-
cantly higher in terms of Audio Narrative alignment (M=3.75,
SD=1.33) compared to the PSR condition (M=2.8, SD=1.41).
This suggests that providing the LLM with structured data
allows for more contextually accurate audio prompt generation
than video-based inputs.

The most substantial difference was observed in Audio-
Visual Synchronization. The SR condition achieved a mean
score of 4.3±0.78, while the PSR condition fell to 2.56±1.28.
Feedback from participants suggested that the PSR-based
pipeline occasionally generated sounds that were thematically
relevant but failed to play at the correct moment. For example,
in the second scene, the sound of the bird flapping its wings
started late, failing to sync with the moment the bird began
to fly. In contrast, the SR input allowed the event-aware
binding module to anchor audio clips to specific animation
timestamps with higher precision.

As expected, adding the repetition mechanism led to a
decrease in Likert ratings across both input representations.
This outcome was mainly caused by the quality of the
generated audio files. It aligns with the observations made
during the development phase.

B. Result on Perceived Usefulness as an Automated Audio
Authoring Tool

The secondary objective of our study was to evaluate the
system from a developer’s perspective, specifically targeting
its potential as an automated authoring tool. As summarized
in Table II, the framework received positive marks for its
potential integration into XR development workflows.

TABLE II. AUTHORING UTILITY QUESTIONNAIRE RESULTS (5-POINT
LIKERT, MEAN ± STD).

Measure Mean ± Std

Usefulness 3.8 ± 1.75
Output quality 3 ± 1.33
Workflow efficiency 3.7 ± 1.33
Adoption intent 3.9 ± 1.44

Participants expressed a strong Adoption Intent

(M=3.9,SD=1.44), viewing the system as a practical solution
for immersive sound design. This is supported by Workflow

Efficiency, as they highlighted that automated generation
could reduce manual search effort. However, Output Quality

scored lowest; while the system managed long-form ambient
sounds successfully, the quality of short-duration clips for
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repetitive actions was perceived as lower. Overall, these results
show that participants viewed the system as both practical
and effective for supporting automated audio authoring.

VI. CONCLUSION AND FUTURE WORK

This paper presented a modular framework for event-
aware generative audio in XR. The system combines LLM-
based scene reasoning with diffusion-based sound synthesis
and automated quality selection. Structured audio events
are extracted from narrative context and bound directly to
animation timelines. This enables sounds to follow story intent
while remaining synchronized with runtime behavior. User
study results showed consistent trends favoring structured
scene descriptions over video-based input. Participants viewed
the framework as a promising tool for automated audio
authoring.

Evaluation identified specific performance variances be-
tween audio types; while long ambient samples were well-
received, short-duration clips occasionally lacked the percep-
tual precision required to sonify discrete actions. Scalability
also remains a consideration for high-density environments.
The current generate-and-select strategy introduces latent
processing overhead for each event. These results suggest
that as scene complexity grows, the computational demands
of LLM-driven reasoning and the (N) generation ratio will
require further optimization to sustain real-time performance.

Future work will focus on practical deployment. We plan
to develop a custom runtime introspection mechanism to
automatically derive semantic representations from the XR
scene by capturing narrative events directly from the running
environment, and an author-facing interface for previewing
and refining generated sounds. Larger and more diverse
studies will be conducted to validate the findings. We also aim
to explore real-time constraints and alternative audio models.
Our long-term goal is to support scalable audio pipelines
that reduce manual effort while preserving creative control
in immersive storytelling.
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Abstract—This paper presents a spatial Augmented Reality 

(AR) interactive learning system designed to enhance cultural 

heritage education and immersive human-computer 

interaction using Castillo de San Marcos in St. Augustine, 

Florida. The system employs Vuforia Ground Plane spatial 

tracking to anchor reconstructed historical content directly 

onto the physical environment of the fort, enabling situated 

and contextual learning experiences. Users explore 

architectural structures, defensive layouts, and historical 

narratives through interactive spatial visualization and AR-

based storytelling. The proposed system contributes to 

research in interactive educational technologies and spatial 

computing by integrating markerless AR interaction with 

cultural heritage interpretation in outdoor environments. 

Preliminary observations indicate improved user engagement, 

spatial comprehension, and experiential learning potential. 

Future work includes formal user evaluation, collaborative 

learning features, and expanded historical reconstruction. 

Keywords—augmented reality; cultural heritage; immersive 

learning; interactive education; spatial AR. 

I.  INTRODUCTION 

Cultural heritage sites provide opportunities for 
experiential and contextual learning. Traditional 
interpretation methods often rely on static signage and 
narration, which may limit user engagement and spatial 
understanding. Augmented Reality (AR), originally defined 
by Azuma [1] as the integration of virtual and physical 
environments in real time, enables digital content to be 
embedded within real-world environments to support 
situated learning. Billinghurst et al. [2] further demonstrated 
the growing role of AR in Human-Computer Interaction 
(HCI) and interactive visualization. Castillo de San Marcos 
presents a historically significant masonry fort whose 
architectural and defensive structures benefit from spatial 
visualization. This work presents a spatial AR system that 
overlays reconstructed historical elements onto the physical 
site to enhance immersive learning, interactive exploration, 
and contextual engagement. 

