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Fig.1 Fatigue driving detection process based on EEG signals
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1948 4F, AR\ RGI AR RS, FILNH
FMFE R Y (R, BRIk M
HERAE G RE, Ht s 55
MRS o RGN E B ELe T, ST
{5 A B Th SRz N, B angiol =
a5 . BARGRASRIE ST ME, RS ETE AN
EEAE -, R Z eSS, TIPS EEG 1R
THURMIE . X EEFE BRI X EEG 5 5 I 4 1R
BEAILYET THR R AR R

fiifetn, VTIAE (approximate entropy, AE) .
FEA W (sample entropy, SE) . M (fuzzy
entropy, FE) . HE % % (permutation Entropy,
PE) . Rényi /i (Rényi entropy, RE) . Tsalli 4
(Tsallis entropy, TE) #li%J# (spectral Entropy,
SEN) %, ) yZ i FHFXF EEG {5 5 1) &2 24t
ANHUEPESA T AT A RS o X SEH8 AR AT LLHIEPEAL
SRS . O L A AR AR R
I AV

AR A E TR AT, (HEOR(E 5K
B, HitEEZRERE . R T sl E,
AR 5 B I B S i AR AR 5 A 0k S 1 RN JE R
PE, IEXHES BIBENLE BA B iUk . (HFEA
TR FEAR KA — 2ok, HitRE RER
o ORI 5 5T RUB AR A L, R SR
EEXT/INSEAE LA T e o
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HEBE =7 G HSE F A BRIR A R F 51, i
H A Bt B s i g ek, 38 T KB
B B TR A T AL B S B0 A5 I . Rényi
i S BAT R R SEUER AN R . SR,
XSEGEF N EOR B, HITEE R i
Tsalli % ) 2500 F Rényi %, 248124 h 3R
252 - AR RO HE . R O R AR
FE 00 77 PG I ] 3 80 A A 32 At . Ieah, 2553
Jii L —F FH T3 M EEG 15 5 sh SRR 5
RWET EEG 55 % 220 (8] 45 2[Rl AR fb A AZ 24k
O LT R AR AL 1 e 32 T
38T BEG 5 5 W& 2=k %) I B A (%
/NEEG R S8 HNA Y, wIRER M T8 &t
S AR G DX D RETE Bl O, A R A A ) 2R
REEGIE S HINE . AN ABENL, FTHES 4%
PG DR RS A G 28 LA, X Sufits
FRAES T EEG {5 S HRAF Jr i 2 JE W HEAER .

A VF 2 3 T 00 R AE B T B0 % o7 2
g 06T Hu ') PEAT T — BRI B SR,
EEG {5 5 2 T 4 M FEAE4E, 46 FE. SE.
AE. SEN FfIZ & 4% (FE+SE+AE+SEN) . 2R J5 il
{#i Ffl AdaBoost, #:5E# (decision trees, DT). 3%
Frm &AL (support vector machine, SVM) FIfRZE
DUntHr (Naive Bayes, NB) 7pr2R#nibfr4rds, 5C
Wk R, FERRAE S AL A FRAF SR T HoAth g
fE4E o % S50 28 B ik AR T IR 20 min Y B S
5 min 2 N IEFORAS, 1%L 2 it FRRFAE 60~
120 min, #%J5 5 min (% EEG {5 588 & SR 55k
Ao BRILZ AN, Hu%E BB T A — R 2
IPSIG I HARICT MR ARAE . SR, AT P
JERESR PSRRI e R ) o AR A T LA, 255
W, AUE F—A~ EEG i 18 Ry A RS 25 3 B3 i) 9%
FRRAS, TR IRBIRIRS] 94.0%, T2 H &
Mo G 2K o I B B S I R 2k B[R] R 40~
120 min, YE&E$2B0HF2E 10 min B 55 S minid
SENIER RS Y2 I A2 30~120 min, Jf
HZ5HMAE 570, RAERSSER (S
Chalder J% 55 1t 6 Fll Lee W% 55 1t %) 4% EEG {5
SERC A SR

