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The Image Emotion Distribution Learning Based on
Emotion Wheel and Multi-Task Convolutional Neural Network

LAI Jinshui WAN Zhongying ZENG Xueqiang”
( School of Computer & Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Image emotion distribution learning can model multiple emotions simultaneously but existing models lack
effective methods to directly consider the correlation between emotions. In response to this problem the emotion
wheel enhanced multi-task convolutional neural network for image emotion distribution learning ( EW-MTCNN)

model is proposed. Psychological emotional knowledge is directly introduced into the deep learning network. Based
on Mikel’s emotion wheel to define the correlation between paired emotions the EW-MTCNN model adopts a multi—
task convolutional neural network to learn the correlation information between emotions to jointly optimize the emo-
tion distribution prediction and emotion classification tasks. The EW-MTCNN model consists of 3 modules namely
the emotional wheel prior knowledge layer the visual feature extraction layer and the multi-task loss layer. Compara—
tive experiments on emotion distribution dataset ( Emotion6) and single-abel dataset ( Artphoto) show that the EW-
MTCNN model has better performance than other emotion distribution learning methods on emotion distribution pre—
diction and emotion classification tasks.

Key words: Mikel’s emotion wheel; multi-task convolutional neural network; emotion distribution learning; emotion

classification; label distribution learning



