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ABSTRACT

Human behavior and emotions are influenced by experiences accumulated through the past and present.
To realize artificial intelligence technology that understands and sympathizes with humans, cognitive
computing technology that automatically analyzes human behaviors, habits, and emotions associated with
specific situations and uses past data and domain knowledge is required. In this study, we examine the latest
research trends on human-understanding cognitive computing technology that recognizes human behavior
and emotions, stores them as experience data, and provides services by analyzing the stored data. Further,
we introduce high-quality data collection research in real-life and services for improving physical and mental

health. We also review key issues essential for developing these technologies.
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CNN Convolutional Neural Network
CPD Change Point Detection

HAR Human Activity Recognition
HCI Human Computer Interface
HNR Harmonics to Noise Ratio
IMU Inertial Measurement Unit
RNN Recurrent Neutral Network
UDA Unsupervised Domain Adaptation
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