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The Evolutionary Deep Learning based on Deep Convolutional Neural Network for the Anime
Storyboard Recognition
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Recently, the researches of image recognition have been developed remarkably by means of deep learning. In this
study, we focused on the anime storyboards and applied deep convolutional neural networks (DCNNs) to those
data for obtaining a video-conte (V-conte) in the anime. Though DCNN is a very powerful method, the problem
is that it takes lots of effort to tune its hyperparameters. To solve this problem, we propose a novel method called
evolutionary deep learning (evoDL) by means of genetic algorithms (GAs).

The effectiveness of evoDL is confirmed by computer simulations taking a real anime storyboard recognition

problem as an example.
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episode 10 G (158) A (185) 0.43 0.48
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cooce 2 S U L B DONN clib sk ERT. ZORELEER FORC X
‘ weighted average accuracy(E1) ‘ - ‘ ‘ 0.76 ‘ 0.79
‘ shuffled data accuracy(E2) ‘ - ‘ - ‘ 0.96 ‘ 0.97 T ﬁ 5.
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