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Abstract

To address the ambiguity in classification strategy selection for driving fatigue detection, this study
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compares binary classification (wakefulness vs. fatigue) and ternary classification (wakefulness vs.
light fatigue vs. moderate-severe fatigue) using the EEGConformer model on the public MPD-DF da-
taset. After data cleaning, label mapping, and subject-wise normalization, the binary task included 33
valid subjects and the ternary task included 14 valid subjects under stratified sample-level partition-
ing. Results show that the ternary task achieves a test accuracy of 92.41%, precision of 89.82%, recall
of 93.62%, and F1-score of 91.55%, all superior to the binary task (accuracy 90.54%, F1 85.13%).
Notably, the recall for moderate-severe fatigue in the ternary task reaches 97.88%, demonstrating
prominent clinical early-warning value. By preserving the hierarchical division of fatigue levels, the
ternary strategy effectively reduces false alarms and enables graded characterization of the fatigue
progression process, providing a reliable basis for graded early warning and differentiated inter-
vention in driving fatigue monitoring.
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1. 5|15
1.1. IREEEEN

57 B 5 R A B H R E BN 2 — . Chowdhury Z5¥5HI[1], RIEHF PAEMARG T, %
55 B RIS EFHOR AW FEE R 2 — . L, RS SRS AT R . S RIS TR, X TR
RO DR B TE B A0 00 22 4 B B TR N A -

EERAEBE S, W5 5 (EEG)RETS B I BRI B JE A 2 TG 8)), FAA N R 0 A imr . R 57
RESBURENT, BB 57PN “SArdE” [2]. DRI FR G0 5 SR T AT i Unl Al A 35
SR REA . XEFE[3]B 1 T AT TGAM i HL R AR 28 IR A AL S5 Rl &R 4, 8 Ly 5 AR
J5 BRAE SE ISR T2 BR/NGREE (4] 5 tH AT - AR B ARG RN, 4561508 CNN 5 ECG. EEG.
EMG 5%, SCHL 7 EBsiig BRI 57 RS R o SR, Ol S0 K 22 0% 55 Rl Ay — 40 il i, A543
SR T RN BERORH R DA % 55 T e R R i AR

AR, URFEZESIJTVEAE EEG 9857 R eIl th B 5. xS (5192 th 2 4 ey = ) b & 2
Inception M Z$(MDAIN), 84545 73 555 B Ay SRS BL 1 8 m )~ FIERf 2 (RELE I L2 8 =3k
HESR, RIS EEE ST S IAIE, PR SECAUE N MG . 11 =70 FE A0 B Re SEIRE 44k 70 22
KRG )0 T FEARA MG LSRR R TSR . BHAT, RS = KRR ES — A S
G T RFEXN BN Z . Ak, ARSCER EEGConformer W25 7l J — 7328 5 =43 2K4T
55, WREARY S E X5 R LU SR SRR IR RE 22 e, AT BEG Rl 1) 3 8 SRk PR HR A S IG K
o

1.2. AxTE

72 W A T R NS 5 28R oy AR AR A Sk SR BAE SR k. RS SR EA
FEIE T THEATUL B 0 T SR R AR A I AN 25 1 423080 11 - S 80047 R A, 5838 AR AH 2 52 L i
YR B XA 75 R . AT E 5k, O H(ECG). BRHL(EOG) AN HL(EEG)45 RE M8 S 725 B 5% P 1 A
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JH

BURZS, L EEG R EARC R PR Z Tl al, #0057 Il ] 58 s 2

4t BEEG 95 55 K5 77 25 1 Sl I AR A 4R B 64 0 an B ASESIUHPRAE, PR SVML BENLARAR
SRR Z P AR IEAT IR [6] 0 XTI LRHE LR, AELAZIE EEG (55 E AR AR D/ & K
Fo TR, R 2TIELE BEG (55 HaRHEY ST R BLH 23510 . Lawhern 45%[7]42 tH ) EEGNet
LU ARG SEBL T ) EEG iR o (H R0 IE 32 ZAE e — 00 AL, BEXS[A— BB 20 N —
rRE =3 IR I RGNS EURT A BN BE = .

