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Research on Fatigue Driving Detection System Based

on Video Signals

ABSTRACT

Fatigue driving is one of the major causes of traffic accidents. Additionally, the
prediction of fatigue state is of crucial significance for pilots, drivers and chief con-
ductors. Nevertheless, most of the existing Fatigue Driving Detection Systems(FDDS)
are based on single signal source or extract single feature, which suffer from dim light-
ing, varying skin color, inaccuracy and high cost. Hence, this thesis is the first to
propose a cheap, easy-to-use, accurate FDDS based on video signals, which combines
geometry and texture features and predicts fatigue state by combining video with Elec-

troencephalography(EOGQG) signals and gripping power.

The author is the first to propose fatigue driving experiments by combining video
and EOG signals on ICONIP 2012: EOG is more accurate while video includes more
information; by combing both signals, we greatly improve the prediction accuracy.
This system won the 2"¢ prize on ICCF 2011. Meanwhile, the author conducted similar

experiments with gripping power, which again proves the robustness and accuracy.

This system adopts Haar Cascade Adaboost for face detection and Active Shape
Model for alignment, calculates PERCLOS by binarization and image gradient algo-
rithms, calculates SEM, REM, yawn frequency and extracts boosted Gabor features
from texture. Finally, we apply Linear Dynamic System to denoise and Support Vector
Machine for regression. As a result, we improve the accuracy greatly by combining the
features from EOG and video. The experiments indicate that our system could serve

as an easy-to-use, economical tool for drivers thus benefiting the entire society.

KEY WORDS: Drowsy Driving, Fatigue Detection, Active Shape
Model, Emotion Recognition, PERCLOS
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FEFSIER

AAM EFIPIAEARL (Active Appearance Model)

ASM EIEIRIERL (Active Shape Model)

ANN NI LM% (Artificial Neural Network)

BP SRR E L (Back Propagation)

CNN LA M4 (Convolutional Neural Network)
DBN RIS M (Deep Belief Network)

EEG JXiH{5* (Electroencephalography)

FEOG AR F{55 (Electrooculography)

FACS HEBEIESRIS R4 (Facial Action Coding System)
ICA ST 8475347 (Independent Component Analysis )
LGBP /N RS — B (Local Gabor Binary Pattern)
JSD 2Kl = R (Jensen-Shannon Divergence)
PCA F 535087 (Principle Component Analysis)
PERCLOS WHRFH 52 (PERcentage of CLOSure)
RBF 2 FEAZ K% (Radial Basis Function)

REM PR HRZ) (Rapid Eye Movement)

SEM 2 #R5 (Slow Eye Movement)

SVM FH5A AL (Support Vector Machine)
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RETHE SR RE AR e S o = T8 () 2 T L S 20 AU SEROR L[R5 A A At
BILARG e IR LI ERRI 90 04, B AL LA XU 5 ) SN JEE
SRR ELE, T R I SR BT B NG P AR A 228 B B 4 7T ) 2
BHRNGREFRS, MG RITREE

mE2-1f7R, SEkids EE b WRENNEE (NS P BN HTT
fs TREE RS B ISR ) U B oRgsiE A R BE. — Lo
15k — H Kinect R HHEC LS A. i =4 MBLSLEOR, £ 9 Rl
B lionar DAL B BT, 40 20 B, BRAEIE AT & DA E i
FERLHH LRGSR EAE S L, FRATESRBE R T 2 K
GBS G IR . W T B T ORI TR R RS IE M A SRR R R, AT
DATHE B B O R . T M BB A e s, M T HEe il

% 8 T 4t 47 1T



KT AR 6998 % B AW R AR
M2 1155 B IR 7 L B A L0 MEE AN Kinect, T % il F0 400 1] 7 o
LT ANBAG LR IE T R IE #54E, Kinect ZE&E T UATRE(E B X ke,
E2-20r7R~, #B1ME5 UG5 T LARI B R EE, (HT L0

A 2-2 AT A AR IR 5 5 AN R % ENE

2.2 EF NeroScan 5ZI5MBEIIEZ BRIlZ4R 5

AN, N THREMINEG S IR XA SR, B AR A T
Wit E S AN TR FEH LY NeuroScan R4t XA SLIGR RIS K: 76 7048, BFE
DA i H B sk A A R 2 B ) e (R IR L i AR R R AR S
250 A HIAR RRAE Al Il R IR SRR

