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Abstract: To meet the safety requirements for driver fatigue detection and warning in the most common 12
level intelligent driving scenarios, a four-class classification of driver states is achieved using EEG signals
collected by a multi-channel wireless EEG cap. A convolutional recurrent neural network is used to train
models using different combinations of frequency-domain, time-domain and nonlinear features. The results
show that the best recognition performance is achieved when combining the differential entropy from
nonlinear features with the average absolute value from time-domain features. IFurthermore, three integration
strategies are proposed to fuse base classifiers trained on different feature combinations. The method achieves
accurate multi-class classification of driver fatigue states in a cost-effective and user-friendly manner, and

promotes the application of wearable devices in driving scenarios to improve driving safety.
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2 x Macro-Precision x Macro-Recall
Macro-Precision + Macro-Recall

(15)
A DR 2RECR s i, o i R LRI EG
MER i ZE S BAMETE fn, AR R RO BAPETT
Al AFHEZH G T B EREFE AR LK 2.
T2 AREHHEAS THEBE M ISR

PSD& PSD& DE&
S IDJE} MAV  MAV

Macro-F1 =

FERIFE bR PSD

Accuracy/% 83.33 91.28 92.85 88.46 93.10 91.89
Macro-Precision/% 76.31 88.00 86.84 86.07 8533 87.50
Macro-Recall/%  88.88 95.34 93.02 92.13 89.65 9795

Macro-F1/% 82.11 9152 89.82 88.99 87.43 9243

MUERG SRR TE , L ARHIELL A IR R ER R
HEXH T B AR OB R AR R P33R T 2.24%,
B IFARE Z R AR AR BE A L SRR IR A9 4, 514
1 PSD 11 DE 1 R RRAE 2 65 fi A A SE TR0 74 fiff 236 7 SR
75 T PSDAE A By AR AR s AR R VR o, (HLEIIG
F DE fE by 5 iy A RRAE B A A5 AL o i R (R X T
PSD # /5 6.15%, #H X} T DE %Ik 3.08%) , DE 5
MAV Wi i A FRAE 414 I 2 2 L 1 o R
DE # # 0.67%, X F MAV F#A% 1.03%) . 11 24
PSD Fll MAV 1 Ay s AJRAE 4L A BF, A5 A v i R
M [ml s 5 T PSD Il MAV 43551 V8 Ay b AR AiE B A5
I HE R 2 (AT T PSD 2 55 11.72%, #H %t T
MAV #2155 0.26%) , Ut W1H Z Re IR 47 2405 i AR
RUHEAT Y25 28 /0 REAE L Ah FRURF IR AR X R0 1%
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DU P e 3

B T 4 PSD Sy B iy A KR AR RF A Y (1 Macro-
Precision H XT84 A% (76.31%) , HAh JLZ M AFRAE
Y #5 & Macro-Precision I s 248 b A~ K, SFE1 R
86.74%, ULWIXLERIRIILIE 2 Bl AR AEIE S 22 6
NFHIEFE BRI S HF RE A B8 o R R, X T
IR Ut R B n HE . PSD Ny kg AHFAERS
F 1 B Macro-Recall 45 A A5 B AH Lot A % 42 I
(88.88%) , i oAb JL 2 iy A ik A9 4L 71 Macro-
Recall M4 @5, P-4 93.61%, Jf HA AL 2 Ji] 1y
Macro-Recall 25 7 8 /v, 22 5 A FRAE B9 152 7 - 25
Macro-Recall H It 5 A FFAE B9 82 &5 1 0.89%, 1
BIANIE J2 22 i AP 2 B AR EAT 2 A7 — 7
FLRAMER . QEBAOR M ST IRE) BRI

L4
HETS

T AR

HT TR 22 B ) 9 5 RS IR AR Y 5 40 A
23 51T e s IR e (1A F [F] —FRoR A, T
Ab TR 28 1 B 1) 4 % & ACC 1] g 2%t
Y B S B R PR A O O B, T LA T DL o
Macro-F1 X} 1% &0 T A Y 2 745 R Bl R 4 b 47 1 F
i, % 1Y Macro-F1 0 WIS U 3R 90 R4, KRS 6 %
A 0] R AR =5 . DE Fl MAV 21 4 B AR5 R Y
Macro-F1 1543 fe = (92.43%), FEWHIZFPERAE T #
UK 4 Fh 2] 049 43 S TR JnoFAr , k2 DE
Sk BT ARRAE S Y Macro-F1 (91.52%) .

XTI, BFTE A TRR A BES A] R bl 42
f— S AL RS B, 3R 3 O AR AIF 9 4 R s 1Y
T

2, R

R3 ZWMERKREIER
i S Tk Accuracy/% Macro-Precision/%  Macro-Recall/% Macro-F1/%
NS SEIR 90.37 85.71 94.11 89.71
M 1 BB E 91.22 89.46 95.13 92.20
EPSZ & NN 90.13 88.96 93.89 91.35
PSD*DE 86.69 88.29 9327 90.71
FIMAF-Hy 7k PSD*MAV 92.59 89.14 94.7 91.83
DE*MAV 91.33 84.83 94.51 89.40
PSD*DE 87.73 84.23 942 88.93
i) BB AE T PSD*MAV 94.65 92.81% 95.69 94.22%
DE*MAV 91.55 91.07 96.47 93.69
PSD*DE 88.13 86.32 95.59 90.71
INPEER &N =R7S PSD*MAV 94.27 91.05 96.83* 93.85
DE*MAV 95.47% 92.64 94.73 93.67
PSD&DE*MAV 90.27 87.66 95.49 91.40
RIMALF- 25k PSD&MAV*DE 94.09 89.46 93.22 91.30
MAV&DE*PSD 87.22 84.17 91.24 87.56
PSD&DE*MAV 93.53 87.82 9291 90.29
3 HAMBUMIEY:  PSD&MAV*DE 91.79 88.97 95.5 92.11
MAV &DE*PSD 89.83 84.21 90.16 87.08
PSD&DE*MAV 93.37 89.37 92.88 91.09
NS & NER7S PSD&MAV *DE 92.34 89.49 94.11 91.74
MAV&DE*PSD 89.02 84.98 90.43 87.62