Augmented Reality has emerged as an effective medium 
for cultural heritage education by enabling immersive and 
situated learning experiences. Unlike traditional 
interpretation methods, AR allows digital historical 
reconstructions and contextual information to be directly 

integrated with the physical environment, improving spatial 
understanding and learner engagement. Prior research has 
shown that AR enhances conceptual comprehension, 
supports experiential learning, and increases motivation by 
transforming passive observation into interactive exploration 
[3][4]. These capabilities make AR particularly suitable for 
historical sites where spatial context and environmental 
immersion are essential for meaningful learning. 

This work is relevant to the conference themes of 
advanced Human-Computer Interaction, immersive 
educational technologies, contextual interaction, and 
interactive digital heritage systems. By combining spatial 
Augmented Reality, situated learning, and interactive 
visualization, the proposed system demonstrates how 
immersive interfaces can enhance user engagement and 
experiential learning within real-world cultural heritage 
environments. 

The rest of the paper is structured as follows. Section II 
reviews related work in Augmented Reality and cultural 
heritage education. Section III presents the system design 
and implementation of the spatial AR learning platform. 
Finally, Section IV concludes the paper and discusses future 
work. 

II. RELATED WORK 

Augmented Reality has been widely applied in cultural 
heritage education to enhance engagement and contextual 
understanding. AR enables digital reconstructions to be 
overlaid onto physical environments, supporting experiential 
learning and improved knowledge retention. Fonseca et al. 
[5] explored mixed reality applications for cultural heritage 
visualization and interactive learning environments. Jantke et 
al. [6] demonstrated an AR system for Castle Scharfenstein 
integrating gamification and visitor interaction to enhance 
exploration and engagement. Situated learning theory 
emphasizes learning within real-world contexts, which AR 
effectively supports. While many AR heritage systems rely 
on markers or indoor deployment, fewer studies explore 
spatial AR in indoor and outdoor environments. Situated 
learning theory emphasizes learning within real-world 
context, which AR effectively supports. While many AR 
heritage systems rely on markers or indoor deployment, 
fewer studies explore spatial AR in indoor/outdoor 
environments. 
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Numerous studies have demonstrated the educational 
benefits of Augmented Reality in cultural heritage contexts. 
AR has been shown to improve knowledge retention and 
engagement by enabling users to interact with reconstructed 
historical environments and contextual visualizations [3]. 
Furthermore, AR-based heritage systems promote 
experiential and inquiry-based learning, allowing visitors to 
actively explore historical narratives rather than passively 
consume information [4]. These findings highlight the 
potential of AR as an effective tool for enhancing cultural 
heritage interpretation and educational outcomes. 

Situated learning theory suggests that learning is more 
effective when knowledge is acquired within real-world 
contexts. AR supports this approach by embedding digital 
information directly within the physical environment. While 
many existing systems focus on indoor museum 
environments or marker-based AR, fewer works explore 
outdoor heritage interpretation using spatial ground-plane 
tracking. This work contributes by applying an AR to a 
masonry fort environment with spatially contextualized 
interaction. 

III. SYSTEM DESIGN & IMPLEMENTATION 

The system was developed in Unity using Vuforia 
Ground Plane technology. Ground Plane enables the 
detection of horizontal surfaces and allows digital models to 
be anchored without predefined visual markers. 
Reconstructed 3D architectural elements are overlaid onto 
the physical site to support spatial visualization and 
contextual learning. Figure 1 shows the 3D reconstruction 
model of Castillo de San Marcos. 

The application was implemented in Unity and deployed 
on a mobile handheld platform using Vuforia Ground Plane 
tracking for markerless spatial anchoring. Reconstructed 3D 
models were optimized for mobile rendering performance to 
support stable real-time interaction in outdoor environments. 
Users interact with the virtual content through touchscreen-
based translation, rotation, and scaling controls integrated 
within the Graphical User Interface (GUI). 

 
Figure 1. 3D Model of Castillo de San Marcos. 

 
Spatial AR does not rely on predefined image targets or 

fiducial markers to align virtual content with the real 
environment. Instead, it detects characteristic features and 
planar surfaces of a scene in real time, enabling flexible 
deployment in unprepared environments and supporting 
natural user interaction. This approach reduces setup 
complexity and allows AR content to be anchored directly 

onto real-world terrain, which is particularly suitable for 
outdoor cultural heritage environments such as Castillo de 
San Marcos. Advances in computer vision and mobile 
sensing technologies further enable spatial systems to utilize 
the physical environment itself as a tracking reference, 
improving usability and immersion [7]. 

 

 
Figure 2. 3D Reconstruction of Castillo de San Marcos in a Spatial AR 

application. 

 
As shown in Figure 2, users initialize the system by 

scanning the environment to detect a ground plane for spatial 
anchoring. Once the anchor is established, AR overlays are 
aligned with the physical structure of the fort. Contextual 
hotspots provide access to historical narratives, reconstructed 
visualizations, and explanatory content. On-site deployment 
demonstrates the feasibility and robustness of spatial AR 
under varying indoor/outdoor lighting conditions. The 
application further enables users to manipulate the 
reconstructed castle model through rotation and scaling 
interactions via the graphical user interface (GUI) on the 
mobile device screen.   