MER2-3fr7r, LERAFERBIRG L00MEG k. IR AR, BOREs-
LEA VYA B e 4 g B 42 R R S A k. AR SLBR IR, BoRAy ESRENLE I
HE2AFFREIZL. W W sRPUMPEE R sCER S, FRPREINEL 500 ms,
ZJEHBE S 2 TR, WMILIEIMESE . YUARERNILN, FRATE R i T
N IERRE IR, UaiE IR BT SEOE a8, &4 —EiRE. |
I EI SRR BF 5 SLLAMIARE 5, FRATATLAE— 2B & IR AR S 1
T O R B (R SR BRI T 4347 o

%59 Tt 4t 47 1T
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Infrared Cameras

Electrodes Traffic Signs

Red, Blue, Yellow
and Green Buttons

Subject

B 2-3 A& F NeroScan 5 2L 9MBRR G R 7 B B 4 R A SR

HOOHOOOOO
AAAMAARAARAALMN

EOQOEHONE
CHEOEAEEQE

B 24 Fest L wA AR ETER

23 KRE/NE

AT FERENA TIe T BRI 45 B HE AR RS,
PLNFET NeoroScan H/ 48 ML 2%s, A e SCELIG B 1 oS e/ Ao

2510 7T JL 47 1T
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B=F ETTEIARMNMLGERE

M SERREASE R, SHG LI PE A T A REAF A I AR, 2 e iR
W O RESE AN, B 2R SR BCL Tl S A i g AT AR 30
SIS SR B IE ML A AL B, DA TR AESR U BLAY HE— 2D A Al

31 EFEDNIER P ARE L
3.1.1 APREHNEX

A SLEG WA R A Viola 2004 4F 42 H 1 2% A Haar $#{E#1 cascade [21] 1Y
Adaboost 73 2 di Al 1R AG I B89 [22] BEAT DR A JAG I, T — i 14
%, f i ARSI R Wi G L, R A7 B AR AR T XS T IR
R, MEREEAREL, FTLAFER A AR AR | XA SRS PRIE T RS
FROETT .

Bl 310 R TR TUC AR, 7255 — 2 AT 3T 25 Haar £F
{IEFY) Adaboost A JK G IS0 18 o HA T i BN X3k, SRS RIS TR N AT
fER B IMNEARRI T R ) EARHE S AL E . fEaJa—H, FATFTFEXT
NEHATAR AL, FRGTHE]— g — RN, DMETHEEL Gabor A% L1544
PUNAT LG FRATIG AN RIRAE TR 48 x 48 Y R/IN, T 57 2 B I R 4
W FRATH Rl RS GRS, ATLL

JR AR 5 RAE R E

B 3-1 4k 2 AL

511 71 JL 47 T
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312 EFSMERIE L

Ak, FRATTAE 3= 3l S AR AL S BN K X 8 A B E L. 1995 4,
Cootes S5 NfEH T F IR (Active Shape Model, fEiFk ASM) &k [23].
%2R H 28U B9 R AR TE AR A BT GIP AR B R 32 58055 99 A
(Principle Component Analysis, A% PCA) S ARIE il i BOME R 0 A HE AT
AT, B RRTE AR B R SR IE s 1998 4F, Cootes 5 A\ 4 ZEF]
M TXESEE R, #2H 7T ESIPIEIE (Active Appearance Model, & F%
AAM) S22 STPIATEAR TN EBAEIE [24].

, BISREEArE, SRR NIIEARL ) 2 Jast Al Lodid Y1l 2507 iR AL A
R R AR . SO SEE B AR 518 Fr i R AR DTS, 2458 —1
BGA B R NG BB o XA AT LAS 2 L RS i ) S SUE AL, MRS
R ER R A=

T B ARSI — A o 1 A A B B R0 AL SRR SR AL A R P Y LA A
fiko W HESSMISEA GGG EEAE ) HATREAK R E P IRE TR 2
WGBS A B . FESh MR g SCRIPAR S B H n 42 A
WE, 1IN S = {ag,a,...,a,}, HH a, = (2, y:) &% iy, TG EIRATHY
o7 BRI ARG T, I T A 68 MrE i s NI 3% T aniRAE,
W, B, BESFSEREME. AN, RITA:

o THM: x=L3N x

o WKINEERS: D(i,j) = /(i — ;)2 + (i — v)?
o i ZEmE: = LS dxidx!
o FHE(EMBHENE: S, = Mo, k=1,...,2n
KR, ERRIARTT AR A PR
S=S+A-b (3-1)
H ) A= (a1, q0,...,00,) ZFHEREIES, b= (b, b, ..., by,)T" AT

