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Abstract. Trust is often regarded as a driving force of socialisation. Even though trust has been studied interdisciplinarily, there is h
no consensus on its real-time measurement in the context of HRI. This research aims to implement a system using motion
capture and video data to assess the trust of people in robots real-time. With this, robots could give accurate feedback to the
reactions of people and facilitate cooperation.
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INTRODUCTION

As cooperation with robots becomes more widespread, it is important to develop ideal conditions for
HRI. Trust is a key factor in this coexistence, as it influences safety performance and the human
agents’ willingness to collaborate [1].

Trust has been studied in various disciplines and is often seen as an essential connective part of
society. Even though scholars agree on its importance, there is no consensual definition for the term.
For most, it indicates expectations towards the other, not behaviour patterns. Cooperative behaviour is
promoted and induced by these expectations. To achieve confidence in machines the first step is to
provide an accurate metric to measure the trust. Self-reports give post-hoc insights and do not aid
real-time assessment. Other disadvantages of this method are that there is no uniform questionnaire
to assess trust and that self-reports often turn out to be subjective.

The main questions of this research are whether trust in HRI be reliably assessed through
real-time analysis of human and robot behavioral data, and what factors best predict trust
levels across different interaction contexts? Our hypothesis is that behavioral data, such as
movement capture can aid the identification of the key elements of trust.
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Figure 1, source: Pixabay

LITERATURE REVIEW RESEARCH METHODOLOGY

The research planned consists of the
following steps:

e Trust assessment in other studies
o Self-reports yield post-hoc insights
based on the feelings of the subjects [2]

1. ldentify Behavioral Trust

o Physiological signals (EEG, GSR) used )
Indicators: Analyze movement and

in trust assessment studies achieved

70%+ accuracy [3,4]. social signaling data to identify key
e Movement data approach: behavioral markers linked to trust in
o Motion capture systems or video-based HRI settings.
analysis 2. Develop a Trust Prediction Model:
o XSENS sensors applied in motion Utilize machine learning to build Figure 2, Source: Pixabay
classification [8,9]. predictive models based on the
DATA TO USE behavioral and motion tracking data. \With the implementation of a system,
. Evaluate Model Performance capable of real-time trust measurement.
Two eligible datasets Across Contexts: Test the trust research on robots giving feedback to
e DrapeBot benchmark dataset [5] mistrust detected would potentially be

prediction model on diverse datasets
(e.g., SSUP-HRI and Drapebot) to
ensure robustness across public and

o XSENS motion capture data
o Industrial environment
o Trust in robots scored by test subjects

possible. This would facilitate
cooperation and cohabitation with robots
and aid their social acceptance.

e SSUP-HRI dataset [6] industrial settings.
o 360°camera footage 4. Explore Real-time Trust . CNCLUSK)N
o Urban environment Modulation: Investigate how trust The aim of this research is to create a
o Eo r::]USt scoring _ ded levels fluctuate dynamically within Eﬁ?;earr?sce\:\f);iliigdwrﬂﬁasrggggs tgi C}ruosttth
7 Wlijth ;(;Sperglrz)rvc\)lc[??s;ng needed (eg. sessions, r_)otentlallly adjusting robotic  a|_griven agents based on their motion.
behaviors in real-time to foster trust. - T oo
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