IV. CONCLUSION AND FUTURE WORKS 

Spatial AR enhances spatial comprehension and 
engagement in outdoor heritage environments, although 
challenges remain in tracking stability, lighting variability, 
and reconstruction accuracy. Optimization for mobile 
performance is essential to ensure a consistent user 
experience. Augmented Reality also offers clear pedagogical 
benefits for cultural heritage education by embedding 
contextual information directly within the physical 
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environment, thereby supporting situated learning and 
improving spatial cognition. Interactive visualization and 
user-driven exploration promote deeper understanding and 
engagement compared to traditional static interpretation 
methods, consistent with prior findings on AR’s positive 
impact on learner motivation and comprehension [3][4]. 

Several limitations remain in the current implementation. 
Outdoor spatial tracking performance may vary under 
inconsistent lighting conditions and complex environmental 
surfaces. Mobile hardware constraints can also affect 
rendering performance and tracking stability in large-scale 
outdoor environments. In addition, the current system 
currently focuses primarily on single-user interaction and has 
not yet undergone formal user evaluation for learning 
effectiveness and usability assessment. 

This paper presented a Spatial AR system for cultural 
heritage education at Castillo de San Marcos. The platform 
demonstrates the effectiveness of spatially anchored 
visualization for immersive historical learning. Future work 
will focus on controlled user evaluation, multi-user 
collaboration, and expansion of historical reconstruction and 
educational content. 
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Abstract— Ageing populations increasingly rely on digital 

services, yet older adults often face usability and accessibility 

barriers, especially when interfaces depend on hidden actions, 

icon-only controls, and visually demanding layouts. This study 

assessed whether four different application prototypes 

(Shopping List, Messenger, Login/Registration, Shop) and 

alternative User Interface (UI) and Cascading Style Sheets 

(CSS) variants support function discoverability and perceptual 

accessibility for adults aged 60+. Overall task difficulty was 

moderate (mean M = 2.22, median Me = 2, standard deviation 

SD = 1.09), but only 48.3% of task attempts were completed 

without moderator help. Messenger was the most challenging 

module (M = 2.73; 29.7% independent), with “add member to 

group” performing worst (M = 3.12; 16.2% independent). 

Shop was the easiest (M = 1.82; 64.0% independent). 

Participants aged 60+ were less independent and slower than 

those < 60 (p < 0.001). Barriers clustered around 

discoverability, navigation, icon semantics, form feedback, 

contrast, and target size. Design improvements should 

prioritise explicitly labelled actions, stronger feedback, higher 

contrast, and larger interactive targets; visual styling alone 

was insufficient without structural interaction changes. 

Keywords— usability testing; function discoverability; web 

accessibility; user interface design. 

I.  INTRODUCTION 

In the context of ongoing population ageing and the 
continued migration of services to digital channels, the 
accessibility and usability of interfaces for adults aged 60+ 
has become an issue of growing social and economic 
relevance [1]. From the perspective of older users, the central 
challenge is not merely “access to technology” but also the 
cost of interaction: increased cognitive effort, uncertainty 
about the consequences of actions, heightened risk of error, 
and frustration, which may ultimately result in 
disengagement from online services [2]. Research on 
technology acceptance in this group emphasises that 
sustained use of digital solutions depends largely on a sense 
of control and ease of use rather than on the system’s 

objective functionality alone [3]. Against this background, 
the present study addressed a practical question: to what 
extent the designed application modules and User Interface 
(UI) and Cascading Style Sheets (CSS) variants are 
comprehensible, discoverable, and executable independently 
by older adults, who often experience functional limitations. 

Cognitive mechanisms help explain why identical 
interface solutions may operate differently for younger and 
older users. Processing-speed theory indicates that with age 
the cost of operations requiring rapid attentional switching 
and the maintenance of multiple elements in working 
memory increases, thereby elevating susceptibility to pauses 
and errors in sequential tasks [4]. In parallel, age-related 
changes in the visual system (including reduced contrast 
sensitivity and poorer performance under low luminance) 
directly affect typographic legibility and the recognisability 
of elements with weak visual separation [5].  

