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ABSTRACT

Analyzing driver’s abnormalities based on neural network

using brain wave data

Ji Su Kim

Advisor : Prof. Jun—-ho Choi, Ph.D
Department of Software
Convergence Engineering
Graduate School of Industry
Technology Convergence,

Chosun University

As the amount of automobile usage increases, carelessness of drivers incur
more big traffic accidents and casualties. According to the causal analysis index
of big traffic accidents, drowsiness and drinking accounts for a high percentage
of causes of traffic accidents, and it is thought that the incidence of big traffic
accidents is directly related to the driver’s abnormal condition.

In this paper, the abnormal condition of the driver is analyzied by collecting
brainwave data, and Power Spectral Analysis to quantitatively determine each
vibration component in the brainwave data. Accordingly, the analyzed data are
collected for learning and test data, and classify drivers’ abnormal condition
with high accuracy through learning modeling for drowsy driving and drunken
driving by using DNN(Deep Neural Network), which is a kind of machine
learning technique. In conclusion, the performance evaluation of learning

modeling about the comparable subjects’ data is discussed.
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7he 83 olYd & Yol CNN2 229 %9 919 dHolHE F&9]

3 . A= FAAH AT AlFE AAET
(Convolutional Deep Belief Network, CDBN)7} 7§25 %l+=d], 71 CNNI} %%
o2 ujg HlZEA, 2o 23 FE & o] & ¢ o 19 FAY AF

AZ A7 (Deep Belief Network, DBN)ol| A2 A Fdo] o3 HH= FHsk 4

Ath CDBN vdgh g3 A5 A 7[Hel A2 5 e dubddl 725
Algetr, CIFARSE 22 %<& oln|A] dlolgfd] gk o2 wWixvia Ao AL

& 3L 301,

4W(RNN - Recurrent Neural Networke 91324 4S 143 #4
Atol el AAo] Directed cycles 7%= A ATS & oF o]
g, Ao dHS Agsty] fla A Wy wWELE &8 F
Atk ol EAd o &3 AAWS Al <4 (Handwriting recognition) 3}

22 Fopell &8Ha 9, EL JAHES UEHTELL &8 Ad"S AT s

rol
=
o
ot
>
o,
ol
rlo

o
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iy

A= FxRAE e sHA WAe] ARgHa Qltk €
Network), Hopfield Network, Elman Network, Echo state network(ESN), Long

3% (Fully Recurrent

short term memory network(LSTM), Bi-directional RNN, Continuous-time
RNN(CTRNN), Hierarchical RNN, Second Order RNN &o°] v} <=3+ A4S
FH (Training) A1 7171 & iz o=z AL 3175, Hessian Free Optimization,

Global Optimization Methods ®2]o] 2x0]iL it} slA|wF 3k A ALGe o &

of 7#l fruleltt B2 o 9 frylo]l = Agol FHo] A &g AL
olsrE 7FA i UTH25].
2. Tensorflow Library

Tensorflows= 71AlstEd @ #HYdS s F+=o)A W= Machine Intelligence

f OEALA AZEY O 3}0133131015}. golg Z 29 13 (Data Flow Graph)
21 & AR AL, 5 ALY dolE 9] E5S ==(Node)9t AA(Edge)E A&
o [18 2-9]¢ #o] W3 1# Z(Directed Graph)® X &3t} === $23H%
Abodlely /EF™, g "HeolHe /AT T4 APE FdIH. A
=5 7 dolEe Y=Y #AE UEM, T4 Ale]=9 thaked dHolH #
(AA)s Aol vz, 97194 Tensorflowel= o]EFo] Aoz}, €A (Tensor)
I &8 T TR okl A o] HEH 2kold Jhdo® F8to A= §lo
X 5940z Fdsy] 9% mrigoR g JAN, Fofujr
Za4 g2 vz AF8-EH32,33,34]. Tensorflows unixZAl¥ OS(Linux / Mac
OSX)wk A hstnz 2 =FoAe AdS 93l Windowl0 $7 4 Anaconda 7}
o mMalg o] &3le] AME3LEE 3t Tensorflowe] 542 [# 2-2]9] A2 = o
gom 7E fo A= [F 2-3]9 2o wpA2t o 2 TensorBoardel tis] A<
RIS = R

.

e rlr
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SGD Trainer

W ow W om

[Update Whl] [Update bm] [Update Wsm] [Update bom

N S N

=
learning_rate = [0.01] Gradients ]

Labels

Classes = [10] r

Logit Layer Y

Shape =[784, 1]

[72¥] 2-9] Data Flow Graph

[ 2-2] Tensorflow &7

ofoltjo] HIAEONX MulA @AZA °l§ 7hs

A T2 ZF euk Qolstd aAEow ulR AMNS g

Python/C++& A Y3y, SWIGE S tpd3lk o] A 75
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[3£ 2-3] Tensorflow 7] &0]

