’i) Check for updates

Trans. Korean Soc. Noise Vib. Eng., 35(2) : 145~155, 2025 EE_’A‘_%B%%QEILL—E-Q M 353 2%, pp. 145~155, 2025
https://doi.org/10.5050/KSNVE.2025.35.2.145 ISSN 1598-2785(Print), ISSN 2287-5476(Online)

HY 7lee B&T A 2AA AFE 7% 2EHE A
Driver Stress Detection Based on Electrocardiogram Signals
using Deep Learning Techniques

A48 8
Keewon Shin" and Seonghyeon Kim'

(Received November 14, 2024 ; Revised December 28, 2024 ; Accepted February 6, 2025)

Key Words : Stress Detection(~E |2~ Z+A]), Vehicle(X+%), Electrocardiogram(4] A =), Deep Learning(d#'d),
Attention Mechanism(®] |14 ™ 1<), Stress Classification(=E @2~ #-5F)

ABSTRACT

This study presents a deep learning-based method to detect driver stress from a single electrocardiogram
(ECG) signal. Driver stress is a significant contributor to traffic violations and accidents, impairing
driver concentration, judgment, and reaction time, thereby leading to aggressive driving and poor
decision-making. Real-time detection and management of driver stress are crucial for enhancing road
safety and improving drivers’ overall health. Existing approaches for detecting driver stress using
multimodal biosignals require various types of sensors, which presents practical challenges in terms
of cost and complexity when applied in real vehicles. To address the limitations of existing methods,
the proposed approach integrates a DenseNet-based 1D convolutional neural network (CNN) model
with state-of-the-art attention mechanisms, including dual-channel attention mechanism (DCAM) and
deep reinforcement fine-tuning (DeepRFT). The preprocessing phase includes baseline removal,
normalization and data augmentation, with model evaluation conducted using the leave-one-out
technique. The results indicate that models using attention modules achieved the highest accuracy and
Fl-scores, surpassing traditional methods in identifying stress states such as rest, low stress and high
stress. Specifically, the DCAM-based model achieved an average accuracy of 86.2 % and an Fl-score
of 83.5%, showing a significant improvement over baseline models. These findings suggest that
ECG-based stress detection can enhance driver assistance systems, contributing to proactive stress
management and safer driving environments.

dae e e waEs AstalA wke

.M E A =5, ol Qe AhaL B fide] A 5

7HE g gtk 2EdAE w4 24 B, W

A FAAe] 2EdaE wE Yt N B oas ARE AL, B oA} A4 5o 89lo oo
Abae] Fo 49l F Spufeltid g FE 2B A e At B JbedE wolv T2Y 84R

t  Corresponding Author ; Member, Hyundai Motor Company, Senior "
Research Engineer

E-mail : seonghyeon.kim@hyundai.com
Korea University, Research Professor

A part of this paper was presented at the KSNVE 2024 Annual
Spring Conference

Recommended by Editor Namkeun Kim

The Korean Society for Noise and Vibration Engineering

@

Trans. Korean Soc. Noise Vib. Eng., 35(2) : 145~155, 2025 | 145


https://crossmark.crossref.org/dialog/?doi=10.5050/KSNVE.2025.35.2.145&domain=http://journal.ksnve.or.kr/&uri_scheme=http:&cm_version=v1.5

Keewon Shin et al.; Driver Stress Detection Based on Electrocardiogram Signals using Deep Learning Techniques

28t wea $H F AEHAS AAoR
A Bk AL WE HS A7)
3 AgA ot oyl A&HQ ~EHA HUHY
I FEle AR AA A7 R E 7)ol 5
Jon, 7] ZAZ Ea) HA3 Yol o]FoA &
5 slo] ¥ or obgE AHAA AY fA =eE
Z & U@ AN 2EY A A E AR 7
o] 58 fAe Wslels =2 Aste] SEHo
2 e ¢ JEE AYshs Fo3 9IS IO,
oo weg} AEHA A 7|&S Aq A A|2E
of Hgtate] Azt HEws AYE AlFTsHE 1F