Mu 55 % SR H SVM F3 243 X £ B A58 i e
TEHEAT AR, S VR FP1 A FP2 AR g A3 % 42
M1 BRIR A FP1 AT FP2 FFAEAH Fb T M BAAS e R 12
HUREAE AT AR A B v (R UK B . SE AR Li” s
W% 57 1 22 Ml Borg” s CR-10 15 3¢ 45 3 JI| W 52 56

ARNE. 535h, Wang 55 SRHATER . JfU
TR AR A ISR 8 X6 A5 400 28 B s} 1) EEG {5 64743
25, JF o FH B B g SR UL SR W (gradient boosted
decision trees, GBDT) ZE£E Ny ikdbfrbss, oC
SR, PRI SUE A — A~k (T6) F
GBDT RV AT #4723k DU 5580, P34 00 2 fErf
ik E] 94.3%. b fI1AR 4 Li s 3 W 9% 57 & & M
Chalder % 75 1 2845 EEG ¥ 50 0 15 5 IR A5 F 5
R

Ak, BUEER ST A 245 A T EEG 5
5 B R E L A R F S S B 57 A . Bl
Liu % 7 75— 52 56 Hh i 5 T #F4E2 90 min (1915540
25 3 AT 55 3 6] () EEG $dls , A i1 A 3 A% A
EEG 3 18 ok £ I 25 3 5% (0 9 57 IR A o 38 i A b
EEG MR % 5 | TRe % i M R AR A5 RRAIE
W N BRI T K — g B, nf DL
B ) 2 0 B3 R SRR L S — TR AT o
T A HEPESE SEED VIG H1 947 B EEG 155 KA
SR . WS RARICT R IE T R
W22, I SVM 2k gs b3 25, 58
WS IR BN, EREBENME (B a i B) M AR
(EPT7. TP7FICP1) WIEEGTES b, HIMERH
e T BRI R R, o R R
K 91.31% . V277 VAR A SRS TN 25 B 5% £1%) 5 o
I FREE R A WS . i TR il
FT AFMFEREER IO 1 (D255 % B . DRk |
ANBEATA ) SRAFIE N HIEER R = 1 R AHLAT 55
(AX- 3% 22 PR AR I3k . OKG #i iz 2 2 5 1 T 3
Stroop {55 ) o ¥ A G AH FHA (37 & 19 1~ EEG
fG5iHiE (F3FF4), FRBAEFAERIO 2K
Oy T FESIRAS o BIFR R R T DR 22
AR EAN . TR RERW, FEEMES T, H
[/ A R R B BE e By . IR, @UE S
DU RS A 2 (R TSR 55 rh g 55 B (R 1 [l
SV AR O s o 8 DR, X Sefff o i i il
B EO L HADARAE, 5 HT SO U AR A T A
W IrAa L, AT LRSI RCR . JmER Ak
X3 P AHAIE A 5 N2 1 7R
2.14 EEGIE S HRHESERC M P s

IHER AR Sz e 1 (5 SAEmT B AR,
PEsSAE TR, RR88 HOR A IR 5 i S A KR
fiE, ARG LA B, B 2% T {5 Sk i
R, IR 5 M EEG {55, B
FRAE A R B4 FL A AT BR o A SRR AR X5 155 8% )
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Table 1 The features of EEG signals’ time domain,
frequency domain, and entropy
*®1 EEGESHIBHEFHE, S EFEHEHE
eS| HFHIE
I SRR AE F{E

ap =

HE B

EOPIEIN
HiguchiZ % 44
TRt
HjorthZ: 4

B
(220
SR

B AIE Delta
Theta
Alpha

Beta
Gamma
Sigma
Ca+/p
Catp/O
Ca+PIB
Cat+O)/Catp)
o/p
0/afp
b ALK
FEA NS
B 19
HEF1 15
Rényili
Tsalliff
W

