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Abstract: To address the challenge of cross-subject cognitive load detection, by combining the
advantages of Riemannian geometry methods in electroencephalography (EEG) signal analysis,
a method of cross-subject cognitive load detection based on minimum distance to mean (MDM )
and tangent space was proposed. Based on 60-channel EEG signals from the multi-source
interference task (MSIT) data, event-related data segments were extracted through data
preprocessing, and the xDAWN spatial filter was employed to optimize the representation of the
EEG covariance matrix features. Compared with traditional feature-based methods, the
effectiveness of the proposed method in cognitive load detection tasks was verified. The results
show that, for the data window with the length of 1. 2 s, the Riemannian geometry-based method
achieves an area under the receiver operating characteristic curve (ROC AUC) of 0. 790 1 for the
optimum classification performance in leave one subject out (LOSO) cross-subject classification
and reaches a maximum ROC AUC of 0. 806 2 within subject (Within) classification. Compared
to deep learning models, the proposed method maintains high classification performance while
significantly improving computational efficiency and providing a feasible solution for real-time
monitoring.

Key words: cognitive load detection; electroencephalography signal; Riemannian geometry;
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Fig.2 Flowchart of EEG data preprocessing

*AFz

*F5 .p3 F1 Fz °F2 F4

Y7 *FC5 *FC3 *FCl FCz *FC2 *FC4 <FCd

.c5 *C3 *Cl1 *Cz +«C2 .C4 .C6

.cp2 *CP1°CPz «CP2,
CP5 CP3 CP4 e
‘NP7 .p3 *P1 Pz *P2 p

*P5

P6

R7 -p03 ‘POz .poy

B3 MEESERSmE
Fig. 3 Electrode distribution diagram of EEG signals

AR ARG 4 BURBOT 0.2 s 210
J&i 1.2 s BB BAE N — A AN REA B B
Ok 60 3H I8 x350 FEAR A . AN SRAT — 3 3 Y i -
PRUE R L 150 pV , iZ BOEHR R B R e 75 577 LA
HEBR . [FIB, JEF DLR B P HERR R 53 32 1« e
PR A N B AN R AT &
BAFPEAN AT 3252 B0 A IR T L e - BE S0 it
i, B TR A A B B AN ], MSIT
FEAC B (M{EAREZE ) J 161.66+4.53.
2.2 & B
2.2.1 xDAWN %5 [a] S i 5

T ERP {5 5 i i B 3 {1 T 45 5 EEG W
IR AN AR AR B T 2 0 I BT 7 3 ) 25
[ Z5F 15 B E LSBT 2057 25 xDAWN Jf

2 BRGSO DG R il rLE S R
TEFEERENFEES ST SR AN 2E
2R EEG TR 5 X () 2 FH M55 S (1) Al
TSI N &
X@)=S@)+N(@). ()
XF T ERP A OGS40 , 2K i RAUAE 5 S(0) 1Y
DUk, [A] B e /b TS 5218 75 N (1).xDAWN i FH AR
A B UE I A B W HE S A T InAL .
X=W'X. 9)
xDAWN UE % J5 915 5 H Tt 5 vh Iy 296
P TR R A L, R B 2 A B I A mT
PASEICHE Z2 B9 RRAE , T REARAS B Ar 0y o3 bk
2.2.2 CSP
CSP J& —Fp 2 L 23 MR PR AR, T3z i H
T EEG 43 #r , Jt H 2 12 3 8 2 E: 45 (motor
imagery, MI) 1 19 — 4328 [n) i . H: 3222 H p9 2 42
B ZAF 5 2 [0) 28 S5 Fe R 25 [ REAIE , DA TTT 38 5
ST APERE .CSP B TP RAF 5 1y Uy 22 H B AL Ak
[, H s 4 B e 08 f K AIS A Jy 25 L i 25 (6]
UE I 2 BN A AT S R P 220 €, Rl
C,. B e KA — 55 1007 22, IR R/ Mk o) —
FAF 51 7 22 K S BURRAE S L. R Ak In) 8 mT 3R
NN
LA/ AT
WCW+W'CW
STERG P 2550 C=C, + C, i 7 —1k.:
C. =P CP". (110
Horfr. P2 CHFFIEE A 2 T SURAIE
ISR it e 2 TR G I 44 «
CW=iC,.W. (12)
o AR SCRIEE . 5 B R IE (R R L
AFRAE ) A, BDUE B4 WA FR S CSP 4, %K
2.2.3 SLGIEE
ARSCHEE T AP 4 FEERIR, ngk
17K , £ 45 CSP 454 SVM ZeME /025 282 L) N i v,
ST 3 Fh e MU TR 27 2 B AL (EEGInception™
EEGNetv4* il ShallowFBCSPNet ™) , /E Ay | 22
S U 7 ik B SEMERL R B2 Ly ik R
MDM 732 s FLEE T 90 25 [B) FRAE 19 SVM £ 14 43
A AR LSS, DASGUEER 2 JLART I kA
INHVGA AT (1) 53 VR RE . T AT S 0 42— FH A2 383
T VB F#AE i 22 T 101 #2 (area under the receiver
operating characteristic curve, ROC AUC) 4§ #5 2K
FAEBALE . 25 1 B 24 I - [R) R, £

