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Semantic analysis of video using an intermediate layer representation of deep neural network
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This study proposes a novel semantic analysis method for movies using learning representation of a deep neural
network. We employs the pre-trained convolutional neural network trained by natural images in Imagenet, and
combine it with SVM. The proposed method uses the learning representation as a feature of the input image,
and enables the target classification by SVM with minimum learning cost. The experimental result exhibits the
effectiveness of the proposed method both in speed and accuracy, compared with a conventional method using
high-speed SIN technique. Furthermore, it suggests the sixth layer is the optimal for the utilization of the learning

representation in the used network.
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