0] A
-~ Ao wEE oHyoldor Bt
e ol -~y ol st o] e "HAE WS 5 9l
(Operation, op) -o.H ol ALS Fdsta, A3E sk o]t
HlA g2 uksk s 4= gt}
" -y REHom BE HeolHE HAE Fd i
€l &
—HAE Ao gAY wg®, a2z U o3 o]
(Tensor)
A el "lA ko] dd g o)
A ~aY s Adsty] fEiA s A A7 2 a8k
(Session) -AAL ool de] Hd 7S AEskst Ao
o -HaeE gz A A gdevHE AqAeka gAl
o st A&
(Variables) )
~H R gl "HAE At Wy 988 s,

A A A7 MEYAES FAEE A9 TensorflowE A& AAbe 23

3tal EHAYE

F 9

J

=

Tensorflow ZZ L ¢ A olsista vl AHstx

2 A 3518} 7] 98] TensorBoardébs= Al Z3l =+ 2&o] ¥/ ¥ Att. TensorBoard
& AF&3te] Tensorflow 12 E AlZtslslar ez Ao digh HFH v EE
o

Z 23l B33 ojux e} e =7} HolH=E %A & 4 9t} TensorBoard

N
e

]_

Collection @ chosun

input new regex

Split On Underscores: *

Aol FAEW [19 2-101% o] 3EA] At

® - xentropy o

xentropy_mean
220

X Type:

Selected Runs:

data

0.600

8
g
g

[Z29 2-10] €3] 74 ¥ TensorBoard



M. {5 gl g ol g3 ¢A% ol el &

i

HoETolA At AAAQ] T (¥ 3-1% 2o H3 FA FAE F

g FFAe] w3 dolHE A5 csvBHE AFsh A dHolH o FHds

T8 dely A& F3 71 AT AR vlwste] Algro] Frhghel| whet 7+ ut

o tigt TS gt} g Zagh dolHE 733 Training data set

3} Testing data sete. & ®HF3ta, F2Fol|A A &3 Tensorflow 2ol B =

o]-§3}9 Deep learning ot RA® S XPsct npA oz @] A 33w <}
KN

opgEel tE BF e 4%

Raw-Data — Power_Spectrum_Analysis

E=S W

ﬁ
Google “F ueyier

TensorFlow -
I

[10203040) o

N

L WELEER BT - dee c| [rer=ges. ~ t
= 5[1 —data ¥ EH\ daa ¥ C[f] - data ¥ 1ag, T s SoftMax

S o -dsts7 |V ’.D\\ @—.. —
H ] H o\\\ao —‘.:,:-;._
5 e

| ox E \\
Training Data Set \(j

Drowsiness || Drinking || Normality ||

v ey
]

5= dat 2 |V

on

(Claceificati
Liassimcatio

Learning Model

—

Testing Data Se

Hypothesis || Prediction Accuracy

Drowsiness || Drinking || Normality

[29 3-1] =79 AA 4%
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A.

ol & & el

A el

b ool =

2.3
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ot
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e et ol e U HH, [
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iy ES 5

23 | . o ,Ul

S o Yy %0 ﬂr B

w —_— ‘_Iw_uuL N ~ 7O
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mr mr < op %o o A
(e e N Ar oy
T TR = ol "

B R oy X R N
OﬁE [ne) ‘O| ‘ml “W 71_
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A oF Y T T L, RO = T
i S R ¥ = =
g N RO ~ RO N o - 2R

= ;oT il
Ho E o= o R N E X
‘Iﬂ X — _ ﬂArO q 0 o R »AO Q_._
0 o | —_

o T T ~ ®F ® wm op % T ®
> 5 °F W o - Tk
° RN W F Py T R o 2

~ K 1_,.A| Iv_Al Ji < ™ ﬂl
xR TE BB L% R

T lny
S mu R ER N N w
o o= o [l o _ ° e o o
SN & X
B OB RN
ERRCIE e o N
e o o o N o
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Qe o] dEol uigh Huk dolE e Te AFER A% dolH &
CSV(Comma-separated values)3¢ &2 o2 [17] 3-2]¢ 7o) A &3t}