1.3. EREATE

AET BRI R o R AER PR RE B 2E 5, AT/ 4 EEGConformer BB FRIAZ 0o 8548 B — 432K
= RAEF R LR

EEGConformer »&[f[7] EEG I P55 70 FE AR E 5 )RR, FLI 45 254 i N 4380285 AR AT i (Temporal
Convolutional Frontend)5 Transformer 4hd#s 8 0 MR [8]. HAKIN S, HIAA 32 18IE * 500 FKAF i1
Ji 46 EEG B 745 5 (A B2 500 Hz SKFEZR, 1 s K)o IS AR Al o 1 Sl it — 4G R ER (R 25 Il e I P
TS LA 40 4ERFAE R\ 7] 2 (Embedding Size = 40), [FI 450 M 4ERE, F#{% )5 2% Transformer F1H5
T4 B 5 Bl 2% 2 AL B Y (Positional Encoding), PASR B EEAS PN FI [A] 5 f5 15 B

BT AL RFIET 45N 6 /2 Transformer 4G 85 (depth = 6). & Z4miGastH 2 Lk HIER )
(Multi-Head Self-Attention)-5 Fii 5t P %% (Feed-Forward Network)ZHjs%: A2k HEE /IR 10 ™NMEE )
Sk(num_heads = 10), L IFATUHE 2 H AW - G - B, ARSI IE S P I (A A AORIOC &R AT
W24 e f5# 4 (forward_expansion=4), F2/Z4EREN 160, HuREL i RiE e ). AP EENE, HEE
12 5 R 2B E dropout=0.5 (drop_p=0.5, forward drop p=0.5), F4HAskZEER: 5 20—k (Layer
Normalization)Fa & I %5 #c2%, 4245 T4k (Global Average Pooling) ¥ I - 45 iF & 48 A 18] 5 4 i n) &
LB B E W R BN .

AT FIRER, Sl RAESS . SRS R RITERIER 5 J00E 57 RS “TER”
05 “9%577 (1), JFEARZ 0 BB, RS 14 G552 =0 T5mah IS
(0)s “BREEIES” ()5 “HEENT” (2), FIRZE 0 BUFNTERE, JFEARE | WU RN ST, JFAReE 2~4
BN EERE T . HIATSILEMIAE K EEGConformer T4, NA/EHHE4EE S5 iHE R L
FR 8 S B AT i
2. SRR
2.1. HEEIE

AR SEIGR FH A T 1) 22 1525 2 g 55 R T H5 42 MPD-DF (Multimodal Phenotyping Dataset of Driving
Fatigue) [911E Jy Rl B8 YR« 1285035 5 i 52 HOR 2 N SRR B AL e R AR IR A, B 50 444 BB (35
Slctk, 15 21, FERE 23~59 D) FEFRUEA 2 /NI BT S5 b 1) 2 RS A AR, FLrh 32 JdiE
HL(EEG)5 5 & I E Fr 10-10 FAHEA RE L, LA 500 Hz RAEZRIESESREE, H A Ll R ER ik T
EEG {5 53 PRiE 5 9055 2% : Wakefulness (75 1#). Fatiguel (0% 57). Fatigue2 (JH#5). Fatigue3
(N1 HiBER). Fatigue4 (N2 HIHEAR).

T R AGHEE PS5 R 5 HIs SR A T, H 5 S AE A IR A N AELE R IR E
ANy e, ASON I EAE ST T RGN BIRIER S S E . H5E, RIAPRE A E AL 8 (Sig-
nal Abnormality, {55 55 )FIA5R%E 9 (Severe Artifacts, JEHEAF), XM HEWMAFE . KiFAESIESEA
ALHIE R B, ASCAIR TR & R AR AR B, MR BB (5 S R E T 58 R, AU o7 ks
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PRI I

DU R B SR SR AT AT, K BEITARTE R S o RAS IS N 3 4. 0 R(7EE, Wakefulness,
X RLJEARZE 0)s 1 (32 BEJ% 57, Light Fatigue, XM JEARZE 1) 2 Ze(H HE 9% 57, Moderate-Severe Fatigue,
HEARZE 24 3. 4 &9F), FFEMIERE EMEPIETHAEST: MBS BERR0) 57 %5 2 %A+
R DT 5y, = AT S MR RRERL(0) AL ST (1) 5 W 8 BEE 55 )20 . Bl S, DL 1 AR
[F) T AHEPE G 1 EEG (B 5TV v, BFEAM S 32 J8IE x 500 SRAF (500 Hz RFFZ, B 15s).

