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[Abstract]

We can sense somebody's feeling fatigue, which means that fatigue can be detected through sensing

human biometric signals. Numerous researches for assessing fatigue are mostly focused on diagnosing

the edge of disease-level fatigue. In this study, we adapt quantitative analysis approaches for estimating

qualitative data, and propose video analysis models for measuring fatigue state. Proposed three

deep-learning based classification models selectively include stages of video analysis: object detection,

feature extraction and time-series frame analysis algorithms to evaluate each stage's effect toward

dividing the state of fatigue. Using frontal face videos collected from various fatigue situations, our

CNN model shows 0.67 accuracy, which means that we empirically show the video analysis models

can meaningfully detect fatigue state. Also we suggest the way of model adaptation when training and

validating video data for classifying fatigue.

» Key words: Fatigue measurement, Video analysis, Migration, Video classification, Deep learning,

Machine learning
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I. Introduction
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II. Related works

1. Measuring Fatigue and Fatigue Levels

]J_]Eh Aﬂa7ﬂ E/ﬂ /\D:]X]-oH 7HO 4 AHQJ- E(j AE
fla gEE, 17 9A2 A 2F Sol 1 ¥ee
Qeid ik o] F 2ol PO by 2 Yooz
AFESEL Qlen], 2BAZEE AFE, AANEY 5 WS
AZE 59 4350] 9FL F1 ol2fdt 29h52o] T
oAl eke W2 A Uerd 2 i, 31)

=)
Fru
>
=N
)Y
o
C
z
cE
=
- rlr
1) ”f:
Ma
A
%
oX
ﬂ
2
g
oX
i)
19
o)

;O
i)

it
o

S|
wol ot Wi o
HA oz AT (Multidimensional Fatigue Inventory,
MFI)[2]9] UY&5 EH=Z oz 54 =9 7t sA4A
o2 gojujgt AT BAT3]. olelo] W2 54 WHo
2+ ActigraphyS &89 437125 ek 4ol tish
F4sto] Wkt 4971 wek. E Aata, Wt 59 x|
BE F8olo 54st= ECG(ElectrocardioGraphy) &
W, 139 ex9} 22 AES olgst: Aelaum)
(Ecological Momentary Assessment) B1¥io] gloH &
o, Eo] Sof AFE S5 Foh SO A Wy
o] QlcH4, 5, 32].

Yot 2ol o2 FAol= thefet o] QX|g, A
ol Lt Jjele] Alele} Aol e} WA}
2w o] AojE 71Eoe AL
ZALO] 7]8ket mg BT AL B]80] AQF

olske
S

o
WA WSAE EAE So

A
—_
pi
=
ol
—_

A EE e A S T2 540 9F= Al 84
=0°] 6]

F2ols m=eof dY folHE A4S B2iY =
22 5oty M2E F4ste A4 AE R A o
#8502 ANES F3f AAY A9 HolHE 445t
Hz2g ZYstAY, 2AAE K&K R &gsty +9
ZuY 5 55 MY FEReE gty m2E 54
ste d7-=0] 2UTH33-35]

2 93t FUA gt gojE s &8olel Jelde
&3 I 2AY mz £F 549 7HsEE mefeta
At stRlen, of% A HlojH9 mz: FRo &Y
2 e 2R AAlshL FEe Al=si

2. Video Analysis using Deep Learning Models
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III. Frontal Face Video Analysis Models
for Detecting Fatigue States
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2. Algorithms for Experiments
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—1. Accuracy a—2. Loss

a. Object—Feature model
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Fig. 11. Training / testing accuracies and losses
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V. Conclusions and Future Works
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