Within these constraints, the literature identifies recurring 
challenges in interface design for older adults: limited 
discoverability of functions, navigational disorientation, 
ambiguity of icons, difficulties with forms 
(login/registration), and visual and ergonomic barriers 
associated with small clickable targets. Empirical studies 
show that age significantly differentiates both perceived 
website usability and task performance, and that these 
differences intensify as information architectures become 
more complex and the number of potential action paths 
increases [6]. Importantly, older adults rely more heavily on 
structural cues and layout consistency, and, as informational 
queries grow more complex, they more frequently commit 
errors attributable to the costs of search strategies (e.g., goal 
loss and ineffective exploration) [7]. From a navigation 
perspective, solutions such as vertical menus have been 
shown to support effectiveness and user preference in tasks 
of increasing complexity, reinforcing the importance of 
explicit and predictable option presentation [8]. Moreover, 
research on navigation style indicates that the organisation of 
transitions and the manner of presenting options exert a 
measurable influence on older adults’ efficiency in web-
based environments [9].  
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Studies have demonstrated that, in older adults, icon 
comprehension in navigation tasks depends on the semantic 
distance between a symbol and its intended meaning, as well 
as on the presence of a textual label; labelling reduces 
interpretive uncertainty and may limit selection errors [10]. 
Related work on mobile-device icons suggests that age-
related differences are particularly pronounced during initial 
use, before users acquire interface conventions [11]. 
Practically, this supports recommendations for selective 
redundancy (e.g., icon plus label) in task-critical locations, 
while avoiding unnecessary stimulus density in secondary 
areas. Research on redundancy further indicates that such 
solutions can improve performance and confidence among 
older users, even if younger users sometimes perceive them 
as superfluous [12]. In communication modules (e.g., a 
messenger), this body of evidence justifies efforts to 
minimise unlabeled icons and to increase the clarity of 
control intent. 

Another major category includes forms, particularly login 
and registration, which combine security requirements with 
memory demands and error risk. Evidence suggests that 
older adults more often encounter barriers in authentication, 
and that the critical factors become unambiguous error 
messages, support for account recovery, and mechanisms 
that prevent mistakes (e.g., the ability to reveal a password 
during entry) [13]. Accordingly, form design for older adults 
should prioritise clarity, proximity of feedback to the 
relevant field, reduction of unnecessary steps, and 
minimisation of the need to infer system rules. 

Visual accessibility is likewise an area in which 
seemingly minor design choices can substantially increase 
interaction costs for older adults. Research in the context of 
medical devices indicates that font size and button position 
influence task execution in older users, underscoring the 
importance of information hierarchy and the placement of 
primary actions [14]. Systematic reviews focusing on 
typography for older adults emphasise that legibility 
parameters (size, typeface, line spacing) should be 
considered in relation to task type (reading versus scanning) 
and users’ perceptual conditions [15].  

Interaction ergonomics (e.g., the size and spacing of 
touch targets) constitutes another central axis of design for 
older adults, particularly given reduced motor precision. 
Empirical work has shown that button size and spacing affect 
touch characteristics in older adults, translating into error 
rates and user comfort [16]. Similar conclusions have been 
reported for smartphone pointing performance, where older 
users exhibited poorer outcomes with small targets and dense 
layouts [17].  

Existing studies synthesising design recommendations 
indicate that effective support for older adults typically 
requires a coherent set of interventions rather than a single 
change. For example, heuristic accessibility checklists for 
smartphone interfaces have been proposed, addressing 
legibility, consistency, visibility of system status, and the 
reduction of cognitive load [18]. Case studies of redesign for 
older adults demonstrate that usability improvements usually 
result from bundles of changes: simplifying information 
architecture, reducing visual clutter, and increasing the 

explicitness of controls [19]. Systematic reviews of mobile-
app guidelines for older adults highlight recurrent 
recommendations, including large interactive elements, 
consistent navigation, predictable flows, and redundant 
information coding in critical locations [20]. Relatedly, calls 
for consolidating standards for the “ageing web” reinforce 
the need to connect design practice with accessibility 
requirements and established guidelines [21]. 

More recent empirical work on interface element 
characteristics suggests that specific design decisions can 
influence task performance in older adults, encouraging task-
based prototyping and evaluation rather than reliance on 
design intuition alone [22]. In parallel, a strand of research 
has advanced in-action user support (e.g., real-time 
interactive guides), which may enhance older adults’ web 
accessibility and reduce reliance on external assistance [23]. 
The present study therefore evaluated User Experience (UX) 
and the perception of key User Interface (UI) elements in an 
older adult cohort, with particular attention to how 
typographic legibility, contrast, colour scheme, and 
clickable-target size shape the completion of typical tasks in 
web applications. An additional objective was to identify 
interaction barriers and formulate design recommendations 
supporting inclusive solutions for older users. 

The rest of this paper is organized as follows. Section II 
describes the methodology of the study. Section III presents 
the results. Section IV discusses the findings. Section V 
concludes the paper and outlines directions for future work. 

II. METHODS AND METHODOLOGY 

A mixed-methods design was employed, integrating 
quantitative and qualitative components. The quantitative 
component comprised (i) participants’ subjective ratings of 
task difficulty on a five-point scale (1-5), (ii) a dichotomous 
record of whether moderator assistance was required 
(Yes/No), and (iii) dichotomous (Yes/No) evaluations of the 
legibility of key user interface elements. The qualitative 
component was based on participants’ open-ended 
statements concerning experienced difficulties, 
accompanying feelings and emotions, and suggestions for 
interface improvements. Sampling was non-probabilistic: the 
core sample consisted of older adults (60+), complemented 
by a small group of younger participants included as a 
comparative reference in selected analyses. Data collection 
was conducted between 16 July 2025 and 3 February 2026. 

