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Music emotion classification algorithm based on multimodal deep learning
ZHOU Ping
(School of Information Technology, Nanchang Vocational University, Nanchang 330500, China)

[ Abstract] Aiming at the problem that the existing algorithms only consider the single—modal features of music or video and the
classification efficiency is low, this paper proposes a music emotion classification algorithm based on multi—-modal deep learning.
First, this paper proposes a two—dimension audio convolutional neural network that takes audio mel spectrograms as input to learn
audio features of music; after that, this paper designs a video neural network to learn the spatiotemporal features of music videos.
Then, this paper uses multimodal integration technology to fuse audio and video features, and designs a multimodal deep learning
classification algorithm to classify the emotion of music.Finally,in response to the lack of labeled music video datasets, this research
constructs a diverse music video dataset. This paper conducts experiments based on this data set to verify the effectiveness of the
proposed algorithm, and compares and analyzes the effects of different optimizers on the performance of the single — modal
classification model. The experimental results show that the multimodal classifier achieves the best classification performance
compared to each unimodal sentiment classifier.
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Fig. 1 Two-dimension audio network
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Fig. 2 The fusion between two—dimension audio network and C3D video network
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Fig. 3 The fusion between two—dimension audio network and I3D video network
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Fig. 4 Input preprocessing
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Fig. 5 Emotion examples of the dataset
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Tab. 1 Evaluation results of single — modality classification

networks under different optimizers
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Tab. 2  Evaluation results of single — modality combination and
integrated multi—-modality
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Tab. 3 Confusion matrix for integrated multi—modality
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