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Abstract The image sentiment analysis task aims to use machine learning models to automatically predict the observer’s emo-
tional response to images. At present, the sentiment analysis method based on the deep network has attracted wide attention,
mainly through the automatic learning of the deep features of the image through the convolutional neural network. However,
image emotion is a comprehensive reflection of the global contextual features of the image. Due to the limitation of the receptive
field size of the convolution kernel, it is impossible to effectively capture the dependencies between long-distance emotional fea-
tures. At the same time.the emotional features of different levels in the network cannot be effectively fused and utilized. It affects
the accuracy of image sentiment analysis. In order to solve the above problems, this paper proposes a hierarchical graph convolu-
tional network model, and constructs spatial context graph convolution (SCGCN) and dynamic fusion graph convolution ( DF-
GCN). The spatial and channel dimensions are mapped respectively to learn the global context association within different levels
of emotional features and the relationship dependence between different levels of features, which could improve the sentiment
classification accuracy. The network is composed of four hierarchical prediction branches and one fusion prediction branch. The
hierarchical prediction branch uses SCGCN to learn the emotion context expression of single-level features,and the fusion predic-
tion branch uses DFGCN to self-adaptively aggregate the context emotion features of different semantic levels to realize fusion
reasoning and classification. Experiment results on four emotion datasets show that the proposed method outperforms existing
image emotion classification models in both emotion polarity classification and fine-grained emotion classification.
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different algorithms
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Table 1 Comparison of sentiment classification accuracy of

CHRA 20
Method FI-2 FI-8 Artphoto  EmotionROI  Abatract

Sentibank 56.47 - 67.85 66.18 64.
DeepSentibank ~ 64. 39 — 70.11 70.11 68.
PCNN 75.35  56.16 70. 96 73.58 70.
Zhu et al. 84.26 - 75.50 80. 52 73.
ResNet50 85.43 64,74 70.93 79.28 73.
Resnet101 85.92 66.16 71.08 79.67 73.
MldrNet - 67.24 — — —

Yang et al 86. 35 - 74.80 81. 26 76.03
0OSSCM — 69.32 - - —
Wscnet 88.25 70.07 80. 25 — —
GOSR 85.40 70. 80 - 83.0 —

ours 90. 67 71.54 81.43 85.37 83.65
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Table 2 Accuracy comparison of four classification architectures

CRAL 20
Vi Accy Accy Accy Accs Accyy
A7) m A - - - - 66.16
E7(h) pr R A 67.24 67.31 67.57 67.88 —
7Ce) from A - - - - 68.13

| 7(d prm A 69.03 69. 16 69. 22 69. 43 69. 84

& 7(d) T 7R B AR B SN baseline, A4S SCil i gF — 26 (19 7 fl
SCI ok 3 B SCGCNL.DFGCN DL & 3 F [ T s F #4591
H L, SLae g5 Rk 3 g,

23 T RS 00 a3 28 I BE A X TG
Table 3 Accuracy comparison of sentiment classification in ablation

experiments

CAAT %)
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B A
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B+S+D NG NG N — 71.36
B+F+D+S Nj N N N 71.54
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Table 4 Accuracy comparison of sentiment classification between

DFGCN and existing channel attention modules

Cpfiz: 950
Method FI-2 FI-8
SE 90. 12 70.74
CBAM 90. 23 70. 96
ECA 90. 16 70. 31
DFGCN 90. 67 71.54
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