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Autonomous social navigation comprises the ability of n our current phase of research, we seek to determine the cost function used by a Stationary Gaze Entropy: Also known as Shannon’s
robots to move through dynamic human environments human agent navigating to a goal with and without interference. Assuming that Gaze Entropy, quantifies the distribution of gaze by
while adhering to expected social norms, such numan navigation adheres to a quadratic cost function, we can define a nested mapping gaze data into a normalized distribution that
as maintaining personal space and communicating intent optimization problem which compares trajectories based on estimated cost functions represents the proportion of gaze spent in each area,
through motion. While current systems can navigate in to the observed trajectory and seeks to minimize the difference. The mathematical assuming gaze is independent and identically distributed
these environments, they typically rely on fixed safety formulation can be seen below on the left, while the current results are on the right. -
parameters and do not adapt to individual differences in uman (1) va. Estimated (rd) positions (one iectomy) Fics - Tratocs H]H () = - Z(p i)l0g2(pi)
risk tolerance. Our research proposes using egocentric Mmoo o . comparison. | =
visual feed back, specifically oculomotor metrics like Tglél EIX:,]’}/(”“: = ||+ Bl =7 ]]) 6 Trajjcto(rjyb Fig 8:_Sh§nnodn’s Entropy Fonl:]mula:VI;/her? pi is the proportion of total gaze

tropy and pupil dilation, to gauge human ot a — areminJ; (x;, ;) “‘5k\ \ optimized cost nrelont, ancr represents e number otregions. L
gzz:r?cginty during social navigation. By correlating S A £ oo ey i‘;:rf’s;’:‘egigﬁhajt Gaze Transitive Entropy: The probability of transitioning
these signals with deviations in navigation trajectories, st ou<u <i, : =) Senerated by between_reglons in the entropy c_alculatlon, removing the
we aim to infer perceived risk in real time and use this Vi € [to.to + Tow] X141 = Ax; + Buy, o 0] . :Z\r:i];:ting to ?Ssumpt"’” .Of gaze states being independent and
information to adapt robot behavior dynamically, Vi € [to.t0+Tw] Xty = Xeurr R — ) their goal (blue). identically distributed. n
enabling safer, more personalized navigation strategies. e e [H]H(z) = —» (pi) » pl(i, j)loga(p(i, j))

N ——— 1 The estimated cost function generated by this process can then be used to determine =1 =1
""" ' ' the likelihood that a subject is deviating from their expected path due to interference. Fig 8: Gaze Transitive Entropy Equation: Where p; is the proportion of total

gaze time spentin region i and p(i, j) represents the probability of moving
fromregion i to region j in the sequence of gaze fixation

Egocentric Gaze Labeling

Limitations and Future Work

Fig. 1: Egocentric glasses use. Egocentric glasses (left) provide real-time oculomotor metrics. We I . '
use them to collect risk perception data from human subjects during navigation tasks (right). Egocentrlc Gaze' _IS the g_aze |Ocat|0n (X’Y) from_the
person (ego) who is wearing the glasses, in relation to

their point of view of the world. We propose that we
Statement of Contribution can use this to segment and track objects within a

Limitations:

* Individual variation in oculomotor metrics may limit

In this work, we aim to: D iffarent safet personj s point of view that they consider to be critical Fig 4: Egocentric gaze concept. ;' the predictive capabilities of our system
models for differ};nt :] to their safety. Visualization of egocentric labeling
e Estimate human cost ga;fitli’gse“é:;‘ﬁziz Future steps for our work:
functions using nested l \ To accomplish this, we utilize Segment Anything Model 2 (SAM2) and You Only Look c abeled d e ational
optimization % Once (YOLO) to use gaze locations as prompts and object detection as a filter for reate a labeled dataset of human navigationa
— trajectories with deviation probability, scene

safety-critical objects that we can then segment and track.
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+ Train a model to anticipate segmentation, and oculomotor metrics

trajectory deviations based
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aware naviaation WhICh can Alr?azton:rﬂolzz\jvehzse:lc“f?ai);is one use- > produced by filtering tracking every object * Generate personallzed Control barrler fUﬂCtIOnS (CBF)
7 case foran adaptive navigation model gaze hased on safety: that a person looks at with this model for use in proactive trajectory
ada Pt to the Comfort and which adopts daring or cautious critical objects. in an environment.
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