AL R AOBUE, B BIME R AR 0] 27 AP 2 JEDRATARFAE [ Ft B ISR o

12 71 47 T
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AT M B MU B AR T R B 5 2 S U S 5 Al
ATE CK+ N AFEARZE [25] TP T3R5 IR LN, 28R E P R G T2
AR R e XD EARE P EA T 123 AalE B 593 HMA T2,
AT 7 FIE R N ARG 16, BRI T2 R ESRAH T AN R G B
iz 8570 (Facial Action Unit, [&FR FAU) . &/ MUINEA 25 WitEFD, 54
AT —, A1 2] 38 hat2ut, BMIA0T 5T LAERELE 30 2 70 Wi
Feta BB

# 3-1 CK+ £3% B b R EFF £ 89 A &

o

A

x4 BEORE B 2K

i 69 25 45 18 59 28 83

weJa, B ORI R 0 58T = S SN B T o 268, LAREET
Gabor /NI ANFLAT T B 4E e SRR S IR, SEIREE RN 32/,
W] T AERZ 00 240 R ERATHYSIEHAREE 2010 4F3CHK [25) iR bAoA
THEAR.

3.1.3 ET Paint Selection B B{ESEFT 4 & %

SEEG 2 A, ARSCVEE R H 8 F Paint Selection SR T X AR A B HAS i 5K
o, Bo5E, BETFINIPER ) RAELTT LMSEIER B 136 A (HiE ]

A 30 MBI HESHA RS RBHNERUR
B R ORE Fm omd B ek

i

45 10000 0.00 000 000 000 000 0.00
28 1667 5000 0.00 0.00 000 3333 0.00
% 0.00  0.00 100.00 000 0.00 0.00 0.00
E 000 000 000 8750 1250 0.00 0.00
H2% 0 0.00 000 000 0.00 100.00 0.00 0.00
L 000 000 000 000 0.00 100.00 0.00
i 357 000 000 000 0.00 000 9643

13 01 Hh g7 Tt



T AR 6998 % B B M R G R

B 3-2 & F Paint Selection #9 4% 52 Bt 4% ik 2 1 1

ROIFARERS TR MR R L, FRATKRA T Jian Sun T 2010 42 H B Paint
Selection 5K L4 E & Fr, AR WE 3278

BT N SE I & MERR Ok E, #REELE Carsten Rother 58 A 2004
£ SIGGRAPH _| & £ 13 411 GrabCut B3 [26] Bflte GraphCut 7E{H T,
FHEIRE X . 1M Paint Selection 1 5E 13573 EI WA F AL 5 B AT $145
BRI EIRR . B, Bl REEVCREE CGEE A 1200 ), By —
MEEEITRA AN 8 A B pb()o FERHE A EEURE, FIFEE S, —1
PR . JXFE, R s BT B R 2 AR A T A X = 2, AT A A —A
RE Fi/ MU TRET (Boykov Al Jolly 7E 2011 42 H)

E(X)=> Eyz,) + Y Edzy,x,) (3-2)

H ABUE (BRAK 60), Eqx,) WEGRIT, FoRERER p IREEN (1
foreground ), 0— background) HJAXA; E.(z,, v,) XTI, AEMADAFIEGE
p A q BIFREEAAN, AEARGIEF, FABRT U AXT Het:

514 71 JL 47 U
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Eo(wy,24) = |zp — 4] - (B - |, — I, ||+€) (3-3)

Hep, € =005, 8= (|, - L|*)"", X8 () 28IEERFHEE T

32 ETFREFINPARIKE
32.1 REEEM

N T2 M 4% (Artificial Neural Network, 8 ANN) A BT 58 TAER IR
T 1943 4, FHLZOHF R W, Mcculloch FIEHLE A58 W. Pitts 75 3CHk [28]
BT AT AT B AR, RSB T M TTRIEUA R BEPR Y R4 N 4%
W FE RSB

1986 4, Fl22% Rumelhart A1 McCelland #2H Ti%?éfiﬁ%ﬁé%“% (Back
Propagation, {8k BP) [29], %810 iR WAL 7 F LK 4 2 IR AT D £
W2, S H AT ) 2 R A MBI 2 — . [30]

1988 4F | LeCun f2H | HGFIMZ M4 (Convolutional Neural Network, {A]
FRCNN) AT E5EREF R [31], B ERREE SRR, &8 B
—ANHEIEZZEM 7 INEY:, BRI T E M RRE, kb T 283
H, WERE MR

