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Abstract

To address the subjectivity and real-time limitations of traditional fatigue detection methods, this
study proposes a multimodal fatigue recognition and continuous prediction framework for future
state early warning. The framework integrates physiological indicators from photoplethysmography
(PPG) signals with behavioral features from facial images, aiming to enable accurate dynamic moni-
toring and prediction of individual fatigue states. Initially, an ensemble learning model was devel-
oped to classify PPG signals into three states (awake, moderate fatigue, and severe fatigue), achieving
98% accuracy. Concurrently, a visual model combining a TimeDistributed Convolutional Neural Net-
work (CNN) and a Long Short-Term Memory (LSTM) network was designed to capture dynamic facial
features. Building on this, a late fusion strategy based on label alignment is introduced, which uses a
logistic regression model to adaptively weight the contributions of each modality, effectively enhanc-
ing classification robustness. To enable early warning, a multivariate LSTM model was further con-
structed to forecast the future trends of key physiological indicators. Experimental results demon-
strate that the proposed multimodal framework can accurately identify different levels of fatigue
and provides effective methodological support for transitioning from post-hoc recognition to proac-
tive intervention in intelligent fatigue management.
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2. ZIRTSHMAHE S 57 RIRE
2.1. &F PPG MRS MR 57 FRE

2.1.1. PPG ¥ 4bE

It A AR 1d 2 (Photoplethysmography, PPG) & —FidER N AR HRE 5 R v, A il O i 48 3
SR MA AN SE R R 2R, REUGE, MASEE . AU R LA R G Rk,
2 BRI 254U ST PPG 4k . {8 A B3RS /2 i Canaria Technologies “K42[9], & EWT
PRATCE R B0 2 AE K I [R1 i X It A ()98 55 A8 4K, o 12388 2 B SR AR SR T — T0UJT I 24 /)N (18 P fi i 2 i
5, W RAE N 24 /NI ARG B, X 5 AR BT RIEAT TSN R A . B R AR H
PPG HAR, @ik S 5F WMD) 0N ] 8 f & SERUREE AR R 5, 4 LIRS (1 Bhar S fn 4 4b
LED /{2 5% HaE URiIE 5. BOREMAMEY 5 BRI, ok T 24 /N 565
JR 46 PPG B i) /7 FI s, X LB v T 0 008 S M A i SV AN B () 20 A, 3k T F 9 E R XK
Sl A FN I 5T o

N TEBIEE N2 RSER S s, BN GG PPG 15 5 R AT IE R A AT UG B . A
504§ Butterworth 77l JEP 5%, BULSIR K E N 0.5Hz £ 4Hz, R 50RBUM IR . 2 )5
I R AR A 5%, $RHL PPG 15 5 A OBk, TR O (8] PP #1(RR 18] 3) . EMEEERN |,
FEHURRAN & N 2 AN AEBERHIE . WEIE DWEWT: B S 28— MathE 0, KA 1 58,
PR 7 0 TS DU FR AR A AN .

SEBJL B (MeanHR), SGilid PPG A5 SHGI AN OBRIGEALE , 2 J5 v SR &1 2 18] Fr) I [ &)
R RO R RR;, 2 J5 FEARAE N 1A o o H A AN B LR 30 3

MeanHR = 2 = TE ]?O o
NZRR

ot RR; AR Co Bkl 2 BRI (] TRI R (AL AD), N i B 1 Lok 4
D FARFAERFHEZ(SDNN) LR IE DR A (VN 63 FbRvE 22, 8 0 R BRI SR iz, FLRR T
SN

i=1

SDNN = Jﬁi(m ~RR) ?)

(O FRAR T MR N BN (RMSSD) 7 B AH A0 Co 43 (U] 2 R 2 (RO BI T AL, 5 T PP R I o 84 S D
RIS Ak, R AN

S 5
RMSSD = \/m;(RRm _RRi) (3)
DR TR B (PNNS0) LR ELLAR SR RR, AIAZEE KT 50 ms 1 ELAe, S S WO 3R I AN Ao g P i)
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ook 5() JHEREREL AR 1, 7IE 0.