A B c D E £ G H 1 J K L M N o P
1 gdbs time Delta Theta Alphat AIpHa2 Betal Beta2 Gammal Gamma2 Attention Meditatic Blink  Derived totPwr  class
2 1 14 1077105 101077 62880 20268 49675 9976 3664 3338 17 5 54 NA 1327983 0
) 2 24 167431 53249 7910 5258 12033 2966 1126 124 21 60 NA NA 251214 0
4 3 34 31094 56506 3165 14084 25772 16054 7057 9856 21 43 53 NA 163588 0
5 4 44 1707035 463284 48095 272385 37339 25832 21875 8415 21 51 48 NA 2584260 0
6 5 54 1221269 178532 163297 13377 27692 12333 10521 4408 13 44 NA NA 1631429 0
7 6 64 1369654 97869 98514 41227 17069 44369 12146 7258 37 61 NA NA 1688106 0
8 7 74 886951 17374 93033 25768 25006 9284 6561 2646 26 78 NA NA 1126623 0
9 8 84 820564 213894 6249 13076 4887 8721 4531 5494 16 75 NA NA 1077416 0
10 9 94 396897 50009 8463 48953 17633 21132 8652 5856 57 74 58 NA 557595 0
1 10 104 620258 97511 14966 16383 10353 4125 1078 1739 16 60 NA NA 766413 0
[ ]
[ ]
[
1762 | 1761 17499 615486 287957 77014 19835 48107 58591 4804 8732 43 56 NA NA 1120526 0
1763 1762 17509 203270 90476 17912 13342 15724 24356 8170 7307 Ll 40 61 NA 380557 0
1764 1763 17518 178241 265027 52814 43235 19251 16452 10745 3125 4 35 NA NA 588890 0
1765 1764 17528 33722 32815 47031 19649 16192 7509 8308 3725 38 53 48 NA 168951 0
1766 1785 17539 759411 142454 51659 91685 45565 32059 7391 8916 37 63 NA NA 1139140 0
1767 1766 17548 761892 36618 17649 19409 3345 10204 4219 4303 34 74 NA NA 857639 0
1768 1767 17558 106800 294832 38684 24365 35226 14438 8829 2839 34 69 60 NA 526013 0
1769 1768 1756.8 1314341 572558 58012 17135 16494 21972 6738 3826 26 47/ NA NA 2011076 0
1770 | 1769 1757.8 16237 11450 45735 34364 11045 6935 4560 2345 23 60 NA NA 132671 0

[29 3-2] CSVE A o2 AHAdH EEG Log data

o HolHZ 7zow udxto] ol AAH AFE T-7F

Ef
31, Training data set¥} Testing data seto.@ U}i=t},
3

[ 3-2] =439 H3} dgolg %4

= Ay
obs observation - ¥#=(s=A4)
time S4E Az
Delta 1~3Hz
Theta 4~"THz
Alphal / Alpha?2 8~9Hz / 10~ 12Hz
Betal / Beta2 13~17Hz / 18~ 30Hz
Gammal / Gamma?2 31~40Hz / 41 ~50Hz
Attention AEE
Meditation HAE
Blink T 2
Derived T - AER 9EE AT o AFE
totPwr total power
Class AN, E5, 57
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=Rl A AtelE A o) el tiEk W a dle
Jupyter notebookg ©]-&3}] Tensorflow #holB.#jg]E &&ete] o 2 &g
=& FdsY Abed dae Sl wE e Fd Ay e EFo
up-2] gk,

g vrE gs5etr] fsiAE dolEe gt Aol F AT
ol dog dvh AR Rds wEolA S5 & o, dHolH e o] B u
71 gt mepA] 2ES AAoA HaE
W, B FE shubH glo] EEe] Fol¥ = 39 (Feeding)W2ls o] &3t}
2 E=iolAe gFol €83 Training data sete Tensorflowol A A& 3k
Queue Runners Ab&3ste] HolBl & &8tk [19 3-3]13% #°] Queue Runner’}
ol oW HolHE ofE9A ¥eA Aol = 3 Enqueue_operationS! d], ©lo]E
& HolA HAAR A9A FAst=A A gt

Mg o
=
=,
td
AC)
=2
N
2
2
olif
xR
&
ofy
d

------ - S -
Manage Enqueaue
threads
Coordinator
Runner
Queue

Engueue_op

[1.0,2.0,3.0,4.0]

[2¥ 3-3] Tensorflow Queue Runner %23}

Queue Runner= #7119 24 =(T)& 7IA3L 31, o] 2d =52 Coordinator
S 93] #E ¥t Queue Runner’} Queued] Hlo|HE ¥S uwli= Enqueue_opz}
= operationol] &l AolE W2l o5 HolHE Queuedl Hol 3— =3
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8-S Hypothesisel w3k dmMoz Feaoz FaAsA 4 (49 vy Hx)
= d =, Wi Weight, b+ BiasZ %3t} Linear Regressionol A= Web bol u}
g} [2% 3-4]9} o] oy 7}x AAo] wEolA & 9t}

H(x)=Wr+b (4)

(28] 3-4] H(z)= Wz+b

Ay fsiA= 7HA (Hypothesis) & Al-$-31, g<53st7] 98] dlolgo] z-
Mg e FAPolth MR Al A 9o Ay HA dolEete] At

i, s F4

’

L (=)
lo i

=R
offy

$-& Logistic Regressiond] w3l Aoz DR.Cox”} 1958 #|¢tslt &
RAZA 5¢ W] A3y ARE o] &ste] Al WA b AES dEsked A
&5 = %74] ZIgolth, 2228 FH 9 HAHL2 ditHQl 37 FA Hxe 5Y