NORUERE A I 2 1) A e M 5 2R 31tk BesE DA R IR : A3 2 trial 2475 7E 5000~10,000 2 [],
HERRA G HRTE 5%~95%:2 [8] LG B A RS B i A R0 57 IO ARk, =70 2T 5 40 o0 R o =
952 POFEAR B AT 5% H S AUFEZSI: &k, —rFMEH AN 33 LA, =0T
FN 14 ZAE B FEEARRI 7T, ASCHETE A AT EEG B # b e 9y g —Hdis
8, IR I HAT AN Z-score JH—1b DLVEBR MR IR B4 22 5 308 1 SR RE ARG 43 |2 4 4 5
e, HlgigE. BAFE SINRE D BIZ G 64%. 16%. 20%. 1%XI/r 85T 70 B hRERAIE &4 & 25 5 L )
Rk n i —5, DA RLTEZEE 74 B RE .

2.2, SLRIMESHE

SLIGREFECE N: CPU AMD Ryzen 7 9700X (8 #% 16 £6F2), GPU NVIDIA GeForce RTX 5080 (16 GB
A7), WAF 48 GB, f7fif 512 GB NVMe SSD. BMFFAEI 71, #:4E R %N Ubuntu 24.04.4 LTS (WSL2),
TR 22 SJHESE N PyTorch 2.11.0 (CUDA 13.0, cuDNN 91900), Python fiiA 3.11.15, #iBhEE L% NumPy
2.4.3. SciPy 1.17.1. scikit-learn 1.8.0. MNE-Python 1.12.1. Matplotlib 3.10.9. Pandas 2.3.3 &,

K% ORI T 7] EEG B A5 54325/ EEGConformer %% o i85 35 FR i %% 5 Transformer
DR I o A R AR I R B W] oy B AR R AR 32 183E EEG I 75 5 U IR JZ I R
Transformer % fith #5122 Sk F VR LI SR 0 5 B i R ) K BIK B R, 242 Eguid 5t 4R
RS A R D R AR . 3RS = RS MH R ) EEGConformer 3 W 4% 2514,
AU JEHE FEARYRAT 55 N BOHATIE R . APRUESEES A PIE ST e, 50K 5 =0 AR5 397E 5
[ RO RE A R 5 . AH 7] A B TR B AR . A A EEGConformer 2% 45 R (K4 H Sk 410 B AR [ R4 Ak S s
TR, HYRABEARL D ER . WIAES OGS E WL | Fir.

Table 1. Model parameter configuration

F 1. BRSYERE

[ RIS BV e
WZRREIR W% 300 % W% 300 5
k2% Adam Adam
L S 2e—04 2e-04
A BAERIRT 65 BAIESR T & FE
Batch Size 64 64
T 5% e 2 CrossEntropyLoss CrossEntropyLoss

2.3. EfriEER

K P AR 3V ) A0 FE U A i b R AR Y B 3R AT A T VR A, B HE ME 0 2R (Accuracy) . R B R
(Precision). 1 [A]#(Recall). F1 73 %(F1-Score) LA J B % # [ (Confusion Matrix). HH F1 73 UK RS
PR PR E . S0 =05, SRR HREE F1 o80ei o g5, HICE
“F-¥J(Macro-Average){E NEE G TEAGHENR,  DAEE G 85 AN B0 AR AR IR 55
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3. SRS
3.1. BiFtEREXTEE

NRGVG AN 73 FEANEAE B B 57 BEG ALl vh A& A, ASCAE 5 2 AR [R] 9 EEGConformer 4%
gik . AR R AL TR AR KA I E T, AT =R E =0 RAE5%, SRS Rk 2 s,

Table 2. Overall performance comparison between binary and ternary

2. ZORE=SEDMAMERENLE

RAEELD T RES = RS PEREZE 5
TR 90.54% 92.41% +1.87%
KR 79.65% 89.82% +10.17%
FEEIES 91.43% 93.62% +2.19%
F1 7344 85.13% 91.55% +6.42%

