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Concept of Learner Engagement Analysis using PC built-in Camera
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The purpose of this research is to develop a platform for analyzing learner engagement in the self-directed/self-regulated
learning process by utilizing a built-in camera on laptop/tablet PC. There exist a lot of research to estimate learner's
state/behavior with particular devices such as motion sensors and eye cameras. These devices enable to acquire detail

information but may disturb the learner and increase the cost of analysis. Therefore, in this research, we are considering to

adopt video stream from PC built-in camera. To predict increase or decrease of motivation or classify the learners into

activity level, time series analysis of the learner engagement is one of the core function of the analysis platform. In this paper,

as the first step of this research, we will discuss a couple of topics to be considered for development of the engagement

analysis platform.
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