A. Procedure 

The procedure was structured and consisted of four 
stages. All sessions were conducted individually in the 
presence of a moderator, who observed task performance, 
recorded difficulty ratings and completion status, and 
provided clarification only when necessary. This moderated 
setting ensured consistent task administration across 
participants. First, participants completed an introductory 
questionnaire including demographic items as well as 
questions regarding technology use and physical health. 
Second, a task-based usability test was conducted across four 
modules/prototypes, described in detail in Section F 
(Prototypes and tasks); after each task, the moderator 
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recorded the perceived difficulty rating (1-5), whether 
assistance or clarification was necessary, and the task 
completion time, based on the recorded end-time stamp, 
enabling subsequent analysis of task efficiency. Third, after 
completing each module, participants filled in a post-module 
evaluation including Yes/No questions on font legibility, 
perceived colour scheme, and button size, supplemented with 
open-ended questions about difficulties and emotions. 
Finally, a closing questionnaire was administered, in which 
participants provided, among other responses, a subjective 
assessment of workload (e.g., tiring/demanding) and 
indicated the elements they perceived as easiest and most 
difficult. 

B. Variables and measures 

The study included a set of variables and measures 
capturing both task outcomes and subjective experience. The 
primary outcome was task independence, operationalised as 
task completion without assistance versus completion with 
moderator support. Additional measures comprised 
subjective task difficulty (1-5) and task duration, derived 
from recorded task end-time stamps. Perceptual evaluation 
of the interface (font legibility, colour scheme, and button 
size) was captured in a Yes/No format and enriched with 
participant comments. A separate category included 
qualitative data, i.e., the content of open-ended responses 
describing usability barriers and design recommendations. 

C. Characteristics of cohorts 

A total of 74 individuals participated in the study (N = 
74), enabling a description of the sample in terms of basic 
demographic and social characteristics. The gender 
distribution indicated a predominance of women: 53 female 
participants (71.6%) and 21 male participants (28.4%). The 
age structure was dominated by older adults aged 60+ (65 
participants; 87.8%), with the largest subgroup comprising 
participants aged 70-79 years (31 participants; 41.9%). 
Participants younger than 60 years constituted 9 individuals 
(12.2%) and served as a comparison group in the analyses. 
With respect to educational attainment, higher education was 
reported most frequently (38 participants; 51.4%), followed 
by secondary education (26 participants; 35.1%), indicating a 
relatively high level of educational capital in the study group. 

Residence was characterised along two territorial 
dimensions: settlement size and participants’ self-reported 
location descriptors. The sample structure indicated a 
predominance of urban residents, particularly from large 
urban centres, which should be taken into account when 
interpreting the results and generalising them to older 
populations with different territorial characteristics. 
Consequently, while the collected material supported 
inferences about typical barriers to interaction and interface 
perception among older adults, the scope of generalisation 
should consider potential differences arising from everyday-
life context, the availability of digital services, and place-
related variation in technological competence. 

D. Technology experience and functional limitations 

Most participants reported regular contact with 
technology: 64 individuals (86.5%) used technology daily. 
The most frequently reported device was a smartphone (55 
participants; 74.3%), alongside a small group of non-users (4 
participants; 5.4%). For interpretation, the high prevalence of 
self-reported health-related limitations was also salient: 50 
participants (67.6%) indicated conditions or disabilities that 
could affect interaction with the user interface. Notably, 
visual difficulties predominated among the declared 
limitations (46 participants; 62.2% of the total sample). As 
limitation categories could overlap (e.g., concurrent visual 
impairment and motor difficulties), percentages do not sum 
to 100%. 

E. Tools 

The questionnaire and data-recording protocol were 
implemented using Google Forms. The research materials 
comprised: (1) the introductory questionnaire, (2) task 
scenarios for the four prototypes, (3) post-module evaluation 
questions, and (4) the closing questionnaire. 

F. Prototypes and tasks 

The test covered four web-application prototypes 
reflecting typical user activities: 

1. Shopping list/form (4 tasks): adding, deleting, 
marking as purchased and filtering, and editing an item. 
 

 

Figure 1.  Shopping list interface. 

2. Messenger (3 tasks): sending a message, adding a 
user to a group, and sending a photo with a caption and an 
emoji. 
 

 

Figure 2.  Messenger interface. 
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3. Login/password recovery/registration (3 tasks): 
logging in, password recovery via a code-based procedure, 
and account registration. 
 

 

Figure 3.  Login page interface. 

4. Online shop (3 tasks): searching for a product, 
selecting a variant and adding it to the cart, and completing 
the purchase flow (delivery and payment). 
 

 

Figure 4.  Online shop interface. 

The prototypes were made available online (hosted, inter 
alia, on Render) and were presented in pairs of visual UI 
variants (e.g., versions differing in colour scheme and 
contrast). Within each module, participants worked with one 
of two variants: Shopping List (49 vs 24; 1 missing), 
Messenger (52 vs 22), Login (56 vs 18), and Shop (38 vs 
36). This design enabled comparisons of UI perception and 
task-performance patterns (Fig. 1-4). 