2006 4, 2462 K1) Hinton L fr EHEEE H TR E(E &M (Deep Belief
Networks, fAi#% DBN) [32]. fE N THZMZ. ZHFAHAL (SVM) B

A 2 BT, (HXFEHRIERE, M FRERT A8 (S8 0R) 7T
%%#%ﬁ FOWNZEHIRMN, HIR S A W il T a4 M2,

MAEHFPARE RS — DERER, TEFEERERE. TSI,
Hinton 3511 TIREEAG &M, HAEERNUA0T

1. HICE 7 Il b=
2. BUOERIUNGA—Z, RN — BRI
3. Fa MR AL SRS

%15 71 47 T



) Y FL ALY
) o o A FAUIR G % 78 A B TR

AT MNIST T 5 MRECFEARE (33], EHEEGFESMINEG T — 1A
100 B 4h s, HETR R AT LA E] 97.51%. 4853 To WA B2 ST F S 1) (5 16
%, 100 BRI EE S B R 1S 2 BFIBUE I E3-3 7R

-~
i

A 3-3 A TIREAS & M8 F 5 RT3 ) R AE

322 AT ARENERESIIME

2012 4, Ping Luo $2H T HTRE ST B9 )7 ¥R AT NA I [34], HAZL
BV SRHWEESM (Deep Belief Network) , A IERAE AR AT 55, &l
o as. srERlasEn BES A, ARRNE TR S, B o le g
2 WNGR, BEIRREE— ERTE B2

A R Be i IR B = Pk sl U S BA A ie  CA E D = ) 2 v
P, WENSEN L, 0, ZEPESRER K+ 1 G 25 W 2] 6 A
Motk I, 5 K A EGEZE h L ZRIER:

16 U1 JL 47 1T
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P, h', .. b pg) = T (Po* [0 pg) P(BS 1 05 o) (3-4)

k=0

Hp, I, = h°, 1 P(h* Wt pg,) FERES k)2 RBM A BS5EU ST 53041
P05 pgy,) NERIUZ G 340 T 525 B AR O R 1 IR AR &
T B EFEHZE p = (Pan, preg)e BIE, TN pay, = {W i, 2},
FELRIIGAE preg = (W' w7, TEIEXSELEASRIRE S, M2 HIL, H&ET
sk,

T RE A ISR RS, BT R, EEBA I TIZALR. &
INTTEAENRE S &, WU e R NGB R 2 TR 5, St P AR b
P57 B SRR AT, EShTC B ST SR RAE , IR 3 B v VR R
P

3.3 AKRE/NE

FEART S RATHEI A 7T AN T BB, AR T3
Bl AN B A 57 225 B o3 Ay vp A R PR B SR o [RIINF, GT Hb AR T
PaintSelection i#E1 7 A &4 114 43 %] , PR A VR 27 >0 B J7 AR AR R AR A
BB T I W B ), 18I K B IR s A SR AR &, T 237 e
fiE, k3] B S AR

%17 7t 47
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BNE KFERENRFENFERNEE

AN AR AR O S A I R S RS I . ok, HN
IR SRR Y BT S 5 AR AESE I 3, #5740 PERCLOS. 12 IR+
FIIG K KB SRR, Hk, ARE 2P sk A B9 5 ZUR 07 2 S e AR 6
P BT, e ENTRYICER SR AR R . Bm, ANEEfRIE
— N IR MR T VU IR 55 AR I AR GE ) BEROR B AR BT, I
20— MR B =L

4.1 ETFMIESHISFIEIREL
4.1.1 PERCLOS 4$5{F

1996 4%, R (Carnegie Mellon) K27 4 25 B fiff 5% HHULM Y Dinges 25
ST A BT OCUERA 2508 DI IR 57 25 Bk B IR | B T 0 1 (] PA) 1) RIS i FA) 5 1sF )
(PERCentage of CLOSure, f&#% PERCLOS) %@ A FE [ Szl 125 3 £ fry % 95
FE [2]0 ZRHIERE SN EALTES LTI TR, ARAR P& — 8 Ee gl T o B Rp 82 1] -

PERCLO&::EZEU%}L

1

PERCLOS FI4J5 & 5% FH SR AL T 11 I (] A AR AR P 6 R R e it — B A )
] e IR 2 e BARSEEE T, A P70 (HREE PG R 70% LA BRI
EE ), P8O (HRHG PG IR 80% LA_ERIMI A T 43 Eh) , EM (HRHG A
HAA LRI E) =FhE 720, Hd P80 A i RE S e N1 o5 FR . A
R4k H P8O HIHBUHEFE B:AE N PERCLOS 15476

