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1. Introduction 2. Focused Interaction Detection using Multimodal Features
Focused Interaction (Fl) HOG: Histogram of Oriented Gradient
T : : : KLT:  Kanade-Lucas-Tomasi Tracker
* Co-present individuals, having mutual focus of attention, interact by
establishing face-to-face engagement and direct conversation [1] HOOF: Histogram of Oriented Optical Flow [5]
. VAD: Voice Activity Detection [6]
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An outdoor night-time Fl scenario with weak visual cues due to low illumination e Face track and VAD scores are significant for a % % . % .
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constrained conditions and interacting people always in view [2, 3, 4] * Sound from nearby surroundings influenced the VAD : | e P AN TMRERAUCZ0T | Lt |—wrer auc-oer |
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