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Abstract

Emotional recognition in the existing computer field was conducted based on one form and normal human
emotions. For accurate emotion recognition, various forms and emotions must be recognized on a continuous line. In
this paper, to solve this problem, we propose multimodal emotion recognition through VAD that recognizes various
forms and emotions as multidimensional spaces. The proposed multimodal configuration combines CNN and BERT
models. To demonstrate the superiority of the proposed method, a single emotion recognition model and existing
multimodal were compared. As a result of the comparison, the multimodal proposed in this paper showed a

contribution to accurate emotional recognition in that emotional recognition showed improved 6% performance.
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Table 1. Meaning of the VAD dimension

Dimension Meaning
Valence Positive - Negative
Arousal Excited - Calm
Dominance Contrallable = Uncontrollable
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Table 2. VAD emotion vector value

Emotion Valence Arousal Dominance
Anger 0.167 0.865 0.657
Disgust 0.052 0.775 0317
Fear 0.073 084 0.293
Joy 0.98 0.824 0.794
Sadness 0.052 0.288 0.164
Surprise 0.875 0.875 0.562
VAD 24 2% ¢iElE2 Algorithm 13} 2t}
Line 12 T 74214 2do] Z¥3k VAD 4
olt}. Line 27 7 74<] <] VAD WE|zko]
t}. Line 82 Thabd 7H4<14 2ol £¥3 VAD
@t 7 249 169l VAD MElge] ALE A
sl= <rolth Line 9% AlAHE ZF Aol A #
o] Eoi7tt}h. Line 10~15& 2+ 7440l tidt ZAKI
AYE Akt 4 (1) ZAR A 4%
UERATE Line 162 Al4E A7 718 717k 2+
A& Higkslity,
Algorithm 1 : VAD emotion classification
VAD = [ Input Text VAD Value ]
Anger = [ 0.167, 0.865, 0.657 ]
Disgust = [ 0.052, 0.775, 0.317 ]
Fear = [ 0073, 0.84, 0.293 |
Joy = [ 098, 0.824, 0.794 ]
Sadness = [ 0.052, 0.288, 0.164 ]
Surprise = [ 0.875, 0.875, 0.562 ]
def vad_cos(VAD):
dist = { Emotion Distance }
distl'Anger] = distance.cos(VAD, Anger)
dist[‘Disgust] = distance.cos(VAD, Disgust)
dist{'Fear’] = distance.cos(VAD, Fear)
distl'Joy’] = distance.cos(VAD, Joy)
dist{'Sadness’] = distance.cos(VAD, Sadness)
distl‘Surprise’] = distance.cos(VAD, Surprise)
return min(dist)
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Table 3. Experimental environment

Component Specification
CPU Intel(R) Core(TM) 19-13900K
GPU NVDIA GeForce RTX 4090
SSD 256GB
0S Window 11
Python 3.8
Software Keras 2.3.1
PyTorch 1.13.1
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Table 5. Multimodal accuracy according to weight
2 =golA ARl dERZY As JrtE Weight of face | Weight of text Rzgggggon
o) w =9Y W 45 A3, (10114 A 5 = e
QFgH Seokho WEIEY Ed o] 45 HWE 93] 0.1 09 69%
[10]914 AR 74 &5 dlolEAlE ol83te] 3 02 08 /0%
RERI. [10)e F95 g4E Agsiol vel 2 o o
gor B E=RME ¥} £4¢ 92ER W 05 05 o
3 AHE AA vlw HrHE APk 2R 7 06 0.4 74%
414 AYE Bhs o) EE PP o) 8ald 07 03 %%
BT E 45 A 2HUY BAe g 2 o [
EE 99 392 SANS Adoln, 92 249 o 2 o
2o tigt AFTE 65%, HAE A4 g
A== 68%E Rt ¥ 6 A5 ulman
¥ 5= 2 Q)= HAed 9F 71%012 maElz Table 6. Performance comparison results
gy 7ol mdo] slExe wWE AITE Model Accuracy F1-score
= wo oLl mWEl T Al E o Seokhol10] 0.69 0.70
f‘i:i ;}%";‘ioj;;ﬂ (;60‘3}‘LLH1EE];LE:] ;E’i Proposed system 0.74 0.74
UEa T 5 = 74/031'1_ oo =
Btk ol d=%t o83 A 9%, H2ETRL o V. =
&3 27 6% FFE AGgEE Bt
£ 62 & =M Ak HEREH Seokho B owmos JE 7EE o] 79lAel
HE|RE9 Ad5g vud Aoy, FIAEE 05, o _ _
] A & 7HA9) Feie} qdzte] F3Ae 1A
Fl-score= 0.47} /3= AT S nElo 2 3 7ol A sjdsly] 9
= 0 — = 0 v 1 QL = =
I 40 ZEolA 2 MEE
Table 4. Accuracy of individual emotion recognition models
Facial emotion model
Emotion Anger Disgust Fear Joy Sadness Surprise
Anger 65% 4% 10% 0% 7% 14%
Disgust 17% 61% 10% 7% 0% 5%
Fear 8% 6% 63% 3% 15% 5%
Joy 6% 6% 0% 76% 7% 5%
Sadness 4% 0% 7% 4% 72% 13%
Surprise 5% 20% 3% 6% 10% 56%
Text emotion model
Emotion Anger Disgust Fear Joy Sadness Surprise
Anger 59% 10% 21% 0% 4% 6%
Disgust 13% 68% 6% 8% 0% 5%
Fear 8% 5% 65% 2% 20% 0%
Joy 7% 5% 0% 75% 2% 11%
Sadness 0% 5% 12% 5% 73% 5%
Surprise 4% 14% 3% 9% 2% 68%
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