I E B ANIER ) FRATE S0 LA 2 N IRIE KB E . (B8 T A5 60
it PERCLOS H##iE, FEEG T3l /NSRS aE L, AR T B 7 B —(Ef,
T oL B B SO B AR AL B K A, AT AR 2] AR Bk i 245 2= 9001
AL E . WEA-1, ERRNTBITEG S H], X5 nT DRI S8 = [
PaintSelection KT NIRKE# %] Hyodis —(EA, 4 TR 55 i
KAk, Boa, BRI L —M SECY BRI, e L IR R AL

%18 U1 JL 47 T



Y FERAAE
T N . N
e o o T AL 99 5 B B SR

&)

LI SRR XI5

2. BT 358 P

'.l'f

3 MBI, G R RR E BT IREL

.l"..‘ e TN

B 4-1 A7 B —{aAC Ao BARAS B kAR A

4.1.2 BZARYH{E

T N R B AR S AR FRATAT DATH R AN () 7 A A AR vk
B, FRRIZ AR AP R SR ) (B2 AREEE) , AR BhRE & HARERE. ARGl
SEHIRIGWIE &, st e, MBI, 54T B A # (Time Stamp) :
Tty Toa, Tors T, BEMARRIZARIESR, PAIRER, IZIRGER, HZARSURSFRHE:

Tblink: - To2 - Tcl; Tclose = L2 — Tcl

Topen = 402 — Tol; Tclosed = T02 - TCQ

Te2 To2 ) To2

Zi:Tol DZ . S Zi:Tol DZ . E _ V2
) open — T ) blink — i

Tclose open

Sclose =
1=Te1

%19 11 4L 47
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4.1.3 FTIERAEME

ARFI AT, FT0G SR 2 5 S RAG B — W R A AR B, 25 REEIHT G KA i
[A] ] BE SRk — BRI [R], T H AR5 2 B B TN A RS2 e, g O H e ]
% F (Time Window) ZEWIR AT IZIRSFIR SIS . FAPKEFTIE KBRS )7 F
BEEON 16 7, AR R] B COAHT & /NS REIC N HE TG SOBUCRAFAE A
N
Y i (H/HY) > C

w

EgoE DM (Sl S A TN LIRSS Can U i T S N A v N B S
SR IEE G BGOSR AR AR . BATEER: IG5 KX SR
H TR, WEERE N ESEREAR. SRR, 2R N E AR,
Wy AR B BRIk G FTIG R, B3 AT 2-3 BRI RAL T 1 2
K BESKIFHPIRAS o AW i E IR S YRR, FATT AT LA 8 21w ) e i A
PCHFAE, HEBR A 25 3 G330 18 T4

Y, =

4.1.4 SLEREAEISFAE

Sk 1) A R 2 B R E R R A AR P Y B B AL S, BT
T EB SN, 3T 5 G s E B A A A ROREL G Ay 0 K S T 1 1 = 2 AR A
fiFo

o= DO7.2) 1N3170),ﬁ:: D(66,3)

D(67,12) " D(36,14)'" ~ D(66,11)

BT SEs T, ASCRAE [ Kinect BHR L, WA M =4E 8 HE L TOIk S

o N AT R ) =R ML RE A A 1 7 T AL T Sk 1 1) 2R
i

(4-1)

4.2 ETHREBESHISFEREL
4.2.1 EHRERBSEIFRE

FEARGE R R BERS B, I H AR T AT A AR FEL 0RO 2 SE R il A et A
Ea-2f7n, AL TR, PASEREER TS, CFERECT AR F
AR TP A E T — HUIRIF Y L P e e e e iR, (AP Al &

2520 U1 It 47 1T



AT AR 69 IR 57 2 A R 2 GAT 7

TAIRIMUN A FIC R GACHIR IR, SR M BAE T HIE, 1EAZ% Bl
P HAR

B 42 AR KPFREEHAETEERETER

4.2.2 WML

ST 58T (Independent Component Analysis, f&FR PCA), &—F4tit
2 PRE S B a ey, EE T E S IRE T RS G X A B
FORIET X Rl (), BPiE o vp an ey 43 2 H XS B2l 2 o (R I Rl A 40 Y
MAVEEE T ML T R F TG S @i EEAEMA . fEIRABE S
W ST S o BT A T B E AR RS IR R AT R AR L, 158 TR
HIRER . FRATIRH T FastICA[35] VE WA 053 0 B B B o I GAE R B K
R, WREMIAELEERECEMR G E 5P oS st iE S, B
I3 BRUR Y, IS SR