III. RESULTS 

The analysis included N = 74 participants (women: 53; 
men: 21). Most participants were aged 60+ (n = 65), 
although a smaller group of participants aged <60 also took 
part (n = 9). Most participants lived in urban areas (n = 64), 
particularly in cities with more than 100,000 inhabitants (n = 
40), whereas fewer lived in rural areas (n = 10). Self-reports 
regarding health-related limitations indicated that 50/74 
participants reported at least one condition/limitation, 
including 46/74 reporting visual problems (e.g., “vision 
impairment”). 

At the global level (all tasks combined), the mean 
difficulty rating on the 1-5 scale was M = 2.22, the median 
was Me = 2, and the standard deviation was SD = 1.09 
(number of ratings = 958). Overall, 48.3% of task attempts 

were completed without moderator assistance (463/958), 
41.5% required moderator assistance (398/958), and 10.1% 
involved the use of a scenario (97/958). A detailed 
breakdown of difficulty and the proportion of independent 
completions for each task is provided in Table I, while 
aggregated module-level results (including time) are 
presented in Table II. 

For the time analysis (based on task completion 
timestamps, excluding records of 00:00:00 treated as 
missing), the median total session time among participants 
with complete time measurements (n = 66) was 29.0 
minutes, with interquartile range IQR = 18.8 minutes (Q1 = 
22.0; Q3 = 40.8). At the module level, tasks in the 
Login/Registration module took the longest (Me = 6.0 
minutes; IQR = 7.0), whereas the shortest durations were 
observed for the Shopping List module (Me = 3.0 minutes; 
IQR = 4.0) and the Shop module (Me = 3.5 minutes; IQR = 
4.8) (Table II). 

TABLE I.  TASK DIFFICULTY AND PERCENTAGE OF COMPLETION 

WITHOUT ASSISTANCE (PER TASK) 

# Module Task n 

(result

s) 

M M

e 

SD No 

help 

(%) 

1 List List: add "cheese" 73 1.93 2 1.03 63.0 

2 List List: del"cheese" 73 2.00 2 1.08 52.1 

3 List List: mark"bread"  73 2.32 2 0.94 41.1 

4 List List: edit "water" 

→ "juice" 

73 2.48 2 1.20 38.4 

5 Messenger Send: "hello"  74 2.30 2 1.02 43.2 

6 Messenger add Jan to group  74 3.12 3 1.06 16.2 

7 Messenger Send pict 74 2.78 3 1.12 29.7 

8 Login/ 

Registration 

Login 74 2.04 2 0.94 43.2 

9 Login/ 

Registration 

Login pass recov 74 2.05 2 1.00 61.0 

10 Login/ 

Registration 

Login account reg 74 2.34 2 0.99 47.3 

11 Shop Find item 74 1.55 1 0.88 78.4 

12 Shop Shop: add item to 

basket 

74 1.86 2 0.96 52.7 

13 Shop Shop: buy and 

pay 

74 2.06 2 1.04 60.8 

TABLE II.  AGGREGATED RESULTS PER MODULE (DIFFICULTY, 
INDEPENDENCE, TIME) 

Mod 
ule 

M M

e 

SD No  

help 

(%) 

Time 

Me 

(min) 

Time 

IQR 

(min) 

Messenger 2.7

3 

3 1.1

2 

29.7 5.0 3.0 

List 2.1

8 

2 1.0

9 

48.6 3.0 4.0 

Login/Registrat

ion 

2.1

4 

2 0.9

8 

50.9 6.0 7.0 

Shop 1.8

2 

2 0.9

9 

64.0 3.5 4.8 

A. Results by module/prototype (Shopping List, 

Messenger, Login/Registration, Shop) 

In the Shopping List module, a moderate level of 
difficulty was observed (M = 2.18; Me = 2), and nearly half 
of task attempts were completed without assistance (48.6%). 
The greatest cognitive burden concerned tasks requiring 
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interpretation of controls related to filtering and content 
editing (tasks 3-4; M = 2.32-2.48), which co-occurred with a 
lower proportion of independent completions (38.4-41.1%). 

The Messenger module yielded the highest mean 
difficulty ratings among all modules (M = 2.73; Me = 3) and 
the lowest share of independent completions (29.7%). 
Adding a user to a group was particularly problematic (task 
6; M = 3.12; 16.2% without assistance), as was a compound 
action involving sending a photo with a caption and an emoji 
(task 7; M = 2.78; 29.7% without assistance). This pattern 
suggested that barriers in this prototype were more strongly 
related to locating functions and understanding interaction 
logic than to entering short text messages per se (task 5; M = 
2.30). 

In the Login/Registration module, difficulty was similar 
to that of the Shopping List module (M = 2.14; Me = 2), 
whereas completion time was the highest (Me = 6.0 
minutes). The account creation task was the most demanding 
(task 10; M = 2.34). Notably, password recovery using a 
code was associated with relatively higher independence 
(task 9: 61.0% without assistance) than login (task 8: 43.2%), 
which may have resulted from a more unambiguous step-by-
step sequence. 

