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Personalized Affective Video Content Analysis: A Review

ZHANG Li-gang ZHANG Jiu-long
(School of Computer Science and Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract Personalized affective video content analysis is an emerging research field which aims to provide personalized
video recommendation to an individual viewer tailored to his/her personal preferences or interests. However, there still
lacks a review about recent progress on the development of approaches in this field. This paper presented a review of
state-of-the-art approaches towards building automatic systems for personalized affective video content analysis from
three perspectives of audio-visual features in video content (e, g. light, color, and motion) , physiological response signals
from viewers (e, g. facial expression, body gesture,and pose) ,and personalized recommendation techniques. It discussed

the advantages and disadvantages of existing approaches,and highlighted several challenges and issues that may need to

be overcomed in future work.
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Fig. 1 Classification of video based on affective content

analysis techniques
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