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Video Genre Classification Method using Visual Rhythm
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Abstract

With the popularization of OTT services and video platforms, the consumption of video content has increased.
Accordingly, the importance and demand for effective content genre classification have also grown. In line with these
societal changes, recent research on video genre classification using artificial intelligence technology has been actively
conducted. In this paper, we propose a method for rapidly classifying video content genres using deep learning. The
proposed technique generates a visual rhythm that reflects the visual characteristics of video frames and applies it to
a modified Densenet201 model for the fast genre classification of large-scale videos. After constructing a video
dataset by categorizing various videos collected from platforms such as YouTube into six genres, we verified the
performance of the proposed method and achieved a genre classification accuracy of 98.5%.
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Table 3. Numbers of training, validation and testing video
for each class

Class Training | Validation | Testing | Total
Drama 116 38 40 194
Entertainment 174 58 59 291
Movie 15 38 39 192
News 144 48 49 241
Sports 99 3 33 165
VLOG 15 38 40 193
Total 763 253 260 1,276
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