_1

SA % s Y WEae] #AE FAAA FEE dehlel 35 dF =
Wol ALgaHE Aot ot By Wi A¥ APOT F&H WFE Agv:
BRAE AE A7 AR fAEG SR 2A5Y HAE 4F 80 BAR

ogEd F4& W57 WE @ dolHE gges s 94 deldst Folie

o g dolee Ayt EA BEFZ UH7] "o dFe EF(classification)
Mo g% B 4 A 35].
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2A2Y 3= [2¥ 3-5]9 #Zo] A} ko] 0 E
zbk=vf, mebA] A ghel A7t [Footeo]Ql AE A9
0,1]0] X% logit W3S TS oddsHlE TF W 7k

o &4 b.1JAtolol A== 4 (5)9F o] logit¥ <

b;
1ogit(E[Y}|$1,¢, 7xmz]) =logut (pz) =In 1—p )

W3ko] An= xof digh A
|, A (D3 2

log(pi) =05, +ﬁ1$1,¢+"'+ﬁm$m,i =0 X (6)

=B+ X %)

53 W5 o FolRL W, & W5 19 AH
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p;=logit (B« X)) = ()
14e 7%
o2 g A 4z maAsd A (9)9 2o
Pr(¥, =ylx)=p" (1-p) "= () 1) ()
1+e ‘ 1+e ‘
t}&& Cost(Loss) Functiono] th3h Aoz 7pdo] Ax| dHolg e Q=7
ol AwelA & 5 ut A A wHe Hx)—ys 8= RoAN, At

oy ool & 5 Ale] A A2 AFste] (Hlz)—y)? J#e 7o, g
A oke] 7 JMAW Agle] Aozl AAW gho] AR wEo] #UE Loz} 7}
Lai, AEE ZA BE 5 9k

Cost(loss) functione 2] (10)¥ 2o me k5 dHolg WMFS o v i)

> (! (10)

1
cost (loss)( = —
mzZl

F A Aolaz eE Aelstd 4 (1D #£31, expE AH&dk=d Aol H
A2 logharolth,

T
.

(11)

C(H(z) y) = {_IOg(H(x))

y=1
—log(1—H(z)):y=0

y=19 w, H(z)=10%, cost=0°] ®r}. H(z)=00]g¥ cost=coo] =
o oy=09 W whaskA wAelw, (17 3-61% 2.
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[2%] 3-6] —log(z), —log(1—=x)
T Ae Agstd 4 (12)¢9F 2
C(H(z),y) =—ylog(H(z)) — (1 —y)log(1 — H(z)) (12)
&+ Gradient Descent Optimizere] gt AW o= AL st 1k 24zt
& FHAg dagFoltt 9 VI2(AADE Tk VeV e How
o|

1% olBAAN FEpd olE wx wEa: Row HAZ ¥4 f(r)
datel WA AR 5,2 49 @A) A gt FAAS W, 1 Lo oF

)

A 7,2 A (133} 2ol ARG e olEF AYE 2AsE uANS

o]t

T =3~V f(z;) (13)

)

(1% 3-71¢ AAL sgWo] AAsEE REe aPom EAT Zolw, x4

Il

Al ztate], A wrobAl= Fow ol dte] AHUE ®y, Ty Ty 24 E A/ HTH
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(29 3-7] A+ &4

on fol 4A g0l Aue] weh webAm, %24 (ocal
SRR meba T gtol AAH HAde: AL wAx

on] NIy Aol wE DA tekd ARl ma) el W A &

Me Aedlel 1 % AF £ ATE Adst A% el Wyl v ute

2 71€71E T3] 98 A (149 2ol miEs A &3gth. a= Learning rate®

52

ol

a0
W.= W- aaWcost(VV) (14)

AdS 93 "oy g% ¢agl$e Sung Kim 4 €3 Andrew ng 15~

‘E]‘ =
el | ¥ AHE F3skvH36,371.
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V.29 R 9
A 2% 37

B oA3LE 98] FFoA] AFsE TensorflowsE 8317 3 o2z g9
GPU % A%l el [3E 4-1]o) A star, Tensorflow?] #|oF AFakel UNIX7|wh

oSl AWt z-gdk= 22 Windowsell Al 7-5ak= ol dis] hds] &3

[3% 4-1] d=32 & A5

Division Contents
0S Version Windows 10 Education
System 64-bit =<3 A Al
PROCESSOR Intel(R) Core(TM) i5-4690
CPU 3.50GHz(4 CPUs), “3.5GHz
H/W GPU NVIDIA GeForce GTX 1060 6GB
RAM 16.0GB
HDD / SSD 1TB / 130GB