4.2.3 EEIREFFERE

FA1ME FH BEG Lab[36] H IS F L, X ICA 7B a = E IR B 58t
77 10 Hz WML 3E . aniEl4-3, FRAIH H 25 0 Sk R R B IR R 1E, 1% D

2521 71 JL 47 U



BT AR 998 57 5 B R AR
NZEIMES, V RIEBFERIREG S, R KRR, WA

D@)=(V(@i+1)—=V(@) xR (4-2)

Difference of . . Difference of
Vertical EOG Signal " crucal BOG Signal -y i1 EOG signal

Vertical EOG Signal
Slowly Closing Eye

T
01 i P

Vertical Movement Slowly Opening Eye

Blin]

B 43 AR EZ 5 HkAEELR B TRIIFIE

4.2.4 JKFERAEFHEREL

KPR B SE BRI T PR 7 AR LR NRR R T ¥ o ARSI
At FAE 125Hz KRNI S L6 T 0.5Hz FREIE B IER .
FSCHR [19] H A EIE TR BUKFIR F A B SR IR BRI

4.3 ETFIENESHIFFIEIREL
431 EHESHIXESHR

WmEa-afR, FALRH TEEILESRCRERNE 5. Bk, KIEmE
AR TT M b, S R CRERE A T A Y BB O A L Y
HAPE S JOTRH T RS LM ALY (Analog Digital, fAIFX AD) RFEAR
B, SRIAERAER L, SENHOREE G RIETE S, U5 A el R4
VENTRE S KA T 0T

2201 Ht 47
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V+

FSR

Fatigue
Detection
System

vouTt

RM
Right Sensor

T. Steering Wheel 1T . Signal Transfer Circuit II.USB Collection Card

A4 BNETHORKEHBRETETRA

432 EHESHLE

FEATHER R, 12 B GO T R £ PR AR R ARy, RIS
FAPE AT HPIROU S, 2RI A — RIS, NI, OIS
FEEMEEPAEIA L. 55l ik AR R LI R EE S T RS (F
T, NI, FAE R R AIE R T R BRI (E 5 (HIEP ARSI R RSN
TR, e, FRAOTFERITE R 8 5 R R A O 2 BRI (5 5

433 EHESHHIGFEREL

MR as b, BATRETS 207 180 B4 0 K/ NRVE 1 i LA — 4R
7, MG S S 5T, ATAUR o7 S S R S i (AL D
B, BATER R EXHE 52T TR0, SREZIUR 97 IR E. N
I RBAE SIS M TN 57, FRATTIZE R WIS 2 A W Y — > G ad A I R 2 R
BEAT 3T o AT LA PRSP AR L A A0/ N A A T I AU AR AE 2 e T )
MRS 24 (PCA) AT UXTRFAEREATIRLE, RIERRTCBATRAL e Fe 2R
TP EREE s/MES SFRMES PRlEZE. BHECREG NEREL 2=
/NBCHTRE R 2% R/ INBOE R B LB E A e 2 RHAE o

4.4 FKENE

AR R, FATHEME L T ETUIES. REGFES. BAOFETHER
AR BUT AT Beo X RURAE, BATEA I PERCLOS. KZAR. ARZ).
FTG JORNUK R R S AL BET RS, FRATOEA T A7 e 704 i H 7

523 71 47 T



3 .
TN he A %
NG SHANGHAI JIAO TONG UNIVERSITY

BT AR 998 57 5 B R AR
MR AN ELAR AR, LRI RIET 1 B i ARMIARSIAFAE , Sk 25l P PRk ey <7

PR/ NBASHRIE D, FTRNES, BATRHBENr EREA R /NEE
AL

%24 71 HL 47
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BHE ETUMSENESEZSREMULE

ANEE S QR T T HSL AR A 5 RE I SEROR Y B 57 2 G I S N
R, ZLR R SR ST S YR I AR Ze i TS 48 18—/ NE b
M 270 23 B AR A N3RS 5 2t o, B3R I T PERCLOS. PR
MRz ARSI R SKHRE R S AR 43 4ER T RZETE BHP.
PIRHE, WL AR R S SRR AL TG o SRR, URHIE R
e BE R PENEE SR 5 TR 0L, 10— B a AT Al LA—ERE B ESRAN T
e RN R FEHIBURAEK o