The Shop module was rated as the easiest (M = 1.82; Me 
= 2) and exhibited the highest independence (64.0% without 
assistance). The easiest task in the entire study was finding a 
product (task 11; M = 1.55; 78.4% without assistance). 
Difficulty increased for actions requiring multiple decisions 
(product variant selection and order finalisation; tasks 12-
13), but ratings remained moderate overall (M = 1.86-2.06). 

B. UI evaluation (font legibility, colours, button size; 

emojis in the messenger) 

Evaluations of interface elements were predominantly 
positive, although clear differences emerged across modules. 
Overall (aggregated across all modules), font legibility was 
rated positively in 223/286 responses (78.0%), colour 
selection in 220/287 responses (76.7%), and button size in 
232/287 responses (80.8%). In the Messenger module, 
emojis received positive ratings in 60/74 responses (81.1%). 

The lowest proportion of “Yes” responses was observed 
for colour scheme in the Shop module (39/71; 54.9%), and a 
relatively low proportion was also found for colour scheme 
in the Messenger module (48/72; 66.7%). Negative 
comments in open-response fields related to UI questions 
included, among others, overly intense colours or insufficient 
contrast, as well as excessively small text and controls. 

IV. DISCUSSION 

Interpretation suggested that the observed difficulties 
resulted primarily from limited discoverability of functions 
and ambiguity of controls, and only secondarily from the 
intrinsic “content complexity” of the tasks. Across the entire 
study, difficulty was moderate (M = 2.22; Me = 2; SD = 
1.09; n = 958 ratings), yet the proportion of completions 
without assistance was only 48.3% (463/958), indicating that 
many barriers emerged at the stage of selecting the 
appropriate action in the interface rather than during 
execution itself. 

The Messenger module exhibited the highest difficulty 
among all modules (M = 2.73; Me = 3; SD = 1.12; n = 222 
ratings) alongside the lowest independence (29.7% without 
assistance). The most difficult task was adding a group 
member (task 6), with M = 3.12 (Me = 3; SD = 1.06) and the 
lowest proportion of independent completions (16.2%). This 
profile was consistent with the qualitative material: an 
illustrative statement directly noted: “Finding the option to 
add to the group.” The qualitative responses were consistent 
with the quantitative findings and helped clarify that the 
main barriers were not task goals themselves, but rather the 
discoverability of controls, uncertainty about next steps, and 
the perceptual accessibility of key interface elements. 

A second source of difficulty was the increased number 
of steps and context switches in the task involving an 
attachment, caption, and emoji (task 7): M = 2.78 (Me = 3; 
SD = 1.12) with 29.7% independent completions. By 
comparison, the relatively simpler operation of sending a 
short text message (task 5) had lower difficulty (M = 2.30; 
Me = 2; SD = 1.02) and a higher proportion of independent 

completions (43.2%). This gradient (text → multi-step 

action) suggested that the key issue in the messenger was not 
the concept of “communication” itself, but rather navigation 
across functions, symbolism, and interface states. The 
Human-Computer Interaction (HCI) literature has noted that 
older adults are particularly sensitive to hidden actions and 
the cognitive demands of interface exploration, which 
translates into slower and less confident performance in 
navigation tasks. 

Shop results indicated an apparent paradox: this module 
was simultaneously the least difficult (M = 1.82; Me = 2; SD 
= 0.99; n = 222) and the most independent (64.0% without 
assistance). The easiest task overall was product search (task 
11): M = 1.55 (Me = 1; SD = 0.88) with 78.4% independent 
completions. In e-commerce contexts, users often achieve 
task success despite mediocre aesthetics due to well-
established interaction schemas, which may explain high 
effectiveness and independence. By contrast, colour 
evaluation reflected perceptual comfort rather than “ability to 
complete,” and qualitative comments included remarks about 
tiring colour combinations (e.g., “Too sharp a colour; in the 
long run it is tiring…”). 

Accordingly, the findings were interpreted as reflecting 
two separable UX dimensions: efficiency/feasibility of task 
completion (relatively high here) and perceptual accessibility 
(relatively lower). Accessibility requirements indicate that 
legibility depends, among other factors, on minimum 
contrast thresholds (e.g., 4.5:1 for standard text).  

At the perceptual and ergonomic level, efforts should 
focus on modules with the weakest UI evaluations. 
Accessibility standards, including criteria for text contrast 
(e.g., 4.5:1 for standard text), provide clear directions and 
measurable thresholds for auditing such changes. 
Additionally, given the comments concerning ergonomics 
and clickability (22 mentions in reported difficulties and 22 
in improvement suggestions), increasing target sizes and/or 
spacing was justified, consistent with accessibility-oriented 
approaches to minimum target size (including 24×24 CSS px 
in Web Content Accessibility Guidelines 2.2 for certain 
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cases). Finally, considering the substantial age-related 
differences (independence 38.5% vs 92.3% and time 32.0 vs 
17.0 minutes; p < 0.001), personalisation features supporting 
readability (larger text, high contrast) and explicit labelling 
should constitute a permanent interface component, given 
their potential benefit for the most sensitive user group. 