SRR, = REHESTUL IR EIRT =0 E5 . =0 KMERRIE 92.41%, B K4E
TE 1.87%; FEHZEETICNRE, 52T 10.17%, Ui =50 KIS A RERAE 1 RHE BRI 5 1)
RFE; AEZES F1 9500 3T 2.19%81 6.42%, FUIBIALELRIE S H R, 286 2050 1 B 58 )
7 o

T AT S R TR R [ R B 9 55 (Fatigue 1 )5 7 25 B % 57 (Fatigue2~4) 5 — & I8 “I 557 2K, 95
ZHN N BEG RRIE R PR, TH RS 9% 55 B SR SR, 57 5 4 0 0 I B AR AR A 57, 1
F AN IR (79.65%) 0 =r FATS-OREE 1 BRITN 95 57 FE FE I Z 40K 7, AR BY RIS 3 0] 2 S) T TR %
P9 57 5 v B RE 57 PRI it SRR 22 57, DT E BRI 1R i %) [R N e 1 %o 98 5 IR S 1) e R A

Zi b, fE%:T MPD-DF (4l %£ 5 EEGConformer B SLIG26F T, =0 IR RTINS fE 52456
PEREIR T 403, BRSO B 57 1K o G U AR A BT T SR A AR

3.2. B AMRETIEL

RN HTANF 73 FE RS B R RS RB R, A G T =R E=0REF &
TR HRETAR. HBRE F1 08, 4R INE 3. K 4PR.

Table 3. Performance metrics for each class in the binary classification task

? 3. ZHEEFELAMREIER

el RS EEJERS F1 733
7 #(Wakefulness) 96.16% 90.33% 93.15%
% 57 (Fatigue) 79.92% 91.43% 85.29%

Table 4. Performance metrics for each class in the ternary classification task

® 4. ZHRESZ LA

el it H el 2 F1 /34

T BE(Wakefulness) 96.45% 91.88% 94.56%

42 E % 55 (Light Fatigue) 86.42% 90.18% 88.89%

rp 5 i % 57 (Moderate-Severe) 86.10% 97.88% 91.21%
Macro 14 89.82% 93.62% 91.55%
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gt 3 534, PRSI HNEREZ R T AG R LT = A5

(1) EFXFIERE A RS = RIS ZR I IRIFFLE 96% L E, HRIZE 535124 90.33%F1 91.88%,
ZRE/MILE 3. 3£ 4). P8 EEGConformer BADGHERLIRA ) EEG FRAE(LARAN g 1N E)E 7
G, 4y IR 1) LRI A R AR R A TR

(2) EFxF 9577 AR ISR S T E R ST A N — UEST T IS, AR
BN 79.92% (32 3), AFAERH R ARG BERE AR I 57 KB L =0 AT 57 5 o0 v “HRJE”
5 BT ASIEANG, BRI DT PR R T & 86.42%, HEE RENE 5T I A Bl 3 1A 97.88% (&
4)e XTI IE ST EL G, WY Re s BORE AE 21 A [ 55 R Y EEG RFIEE S, A SRR TR E 5
RE GIEBLR Z (8= A

(3) EEXTAHARIE 5T SN FBRINE: = AR5, RIS RS %(86.42%)1E = K R AR
(% 4), VLRGSR RN 57 1 EEG FHIEIA R BN, FAE— e A ERA 10 “ R E ST d
7] 2R.(97.88%) i 3 = T HoAh 28 1, R IAZF B BEG HFAE(LA 0 P85R . o P9 HONIR &) STEBRRSX 4
FER, BRI FOAS H R, B I ARG R T A 17

gE b, =S AR TE TR IS B, ST OB 0 S T 0 5 e R R A R TR
WA RGNFRE, BT UFA 040k, TP B 7R R, TR 22 A T SR s (n 6 88 9 o7
FRoRAREL L rP R R 57 SR IS A ) BR AL AT HE ) 40 AR

3.3. NHETIES

N BN R P SAT 5 AR AN SAT N, AR SO T 20285 = 0 AT 55 I I Z0/36 UE 5 2K il 28 K B8iE
Febrdhl, a1, B2 K3, B4 R