RGP /\]/\Eé(advanced driver-assistance system,
ADAS) 7§l o8k 7} ghabs] s o QQupe).

g Fol, AzEe] ke AEUA £ES AT
A% SAANA FAE BIAL, 4 HuE 9
8 A8 79 715S BYahE Yoko] Agtslw 9]
OO, mE A ) A4, 2%, 2o 5 #Y 94F
o] 2Bz 57 2 AN £4 BAS
=z ] ],‘— }:ﬂ— T o‘j:[LE]_TL %1\ (8)'

Solst A 494 UEE s 0131

(electroencephalogram, EEG), IL]—‘jrxdv-ﬁlielectrodermal
activity, EDA), 4% % (electrocardiogram, ECG),
# I (electromyogram, EMG), ©.-&E(respiratory rate,
RR), IF &% 5 o] A4 Asrt 485 3
o} olelgk tiefek AA AsE 7|Rte R ~EHA
FHE a0 R FAstal A E A7) 9
3 A7) v By QT Healy$} Picard® ¥
F-77]9H-5(galvanic skin response, GSR), 48l o=
(heart rate variability, HRV), Hutp9} 72 2o E
AREste] 717 Sk datElEs B ke ~EY
25 AARRe R A 5 9/1%% BRI, 1
247]‘]‘} W e NEE HO]«] et g4

FehAl Wss e SA17F Stk kA
g % o7l fl8) vhgg A
% 222 H(multi-modality)
“ﬂr”o). U5 BaeE HaLe A
Az 2EHAE AER $A%
TR A Y, AlA H]8 3 A 2~E &
17] wiioll A ol Alg

BN
)
é
[> —E
BN
= =
Lo N o[o
oﬁ ol

i
iy
s
ol
H -

2
=
o
;o—ﬁ

N
r—{o
=

2
il
offt
T o
ol

=

0 ;9,
1
rir
O
jai)

146 | Trans. Korean Soc. Noise Vib. Eng., 35(2) : 145~155, 2025

FH, Reimer et al.¥}'Y Westerman} Helgneyﬂ(lz)

A,

% _E_g]]}\ﬂ. /\hﬂl- g]_ QOLA 17]_94_ U]x—] o]—
o Aok o] ATFES FHAL W
e, w2 A, Ed A Hiteel et o
3ol 2EW2E AP, Be wE A

|

R rt

N
o>
_111’.
g
o
!
N
=]
i
e
1%
o

o & ¢ (B Jn o Jo o to oot o oft X o
i
o
= >
[~ vy
02, 1
o o
e >
) >
X oY
[>
[m o
v}
>
N
N
>
Hir
lo
3

=
Aol AEY 2| HIAY A WstE

stk xdé qu‘f‘dr.

Hconvolutional neural network,
CNN), LSTM(long short-term memory), A% 2174
(deep neural network, DNN)¥} 72 Hd =d
o] B8] AFAY, Hede vegt A8l 914
oo HAEZA EAS d5E 4= 9lo], 71E VA

4 e SEd s B Y A v

=]

RSy | [¢) é S =
S7HA71aL 7F ol BE EE
A5S Hrkekth Aoty Zde Drivedb o] EAN
(dataset)S AH8-3to] AEES} Fl-scored H7} A3
2 ua Hdess AAskelh o] = e AL v
Ik 2ol A= vlelg A, AT W e A
ohel 2 Gol WHES 7)Esta 33
Jzghet. whA] e 470l A

=
#3 wfel 3) /\]7}x4 FaX

=

N



Keewon Shin et al.; Driver Stress Detection Based on Electrocardiogram Signals using Deep Learning Techniques

2. A7 gy

2.1 cloleM
o] Agrellx= AA &4 78S F3l 5-3%] PhysioNet
9] stress recognition in automobile drivers(Drivedb)
dolE NS FEIATC). A Fa st VT W
28 A999] 322km o] 4] EEE BHE HEE
o

[e]
AlZR mE 2EH A 5 glo]ae] FofE o] 9)
Drivedb HloJEAlollA] ~E# 2~ 3 go]l82 A 7h
A o vl 54 AdEl(rest), A ~EZ 2~ (low
stressed, LS) 28] i1 Z~Ed| X (high stressed, HS)
olty, 7t #E2 54 & Aol whet AFojEm, F
A A€ e deEbiaL Ls

d

o
2 r
rN
“[01’ 0:
o,
rO

L,
B

p
.