FREIR IR (Respiratory Rate) T WG Bh%T PPG P AFAE R HI RN, WA AR ] Je ik e o e B -
He(FET)FE(RABAR L -

Respiratory Rate = f,,, x 60 5)

Hort f . 9 PPG DJZ BB FEAE 0.1 Hz % 0.4 Hz Z 8] (R KR 5y &
2.1.2. &F PPG £V SRS 57 28R

B FH B A R B NHE S — IR, B4 5 A 32 B AL IR IR 1) SSS 143 (1~7 )N = T R BE
iFAR4L . oA SSS (Stanford Sleepiness Scale, HiIHARMEHER ) [6]42& — i H T VP4 == WL g BEFE & 11 &%,
BHEDNTAER, BAEHRN LD FWEEZRR . W 1

Table 1. Stanford sleepiness scale

= 1. HniBErEEE R

£ Eizipa i 72
1 Feeling active, vital, alert, or wide awake b
2 Functioning at a high level, but not at peak; able to concentrate B
3 Relaxed; awake, but not fully alert BIEIE ST
4 A little foggy; not at peak; let down it
5 Fogginess; beginning to lose interest in remaining awake; e B I 57
6 Sleepy, woozy, fighting sleep; prefer to lie down R FE 9% 57
7 No longer fighting sleep; sleep onset soon; I SUES

TEARSCHFFE R SSS AMERIT T = B U AL EE: SSS < 2 HINTEEDIRAS, SSS A 3~4 HI N
95, SSS N 5~7 FINGE NS, BAME =51 KA.

NPT PPG AEHAE 595 57 IR BRI (1) 7 R Ve RE 52 A0 RE T, ASCHIEE T — /M & TR S =2k
TRIHES . ZHELRES T =R F M AR AL XGBoost. LightGBM 5 EEHLARMR, Filid # % 2 (Soft Voting)
HUGHATRL G o ZES AT 7 A R e S HLE], SO IG 58 1A AEAN [ 5008 70 A N &k

TEARTEFLH, PPG 55 GuiH AR 4 B BARAH T REAEAE MR S T, [ 2000 4 A AFAE A4 - XGBoost
R 435 K I 37 B 3 7 I 2R S5 M INBE AR Bt 37 3, L 1 Bh A B S5 2 A1 5 K 4 1 42 1) 2 B v L ol LA 0 57 2%
L FATS P AR B ARERRE ) . RHEZ 3EIEL T, XGBoost #2451 Softmax &5 RIRSCHEF W
I 57 S (A0 SSS)HIIX 43, AT BBk (I LR AR AL 2 — ., LightGBM RG34 R e A 745 s 3k 4743
2, XMPHLEITEZE S PPGRR. SDNN. RMSSD 49% 57 A #5 5 b4k . b4, LightGBM Xt
BRSNS B R Re T EGE, Reig A P REES T 5 RIS IR BE AR,
PRFHALIHENEE ST 16 PPG AR FE 5 A, (S5 P IRUNESD . 8RR HFREIRZE & WP
BEALARMRIE T “ 2807387 (177 NORIRXIX L6 ] R £ S 4, JUHOE A AW 5T G T BUAFAE (W PNNSO
FE IR 2 A RIS L . BT SRS AN, WA GEIE, IR F3 e I A o i %
Z—, FERBFF, EAER Voting BEAIH “Hijj 27 BB, SIEFARBAIL R AL, WEHE RF H15—
ANEBEFFE: ERRAE T R IR E VRS HLE], AT A B ERATER AR I8 A FAREAE X 55 R
REE” WA SR IR B AR R A AT SR E AL LA I SE =
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RNT R R, A SR VotingClassifier SEEUE B . %5158 T #E & ERITIEN
BRI, g 2 A SR R R AT A3y, R R R mEE R A R R
VotingClassifier 87 F 41 & 2 2

1Y
y =argmax, [ﬁZp,E)j (6)
i=1

Hoepr pl) S8 i AR A28 0] k FORER, N =3 9MIRACR . B ARG A R IR R 4 R I TE AR REA
LRI, ST TR b b R SRS R IR B A

AHFRIET PPG 15 S My B % 55 MRS Voting SERR 4 K480t = P SRIRAS GBI R 57
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Figure 1. Confusion matrix for the PPG model

1. PPG &8I BR BB

Table 2. PPG model results
2 2. PPG HERILER

) R % FEmES F1 544 SCHFE

B 0.98 0.99 0.99 615
o R 57 0.97 0.97 0.97 389
R T 0.97 0.97 0.97 121

MIRVEFEFE T I, BRAE “YVEIE” SO0 ERTRANRE JdraR, JEA 615 MREAT IERIRA] 609 1, X
WA 6 AN BT, RMBUR EER” FEARRRD N R DT DL XN R S H
A1 253508 0.98 15 0.99, F1 73-HUEF] 0.99, FUIEALOHEMARES BA s AR BE