B 1 B 200, TS AERT 50 e M YRSIURIE, LRk BTG 0.48 FE %R 0.25, JiFHi k(A
R 50~150 FERAMIBR S IR A R %, IUEAERIRH 0.80 27+ % 0.89, Macro F1 H 0.78 &7+ %
0.88; 150 #¢ G AL TAEM, I FaE A 0.20~0.22 [X 8], JGUEFEHRAE 0.89~0.90 /NIEH B . kiR
REWAFBURIGZARFE GBI, R R 5, R REARZG T RA RIFMREESZ
ki

—— Train Loss
0.45 4 —— Val Loss

0 50 100 150 200 250
Epoch

Figure 1. Training and validation loss curves for the binary classification task
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Figure 2. Validation accuracy and Macro F1 curves for the binary classification task

2. ZHREFWIDEMRZES Macro F1 iz
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Figure 3. Training and validation loss curves for the ternary classification task
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Figure 4. Validation accuracy and Macro F1 curves for the ternary classification task

4. ZRREZWIEERMRZES Macro F1 BiZk

DOI: 10.12677/csa.2026.169292 106

U BB


https://doi.org/10.12677/csa.2026.169292

PRSI

B 3. B 4051, = BRSSO EOE . LA NG, WSCE RS T =326, #/i 50
BINZRAIR H 0.70 PURFE S 0.35, REHR A TR 50~200 e 3R R R RRE A2 T R, I iEdERZEH
0.78 27+ % 0.90, Macro F1 Hi 0.74 $2F+ 2 0.90; 200 % 5 AL TS, iR Fa £ 0.17~0.19 [X
B, SIEFEARLERETE 0.90~0.91. [HIFFEENZ, = FAESMHRAIIE F1(0.9) S5HEM=R0.9) T =
25, HRE =00k E ¥ kK, {H EEGConformer /% 3# i Transformer -4 5 /& il AR HE 77,
BREE T =57 SR e 22 57, eSOl T ALz At Re

XFEEP AT S5 IR 26, =40 AT 55 BB I ZREC IR T (300 56 vs 250 #8), H I 2 A il A= 4L
fill(patience = 30), FIABIAILEFBF RN FELLMAL, KRB HELIUE . =50 FAT 5% 5 B R Eh TR
FERE KT =ar3, XE=002h “REEES FEARILFBOR . KA ARHEESHA R, (RS
PFaE .

3.4. RAERERESHT

RN AT AR AN [F% 55 5 ) B BARRBE, ARXH T =025 =0T 5 1H—LIRE
SERE, 0 5. &6 e

1.0
g
£ 0.8
2 90.17%
g
2
o] 0.6
Ke)
©
-
(V]
>
= -0.4
[
=)
2
2
o -0.2
-0.0

Wakefulness Fatigue
Predicted Label

Figure 5. Confusion matrix for the binary classification task

E 5 ZoRESREEME

1.0
wn
wn
[
£
2 92.22% 6.75% 1.03%
g 0.8
©
=
o 0.6
Q -~
35
[
>
= -04
g
[
>
b
$- 0.71% 1.52% 0.2
@©
@
=
o
= | | -0.0
Wakefulness Light Moderate-Severe
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Figure 6. Confusion matrix for the ternary classification task
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NES

JH

HE S AT, A RAES IR FEARMIER /283N 90.17%, wHFIN “9E57 7 IELHIN 9.83%:
“OETT REARIIIER Y RER 91.43%, RFIDN TEIR” BILLEIN 8.57%. PSR LRI, U 5y
IR SR FAEIE BE 5 57 2 [AIAZTE R B X 3k, 3X 5 = 70 FOH BRIM AR R 52 2 9% 95 (Fatigue 1) 5 1 =
JE 9% 57 (Fatigue2~4) 5 AT & H N B — P57 7 8 X——1% 2K T EEG FHEF R EOR, 38U AL DL
3 737 BT ) 31 D