Fr. WL S50 o WU AE SR T 155 7E Ak
LR ATTEDL, AR D AE A BRI .
SRR L SUE RES S B S s R, e
SR ARSI ARG IR ST o R A T 244K
SRR, MR A R EOR o Gl TR
MO BRI 37 5 R A — 2R s
SRR, ik 75 IR 2o AR AR .
ER AR REB B RIS B R A M AN 25
AL, AHIER AR AR R B (A —E AR LAY
H, NIRRT 2R T AL B 3T EBG i
IR BRI AR . M, AFRYRES & 4b

H AN o BHSREIE T DU TR (5 5 1 364
FHE, MOARIETE G 30T 55 MR, R
E GG S R E AR 5E N . AN FRER
454l AT LLTE 4 1 L T % EEG {55 09 RRAE Al
EI&
2.2 B EHHIE
2.2.1  XINREEHSE

2.1 TR A 55 2 B REAE AN SR DB LA
JEy I X SR, IR 5 TR ik X 2 [E] A AH B
KMo BRI AR X, R X IER LA AN
[ R Dihe, H B AR ] — A XS AT DA N7 58 T
Y, T e T A R DX 38k A A B AN R ok 58
B o B SREAE | AR RN 45 EEG RRAEALAY
2 VBNl X R . e e AT et A 7 K25
X3k R B 2g i 2, WANRESE 4 S BRI )
SERREFEARE 7Y SR, ARV 2R R,
Pk fi % e v AR Gl e ik ARG A v AN [] ik X
ZIRIRAHEAE R 727 D REE S 0 2 AR i X
ZIRIROCHRAREE , B R it AN [ 2 41 400 Bl 22 ]
ME IR FER. HRETAAER S T BEG Bl 4 2
i I3 G PN 45 114) 30 i L ARG D) ) Al DX 3y
W26 1, F a5 5 2 (] A AE EARRS OC 2 ke i
IR IR

HAT,  FH A 0 ) e R B A SE g 55 25
GRS I ) EEG REAIE 2L 8 AR i JS F5 4L (phase
PLI) "™ | &8 4> % 1] M T (partial
PDC) " | H o M T
(direct transfer function, DTF) ' | H {5 &
(mutual information, MIN) " 3 ] #§ %
(modulation index, MI) ' FZ/Ri#MHZE (Pearson
correlation, PC) "**' #i#{{H (phase-locked value,
PLV) ® FI[&] 25 Bl 4% (synchronization likelihood,
SL) " ATk

WM E AT R TR R T BEG (R 5 Z [ A AH
PrFICAREE . iR 4G MR T EEG {7 5 P
VIR 22 MR EE . BRAS RAEAS ] Fo A 2 (8] 1) ) 25
Pk AR 5 T B0 T i EEG 55 Z [ i A A
IR . ETEGEMF N IHE T EEGAF 5 AR 22
BRI ), BUARA SR B ST e

TR A2 — P R Rt ik, T
R ZMIEE S Z MR E MR, BHETmE A
VAR AT R SRR, T RAE S AR R Y
PGB RR R . ELEEE I AH T2 — B T Al 43

lag index,

directed coherence,
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Mok, TG S AEA R - A58 5 ) .
3 I A]-A5R 204, DTF 48455 22 8] Al 4 %24
HWRR, IMEIHE SIS, EReERR G
FERTUS, I L AL B A%, A B TR HH G G
sl

B ERE—FGitEts, HTERMWARILIAE
T2 AR PR R R . PR 50 s B
R 3 A R 7 - T v e {53 A 5 3450 43 A 1) D
#Z ., K VEAL AH AL - 08 {5 #5 A (phase amplitude
coupling, PAC) ' Hz /Kb AH ¢ H T f& M5
SR AR . RS E—F 55
LR T, BRI A5 B AR 7]
HAEBURAG S S Z M A BAE R RRE . fili X st
EEG FRAE ST 95 28 S AS s, mf LLSRAS A [R] Iy
I A5 k48 78 EEG {5 %5 Z [ Ik . MRS
AEIEE . RIS 2R G ik LEARFE, AT LATE 4> T Y
PEAR 9 5572 B 1) JRURS: I B (AL R0 A T AL

