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Multi-level Feature Fusion Image Emotion Recognition Based on Color Enhancement
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Abstract Image emotion recognition aims to analyze and understand the emotion conveyed by the content of images. The primary
challenge lies in bridging the gap between latent visual features and abstract emotion. Existing deep learning methods mostly
bridge this gap by extracting different levels of features,but they often overlook the importance of color features. To address the
problem, this paper proposes a multi-level feature fusion image emotion recognition method based on color enhancement. By intro-
ducing a color enhancement module and a multi-level feature extraction module, more representative feature representations are
extracted. The color enhancement module extracts color features from both the RGB and HSV color spaces using the color mo-
ment method.and expands their dimensions to enrich emotional information. The multi-level feature extraction module introduces
an attention mechanism to focus on key regions in the image and employs decision fusion to mitigate the issue of information re-
dundancy caused by concatenating high-level and low-level features. Experiments conducted on four public datasets demonstrate
that the proposed method can effectively recognize image emotion and significantly improve performance compared to mainstream
image emotion recognition methods.

Keywords Image emotion recognition,Deep learning, Multi-level features,Color space,Decision fusion
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Table 2 Accuracy of emotion recognition of different algorithms on

FI dataset
%
%5 VRS FI-8 F1-2
GCH!35] 27.05 70. 83
Manual feature . N

othod SentiBank15 44,49 56.47
Xkl[36] 46.52 58. 42
PCNNE37] 16.09 75. 34
DeepSentibank38 53.16 64.39
AlexNetl8! 58. 90 72.43
VGG-1909] 65. 65 83.05
ResNet-152010] 68.07 83.56
vITH] 69. 30 89. 6
Deep learning ARL18] 53.72 86. 35

method X #k[39] 67.48 -

WSCNet!26] 70.07 —
MldrNet-16] 67.24 79. 54
MLM29] 68. 84 87. 87
X #[40] 68. 84 87.87
AFHAJ 69.75 89.70
X wk[20] 69. 94 89. 40
Ours 71.25 90. 80
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