B 6 T, = BAES IR R B ERE . “TERE” O IR 28N 92.22%,
FAR Ay “RRREE ST IR 6.75%, by “ R EBEE ST 7 AL 1.03%, USRS 55 B 57
AE—ERHEE S, AS5REEET X ENE: RS RAIMIER 23R 90.88%, AN
“YEEL” LB 5.24%, RAN R EERTT 7 N 3.88%, 1X& =R i AR, HiEE R
FERETT P B R Y 2 (RIS RL A, O TR 5 A I e A AR A5 ) S R SRR 1
CHRE R ST N BRI EIE 97.77%, AN IERE” AN 0.71%, RHIN RS AL 1.52%,
I VAR AR, FESE 55 1) EEG FRIE(BA 0 R o W3 BORE) 5IEREIRE 2 7 i
F, PR A H RS, RARBMIERIENE. 255, =0T 55l O B B2 MR 55 72 B2
(E RSy, AERERY BE S 23 24 SR R S5 B U EEG FHE2E 5, AMURTE 7 SRR IS, e m i
e ST R R R 9 57 RS MEBIUE (1 [ 26 97.77%), AN ZE AL TR SEmg (W IR 55 SRR B . R
95 57 SR AT P SR AL T SR 2 R AR

3.5. &Ry

KRIRELIAEG — 6 TR T 20 2R 5 = K0KmE . =Rt T =028, R F2A =J71:
H—, 20 RE R BOR R E 5 E R 5 AT &9, S EURFL AR O 57 A 24 79.92%),
M= KR TR HR 5, AERALRE 53 0 2% ) & S5 R ik sURFAE 22 5 s L=, EEGConformer [
Transformer il 250 22 Sk E R IHLH], TR R 55 S5 (Blo/6 IR o Al ass, = AT E ey
MR 7Tz Rfdiee s =, =73 EEER 57 H 255 97.88%, Ui AN D HES ¥ 2] 7 ),
R P59 55 A 286,42 %) FE = R P i 1K, S i I 15 26 PR 55 YA ATI A AE RS 1, 3 5 [ A 41 45 4%
) 3 FRVEAN & A Ko

UEAh, EERT =20 RAT S R T RS A XA (86.42%) VR I S ILX n] A (R A
NTEIE 5.24%, AP ERR DT 3.88%) IR, 7B NAPE A Z B AR LN . BRI 57 AR IS
R i) P R R S WAL (R I RS, HE BEG FHIERIA o PRI ) THH (104 B R At 0 I 1) -3 1
R, XM T R AR TR A AR AR A T 000 R SR R AR AR S5

ESFE g, R Transformer M) HVER IHLEIY AT fEREPE > A4 4t 7 v 68, {HAE EEG 15 5 i#hY
i, attention weights FIFPZ&AEHE 2 SCH AT AT . 5 HAE S AFEH attention B token [A] T UK
ANIF], EEG J8IH 8] 1) attention B 7] G [0 52 323 (AR & AT BE B 70 A AR R 4 22 e (1) 22 EEL i),
B AT AR B HE DL ST S 2 U 2 A SRR AR (AT D AT HREO I AT REX ROR R, H RS
PEMRRE . DML, AHEFEARNG attention map 1EAFEHT TR . AR AR LSS50 R e R VA R 73 (13
Aty SHAP 1H) 5 #h 2 AR B2 S 00 (a/0 DA L B0 — RUAH 55, £ 50 5L AR 3R] RV PR AAE 22 [] mh g A A
RIS, T HE B3R 46 attention AL .

WEBRER, =0RKE oIt HEITHERRE, EARERAE . WA, ASCRHAMEAR
17y, BRIz A TEREA Rt — Ik, 45 b, =77287E MPD-DF ##s 4 EH A WIHHRE 5 5 70 P
PeFh, AHAR BENE 57 RS HE R ATY 2 Ji5 25 75 S R M R
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4. FREEW

A SCHE TN T 1) 22 A5 75728 B 57 B i 45 MPD-DF, 3%l EEGConformer WZ54E NIEHERIAY, 784 —
SIS 56 T IF R “IEHE vs 555 7 TS TSI vs R BEIE S vs R E R ST = AT S,
IS FEARY S 2RI 5 5 [ 2 DI ZREC BT B T SRR S A M 1 B . SEERSE IR, =0 FAT S el 4
TR ZRIE 92.41%, Macro F1 1A 91.55%, %8 /0K 4Tt 1.87% 6.42%; oo 8 B2 55 20 1)
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