20161 119 299 Tensorflow v0.12.0 RCO7} Fdo]lE H A A WA ALgFo
2 Windowel A, Ubuntuol A%t 7}sstd GPU WAL Az 7153tgs Holt. w

gbA] B =Fo) A= Documentol Wl [ 4-2]9F o] Z} wlHo] 9HA ARE A
3 31 A ot

[ 4-2] GPU Tensorflow

S/W Version
Anaconda(64-bit) 4.2.9
Python 3.5.2
Tensorflow GPU
GPU CUDA Toolkit 8.0.44
cuDNN 5.1
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Windowsl0 64-bitoll A 7]& Al ~¥l#te] FE8 ¥317] 93] Anacondas ©]-&
3t 7MAFSE S = 3 % Jupyter notebooks o] &3&te] T RIS FEIhr)
= el L2 Aojoll A 2E ik AELES S, AN

Jupyter notebook< 4%
9 F AR A e =d AFSsho)

—

off

H
EE Y U AFIL 9

¢

B. A9 d

1. {5 23 2 oy AS

¥ aZ4S 9% AU 2= NeuroSkyAte]l Mind Wave Mobile A #S o] &3]
th. Mind Wave Mobile A% 1213 A5+ 54 A= [29 4-1]19] Fejol,

[ 4-31% e 53¢ et

Back

[-2¥ 4-1] Mind Wave Headset [19] 4-2] A= =2 93

[3£ 4-3] EEG Headset

WINDOWS(XP/7/8/10)

Platform MAC(OSX 10.8°]%)
ANDROID(2.3 ©]4})
I0S(8 °]4hH)

Sensor type Dry
Channel count 1 channel
Wireless Bluetooth, optimized for high speed
SDK Stream SDK for PC
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4-2]¢} o, [219 4-3]3F #Zo] dF & 9 olv} »&
A5t A4 AAMZE olvfel DREHES &Fal, Al
#

KR
= -
ME o]&sl dAEES Fevh Al FA(Ground, GND) &, &

[72¥ 4-3] EEG Headset(Mind Wave Mobile)

Mind Wave Mobile #ZEH24& [18 4-4]9F Zom A= 3w Byl ¢
olH. AT E otAE FEHo R AT NeuroSky 7]ee ¥ 239 on=

3|23}, Brain wave 213+ APPS 53 tpds a5 do 7t

[72¥] 4-4] Mind Wave Mobile #%5 H2]
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[3% 4-4] NeuroSky F34 4%

] 3} F 94 ( 9] :Hz) A A A
ol 3
e 0574 e 5d, o o) e
(delta)
e 7 £o g, e S
(theta)
O} il 3]
ke 8714 el o)k ok® AE(FA)
(alpha)
TAE AT W, 0GR ZEHAT}
SMR 3} 12715 A= AHOME BE A8 A4 AT
T Ae TY e H.
H—] bl
ik 14730 HAze FHa, 1/Ed/TE4H
(beta)
PCe dZA37] 98 EFF2 28 AFE 33, Visual Studiool A SDK®
B E o] &3ty My Holy HEE =g A

Bl 5 AT ge]
o #== [2F 4-5]9F 22 A E 7HAH, EEG Headsete] 2-8% AElolA &
229} Hojgo] ¥ =Mkt o] =P EY. EEG Headseto] W3k ID#HS F
shal, JEHS Alste] 7S ¢lo] Edu HelHE 7hAH e v o] g
ANE 7] A7A WA S AL 27 o 5123 Raw datag ¢lo] o/ Hrh
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Connection_ID

Connect()

ReadPackets()

GetValue(...)

Disconnect()

FreeConnection()

[19 4-5] gfe] B eie]

o]gA 1AL HolHES LogdElE AgEm,

3} gro] AARI.R Fele] et

B CwWindowsisystem32wemd.exe

! datalog - HE2H
IEF BTE

1499276425,
1499276425,
1499276425
1499276425,
1499276425,
1499276425,
1499276425,
1499276425,
1499276425,

435
436:
437:
438:
438
439:
440
440:
441

Raw Data

Power Spectrum Analysis

Save Data

M40 BV ESEH)

80 17, 0011, -2.900293
80 16, 0010, -2.906158
80 20, 0014, -2.882698
| &0 21, 0015, -2.876833
80 13, 000D, -2.923754
| 80 13, 000D, -2.923754
| 80 ] 18, 0012, -2.894428
80 18, 0012, -2.854428
|80 17, 0011, -2.900293

[29 4-6] EEG Raw-data / Data Log
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Sl m
=1 CHOSUN UNIVERSITY

2 Adgo = NTx(NeuroExperimenter) &2 AFE3lth NTxES o] 8319
(2% 4-7], [2¥ 4-8], [/ 4-9]3} #Zo] o HAAHoz HolEHE ST 5 o
v 870 ¢ 33 (Delta, Theta, Alphal, Alpha2, Betal, Beta2, Gammal, Gamma2)2.
2 9 AEsA 38& 2738t slo] 7hEstt.

