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[Abstract]

Emotion recognition while driving is an essential task to prevent accidents. Furthermore, in the era of
autonomous driving, automobiles are the subject of mobility, requiring more emotional communication with
drivers, and the emotion recognition market is gradually spreading. Accordingly, in this research plan, the
driver's emotions are classified into seven categories using psychological and behavioral data, which are
relatively easy to collect. The latent vectors extracted through the auto-encoder model were also used as features
in this classification model, confirming that this affected performance improvement. Furthermore, it also
confirmed that the performance was improved when using the framework presented in this paper compared
to when the existing EEG data were included. Finally, 81% of the driver's emotion classification accuracy

and 80% of F1-Score were achieved only through psychological, personal information, and behavioral data.

» Key words: Artificial intelligence, Machine learning, Deep learning, Autoencoder,
Emotion recognition, Driving data
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I. Introduction
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II. Related Works

1. Driver emotion classification
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III. Data

1. Data description
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Table 1. Description of data category
DEfE Description
category
Personal

information data Age, Gender, Driving experience

Self-assessment manikin(SAM),
Differential emotion scale(DES),
Eysenck personality
guestionnaire(EPQ)

32 channels of EEG data at an
instantaneous measurement with
EnobioNE

Driver behavior was obtained using
a fixed-based driving simulator
AD(Angry Driving), SAD(Sad Driving),
FD(Fear Driving), DD(Disgust Driving),
SD(Surprise Driving), HD(Happy
Driving), ND(Neutral Driving)

Psychological
data

Physiological data

Behavioral data

Emotional states
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Table 2= 2} 747 ZJEE A7HAF & glolg ol
5 4089 A7HRF BolM SRYH AR REEHA] X
gt %2 AQstal AD(Angry Driving)= 3259,
SAD(Sad Driving)= 37%, FD(Fear Driving)= 36%9,
DD(Disgust Driving)+ 249, SD(Surprise Driving)=
349, HD(Happy Driving)= 36%, ND(Neutral Driving)
+ 369 dlolE7t 2Elo] F 235719 HolHE AR
sJ5ict. 7} dlojel: 50-60Hz 7202 3047 A%E9)
7] Ghgo 77 Aleld Yt ADE: 34,0377, SADE:
33,7227Y, FD+= 36,0437}, DD+= 23,5987l, SD+= 33,805
7). HDE: 37,5657, ND: 33237717 9lod &
232,007710]ct.

Table 2. Emotion label frequency

Emotional states Numper @ Frequency
participants
AD(Angry Driving) 32 34,037
SAD(Sad Driving) 37 33,722
FD(Fear Driving) 36 36,043
DD(Disgust Driving) 24 23,598
SD(Surprise Driving) 34 33,805
HD(Happy Driving) 36 37,565
ND(Neutral Driving) 36 33,237
2. Feature importance
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Fig. 1. Feature importance
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3. Feature 4, Model

Selection

1. Data 2. Data

Preprocessing

EEGData

Random
Forest

AdaBoost

- Gradient
Boost

CatBoost

XGBoost

Imputation

Psychological Data Of Missing Value

Add Feature
Driving Behavioral - Latent vector(Z) K——
ata By Autoencoder

il

Input Data
(Data Merge)

Fig. 2. Research framework

2.1 Data preprocessing
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Fig. 3. Imputation of missing value

2.2 Feature selection
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Table 3. Comparison model feature list

o ¥ 552 Table 37t 2t} 7]
W 2 E A

Data
category

Features

SAM

Valence, Arousal, Dominance

DES

Intensity

Psycho-
logical

EPQ

P-score(Psychoticism/Socialisation),
E-score(Extraversion/Introversion),
N-score(Neuroticism/Stability),
L-score(Lie/Social Desirability)

Personal

information

Age, Gender, Driving experience

Behavioral

Acceleration,
Lateral acceleration,
Gas pedal position,
Brake pedal force,
Gear, Velocity,
Steering wheel position,
Lateral velocity,
Vertical velocity,

X axis position,

Y axis position,

/ axis position

Physiological

NE_CH1 ~ NE_CH32

* EEG value for each channels

Latent vector

Z0, 21, 72, 73, 74
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Table 4. Model feature list
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Data
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Features

SAM

Valence, Arousal, Dominance

DES

Intensity

Psycho-
logical

EPQ

P-score(Psychoticism/Socialisation),
E-score(Extraversion/Introversion),
N-score(Neuroticism/Stability),
L-score(Lie/Social Desirability)

Persona

information

Age, Gender, Driving experience

Behavioral

Acceleration,
Lateral acceleration,
Gas pedal position,
Brake pedal force,
Gear, Velocity,
Steering wheel position,
Lateral velocity,
Vertical velocity,

X axis position,

Y axis position,

Z axis position

Latent vec

tor

20, 71
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3. Algorithm
3.1 Random Forest
RF(Random Forest) 212|528 oA} Z2X Eg] 7]8t
o] optE mjAlely wEl@ 7izro] oA} AX E
A W0l et AES SN0 Holelg RReH: W
O]Uf T2yt oit A% El= abA Sl (overfitting) & 7t
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3.2 AdaBoost