ZHTRINAA AT S0 T A S o e B
MR B, 2 ok, B A R — LE R
PEEOT B A

a. IR M

1135 EEG il 155 X F1Y 22 18] 1 52 JR b A
KA EAAN
o Elx =y —p,
0'12') - [( .0, )} (1)
Ko, HxMyWhirzE, o WxiIbniEZE, o Ny
MIbRIEZE , w A x IME, w ly BOIMH., B2 IRIEMAR
X RBIENEE R (-1, 1], FEERIEAME,
T PR TR G, 4 X (B R R 38 7R 4 M A G bk
R

b. BiFH(E

1T W EEG il i {5 5 X MY Z [ A (54
NE W

Py =

PLV =|exp(j{D.(1) - D, (1) })]|  (2)

e, @, () Fd, (1) 4331438 X HY HbEn
MG B BUETERE Y [0, 1], 0K Pl
EZIARF, 1 FR I H 54w

o. MBI 455

Wi 5 H5 B2 A BEG 1375 22 18] (9 B A
(2 A ARG R, HATE AR
<sign[sin(Ag0(tk))}>‘ (3)

PLI =

AP Ap(t) N EEGs SHHARN 2, k=1, 2, =+, N,
AHAE W fo T8 BOW BUEE A [0, 1], 0FR/RPiiE
B BETCHE, 1 FRWEEZ S 2 .

Kong %5 "2 Wf 5% 1T 3T EEG {55 5 X 38k py A1l
DX S5 (B AH A7 [ 20 PPAL 25 Bl 55 1 ik . ER B &
I, HE 57 IRA TN WARD FI2PRIE SR 57 IR
FAEREZES, S T — RSB T2 58 51
I 55 KRN A AL o RIS & BT — 4 ] B E
BLR A TR B, BD S B B Fz-0z, W HT
VAL 30 % 57 . Ah, 7E NASA-TLX FKSS #t
[FIGIER, VR & B2 3 57 S BURRL R AL
M EEG {55 & Fl o P B 19 [F] 20 Mk i 2 19 . Wang
& SUE R T DRe AR IR, IC S R Y
EEG {5 5 - 1195 T e 7% 52 0 5% B sl AH G (e, 18
TN T PSRRI X 28 D REEHE 2 . 9T 4
T, PRI T UIReEBE LA Bk, 3XXF
TR A B 57 AT HE B S

AT — BB 5 ) FH D fi 325 12 0 7 S B 55 28 3
K, Hedn, Dimitrakopoulos 55 77 4T T — TR
P52 . R PDC. DTF M PLI 3 FlAS [R5 3%
P o P B IN DI REM S . I LATIREEBE(EAE J ks
ik, XPESTE R SRS TRAE B4
T S B i RN B s B B ol o SR e AR AS R 57
RZS . W PDC 451 22 I BE S, BUS T &
1 RS FE (84.7%) o Sun 25 ™ 458351 1 1] H A
e B A E A0 B 55 43 22 0 0 3 A AT ik o
W55 37 38 121 53 B EEG {55 1 i PDC g i 42 (84
BT REIE AR M, T RRAE B RN 43 2 AR A
R, LXK A3 1O B 55 PRI 55 RAS, o B
S5 IR 2SR TR ik . B S
B — A SUBHIE SRR 1 9% 55 43 25 0 BV HERf 2
81.5% (P<0.000 1), Chen % "' 4 H T —Fh 3L F
PLIAY )T s, B 22318 EEG 55 e i ) RE AN 19 4% 14 122
FERE, PR FLAE SRR AE S A B 2 Fh CNN A
S A5 R R R R R S N (95.442.0) %,
R ERE N (93943.1) %, WKEREN
(95.542.4) %, Flg  dmh (94.7£2.0) %. 1EH
fEH KSSAE R EMIEANFE bR . X LEpF5R 45 R0,
Fe T UIREE B RE 1Y EEG 15 5 0B 7 I A 0 57 25
e v ELA e AR A T