[28 4-7] NTx(NeuroExperimenter)

[ 4-8] Thetawtd 18)=
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0e o

Meditstion
Theta

(.4 —p——Dett= Bete- i
Gammal

GammaZ
Mpha1

[19 4-9] &% 93

FEol e gz

Drive Video
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B
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o
T
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CEER RS

A
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q5 ®d
e

A

(artifact)®] F3p4 Q<

o

=

4
7} e A

be
iyl

9

3 e}

A
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A)

A

[

ool Fihs G 543} A4 wlolHel

she, v

24 el o
1

A

!
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7o
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gFel a3 HolHE E/7st7] A AAR AFEoA £A4H A5} Hol
H vas 3 X gk WstE g, Ao dHols: 9 10719 oA
el S A9 Etar, Ao I 25 WY A e R v ud
A . B . C . D . E . F . G . H .
1 |#time(H) #Theta #Alphal #Alpha2 #Betal #Beta2 #Gammal#Gamma2
2 4 78212 20680 31220 19742 13516 5356 3118
3 3 85904 24504 23174 16777 14151 8250 5270
4 8 90115 23167 20765 18859 15483 9246 5755
= g9 97853 25565 21318 19751 16397 9098 5610
6 10 101912 25986 22929 20746 17518 10815 7155
il 14 106520 26314 23587 21415 17257 9824 5415
a 22 116958 27642 23401 21681 18094 13752 8354
g 23 108315 27128 22625 21687 19496 12707 7601
10 26 59848 17910 18568 12266 8845 3834 2690
1t 24 60977 18574 16771 12987 10029 4943 3049
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[3£ 4-7] dlolg A1)

Total
Division Class Used data Labels
data
Drowsiness 23,153 15,000 15,000
Training
Drinking 14,032 7,000 32,000 7,000
data set
Normality 15,723 10,000 10,000
Drowsiness 3,300 1,000 1,000
Testing .
Drinking 3,300 1,000 4,000 1,000
data set
Normality 6,600 2,000 2,000

Ha o] ¥ dEAEe] R [% 4-8]3%

A meARe Agsta va 24S AAF

U]

o v A 19 $dg B

[3£ 4-8] A AR

Class Subject Sex Age s
time (M)
1 men 28 70
2 men 25 30
Drowsiness 3 men 26 30
/ 4 men 28 40
Normality 5 men 28 35
6 men 30 30
7 men 31 30
Drinking 1 men 28 120
/ 2 men 26 120
Normality 3 men 28 120
— 38 —
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[3E 4-10] o] d7del 12 &7 A%
Data set Drowsiness Drinking
Training 92.87% 94.41%
data set 58.429%

Testing 91.38% 87.24%
data set 64.00%
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Z184st A3} Training data setoll A9l &3 555 92.87%, 94.41%° AIES
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[3E 4-12] 9 @AE9 o) d3H &7 45 23

Class Subject Train Test Total

1 97.26% 98.8% 98.03%
2 96.15% 97.54% 96.845%

Drowsiness 3 98.29% 98.75% 98.52%
/ 4 87.45% 84.74% 86.095%
Normality 5 96.82% 92.49% 94.655%
6 97.48% 97.98% 97.73%

7 82.54% 79.64% 81.09%

93.28%

Drinking 1 98.47% 98.27% 98.37%
/ 2 97.82% 98.17% 97.995%
Normality 3 82.47% 74.55% 78.51%
91.625%

A@Ase ol Bam wa BAF A3, d@Ant Fi5 gy 7 5

Qo o3 7 Wslel Aold e FErHow AN J)Fo] dags AL
sty WA 7t dolHnit Aol £ e BRad A7 Ade A

doiwl Z47ke] dolge] wE A% 2 AA delge Aol o k" ol
A 7p g},

Collection @ chosun



0

o X

1<

15s

1Es

A}

’