X BRI A, AT 389 AMFEAR, Mot 376 MRS, AL 10 MEIRAN “IERE” L 3
MBARFN RS o BRI AR F1 2803408 0.97, SR IBRRHZIRES hH %5
NRAEIRANRE . (EAHER A, R 7 AT 7 SE N PR XTR], [ RS 5 R BRI 5 i
BORSAEM D EE, FINREIT SR LT ORISR IR BV M. X3
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FRAE () _EAE DA BB B X A i 5, DRI H B D Bt A R 55 7 iR “IE IR IS, X P SR
TR E S R O 57 RIS B A e 1A AT, nT 28 BB AE J5 82 A v 5 N SE N AHRL FE (R I 15 AR ik
CIRE = WAL I Y LS DR/ 4 R R N S O

TE “RBENEST” N, 121 MFEARHAE 117 M IEFIRA, A 4 DR AED CHREENEST T, o
WY CTEBE”, ARI BRG] B S RS U R I S e . HORS R S5 H I E0N 0.97, Fl
SN 097, IR T BB LEAS AR b % 57 IRAS T ] Sk

CEATERANBUEE L, 2R I HER 28 3 98%, 77 F¥4(macro avg) F1 700N 0.98, i BIRE AL AE 2%
F 2 M B A B . BN, AUE P (weighted ave) g . ARIE S F1 550358 0.98, #t—»
BIVIE 7 A7 8 D6 AN [ 4347 PRI 55 RE AR I AT R ORAr e MR RR R B, AELZE b () ah Y2 DX ST A A — e B 1,
XRS5 RHIEIE S A0 N SR AR B R HE A

2.2. ETERIARNOREF 5 RER

2.2.1. BRIRELE

AT 5T R F B A o 40 T O R 2 ik 5% 55 B4 SE(DDD) [10], HLJR IR ARy “IEHE” (Non
Drowsy)5 “J57” (Drowsy) /2. REMBCN: MNEIELI ST Z L R, @il VLC 34
FEEUEE ML, FAIH Viola-Jones SVEHR I HIHE OCHE X4, i 440% 55 (d_x.mp4 FriE) FMHESE 57 (n_x.mp4 b
WP IR 5y, R FERZIE 5 S E Y 04T )y BE 250 S B & 5 HFHLE 0], g
MBS B (1) FARRAS s FEARUELEL 5 41,790 7k RGB G RSH4—h 227 x 227 18 %K), HH9E57
FKEMEZ) 22,300 fr BT R EUR L) 19,400 £, SCAFECKR/N 232 GBo TR 098 57 F2 B2 ) AR
[E, HEABES =0 BARX 5, AT 577 BT TPl [11]. BARREa .

1) BB

TEMER G EARTT, G BEAHCN 227 x 227 K/, FEiERE PR A MG RT3 — 1 ib
.

Koo = ™
O

Horr, 11=[0.485,0.456,0.406], o =[0.229,0.224,0.225] , Xf 1 ImageNet Ha S 1 i@IE (B S bt %,
TEREL TSR ResNet 171,

(2) FFAEREX

KT ZRE) ResNet50 H R NRHIEIR IS, HoR R G — R IBEOE N /) K155 . it %
BREE S 1) Softmax J=, F HUREK B AERFE 3 ) (VR ERAL . ZJG ] KMeans H54FERIEN 2
R BPEGTRTERE S . ROGABIE GERT . RS R CRBOETT o WERIARE, R
2 SR RESERFAE ) AR MATUG S B T DR P19 A 8 0 S AR AT 2 1 P RO R 20 AR AL, 17 7™ A% £
FSCARIE, ATAE G ST 7 I I N TG sE R R I M it PR TR AT SR

2.2.2. ETERIRHIHET 77 H4E8

A RO B 55 51 BN A T BARHE R A (AE R sk RREEIZARGE), AWFTFME T — AN
J7 45 HR I 45 (TimeDistributed CNN)-5 K B2 #1012 P26 (LSTM) R B 2% SJ B 8412

AR LB 5 WEHG T IIE NI . B, —A =21 TimeDistributed CNN 5k £ 57 & i $HY ]
G025 RFAE, 7 R0 AR T & 5 . MR A RS B BEJS, H%5 CNN $REU 7 SR IE R\ 3]
LSTM #iderr, HyJxbif [M4ERE b RfE SRT R G 5@, M7 RSNz . K%, @il
15 24 e 22 2% Softmax W0 bR i H = A 57 IR AR 1 IO AR
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MR L, ZAARBUH R S vERE, BHEFIRIEET 95.19%., Hr, “JEM” . “HEIET
Fl “EREERE S = 2K Fl-score 4374 93.2%. 98.7%F1 89.2%, % HFAR I of AN [) 5 o5 S5 4 35 HL & 9 K (1)
WAIRE T, IO I B v B 5 IR S IR B R B A . 1 2 AR AL AE M4 b TR A JE R .