Harvy 55 "5 38 5 Ty 538 Fl D Be 32 42 (B 7E F
TERRPRZHF G, AT T2 309% 57 )
IPERE . BIFFRAE R, RS ki P Eah 2
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TS FRAE N A AERG 28 CREE LR 5 84.70%,
PR 87.13%, HIRFRHIE 80.82%, %3 MhA4F
E79.36%) . 5 FIRWFFEARIE, ARG T Hhe
HERE AT RIS %, RENE T 4 I Al A il o9 265 7
B 57 T AR AR A o VR R AL B S rh
15 min #lJ5 15 min EEG 43 5l A5 ic 2 4 56 F1 9 55
FEA

T EE RN, LR SCHRES A S — A5 B A
SR D REIEFE N Z ,  TTEAEA W 5T 1 AN [R] 3 B ]
RS, BIESTORR G DI BeiE M4, (HiX Ty
ISR A RRRA . B AaE 1 ittt 1
I 55 R LN, A A delta-gamma I BLAG AR A
PRUEHFE G o3 ik R0 28 B RP R A8k . BP9 B, ki
Y5255 JEr AR L TOU PRI I DX I R AR A5 2500 I e
%, TR DX AR S RN R . X — AN
22 B\ 7 A TP N2 Bl S5 RSt 1 B i =%
A% Tk . Gonzalez-Trejo 55 7 R T IRHITE 2K
ANTA) I O T B 3k #2 H #Y EEG theta-gamma £H
P-PRIEFS G, IF AN B Il R A 7E EEG AR -4k
[p i e SRS I E W i w1 | 7 92 D e N R A TS
o X — R I B — 04 i 2 e 57 UM A P
RE, FF M IAN T AL PR T 2 T LA .
Z, IXECHFIR SRR, 7Y e A
SRR IR ST 1 B B e S B S5 TR
PERE AT 7 o K 2 I ) R 2 R VR ) SRR AR AN 3R 2
FR

Table 2 Features used in the functional connection matrix

construction

F2 AT eEERIERERIFFE
FFIE SR
B € A [76]
BEIRHMAHIE [80]
FRARL AT 5 4 [75]
BEE [81]
LB iR [79]
HHEE AT [77]

LERED-) [78, 86]
IEAE B E A [87]
[FIBAAR [17]
PRI [82]

Scik (78] HhoR AR A A DI REFEHEUEA T 0F B30 W5, (H3C
hIFBA S A BT A SR [86] 43l 1 HEAF S5
A, HHBF ISR L EEEGHE 5 .

2.2.2  IZEEs [ F MR

221 TSR, BfE EEG A 19 U8R 1)
BN, T R A R T AL O REE i R AR 0
Ko XWTREFEG I RS, I HATRe A IO
fiE o S T A6 FH rh Sz SRR LV 995 57 IR A A
W, FRATTAT A SR TR P e sl e 4, Lhpdi/ A7
g SIFRA . BUAL, AT T RS 25 B e )
PESFIRAS, MR 2 (A 58 T A1 118 T3k DA ki
TIRE M4 B R FMEFAE

EARE RS, fEXF LT, WEiReiEsE
R — R R, RRE TP SRR 215
Bo BARMF, mTRAHE i EEG )T S A8 B Y
ki P 4% HROAS [R5 0 22 (B) R e 25 5, AT 7 D) R
BN . SRR, AT DA O MR AR IO [R] 9 4
FNVRRIE, Ban-1y 58 . RAERE. FHERRE
SRR S IR0, SRR VRN 57 1953
Fefghr 0 X —INIE SISO RIZAE T, HiISC
JE N EEG 5% T EEBURAE . 1 B I 25 4 F AR
ER YL, BRTIHARI R, Rz Ak, iffE
B R S RS A I (e A

a. T

TR T DI T S AR S T A A Y
BhRo 9 s B E M R A 1 SR R IR .
SR TR AN

D)= > a, (4)