A. Study limitations 

Several variables were self-reported (e.g., health-related 
limitations), which may have reduced the validity of 
classifying participants as “with limitations” versus 
“without”. UI/CSS variants were not fully randomised and 
balanced; therefore, differences in UI ratings may have been 
partly modulated by expectations and aesthetic preferences. 
Furthermore, time measurement based on task end-time 
stamps was sensitive to missing values, and the presence of a 
moderator may have reduced variability in outcomes, 
particularly in tasks where assistance was frequent. The 
study did not include a formal cognitive screening measure 
(e.g., the Montreal Cognitive Assessment or Mini-Mental 
State Examination), which limits the precision of interpreting 
whether some observed difficulties were primarily 
perceptual, functional, or partly cognitive in nature. 
Participant characterization relied on self-reported 
information regarding physical health, digital skills, and 
everyday technology use. The study design and sample size 
were sufficient to identify the main interaction difficulties 
associated with the perceptual and functional demands of the 
tasks. Future studies should include standardized cognitive 
assessment to strengthen interpretability. 

V. CONCLUSION AND FUTURE WORK 

As part of the completed work, a full set of research 
materials was developed (task scenarios, a UX/UI evaluation 
questionnaire, and visual interface variants), and usability 
tests were conducted for four prototypes: Shopping List, 
Messenger, Login/Registration, and Shop. The study 
provided a coherent account of how older adults perform 
tasks in web-based interfaces and which UI elements 
constitute genuine barriers to independent task completion. 
Quantitatively, overall task difficulty was moderate (M = 
2.22; Me = 2; SD = 1.09), yet independence proved limited. 
Only 48.3% of task attempts were completed without 
assistance. This indicated that the primary obstacle was not 
the substantive content of the tasks but rather the stage of 
“locating the appropriate function” and understanding how to 
execute the next step within the interface. 

The most consequential practical insight was that the 
weakest outcomes were observed in the Messenger prototype 
(module-level M = 2.73; independence 29.7%), particularly 
for the task of adding a user to a group (M = 3.12 and only 
16.2% completed without assistance). The qualitative data 
consistently pointed to a discoverability issue (“Finding the 
option to add to the group.”), which mapped directly onto 
Jakob Nielsen’s heuristics (recognition rather than recall; 
consistency and standards; visibility of system status). At the 
same time, the Shop prototype achieved the best 
performance parameters (module-level M = 1.82; 
independence 64.0%) while receiving the weakest evaluation 

of colour scheme (54.9% positive responses). This pattern 
suggested a separation of two dimensions: participants were 
able to accomplish task goals by relying on familiar e-
commerce conventions, yet they experienced reduced 
perceptual comfort. This, in turn, provided a direct rationale 
for adjustments aligned with the Web Content Accessibility 
Guidelines (WCAG) developed by the W3C (notably with 
respect to contrast and the legibility of components).  

Overall, the findings indicated that, when designing 
interfaces for older adults, priority should be given to 
solutions that increase discoverability and the unambiguity 
of key actions. Accordingly, the following should be treated 
as critical: (a) exposing primary actions as visible, clearly 
labelled buttons (rather than unlabeled icons or hidden 
functions), (b) guiding users through multi-step tasks 
(stepwise structure, clear process state, and confirmations), 
(c) reducing the cost of errors through intelligible messages 
and timely feedback, and (d) improving interaction 
ergonomics (larger clickable targets and more salient 
component states). In form-based contexts 
(login/registration/checkout), mechanisms that support data 
entry (e.g., “show password” and real-time validation) were 
practically important, as they reduced hesitations and the 
need for assistance. From an accessibility perspective, 
removing solutions that reduced legibility (mainly in the 
Shop module) was essential, because even when tasks could 
be completed successfully, such design choices lowered 
comfort and increased the risk of errors during extended 
interaction. 

In subsequent iterations, development should proceed 
along two parallel tracks: refining interaction structure 
(navigation, labels, and function visibility) while 
simultaneously improving the perceptual layer (contrast, 
visual hierarchy, and element sizing). In practice, this entails 
starting with “high-impact” fixes in areas with the lowest 
independence (notably within the messenger), and only then 
refining aesthetics which (as the results demonstrated) may 
improve UI ratings but cannot substitute for structural 
changes. Future research should extend usability testing with 
more fine-grained process measures (errors, backtracking, 
misclicks, and step-level time), and randomise assignment to 
UI variants. Additionally, one should focus on a deeper 
qualitative analysis of participants’ open-ended responses 
and combine user studies with a formal WCAG conformance 
audit. In addition, including a formal cognitive screening 
measure (e.g., the Montreal Cognitive Assessment) would 
strengthen the study by providing a standardized measure of 
cognitive abilities that may affect user interface interaction. 
It is also advisable to test across devices (smartphone vs 
desktop) and in more naturalistic conditions, as certain 
barriers for older adults may become more pronounced in 
real contexts of use (visual fatigue, distractions, and time 
pressure). Ultimately, the completed work underscored that 
the decisive success factor was not a one-off “prototype 
assessment” but an iterative, evidence-based design cycle: 
identifying points of breakdown, implementing 
improvements, retesting, and verifying whether 
independence increases where it previously declined. 
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