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[ Abstract] In order to obtain more discriminative image features and improve the accuracy of sentiment classification,
a visual sentiment analysis model based on multi-level feature fusion of-dual attention is proposed.Firstly, the model
extracts multi-channel and multi-level features of images with Convolution Neural Network (CNN). Secondly, the
extracted low-level features are given spatial attention weight with spatial attention mechanism, and the extracted high-
level features are given channel attention weight with channel-attention mechanism to saparately enhance the low and
high level features. And finally, the enhaned high-level features and low-level features are fused to form discriminant
features for training sentiment classifiers. Experiments on three real datasets Twitterl, Twitterll and EmotionROI showed
that the classification accuracy of the method reached 79.83%, 78.25% and 49.34%, which improved the effect of social
media visual sentiment analysis.
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Fig.2 Structure of multi-level CNN features extraction
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Table 3 Classification accuracy of different datasets %

7k Twitter [ Twitter Il EmotionROI
VGGNet-16 75.49 71.79 45.46
MLCNN 76.90 73.10 45.86
SA-MLCNN 77.23 75.86 48.74
CA-MLCNN 77.10 73.73 47.27
DA-MLCNN 79.83 78.25 49.34
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