O] /}E]X-"E
Aawo] AL 5
2k,

H 3
aL

H] %

-

b

=
% 70l A

A Lo

MEOW
ioﬁei‘%q‘w!
R B AN
ol <N 3r w_f o dlo ol = °© R
z o I S E! W odn o
= - R wgmmim}oﬁoﬂ
= T oy <) ol Ry = ION ™ £
o T i Ne o iy o i) 14 oW oy m/w ol M !
g™ N- eI P o E WA B No s
T o= %ﬂﬂ@@%lgaé _xﬂw_iau ﬁ_zw
Xz iR E 5o o 3 e rE2g 2w P L
—— — 0 —
o J.a]r_.D L.X.lLEOU_v.,ﬂ_EH —
ofp mo cﬂ. o mo T0 m,_ - o p/ﬂ ) o+ &m g X . il %ﬂ
o X F o T = o kLW s =
W — ?Egmﬂ@ o7 " Tow
ﬂ.ﬁo — © éﬂ‘l ﬂw;oL dﬂll X <0
= - ] o ) T GH%AT =
N9 o ™M N o R Mﬂ o o o R = - ald =
dﬂﬂmwewn_rml%oumoozoﬂiwﬂﬂbaml e
E@W%E%@,aiﬂ_ﬂ Etgwﬁéo_ = M
2o, ! T 0 nf 7 M ¢ F BT o oo (n
R0 _L,ﬂagaur = y B - ¥
K I n 5 A= A op 3 QL o H o
ﬂrmﬂli /oleoa ol}oﬁ ey oy
o) T s oo o] & ST y W -y o o & T
,IE —~ ﬂw_uu hny iy et eIy m E- [y - ‘m/! N K o o H_. ol
o - o o~ il ) S @O =y o o = o J oF
b @MMH %@gydﬂaolaﬂo_ .
Haﬂg%uw@%uEﬂm%@ﬂﬂwq%ﬁ %
= NS | olLo7oﬂ Ag?w e L__ﬂqm@o_a ari_ﬁ
urzugld.AJx.?umﬁlﬁv}ﬁlxowa,:mMWJ
A T o P N = N A . ﬂmco%
ﬂﬂéabgﬁoﬁ éwﬂﬂ @égi T
M = W & o TR =« °F TR o i
- Mo N o 5O 4 a —
R <0 o pR T~ W M N - i w2 X
iy | 9 oy i o Sy w do Az s o— [ Ay X
mm_uim%%wuﬂoﬁ %M%ﬂﬂﬂaﬁﬂw N
e &EHELEGLW@@]@HEz:ﬂi
M@Mnov&.qo_aﬁ aglqymﬂaurmﬂmﬁ
Muo__ozﬁlcﬂﬂﬁd;urmbo&%?ouﬂm%ﬁ auﬂﬁM_w%zo
2 E lqdv - _ T — -
soj;gwmw@ggsﬂxan_ﬂmemﬁm
— iy n \]_ 1 o
o w W + W T m/ﬁm oy ™ WM = 2 o e wm & M 3 mcﬂ
T = o mgﬂl.zo}ﬂ of X
ﬂ.?%AH] T O Lt@_.zﬁﬁa
% % 5% e P W B ﬁla
T o b T X B T = =
A 1.|0] EOJIL.
szl;o@oAT <0
ﬂﬂnv.ﬂro or,mu_z_
ooﬂ_tu‘m,.uog L|ﬁ
z.mutd
-

— 43 -

Collecti
llection @ chosu
n



ZaEs

[1] TASS WEAFZREA A 2~8 http://taas.koroad.or.kr/
[2] TS aEordFt http/www.ts2020.kr/main.do
[3] KoROAD ==
[4] AZ3 - SAAE, https://www.police.go.kr/main.html
[5] Andreas Patzer, “ATZ elektronik”, 10, 2014.

[6] Wolfgang Bott, “MOST Cooperation”, 03, 2015.

[7]1 ol _AEdsta, “Next Generation Active Safety and Advanced Driver

&l

=3¢k, https://www .koroad.or.kr/

Assistance Systems”, Auto Journal, 08, 2006.

[8] Sam-Yong Kim, Geong-Kwan Kang, Young-Woo Ryu, Se-Young Oh,
Kwang-Soo Kim, Sang-Cheol Park, Jin-Won Kim, “Intelligent Driver
Assistance Systems based on All-Around Sensing”, X A}-&8t3] =&X%| A
438 TCH Al 9 =, 2006-43TC-9-7.

[9] Sangwon Kim, Jungkyu Kim, “Driver Assistance System By Image Based
Behavior Pattern Recognition”, Journal of The Institute of Electronics and
Information Engineers, Vol. 51, NO. 12, December 2014.

[10] Meeyeon Oh, Yoosoo Jeong, Kilhoum Park, “Driver Drowsiness Detection
Algorithm based on Facial Features”, Journal of Korea Multimedia Society
Vol. 19, No. 11, November 2016.

[11] TaeHyeong Kim, Woong Lim, Donggyu Sim, “A Study on an Open/Closed
Eve Detection Algorithm for Drowsy Driver Detection”, Journal of The
Institute of Electronics and Information Engineers Vol.53, No.7, July 2016.

[12] Rami N. Khushaba, Sarath Kodagoda, Sara Lal, Gamini Dissanayake,
“Driver Drowsiness Cassification Using Fuzzy Wavelet-Packet-Based
Feature-Extraction Algorithm”, IEEE TRANSACTIONS BIOMEDICAL
ENGINEERING, VOL, 58, NO. 1, PP.121-131 JANUARY 2011.

[13] M. V. M. Yeo, X. Li, Shen, E. P. V. Wilder-Smith, “Can SVM be used for

Collection @ chosun



automatic EEG detection of drowsiness duringcar driving?”, Safety Science.

[14] Braunwald E. (Editor), Heart Disease: A Textbook of Cardiovascular
Medicine, Fifth Edition, p. 108, Philadelphia, W.B Saunders Co. 1997.

[15] M. Patel, S. K. L. Lal, D. Kavanagh, and P. Rossiter, “Applying Nural
Network Analysis on Heart Rate Variability Data to Asses Driver Fatigue”,
Expert Systems with Applications, Vol.38, No.6, pp.7235-7242, 2011.

