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Spatial-temporal attention—-based visual sentiment analysis model
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(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210003, China)

Abstract: To address the problem of the difficult fusion of temporal and spatial dimension features in video data, this paper
proposes a visual sentiment analysis method based on multi—head self—attention and spatiotemporal feature fusion. An improved
Transformer structure is used to fuse deep spatiotemporal features in shallow feature maps of image sequences. Firstly, a CNN
network is utilized to extract shallow visual features from the image frame sequence. Then, a multi-head self—-attention mechanism
is employed to extract deep spatial features. Based on this, their temporal features are extracted, and the residual structure is used to
fuse spatial and temporal features, enabling the extraction of deep emotion-related information in the visual modality. Finally, a
classification network predicts the emotional category of the video sample. Experimental results demonstrate that compared to
traditional methods for video emotion feature extraction, the proposed model can achieve superior performance improvements in
recognizing video emotions.
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Fig. 1 Spatial-temporal self—attention—based visual sentiment analysis model
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Table 3 Results of sentiment recognition
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