H &3
bt} o] Aol A= Drivedb
Aot gaste] 27 F AEHA

s
= o =

H‘l_‘t

o
= o

L X
M T

N
M ofN o Mo
1% o ol

o
ol
3%
=
jubad
L
5y

+ FlexComp Infiniti
(Thought Technology Ltd., Canada)E A}83sle] =
Ao, Al JHe] M=ol A% How, S8

=

4

2w, 25 9% el olde) 2AEg 574
A% 2P W2 (pre-amplifier) S 3 5% 2 ZH

o A= 2634,

FPo A= 3479 dlolEl7t FH = ATk

ojuf 7o uh}
artifact)o]u} 219 &
9 v
127}

(baseline drift)

B4 4 A5

ki3
)

= Hkgte] e Ao 2 HS5HIT
A P45 AHE

1078 ] @Akl of
7240 3t Al

A #=(lead)
= 34 34
#S(muscle
7144 WE
4g =+ 9],

A5, o] AT

= 74 % F(baseline wander) A7, At} 18
I o8 F7(augmentation) 7|8 5 AAHLE

Al M
|

ol 1-011 :

g OO ~

~ -
o=

ol ]

ER

for
Lo,
N
)
3

> OX

,ﬂ
ot
/@)
=
w2
e g
o
o
o

=)
=

Hr
k)

2
2
ol

Al

w©

)

N
i)
2

o [
=]
S
rlr
>,
e
H
>

m‘\l_‘ 1—0[1

lo 1o
it
ox M

[o
[

£l

ll

o

=

w2

e

?‘_A‘

<l

?Fﬁ“ N
rle o> M bo

Table 1 Recording times of ECG signals in the Drivedb dataset under different driving conditions
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Driver Recording time by driving conditions [min]

No. Initial rest City 1 High-way 1 City 2 High-way 2 City 3 Final rest Total
5 15.13 16.00 7.74 6.09 7.56 14.95 15.75 83.23
6 15.04 14.49 7.32 8.53 7.84 12.99 15.05 81.26
7 15.04 16.23 10.98 9.83 7.64 10.15 15.03 84.90
8 15.06 12.31 7.32 9.57 13.44 15.07 8.91 81.68
9 15.26 12.91 8.47 5.20 7.08 12.31 N/A 61.23
10 15.04 15.30 8.56 5.27 9.84 10.24 14.99 79.24
11 16.02 15.81 7.36 7.75 7.97 11.22 14.98 81.10
12 15.01 14.31 7.56 8.90 8.00 11.68 11.50 76.96
15 15.06 15.24 7.24 5.99 6.92 12.12 15.00 77.57
16 15.01 16.12 7.14 7.12 6.81 13.01 N/A 65.21
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Filtered ECG Signal (Before Z-Score Normalization)
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Table 2 Ten times average result of accuracy and Fl-score
for performance comparison by models

Model Mean [oa/f):]curacy Mean [g)l]-score
DenseNet(baseline) 78.4+5.4 73.2+5.1
DenseNet + ACM 81.7+£6.7 78.0+6.2
DenseNet + DCAM 86.2+4.9 83.5+4.7
DenseNet + DeepRFT 82.5+5.6 80.1+53
DenseNet + FFC 83.0+5.8 81.2+55
DenseNet + NLNN 75.5+5.1 71.8£5.0
DenseNet + SE 81.3+53 785+5.2
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