W=arg max
w



6 AR FFR(A RAFR)

% 47 %

FAR AR AT PEAL . L Ab , 30 38 2 A5 () AR - 1
FER X B R BEATERG VA O 1 Sk 85 9k
A &P L 52 5 i MOABB (mother of all
BCI benchmarks ) HE 4220 17 1 3 B 2 iy 455 784
PEAG < 5 4 1l DA T B8 — B 17 (leave one
subject out, LOSO) il B ¥ 43 # i 7 (leave part
subjects out, LPSO) , #% i P (within subject,
Within) WAk 4 047 38 SLHHIE . /£ LPSO ik &
20% Y EL A, BIEEAT 10 44 8 S AR BLR
TR SEAMAIEAT T LA Ah 32 56 - O o 6

MDM F1 Y] % [6] J7 15 52 75 i 1] xDAWN & i8¢,
X xDAWN #2311 F ; @ xDAWN F1 CSP %5 [H]
DR S AT DA B R I AR B S A SR E T
# FH ) 4(CSP ALX A ERIAE) i1 8 (R 1Y 44 Bk 433l
FrB Sk CSPS Fll X8) , LA Hb A8 AN [R) % % 45 45 it 1)
R s WRIBOR 3 S5 i B B b AT R, A
B R 75 B ARIAT 55 AH SRR IE AT 3R 5 (D3
B4 25 28 2R M SVML, [R] Bsf XoF LAt 1 4%
[a] 3t 4% bR %K (radial basis function, RBF) [ SVM
Gy

F1 EBFIK
Table 1 Model list
Pagi! (BB i IS IR
MDM P J7 ZHE FE+MDM —
-t X_MDM xDAWN JE 4 77 ZEH FE+MDM 4,8
pAIpE .
TS W7 22 R M+ 23 [+ S VM —
XT_S XxDAWN I P 5 22 55 B+ 25 [l +SVM 4,8
CSP_S CSP+SVM 4,8
‘ Incept EEGInception —
HE
Netv4 EEGNetv4 —
SFBCSP ShallowFBCSPNet —

3 SEEAVREE

BEAY oS S K 4 i, Bl da i 1.4 s
ST AR B Y MSTT AT 45 A 81 67 i A6 100 45 5, &1
Ab Ay R IR S ) A A 1.2 s B B A G 4
ST UUE B, FAL S s S O R AR 7R
T2 ARG A 5 A Y ROC AUC 22 it /N
T2 BOBEAE AR ) ROC AUC 218 , I B85 1R
G325 REAE W A BICHE A A S 30 A 25 R K, IX 3]

Within
r == LOSO
== [ PSO

0.4
CSP_S MDM X8_MDM XT_S Incept SFBCSP
CSP8_SX_MDM T_S X8T_S Netv4
SrARARE

(@

o
)

e
=3

i
Q

SEHROC AUC
[=]
P

e
n

F BRI A . a0 & 4a TR, X8 MDM
(UE I #e 5l 8 1Y X MDM #5775 1 1t P HiL S
0.851 4 [ e PL 45 2R, (H7E LOSO 5 9l i A6 ) v
ROC AUC 1% 7 0.780 8. fij 7 [&] 4b 1, X8 MDM
TER IR P 25 SR KR RE A 0.806 2, LOSO 63 i )
0.772 2 R MR /ME 2 . 25 S I 5A 1T
5 fih &, i B AT R 7 i85 e gatpsr I v e LR 1 2 A
CHVER ar R G A REAE T4 PR A 0 B 25 5 151 3]
AT 55 AN AH S B REAE 451 044 (4 A A K ki 5 8L

FHIE .

Within b
r ==10SO ®
=m] PSO

CSP_S MDM X8_MDM XT_S Incept SFBCSP
CSP8_SX_MDM T_S X8T_S Netvd

phesy: xil]

B4 REERETFMHEEN TR EMEREITLL
Fig. 4 Comparison of model classification performance under different evaluation modes

(a) 524 HHE (0.2 s~1.2 5) 5 (b)—HISUS BdE (0~1.2 5).