5.1 SEIGHER
51.1 SCIER

RELIBE T L AE, s SE L, &kt W23 B AL,
P B ToaE R NI EOR, Bl R S0 aT— KM b IR HREAR 7
AN, SEEGFAILEMAR T 20 s 23 miiEAT, FHIN 90 0 #h. IXAE, #ElE —
PR AT B, 5B ARG H 2 AERORAS . SEI8 P R T 305
SGLTEAN, BB

51.2 SCIEHFE

BAROAEREORAE RIS N, B EISEROR, BT [ AR 4
PO B, BERS 20 B0, IERTT & U@ BRIV BRI A5 5. 4R
T A5 5 B, FATESRBE OB T it i o8 P B9 SR Ta] 38
Zhaisil, FATAT AR HAaE R TR . T [ B2 AR LR, B
B BRI T LB AL IMEB LR Kinect, XHF, 1B IE SN RS
SATLARINORSE, (T80T
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%=5 /"iﬁ)’-\@x% N > A e . N .
s/’ SHANGHAI JIAO TONG UNIVERSITY i{—j“'}%ﬁﬁ ﬁéy}i’i%" _%Ei%)yﬂlj ’% éﬁﬁﬁ’%
i HL

AR e,

Lmg sk MRk

M ik Ehfeke Kinectft 4%

B 51 ATAAERAEFBRAGKESER ERFEFEE

52 SKIESHR

AR T L3 S BN AA3E 4T SE I R AR PR B, LR AR 2 W
Kl5-2:

FATKH LibSVM[37] KX # R R AT I 2 5. BT i & 4,
B LA U M 12 D730 s A ik 2, fe 3R AT A A — AR = ki
B T2 S, CAMAE N — D5 BRI . FRATEL 10 F02h—A I [A]
T, HSRAE 400 A TRJEL AT S 48 T RFIE . H i B R SE G AR A NI 4R 4L,
T3 A — IR S5 B AE I AR 3 A T3 B E . ST 1) s AL R FH A28 ) 2 4% PR AL
(Radial Basis Function, f&#K RBF Kernel), Z%U1F :

s =3(e —SVR), t=2(RBFkernel), c=1/2, ¢g=1/128, p=1/512
T AR I SRR 1A RO 495 57 B AR SR B A R R R OC R AL
BT REmMRS-1:

DAL 2 HSCg I gRse, 46 3 Asei il ae mdl, misds-3, wfLAES],
AT B &l AR — B MRS L, SR, 7GRN HLARRE 3
BEARAEARASHT, 9855 [ i LS = B mT &8 (&5-4) . anlE5-5,
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RESEARCH ON FATIGUE DRIVING DETECTION SYSTEM BASED

ON VIDEO SIGNALS

Fatigue driving is one of the major causes of traffic accident. Additionally, the
prediction of fatigue state is of crucial significance for pilots, car and train drivers.
Unfortunately, almost every existing vigilance analysis system suffers from poor illu-
mination, horizon of the cameras, together with various appearance and behaviors of
the subjects. On one hand, most previous works based on video signals suffer great-
ly from varying environments such as dim lighting, different skin color and unstable
camera. Nevertheless, we could utilize video to extract features not merely on eyes but
on yawn states, head movements and body posture as well. On the other hand, features
extracted from electrooculography (EOG) signals are scarcely affected by a diversity

of environments, but only features of eyes like blinks and movements are utilized.

In this thesis, I am the first to propose a novel, easy-to-use, online system to an-
alyze vigilance level combining both video and Electrooculography (EOG) features.
Additionally, I conducted experiments on video and gripping power as well.This sys-
tem adopts Haar Cascade Adaboost for face detection and Active Shape Model for
alignment, calculates PERCLOS by binarization and image gradient algorithms, cal-
culates SEM, REM, yawn frequency and extracts boosted Gabor features from texture.
Finally, we apply Linear Dynamic System to denoise and Support Vector Machine for
regression. As a result, we improve the accuracy greatly by combining the features
from EOG and video. The experiments indicate that our system could serve as an

easy-to-use, economical tool for drivers thus benefiting the entire society.

For one thing, the video features extracted from an infrared camera include per-
centage of closure (PERCLOS) and eye blinks, slow eye movement (SEM), rapid eye
movement (REM) are also extracted from EOG signals. For another, other features
like yawn frequency, body posture and face orientation are extracted from the video by

using Active Shape Model (ASM). The features are described as follows:
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e PERCLOS of eyes

The PERCLOS of eyes, which refers to the percentage of eye closure, is an effi-
cient feature to estimate vigilance [40] defined as follows:

PERCLOS, = ﬂ

e

where H, indicates the average open eye height above a certain threshold. An-
other PERCLOS feature is calculated according to the areas of eyes. Finally, the
proportions of fully-closed and half-closed eyes and mouth during a certain time

window are also regarded as PERCLOS features.