Kb VEYEE, a 8TEMEARFNEE oY s
ERTE=VA

b. REZRK

EEET, R R B AP IS RN B
R, BRIV, W2 — A s AR A0 s 2 1] () i 4
SREE A R RBOTHE AR

. 2E;
CW_KM;U

ST R SRR S i R R AR, E,
FETR N R AR TR S5 R AT E AL, KR
TN R R A AR T N

c. FHIFRRKE

FRAE AR R B SR A8 19 o5 i 5 At Y 5 2 ]
VIRE R, SR 2815 BAL A A S R AR
TR 22 ) R B AR R AT 2 AR S B
RGBS, LSRR B [ R X B i 4
A ERIE AR K I R AN

(5)
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S R EL BRI G, . Cynthia %

L(i) = (6) MWL PLV 7 i 44 2 T BEURKCAR b ) 0 i

St 0 T2 4 A B BRI, BRT CHEAGHRIMEAE . AR TA T

d. &JRseR
2 JRyRCR ] FH T REAR IR 45 1) 2 AR PE RE AE 1 T4L
R WA iR AN

1 1
Gi)=—— — (7)
M-1 fJEZ,i‘*jlij

e. Pl

PRI R 285 A — AN A B AT i 1 e
JEFEARR R, HRALT

ECC(i) =max {[lje V} (8)

FEXS T BEIE A ERAAE , SRR MR
FEHMH RS HR, i, VFEaek s m A
FRAEHEATAI OG0, LASE 4 B BEG 155 5%
P2 FR, BN, KarZ§ U7 fF5T IR R 25 %
EEG il il Dy REFE L2 . AT &30, R HIG
252> FECEEG Ml 18 22 (W) 27 50 1 9 55 AR /b
I AR AR, WRESECEE ST . INAVRE 2518
WM, Han %5 PV B45 T 3T EEG 551
et T B N i B et S R O T 1 e
RWIR, JEIPIRES T KI5 A% 4R AF A k2
Ak, ARG/ DA R R B I RRAIG, AR
S B PR 2 PR SUAS o 3k BERRAE AR fh it 4 9%
57 FEEE RGN T ORI . X SEF I A5 X TR
FIE 55 X DRI 25 B AT A ()52 A B 22 . Han
EMBIFST PR TR gl R A BN, R BRASS
TTOME:, TIHEL, T2HBC T3 B, Lidg ™
BT M 57 5256 . A Il BAE B A T4
FEHERE, IR R0 S RARFEAE AR by B AR N, X 4%
FHIERFE R . SCIRAE IR, FEESIRET, Bk
FEAE(E AV AE alphal (8~10 Hz) I BEAEAE i 25 1958
TS BEE OB TR R, RORAIE(E
W, VLR s KA W] AR5 R D e 22k
LB S5 A e AR . WP, B ff
FH/b 5 BEG Ml iE W2 nT AT . X SeiF 98 25 SR AE
RAT . A T A 25 2SS AT AR
MRS A RIRIFSE B T AR MEIEX 9%
G TS, A SE B % 57 R
g, (FURIE i AR R IO AR B AT R RAE ) 25
G, WMIRsEdE . 17 RA%, SEEGHE M
FNRRTEARSS A, LA 1 98 57 A D A v 4 4 R S
FES