[16] M. S. Kim, YN. Kim and Y. S. Heo, “Characteristics of Heart Rate
Variability Derived from ECG during the Driver's Wake and Sleep States”,
Transaction of KASE, Vol.22, No.3, pp.136-142, 2014.

[17] M. H. Choi, J. J. Jung, S. W. Kim, “Drivers Drowsiness Detection System
using the ECG measured by Non Contact Sensors”, The Korean Institue of
Electrical Engineers of Summer Conference, pp.1393-1394, 2015.

[18] A. Grillet, D. Kinet, J. Witt, M. Schukar, K. Krebber, F. Pirotte, and A.
Depre, “Optical fiber sensors embedded into medical textiles for healthcare
monitoring”, IEEE Sensors Journal, vol. 8 no. 7, pp.1215-1220, 2008.

[19] S. Min, Y. Yun, C. Lee, H. Shin, H. Cho, S. Hwang, and M. Lee,
“Respiration measurement system suing textile capacitive pressure sensor’,
Trans KIEE, vol. 52, no. 1, pp. 58-63, 2010.

[20] Jaehee Park, Jaewoo Kim, Jaecheon Lee, “Real Time Driver's Respiration
Monitoring”, Journal of Sensor Science and Technology, Vol. 23, No. 2,
pp.142-147, 2014.

(21] A, “Huto] dupup A4S
a9l AA}EFe) = 2013,

[22] 17193} https://ko.wikipedia.org/wiki/EEG

[23] BHETh, ‘A LA S53A B AWt A el w3 A
A ALkl =1, 08, 2015.

[24] 71 A8F<5, https://ko.wikipedia.org/wiki/Machine_learning

[25] © ]9, https://ko.wikipedia.org/wiki/Deep_learning

N

o] &3 Mt HHe 5 AET, At

rUO

f

[o]
-
o
Y

[26] Y. Bengio, A. Courville, and P. Vincent., "Representation Learning: A Revie
w and New Perspectives,” IEEE Trans. PAMI, special issue Learning Deep
Architectures, 2013

Collection @ chosun



[27] J. Schmidhuber, "Deep Learning in Neural Networks: An Overview”

[28] Szegedy, Christian, Alexander Toshev, and Dumitru Erhan. "Deep neural ne
tworks for object detection.” Advances in Neural Information Processing Sy
stems. 2013.

[29] G. E. Hinton et al.., "Deep Neural Networks for Acoustic Modeling in Spee
ch Recognition: The shared views of four research groups,” IEEE Signal Pr
ocessing Magazine, pp. 82 - 97, November 2012.

[30] Alex Krizhevsky, "Convolutional Deep Belief Networks on CIFAR-10"

[31] A. Graves, M. Liwicki, S. Fernandez, R. Bertolami, H. Bunke, J. Schmidhub
er. A Novel Connectionist System for Improved Unconstrained Handwriting
Recognition. IEEE Transactions on Pattern Analysis and Machine Intelligenc
e, vol. 31, no. B, 2009.

[32] M. Abadi, A. Agarwal, P. Barham and et al, “TensorFlow: Large-Scale M
achine Learning on Heterogeneous Distributed Systems”, Distributed, Parrel,
and Cluster Computing, 2016.

[33] M. Abadi, P. Barham, J. Chen and et al, “TensorFlow: A system for large
-scale machine learning”, Distributed, Parrel, and Cluster Computing, 2016.

[34] tensorflow, https://www.tensorflow.org/

[35] Cox, DR (1958). “The regression analysis of binary sequences (with discuss
ion)”. (J Roy Stat Soc B)

[36] Sung Kim, https://hunkim.github.io/ml/

[37] Andrew Ng, https://www.coursera.org/learn/machine-learning

Collection @ chosun



	Ⅰ.서론
	A.연구 배경 및 목적

	Ⅱ.관련 연구
	A.생체신호를 이용한 운전자 이상상태 분석 연구
	B.뇌파 분석 방법
	C.Machine Learning 분석 기법

	Ⅲ.뇌파 데이터를 이용한 운전자 이상상태 분석
	A.데이터 셋
	B.학습 알고리즘

	Ⅳ.실험 및 평가
	A.실험 환경
	B.실험 방법

	Ⅳ.결론 및 제언
	참고문헌


<startpage>11
Ⅰ.서론 1
 A.연구 배경 및 목적 1
Ⅱ.관련 연구 3
 A.생체신호를 이용한 운전자 이상상태 분석 연구 3
 B.뇌파 분석 방법 7
 C.Machine Learning 분석 기법 11
Ⅲ.뇌파 데이터를 이용한 운전자 이상상태 분석 17
 A.데이터 셋 18
 B.학습 알고리즘 20
Ⅳ.실험 및 평가 26
 A.실험 환경 26
 B.실험 방법 27
Ⅳ.결론 및 제언 43
참고문헌 44
</body>