AdaBoost(Adaptive Boosting) 12|52 &5 7|4t
HAleld B, ot st57]R Eefe ol Aol R
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3.3 GradientBoost

GradientBoost(Gradient Boosting) ¥¢12]&-2 Ada-
BoostQ} SApsE opxtE vkalo] mdlo|x|gk AdaBoostt
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1Rl sk dial olAld] Bk ol 5717} ke &t
QAME Eole Yder 2 Sh55H olF 5
359 RIEARI 740l 7Hset g

2 1o rr
T

3.4 CatBoost

CatBoost(Categorical Boosting)
Hag O Hileld Ez, HAy 4] xgos
NM2e ¥4 23 AASH= Categorical Feature
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HAY WS 2ok HoJEoA 245 dsg 7
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3.5 XGBoost

XGBoost(Extreme Gradient Boosting) ¥i2|&52
GradientBoost & 12|52 ¥H shGo] 7MssteE 13
st @elo]c}, Boosting QAME pElz Aoz ndo
SISAIA @ dish Aaste 2 L3S s
aelgoe ofd 2ol WY 05 g 2
A BASHAA ol& a2 FHARICH
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4, Result

7b RH10] Aute AAHA0E)E 7122 53 WAF
5= SRS Autoloh. BUF FRolle SAUE, AYEE A
B, A& 28]l F1 Score % Uel 2 Ao =
A A & IR A R 2ol Hol FEEY

F1 Score® 54l 458 B7bstol # eipollali ol
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| J<k: I F1 Scores AHA} shct.
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W5 Py AudoR B 4k i
qrotolm, Fl score= HJUEet AjA&Q] Rdbgto=z
Z2 B8 2oA 710 Hojet 2ado] A1 1) AHR
g1 go] 5942 52 nalolct,

WA, Table 5= K| W42 Aeld BEG Hlol8 =3t
e UE S ST dla mee) dslold
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Scoretx 73%°]t}.
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Table 5. (EEG+Psychological+Behavioral) Result

Average of bFold Results
Model Accuracy ScFo1re Precision Recall
R;(:‘i‘;“ 63% 51% 49% 60%
AdaBoost 48% 38% 38% 46%
GrBaod(:;”t 68% 68% 73% 68%
CatBoost 76% 73% 75% 75%
XGBoost 72% 70% 74% 71%

= W2 Table 6 AR 2~ 5719} EEG djo]g] &
st 71& ¥4 Bh7RE ARRSH vlmw REO] Axjojct
CatBoost ZELS ARRSIGIS I A= 77%, Fl

Scorex= 74%0]|ct.
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Table 6. (EEG+Psychological+Behavioral+Z) Result

Table 9. (Psychological+Behavioral+Z) Result

Average of 5Fold Results Average of 5Fold Results
Model Accuracy F Precision Recall Model Accuracy F Precision Recall
Score Score
RFa:ri‘;'t“ 64% 52% 48% 61% RFa:ri‘;'t“ 65% 52% 48% 61%
AdaBoost 48% 38% 38% 46% AdaBoost 61% 55% 57% 61%
G;aodo';”t 69% 68% 73% 68% GrBaod;‘s*t“t 81% 80% 81% 80%
CatBoost 77% 74% 77% 76% CatBoost 78% 77% 78% 77%
XGBoost 73% 71% 75% 73% XGBoost 79% 77% 80% 77%

Table 72 EEG fJo|gES =al519lS
21 CatBoost9] Confus1on Matrixo]t}. 7]
& EEG glojg] 2 XA} Ae], 71017 H, & ol
o 7<*KH HeS ARESH U 2Hlo= DD(H2) A5 &

Table 7. Comparison model confusion matrix

dict/ o | oo | FD | HD | ND | SAD | SD
actu

AD | 5543 | 1037 | 0 0 0 0 0
DD | 2708 | 1343 | O 0 0 | 2319 | 1455
FD 0 0 | 6500 O 0 | 912 | o
HD 0 0 0 | 5566 0 0 0
ND 0 0 0 | 7706 © 0
SAD | 0 0 | 612 | o0 0 |5455| 0O
SD 0 0 0 /3285, 0 0 | 3056

N Yxj2, Table 82 EEG Tjo]H A|Q] 7]& ¥4 23
fS AFEst Aot 2Elo] Auto|tt. GradientBoost &
2 85198 I A= 80%, F1 Scorew= 79%°|ct.

Table 8. (Psychological+Behavioral) Result

Average of 5Fold Results
Model Accuracy Sc'::01re Precision Recall
RFa:ri‘;'t“ 66% 5% 5% 63%
AdaBoost 61% 55% 57% 61%
GrBaodo'z“ 80% 79% 81% 80%
CatBoost 74% 73% 75% 73%
XGBoost 78% 77% 79% 78%

OX|2fe2, Table 9= A ¥4~ 2719} EEG H|o]H
Aol 71E Wa 2R AR g 2o Aolct,
GradientBoost &2 AMRSHS Iff Agte = 81%, Fl
Scorew 80%2 AA| B & 7V £2 5= 7MH F
3 Rg2 Mot

Table 102 EEG H|o]El& A|QJsl¥ & W) 7 £2 4
=2 Y539 GradientBooste] Confusion Matrix©|
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