FE I EEG ) fE 1% 45 0 4% 19 46 + MR IF S B0 9% 57

22 4% (artifcial neural network, ANN) 702528,
AT S B T F = 87.5% W% 57 725 i kG I A B
Wang 45 7 i FH8 432 0] AH T 1 ke i 3 delta 15 72
MDHREIE R . IR T B . REBRE.
PRRCRAFFE B AR K S 4 DN E M A8
SVM 73 & 85 SE 0 1 9% 55 B 3y 800, IRk E] T
87.16% HYMERG A . LWL P AR 7E 2 Bl R T iR
30 min i, KRS 15 min A9 EEG i sRARic A i e
RS MHIESS M FRREE 60~150 min, HFZIX
Y S SN EEG AR % W o/R 32 i 9 55 1,
HITIC A 15 min BEGARIC NI ST . ZJ5, TRt
Femilh BRI, #E— 20 A R 2D SR AR 1Y
EEG. HRALAHHON, W0 W iR A7 7E
7. Zheng 55 ¥ B M 17— AL TR T HE
{ (amplitude locking value, ALV) )M T &
FRAGTE I AAR DG o X IEES S TR SR E R
FEEEF R, JFRIFITA15 8 1) alpha I Bt Y ALV
P T REZE P P4 o AT TR T Y B | B
RAREMRERBERINETE, I H XGBoost
ISR EN T 82.84% M HERG R . AIF5T Al T 4K
AR E AL DEED-VIG, Zhou 4§ ™ 47 T
— TR U025 B ST, it R R AE OC R AR
EEG {5 F 3 8 Z [ ARG, IFH i g M 2%
AR BOTA G TRIERE. WA WO, R
PRASCR AR B AR FE 55 5 I DI RE 48 41,
FIH 8 ML e 2% S BIRAE o3 2%, AT 97 K0
Mo ZERER, A R KR
AIRFELE B A2 B A Bk ik 21 1 R FE o v
%.92.92%, {EHTESLI I IATTRAE 5 min# 5 EEG
BARAE I RS, IR0 I 55 5 3 FS-14 PPk bk
OB TSR .

TESE o5 A R A, — e AU T
FMEIEE T3 2%, AR 2R 525 8 T DIfe s
FAE M ANERAE . i, Wang 55 % (058 £ X
B RS, W FH AR A S Te B EE T DhfgiE 4
R, JFARET A RIRAE . SCEGZE SRR, dmadak
G SR NFIE RGP 57 R DU ARG BE 15 31
THEE, EEPRTIRG EER B T 96.76%. W5
o, ARIEAT ORI, KERT S min FE 5 min & LR
EADIRAARE STRE . AN, Lin%E Y BSR4,
R, 5T IRAET, IR ARG, R
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A AT X beta-gamma #i 5. ST
XK, FREME T —Fh ML M4 (graph
neural network, GNN) SRAGMNE 55, 43I UER R
KF] T 96.23%., VEH K EEG B4 e 0] Fl iR 5 1Y
5 min B0 53 A5 A B G PR 97 IRAS o X Fh T
DRI T AR FOR A0 N - P 2% B REAIE . T
HEME, D EWAIRESH IR T IReiEEEmM
FAMEFAE, FEIE 55 2 BRI h BS80Sk
B ol Rl SR RSB B RRAE, AT DS A T Hb A
FPE 57 IRAT BEG R 5 1284k, $my i 55 kil iy
TR P ] HE

g BT, — SRS A MR AT
2, MHABMIIRMZRE 5 T DR AR MR
o ZRA 25 BN TR B R E 2 AU AT DL Ry % 57 28 Bk
Wy e YE, JF ok — D et T A I E Y
582N

3 RSB MR I IEMIER

3.1 BRI

PRAEASAIE BEITAL B9 32 2345 BTl
BRI PEAL O FA IR PR ), i X B PRA
Tk, AT AR BRI [R5 4 b i R4 T o
B, VAN EIZARRE T, FA ISR T ()
BOR . HEAL, SEEPPAL A A B T LA RIS
s AEARE S A ERE, DA Bt PR Y
BRI LA

a. P ITAl

B IPAG AR X A A A B A T
ST AN . FERA P, R
SRYNZRAE R RS, LA I 285 SR 2 AH R gl AR Y
oy

b. B EITEA

PR A e B I A R s A i R
P LR e A R ol A 4E . BiA NA-HER,
O N-1 B B e N 24, R — sk
PIBHEE AL . BEE X —id B HEE— ek
(R AR VRN A 2 AR A I RS

