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ARAEARIRIZE G L i B A5 HER SR 5 X A 28 51 1
EEER SRS THRMWES, A, Yao
FE R TIEEAR RGO R 2 T — Rt py
N-pair $51 2K BREL, I 56 T RIMEFE BE [ 38 107 b % R 171

AR R 5 55 3 43 el A A TR 195 B e A P 22t AR
x4 SLHIRFTEENEZUERETAAREEBENIEER
el Sk HER %/ Livaz g

% mAP 1 FT 1 ST NN T DCGT ANMRR !

Yang'®! 67.64 04885 04834 06978 06023 07802 03135

Yao ! 68.37 07319 06966 07892 06727 08197 02100

Yao!'" 0.7344  0.6985 07817 0.6613  0.8114  0.2201
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Image emotion analysis based on semantic concepts

1 1 1 . 2 1
YANG Hansen , FAN Yangyu , LYU Guoyun , LIU Shiya®, GUO Zhe
1.School of Electronics and Information, Northwestern Polytechnical University, Xi'an 710072, China;
2.Content Production Center of Virtual Reality, Beijing 101318, China

Abstract; With the increasing number of users express their emotions via images on social media, image emotion a-
nalysis attracts much attention of researchers. For the ambiguity and subjectivity of emotion, image emotion analysis
is more challenging than other computer vision tasks. Previous methods merely learn a direct mapping between im-
age feature and emotion. However, in emotion perception theory of psychology, it is demonstrated that human
beings perceive emotion in a stepwise way. Therefore, we propose a novel image emotion analysis framework that
makes use of emotional concepts as middle-level feature to bridge image and emotion. Firstly, the relationship be-
tween the concept and the emotion is organized in the form of knowledge graph. The relation between the image and
the emotion in the semantic embedding space is explored where the knowledge is encoded into. On the other hand,
a multi-level deep metric learning method to optimize the model from both label level and instance level is proposed.
Extensive experimental results on two image emotion datasets, demonstrate that the present approach performs favor-

ably against the state-of-the-art methods on both affective image retrieval and classification tasks.
Keywords: image emotion analysis; knowledge graph ;visual-semantic embedding;deep metric learning
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