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Class Name Training data Test data Total

Eat 12,580 2,050 14,630
Normal 19,120 1,130 20,250
Phone 12,810 1,400 14,210
Smoke 17,650 1,030 18,680
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Model ACC Params
MobileNetV2 79.37 3.4M
MobileNetV3 83.59 5.4M
ENAS(Proposed Model) 88.48 3.6M

e O]

<Normal Cell>

<Reduction Cell>

I 2.ENAS o2 A vt Ay &2 4

=]

. A2E

BB Al e BE RdS A7)
$5tel ENAS7INES] CNN 2Els gAsta 4%
g9139ith. ENAS 7]¥F CNN 292 gAE dolH

¢
¢

=4
delx oF 11%° 24k des R A=
ENASE *P&okﬁ% S AR, dlelE Aol sl
J—l/la]}o;o 1=R=1 dle. gREl 2= o) .

FUO
)
i
e
_1
x
)

I e ‘%‘
ENAS9] %‘*—H%{ﬂr ArAE FAste] dse AT
F A ez 7Y

ACKNOWLEDGMENT

AT e R B Rl 127 190] tHEHCT AR 1]

ATk IRk ITP-2021-2020-0-01808)

FaEd

[1] Fountas, Grigorios, et al. "Factors Affecting Perceived
and Observed Aggressive Driving Behavior: An Empirical
Analysis of Driver fatigue, and Distracted Driving."
(2019).

[2] Vaca-Recalde, Myriam E., Joshué Pérez, and Javier
Echanobe. "Driver Monitoring System Based on CNN
Models: An Approach for Attention Level Detection."
International Conference on Intelligent Data Engineering
and Automated Learning. Springer, Cham, 2020.

[3] Ren, Pengzhen, et al. "A comprehensive survey of neural
architecture search: Challenges and solutions." arXiv
preprint arXiv:2006.02903 (2020).

[4] Pham, Hieu, et al. "Efficient neural architecture search
via parameters sharing." International Conference on
Machine Learning. PMLR, 2018.