c. BB,

G IFBIPA R R A B S T L li—
AEAEAE, SR kPr3c ORE FS AR AL . K HUE
— BN 58 10,

B2 45 T8 RTAL L B IEAG A I el
VEAG 3 FRBERUIPAS ik iy AR I

BRI R AE N B AR S S AR, X

AR EAT IS AN 26 . MR £ BEG 73
R AEEEMNE L. H, EEGIE FIEEAEA
RZ AP FERER 22 5%, f04% BEG BE RIIEAR |
WA . 23 JRMERE . Tl MRS, T LI
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Fig. 2 Three model evaluation methods are depicted in a flow chart: subject, inter—subject, and combined subject evaluation
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Fig.3 Confusion matrix visualization
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Table 3 Summary of application status of fatigue driving detection
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Abstract People frequently struggle to juggle their work, family, and social life in today’s fast-paced
environment, which can leave them exhausted and worn out. The development of technologies for detecting
fatigue while driving is an important field of research since driving when fatigued poses concerns to road safety.
In order to throw light on the most recent advancements in this field of research, this paper provides an extensive
review of fatigue driving detection approaches based on electroencephalography (EEG) data. The process of
fatigue driving detection based on EEG signals encompasses signal acquisition, preprocessing, feature extraction,
and classification. Each step plays a crucial role in accurately identifying driver fatigue. In this review, we delve
into the signal acquisition techniques, including the use of portable EEG devices worn on the scalp that capture
brain signals in real-time. Preprocessing techniques, such as artifact removal, filtering, and segmentation, are
explored to ensure that the extracted EEG signals are of high quality and suitable for subsequent analysis. A
crucial stage in the fatigue driving detection process is feature extraction, which entails taking pertinent data out
of the EEG signals and using it to distinguish between tired and non-fatigued states. We give a thorough rundown
of several feature extraction techniques, such as topology features, frequency-domain analysis, and time-domain
analysis. Techniques for frequency-domain analysis, such wavelet transform and power spectral density, allow the
identification of particular frequency bands linked to weariness. Temporal patterns in the EEG signals are
captured by time-domain features such autoregressive modeling and statistical moments. Furthermore, topological
characteristics like brain area connection and synchronization provide light on how the brain’s functional network
alters with weariness. Furthermore, the review includes an analysis of different classifiers used in fatigue driving
detection, such as support vector machine (SVM), artificial neural network (ANN), and Bayesian classifier. We
discuss the advantages and limitations of each classifier, along with their applications in EEG-based fatigue
driving detection. Evaluation metrics and performance assessment are crucial aspects of any detection system. We
discuss the commonly used evaluation criteria, including accuracy, sensitivity, specificity, and receiver operating
characteristic (ROC) curves. Comparative analyses of existing models are conducted, highlighting their strengths
and weaknesses. Additionally, we emphasize the need for a standardized data marking protocol and an increased
number of test subjects to enhance the robustness and generalizability of fatigue driving detection models. The
review also discusses the challenges and potential solutions in EEG-based fatigue driving detection. These
challenges include variability in EEG signals across individuals, environmental factors, and the influence of
different driving scenarios. To address these challenges, we propose solutions such as personalized models, multi-
modal data fusion, and real-time implementation strategies. In conclusion, this comprehensive review provides an
extensive overview of the current state of fatigue driving detection based on EEG signals. It covers various
aspects, including signal acquisition, preprocessing, feature extraction, classification, performance evaluation, and
challenges. The review aims to serve as a valuable resource for researchers, engineers, and practitioners in the
field of driving safety, facilitating further advancements in fatigue detection technologies and ultimately

enhancing road safety.

Key words electroencephalogram signals, fatigue driving detection, brain functional connectivity, traditional
machine learning, deep learning
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