Blink frequency

The frequency of blinks also has a strong relationship to vigilance. We setup four
thresholds H.,, H.o, H,, H,2, , which indicate the relative height when eyes are
about to close, already closed, about to open and fully open. This procedure
suggests a complete blink. The times of eye blinks during a time window is

calculated as vigilance features.

Eye Movement

The relative position of the pupil can be recognized by ASM. Thus the moving
frequency of eyes are recorded as an important feature. During each time win-
dow, we calculate the movement of eye pupils and its the amplitude. The speed

of the eye movement is also calculated as a feature.

Yawn frequency

Since an action of yawn suggest significantly that the subject has already been
fatigued. The window size w for yawn state should be large enough such as 16
seconds x 30 frames. Denote the average of the least k heights of mouth as H¥,

o S/ > C

w
Here (' is a threshold and indicates the ratio between open mouth height and

234



@) X FXdr?

SHANGHALJIA0 TONG UNIVERSITY Research on Fatigue Driving Detection System Based on Video Signals

normal mouth height when the subject is about to yawn.

e Body Posture
We estimate the posture of body by locating the relative position of eyes, nose and
mouth on the face. Denote orientation of the face as «, § and 3, corresponding
to different reference of eyes, nose and mouth. This degree can be calculated as
follows:

D(67,2) ,  D(31,0) ,  D(66,3)

D(67,12)’ D(36,14)’ D(66,11)
where points 67, 66, 31, 36 denote the center of the nose, mouth, left and right

pupil separately while the others indicate the left and right side of the face hori-

zontally and correspondingly.

Blink Features

After the preprocess of EOG signals, every blink is marked at four time points
cl, c2, 0l and 02, which indicate the time when the eye is to close, closed, to open
and opened. Denote V' as the signal, D as the difference of signal, we have the

following features:
Tblink - T02 - Tcl; Tclose = L2 — Tcl

Topen - To2 - Tol; Tclosed = T02 - T02

T T T
Zichl Di_ Zi:DZT()l Di_ = 2
Sclose - T ) Sopen - ) Eblink - § ‘/1
close Topen i
1=Tc1

where 7" indicates the time during a window size, S indicates the speed, and F

indicates the energy of blinks.

Eye Movements

Two kinds of eye movements, Slow Eye Movement (SEM) and Rapid Eye Move-
ment (REM) are extracted, according to different kinds of time threshold in [41].
In order to get these features more accurately, two methods of Fourier transforma-

tion and wavelet transformation are used. In the Fourier transformation method,
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we use a band-pass filter with frequency 0.5Hz and 2Hz to process the horizontal

EOG signal. The sampling rate is 125Hz and the period is 8 seconds.
The contribution of this thesis includes the following four aspects:

1. To our knowledge, this is the first thesis to propose an online fatigue detection
system combining PERCLOS, ASM geometry features, yawn states and Gabor

texture features. Additionally, we built a system on mobile phones.

2. To our knowledge, we are the first to design and complete experiments taking
both EOG signals and video signals into account, which proves the accuracy of
EOG features and the richness of video signals. We prove that combing both fea-
tures could effectively improve the overall accuracy of fatigue detection system.
Our paper is published on ICONIP 2012.

3. We conducted experiments on facial expressions recognition by combining both
geometry and texture features. We use fuzzy integral to improve the overall ac-

curacy on CK+ database.

There are totally five healthy subjects for our experiments, including four men and
1 woman, all of whom are around 23 years old. Particularly, we ensure that none of
the subjects is color-blind. Each subject is asked to have sufficient sleep at night and
get up early in the morning. Each experiment is conducted after lunch and lasts for 67
minutes so that the subject behaves sober at first and sleepy after a period of about half

an hour in the experiment. The room is in silence and the light is soft.

From the experimental results, we can arrive at the conclusion that our new system
offers a good prediction of the actual vigilance level. Moreover, this method outper-
forms the existing approaches using either video features or EOG features alone, since
our proposed method utilizes both the accuracy of EOG signals but the yawn state and
body postures provided by video as well. The initial result from video and gripping
power experiments indicate similar results. In the future, we plan to utilize comprehen-
sive features including depth information to get a better performance. Besides, more
experiments will be conducted and the stability and robustness of the algorithms are

expected to be improved.
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