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Emotion recognition of the natural scenes based on
attention mechanism and multi-scale network

JIN Ru-Long » QING Lin-Bo, WEN Hong-Qian
(College of Electronic and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Emotion recognition as a basic subject in computer vision has made tremendous progress, yet
emotion recognition in natural, unconstrained environments is still challenging. Existing methods mainly
use face, posture, and contextual information to recognize emotions, but these methods ignore the un-
certainty of individuals in the context, and do not tap the emotional cues in the scene well. Aiming at the
problems in existing research, a dual-branch network structure based on individual’s body and contextu-
al information is proposed, in which two branches are learning independently to get the result of emotion
classification through early fusion. For uncertainties of people in the scenes, the body gesture attention
mechanism is utilized to estimate the confidence coefficient the body’s feature representation is extrac-
ted. For context branch, spatial attention mechanism and feature pyramid network are employed to fully
obtain the emotional cues of different granularities in the scene. The experiment results demonstrated
that the effectiveness of the proposed method in the EMOTIC dataset.
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Fig. 1 The framework of attention mechanism and multi-scale network based emotion recognition
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Tab. 1 Quantitative evaluation of EMOTIC in comparison

on average precision and mean average precision

M4 AP/%

Category SCHk[ 18] k[ 16] CHk[15] A
Affection 27.85 31. 92 46. 89 35.09
Anger 9. 49 13.94 10. 87 13.93
Annoyance 14. 06 17. 42 11. 23 18. 81
Anticipation 58. 64 57.73 62. 64 57.08
Aversion 7.48 8. 18 5.93 10. 3
Confidence 78.35 75.29 72.49 76. 28
Disapproval 14. 97 14. 88 11. 28 19. 64
Disconnection 21. 32 28.32 26.91 29.94
Disquietment 16. 89 19. 72 16. 94 20. 27
Doubt/Confusion 29.63 23.11 18. 68 21. 33
Embarrassment 3.18 2.84 1. 94 2.83
Engagement 87.53 85. 83 88. 56 87.08
Esteem 17.73 16. 72 13.33 16. 24
Excitement 77.16 70. 43 71. 89 71. 49
Fatigue 9.7 14. 43 13. 26 13.75
Fear 14. 14 8.27 4.21 8.9

Happiness 58. 26 76. 61 73.26 78. 82
Pain 8.94 9.38 6.52 11. 59
Peace 21. 56 24. 31 32.85 25.21
Pleasure 45. 46 46. 89 57. 46 47.67
Sadness 19. 66 23.94 25.42 28. 87
Sensitivity 9.28 6.28 5.99 11. 47
Suffering 18. 84 26. 24 23. 39 29.92
Surprise 18. 81 10. 07 9.02 10. 57
Sympathy 14. 71 13.98 17.53 14. 25
Yearning 8. 34 9.71 10. 55 9.55
mAP/ % 27.38  28.33  28.42  29.65
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Tab. 2 Ablation studies for proposed method

w/BA w/CA w/FPN mAP/ %
v 29.09
v 29. 23
v 28.98
29. 35
v 29. 65

Anticipation Confidence
Engagement Excitement

Anticipation Disquietment
Engagement Excitement

Anger Anticipation
Disquietment Engagement
Happiness

Anger Disconnection
Embarrassment Engagement
Fear Happiness Sadness

Anticipation Confidence
Disconnection
Doubt/Confusion Engagement
Excitement Happiness

Anticipation Engagement
Excitement Fear Happiness
Pleasure Surprise
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Fig. 2 Visualization of emotion recognition results
(a) Original image; (b) multi-label, which ground truth in green box and prediction in blue box; (c¢) and (d) results of without hiding

the body and with hiding the body during training respectively

xR 3 AWEMERMEREXT L

Tab. 3 Quantitative evaluation of with/without masking.

Methods mAP/ %
w/0 masking 29.22
w/masking 29. 65
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