TRLR R 2005 FME AR A SOk

A=kt 28 AlS20|MollA Hidden Markov Model & 0] &35}
A A4 eol4

Emotion Recognition by Hidden Markov Model at Driving Simulation

H. H. Park(HYU), S. H. Song(HYU), Y. K. Ji (HYU), K.S. Huh(HYU), D.I. Cho(SNU), J.H. Park(HYU)

ABSTRACT

A driver's emotion is a very important factor of safe driving. This paper classified a driver's emotion into 3 major
emotions,can be occur when driving a car: Surprise, Joy, Tired. And It evaluated the classifier using Hidden Markov
Models, which have observation sequence as bio-signals. It used the 2-D emotional plane to classfiy a human's general
emotion state. The 2-D emotional plane has 2 axes of pleasure-displeasure and arsual-relaxztion. The used bio-signals are
Galvanic Skin Response(GSR) and Heart Rate Variability(HRV), which are easy to acquire and reliable. We classified several
moving pictures into 3 major emotions to evaluate our HMM system. As a result of driving simulations for each emotional
situations, we can get recognition rates of 67% for surprise, 58% for joy and 52% for tired.
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Fig. 2 Emotional plane.

2.4 Hidden Markov Model

Hidden Markov Model(HMM)& &
H4Ql WEE FEQ ojzoz mdy
heln), sjEiQl2), 24404, "l
F&oA §838H7 ojm Y}, o=
Zo] 87153 HMM Uiy TEajxe)
AAAstE FEH ZRAAR FAHE
g8 =doltt. & HMM £ 2159 Aeizhe)
1 & (Transition probability), A5 %= g3}
g d# | AolFE  #EFE(Observation
probability)2 o] Folx Jor], o]F o]gste] A
29 AsE 242 she Yol

i

52 ofy
rlo ol

0,
O o Ny

¢
ot "

d

o L ofN I X offt n%
e My X
R

o)

Fig. 3 Structure of Hidden Markov Model.
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Fig. 4 Experiment sequence for acquire bio-signals.
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Fig.7 Measured bio-signal( GSR and ECG)
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Fig. 10 A(iy) for surprise. Fig. 11 A(ij) for happy.

Fig.12 A(i,}) for tired.

Fig.13 = for each emotion. s1:tired, s2:happy, s3:surprise.
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Fig.15 Bio-signals for Joy.

Fig.16 Bio-signals for Tired.
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Fig.17 Recognition results.
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