% 34

EF . A TG JUAT 6 35 40X A &0 AT A AT 7

ZEA PRV B S A PR PR RE 25 A, LR
PRI e R BT RS U I TR T
CSP [ EEHERC AL IXIESE | 3 TR & Tk TIA
R 7 A ARG I AT R AR A . %) MDM D) %5 ]
Ik, 02516 J5 AT MDM 5 i . Gi 18] 4b i,
X8T_S 7 LOSO 5 ¢ i M i H B 4% 1 0.790 1 1)
ROC AUC fH, B SR AK T X8 MDM # ik N f {1 1)
0.806 2, {H X8 MDM [ #5 % i Il i i ROC AUC
AL 4 0.772 2. 3X 3] X8 MDM J5 ik B & & T
B A 1T X8T S 5 i Wl A T B 4 KA
G341, b R xDAWN 25 8] 8 i 28 0 TAE 55
iy K HLAT A, % MDM Al X MDM,
PAK T _SHIXT S, Al LAULE] 2 3 1 ROC AUC $2
Tt . 75 & xDAWN 75 [1] 38 1 #% %0 & , X8_MDM £
%} X _MDM, A K X8T S #Xf T XT S ) ROC
AUC g 42 7, 91 an7e &1 4b v, XT_S 7E LOSO
FEUE T 0.780 8 1 ROC AUC 18, H X8T_S 1Y
0.790 116£ 0.009 3. %} T CSP By uE I #e B bR T
B DU, 85 i 3 R SR I B 4R T
M R] DL B, 5 TR 2 2 AT e () R AR
RAERE ST , AT I 15 60 &5 WS AT B | 3 IR
2 S RIAE LOSO 85, LPSO 15 8% i3 56 Y 43 2 Pk
REXIOL T HE T 22 25 () ) e X8 T_S Jy ik, Hirr
I EEGNetv4 ) ROC AUC % 5 . LA LOSO H i,
EEGNetv4 75l 5 5 1.2 s A% FEE 0.822 6
1 ROC AUC, & F X8T_S A9 0.790 1. {HFEH: i
TR, TR BE A > AL A IG T2 2 23 Rl rh e AR
i) X8 MDM FIYK Ak i X8T S 771 . i n] g2 il
TP FEA TN (<200) , 2 S)
A X RIS T RS S (A 0 5 i B A S

BV, UHX THEA R Z BRIV TE O

R T GRA TN BRI BE ), SERR X L T A
D7 VR AL B AT IR R] B F500 By BERE IS . 47 RE A
T A S S TR AR B B ] . DL
SUG 1.2 s BB B 5250 o 491, 557 7E NVIDIA
GeForce RTX 40605 b 19 F B 4056 2 T 7 . 34
A7 B ) f 5 19 J2 LPSO H1 i) X_MDM, ~F- 34 B4~
FEAFERT 0.652 ms, 17 LOSO H 4 T_S JiF i i 1]
I K (12.746 ms). 3 7] fE -5 I 2 B B R0 45 75 B2
R IEARIRECA O . 256 75 B AL 3 25 ROC AUC
FEEHY Y PERE , S 50 45 2R 3K W] X8_MDM #5 AU i
AT WA A, 11T X8T S il & T 5w ik A I
TEE BRI o, XT S Al LA/ ROC AUC AL
W78 29 50% (A R] AR AR FE R, 3 Fh IR 2%
AR Az AT ) dnb 2 R T At i, B 2 DA
b HARAY SFBCSP AR 2 X8T S i 3%
% i X8T SHIMIFE LOSO 2K AiF & ks T
0.790 1 i) ROC AUC, 5 SFBCSP 5% 1 0.801 6
T, R TR S 23 MW 7 VA AE 7 2 Mk g
SRR Z [ SE 80 T RS e A, S
MR T SVM 432525 1 4% R O DA 0 £ far A6z 0
FRISZIA . 36 3 7 , RBF & —Fh i A4 e %
bR R, 5 I SO T 4 A% eR RY BE LY ROC
AUC G5 5 (B (bR E 22 ) SE AT 0T b & B8« DAL
Je B s B AE LPSO MR T (45 R A 6], BR T_S A
RIS, ANIE & CSPFRAE I8 & V) 45 (Al ##1F , RBF #%
PR A B R TH 43 28 ROC AUC 1, H: 24 fr
REAI . T_SHEA ARG &R 42 71+ (0.602 1), HEUE
BRI . 55 I, M TR M i, SVM
LN PREOT R i E TN S A U BE T

R2 FHENHEANREHITHE

Table 2 Average model execution time per sample ms
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Table 3 Performance comparison of SVM kernel functions (ROC AUC)
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Table 4 Performance comparison of the proposed method (1.2 s data) with other methods in EEG cognitive load

classification tasks

FEX Ttk B 1155 HERR /% FRABE % FE4E/%  ROC AUC
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X8T_ S 50 MSIT — — — 0.790 1
RBF SVM™! 22 MSIT 88. 69 87. 60 89.70 0.9510
Within Ly RE N [ 250 10 MSIT 89. 72 93. 66 90. 21 —
X8 MDM 50 MSIT — — — 0. 8062
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