Voting SRS KRER R

e 0
3
o PR 3
=
i
e 0 4 117
m PEES B

Predicted label

Figure 2. Confusion matrix of the best-performing image model

E 2. EGEARIIREERE

23. SIRSMAEE

NFEI G A A BUE SRR B 57 S T R EUBE S LR AR TS PGS T I B, BATBH 77—
T BT bR % 5 (1 )5 WAR 75 (Late Fusion)HLiI[13]. 1AL A% 0o SRR R FH — /167 5 10 43 2R ok 2 2] 9
I 32 7 A RO AN [ ) R SRR

BB HAT AR, X R TIRS R, CARNZYIZREF ) PPG 7 AR Y AN P 5 73 S Ak
Moy LTy “TERE DT L RIS MR EE p=[p, 0y 0y | g =[41262.95 ]
RJE R R PO — A 6 RIS RHLIE X =[p, 0,y 23291592505 -

ZJE K P2 A1 )A (Logistic Regression) {4 e 22 (Rl 5 70 S84 o L 98 B AR R e =7 5] AN TR i A\ AR
(RPAN RIS FE AN RIS RO SRR 25 ) 0o di 24 43 R (4 D RS R

BUE TR, ZEha L A R AP RRIE S G NRE . ) ISR PRSI, BRIRT
PAGARAS S v OB T ) B D7 7 IRAS I, UBEARHS T PPG AR5 5 10424k . KRBl A
WU AEAF BB BEAS R ARG, FEAN [ 57 X 8] P9 B Sl 5 A T SE 15 B0, AT 2 4R T 1 AR 73 2K
HEwE S5 Sk

3. ZEEBIRFTMRE

DN ST S 7 REE ARSHE TN, ASCMNERE S ik, Wit 7 — M 2 RS A U ARRESE,
S A AL AR B AT AT R AN B, 55 TR 7 SR R BT 20 0 o AR R A 00 32 By = B8 2 A
LA L PRFIE IR 5 A28, SCBR AR AR B S2P IS 7 A1 s, B VR AR B PNINSO FR PR Z2VE = /1
(A8C3:
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Par
&

3.1. ZTE LSTM BEt&Fun&Es

RSEIUNTIE FIRAS I F R0, A FUNERE SR, Wi T — N2 AEKE L2 L4 (LSTM)
RE TR 14], HAZ O H bR A2 AT P A SR — B 8] 3 AN 1) A2 BR S R L 35
LCEish gy

ARy TP DY 3505 9 57 IR A AR R A% O AR B R bR s P38 2 (MeanHR) /02 2648 S 11
7:(SDNN). #477 i 22 (RMSSD) LA [ I 41l 6 (Respiratory Rate)o A A ZH B -

TERIN 2 PRSI ARy — A 4 4E A&, 7070 N MeanHR. SDNN. RMSSD. Respiratory_Rate
VAN A B b 5

ZJEBRATRHH)Z LSTM 45#4[15], Bepl i oiad B R 64, BRI T 41 ik if 7 4o S5k
AARARHE ;

TEHHZ A TR LSTM 555 — NI B 25 1 B BOIR &S Bl SR ik AR B R TN (3 4 ), FFFF2 4
TP, Horbd 2B A ROE, SERELE RIS . xRS i A R

B, = LSTM(x,.h, ,) ®)

yt+1 = W .hl +bout (9)

out

Her, x, e R FRARFAN A, & e R® FoR LSTM FiUIRES, W, e R 4t BT ALE .

out

Mcan_HR Prediction vs Real

844
821
o 804
:‘:\
g 78
=
764
74 4 —— Real Mean_HR
=== Predicted Mean_HR

0 20 40 60 80 100
Time

Figure 3. Comparison of real and predicted mean heart rate

3. FEOERALSFHUMERT EEE

Respiratory_Rate Prediction vs Real

30 —— Real Respiratory_Rate
——- Predicted Respiratory Rate
25 1
jo3
E\
220
Q
§ 1
‘& h
815 1
o \|
f A
: | \\\ | Fat
10 L N AN~ L/ L J’ N e
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Figure 4. Comparison of real and predicted respiratory rate

Bl 4. MFIRSAERAE S S TN L E

DOI: 10.