IR IR AR AP BRI, & RN AR Y 2 A
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AT, SR P Y B SR 1 52 RE 4H 45 2% 1 Ak
SYEARIIOLEY, AT T A R 4 TR ) M RE
TRWE 1 AH X T AR U A5 Y - 3 ACC T T
0.46%, FHE 2 W T 1.35%, HKug38#EHA T
1.24%. 3F 7k th AR AT 4175 AR T4 U 254
TUHSE 1 ACCHETE T 0.23%, 256 oA vk I 42
T 1.46%, W F#EA T T 1.84%, SAI
. R TR SR ACC T4 T
1.17%. o, FIEAFHZ 2 DE A MAV 23 5I1E
SRy B ARRIE 8 2 A 3 S e ok I P SR R A
B e T 25 5 (ACC=95.47%) , ACC [yH:fREM
Xif T AL 4> 25 %% (DE I MAV 3 BI44 Sy By A5 fE
(RS L K DE Fl MAV A S RRAE 41 6 4 A AT )
PERE AT T 4.59% . 2.82%. 3.74%, ARG
TEEE AN G A B AN T 8 /s o 3 T AR ] A 56
BERIZERE , PR T Gl A RRIE S A RS SR AR R
BRRUR 3 4 3 AR IEHERE N R 9 i . o, 054y
BIXF R T o3 A 25 (B AN B = 1 X2 1),
FAEZE G T A I 5 S B ROR S A 1 it PR AT R S
I ER ARSI IF- 1, BT A & 43
RO B ] 58T v ERL A A 1 M P S B8 158 43 2 T g
PEo MR ) Z R I PERE Sk, ARIF5E & AR
P32k B AN R RFAE Y BE 43 S AR RE D 78— LL 41 &5
NFHIE ) —SE B, (A5 HY 8 B 4 4 2% 2] %A RRAE
TR SRR

TR 2L

— LR

12 — g
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AW LERE T G LSS 3 FlAS () 28 B A R ALE -
PSD. DE. MAV. PSD J& £ i i3 {5 5 19 9% 55 Wi
R R RAE A SCGE R BR 1) 3 FRRAE AN [R] 41
£ N7ECRNN AR PERER I, KM PSDEL 4y
FAE R 1) RIBR I VAT 20F o LALE 36 43
Y HIN Jy DE FRAE e PSD 4-1F 3% 4 54 T EEG 11
R SFRGIN , (H 24 PSD 5 H A i 52 28R4
JEWRE TR — 2L EAF E, )40 >4 PSD 5 MAV M
KA R S BB E RS, MY ACC
=T IR2548 . Macro-Precision 1 g F 2T+, Frld
XFF PSDRHER UL, RTREILH T 1A A P S
PERAR, X T 250 AT 55 R UL T M R 22, TS
A F T 5 AR AR AR RO 1) F s ARh 7. b4,
PAFE BRI 5T 25 AW 53 (1 25 5L 7, DE ANXUAE
TARMES T RIER, EE A B
BUFRERE, UHIE S MAV R4S, MMULERER
MR AR T A BRI I 25 R,
BLOP ARG PR RE T R RE KIE ST . Z BT AL A 1Y
PERBELAT AR SCHEN & 562 PR Ry AR AR =2 () 22
SRR, R S i KN Bt i I L, i
FE# B K 1] AR, TRERA M X B AR,
WGy AE S BRI LXK S SRR 2 1 432
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RORARES o H B B - B0 57, & I DX 2 [ 1Y)
I 22 AR K, U, MAV ERE7E £ Rk 5 1043
Ferp R . HUGE P AN [R] B I a] 6 1517 4
SR w22 BRI, E A REE ) X 3t I B 1Y)
SAPERAEEE, BT LA G5 2000 S A Re e IR AL
U W T PSD R LA A RYRERY, fndR 5
DE #7414, T PSDRHIE S DE RHAEEE T35
Gy — e E S FAR M, Frll Y DE 5 PSD [ i
PATRFIEL G ), HBSCRIFA I A IRE .25
42 ERRBEHLEE

T fe] 36 5 B R 5 4 AR AR [ A ) G 3ok
ARG B G PR RE L A X 3 AR AR 1 A
FERI, SARUL, BZ R RFIEX T S an A Y
R 57 B2 A TR ME R M 1 S BT 4R T . E R InAY
PR, RIS T 3 R RRE Y SR 1R 5 3
LU 2 1 AR Y P B BB 7 0.18%~0.35% . T
PEHAMAE T, ZHER ] LI i 455
FRIERE B G M A W ok vk Ah I NAE B2
BUANEL T, g2 R mE 1 AR > —FhRRAE
AR AP A PEREE 2 5 0.09% , 1111 2R FH I3 45 25
FEIE, RS 2 L IR W 1 ISR IS 3 (AR 78S 1 M
B 5 1.14%~2.76% .

TG 2 A5 v SR b AR 1 P B e T A,
BERIACE 23, 10 Z R IE AT RE A
AR AT 2 a0t %, BRMEREREA B
PETt o T AN R AR B D AR R, RS A A A
BAFERER, B SAE R I T A S50 2588
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