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[ Abstract] Emotion classification based on image has become a research hotspot of emotion computing. However, the
classification of image emotion mainly depends on the extraction of deep features, which leads to low classification results. As the
product of human spiritual activities, art images itself contains rich emotional semantic information. Research on the emotional
classification of art images is helpful to the appreciation and protection of art images. An emotion classification model of art images
based on deep-level features and attention mechanism network is proposed in this paper which extracts the CLAHE color features and
Laplacian texture features and fuses them into their deep—level features of art images as inputs. At the same time, an attention
mechanism based on CBAM is introduced to pay close attention to important areas, and a model named as FeaturesNet is constructed
for classifying emotion of art images. The experimental results show that the emotion classification accuracy of this improved
convolutional neural network model on the image data set of art images defined in this paper can reach 93.36% , which is greatly
improved compared with other models.
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Fig. 1 Figure of CLAHE color feature visualization
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Fig. 2 Extraction process of CLAHE color features
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Fig. 3 Extraction process of texture features
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Fig. 4 Visualization map of deep features in different layers
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Fig. 5 Network model structure of FeaturesNet
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