12677/csa.2025.1512334 194 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1512334

RMSSD Prediction vs Real
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0.327" ——- Predicted RMSSD
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‘é’ 0.28
1
0.26 1 4
1
III e
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0.24 1 $
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Figure 5. Comparison of real and predicted RMSSD
[ 5. RMSSDD E L 5 *I L&

SDNN Prediction vs Real

—— Real SDNN
~=- Predicted SDNN

100
Time

Figure 6. Real vs. predicted SDNN
B 6. SDNN E St 5 Ftixt tL

NS S B B O MR, 3R Min-Max VA — 1k 55 W DILBE G 725 5 (7] 14 X85 25 S5 5 I A 75
o). SEREEROLE 3. a4l 5. E o), ZAERIEEE SUR BRI A S TP AR AR B 5 AR
B, AFIWTNME R T R 3N SRS IR T TR A AR, &SI MOIR A TR BIHR AS T i) o
b7 N
3.2. S2P F1 PNN50 35FrE#E

S2P (Sleep-to-Peak Reaction Time)H A SEIR 5% AP0 IR S5 s [16], &5 LSTM #E DA $2 oG 5

FEAR . R HME 13T Encoder-Decoder 4541 GRU ARFYHEAT @ AR . 1ZAHELE K15 € FE R TE Encoder

s NI 2L 64 ANEFIRIE I S2P fH, i R4S BSECIRAS &y, 7E Decoder 4N L

—ANEEP R SAE, S BAMET A D, XKRERSKR 1 AN REABE S TAES . SRR FEA

/T

hye = GRU,,000r (xlv""xr) (10)

it = GRU gy (B 3, (11)

B2 % R 2 H B S S INME ARt L L 7 B 8), MR T LS, %A A X5
FRIEE PNNSO 7 A i sh, ARBLH L @ 5 LA /877 .

PNNSO &N O S AE I S M (AR R [ 17], B2 @il T3 5 R SR . 1 B8 i Hh A

g
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PO LR FIRAZAT N, APt — Ik T IR 2284 51 B I 456 1) GRU #i8. ffiH] GRU JZH2HUR

BT HIRFIE, fE Attention #EHR, X} GRU iy AT I M 4EEE AL, RAECHE A B MRZEMG M MANT
Vg —HEZS BN, REFRAES, 5EEREM S 2 s A WINE. 55T AT L E
7 F AL TN 22 LA S IS ESE, I HAR R RRUERA TN = A R B RAL S(t = 15, t= 68, t=
130), HIGHRAERBWES, 7EBKAR S PR, TNME S IR S E AR E F O, 1X 48353 B En-
coder-Decoder GRU A ¥y 5 KA 6T -

S2P Prediction vs Real (Encoder-Decoder GRU)

—— Real S2P
2704 =7y P::dicted S2P
260
2250 Fuaa
175
240
2301
0 20 40 60 80 100 120 140 160
Time

Figure 7. Comparison of real and predicted S2P
7. S2P BSL SN L

PNNSO0 Prediction vs Real (Residual-GRU-Attn)

9254 . —— Real PNN50
. —=- Predicted PNN50

90.0 1

80.0 A

77.5 1

Figure 8. Comparison of real and predicted PNN50
8. PNN50 ESE5HUMsS EL &

FNEASBEE RS0, SR T AL & ST A P Re, FRATUHE T B A B AR AE AR B
TRIME 5 B SAE 2 (8] [ 4560 1R Z2 (MAE) A5 7 iR 22 (RMSE),  IL3& 3.

23 MRV IESE TR RV A 24tk . Hrh, Z2748& LSTM 444 SDNN, RMSSD 45+
TSR PR TMIE 2] T M= RS E . & F ) Encoder-Decoder GRU #5784 tH 5%+ ELA5 5 4IE 1R Fl 9 AR KR 14 () S2P
TRFREAS T 0.2716 L MAE. EIRNE T3 2 M 5 9 () WP IR S ZE A0 PNNSO 4845, A0 2 R [ A
()RR S 2 32 A ST PR AR O v, AR (R AR M R AR R . AT 5, X sugh RIL R e 0,
ASTIE FUR R AR R A4 22 BR8] S b FO0I OC B AR FRAR AR I AR AEHE, RSEELN “CHIE R B “ FH AT
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B RS T IS TR SR

Table 3. Quantitative performance evaluation of the prediction models
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SDNN Z7F /5 LSTM 0.0073 0.0103
RMSSD 24 & LSTM 0.0111 0.0143
RespRate ZH LSTM 1.8875 3.0339
PNNS50 Residual-GRU-Attn 1.1730 1.5538
S2pP Encoder-Decoder GRU 0.2716 0.3379
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