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REFIIL L (Virtual Reality, VR)F AR BIRH K
TUTR AR, (B2 A IR 32 3 ke 100 Sk 2 5))
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H | 24— ZAERIE T H A58 5 2 A A o
R, K FEE AP HIE O, R KBS
AR, BFEREAR T AL R TR Rt
I PG 7 VR K LL R A8 K B 43 10 &2 101
I, FFREM . SEE I VRMS Rl £ A 2250 #H 22,
EAREH] T W0 7 & 3 B2 A 32 IR, 9k
WARIARAAR A, 2 TR 2 A 0 AR B 22 1) S B
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H BT A VRMS B 398 77 25 9 R 1E (2 i)
B HERIEHR), XTI 5 2 AR 30 W
SCMAERR I, 58 SCBE  E HE AR F P R AR e 1 78
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T RUMERIL92%, BERIRFIE68%, MBI
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FF THHE
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AfRREVEZ, HAKH = AR ERARD . A S S
W FEEA AN IS, Chen%E NP T — PP 81
5T EEGHi% 2% 5 5 A 4 M 4% (Convolutional
Neural Network, CNN)&5 & (PR & 22 ST HEZR H T
TR ) 2 gk, @ EAEEGE SN
J¥, R T IEFLCNN 11 9 255 A1 B R R o 1 HE 4
FEMAR AL 2] T 94.67% 1 m AR . Wang®5 A\ 2
P — R S TEEG RIS 2R 9072, it
PRI R AR R B 25 5 — e B K i 2 A 7Y
i LA 23 7 3 2 S B A) 2 UAH G MR ) 1 . B
N2 N PR T — AN T I AT 2 22 4RI S 0N 7 1
(R0 HABE AR, AR AR SR ) AT U S 4544, 4 il A
0 FEAS 5 AR SRR AEVE N, SEIR T /E0.1 sik
R Uty B ISR FE91.8% . Dhongade®s
N7 — e T /Nl AR R VR BE 2 ST I EEG 43
Mrorik, FHT sk EERL RS w0 2808, 75 A 55
£ F o IEAR99.61%F199.12% [ 7r KR R,
RELTIAEHAR . DL EKF TRHIE 5 IR 22 ST A &5
AR ALE T M T ERe ST e, G e s
10 )5 56 o0 A FOSG 50 HTRE LA, N EEG4:
HT AU R B B R 2 —

BT BRI, AR —FRET TS K
WA W R B A EL R AR SRR, SR
B 3E B ) SSBAF FE AR 45 B o B HIUIN S e B
AR HERE 71, & A KRR PG 5 I BESRRE
Minhas% AP BHUNE R, 856 TR RE
K, FHEEG 64 88 45 MR & . B
B, BRI R & T HFER. Shen
2 N 2513t — Fh B T EE G 52 I 0T & AE K6 I 77
s FAZ U A T B /N I AR B R X OG22 A R
fEFEo NGB K8y . TEATFEHE L UBM CHB-
MIT ESEBL TR SR AIMERE, AER T /N AR e
X 7 VI BREAE (1) R /E FH » Dhongade®s A%
PE — PR T /N AR e 5 R B 2 3] RO i o 2L0E
EEGHI 7%, #% Ol B HUN i H M EEG
FHEI AU R, S B SR AE 1 ) B . Wen
S N POTHR Y — i B T N A R - S AE 7 fif-Lo-
gisticBt i (IS Bk, ERSERS, Dgads
BB M EEGH AZ AT E S, NN
GEIRME T HERRE, RN ARG S R R
e IX B 5T 2 — 4N AR B T EEGHRS
J¥ s BVER T EME DA 3R 23 (] OGP . SR AT
HEEEEGH M TR AR, AR 4
N AR, BEBEAE A T KR S AL B HE S ) g
EEG. ‘& [FIR ZE47 25 [0 4838 (5 e 4R 1) 5 B () 2h 25
(0 A, A F B 21 i) 22 5 BT A s Ay AR 2 () RS

THRGEN, e S F IR LA A R SO
BFERHRFE RN o

TEEEG/r#Hh, @ i [ 5 E W EEGRET
JEWE, ANFEEE R NSRS, SEHCE s TE
STURFAE B J I FH I8 T8 3 B ML PR SRS HE A
AU B AT A B A3 T, AT O SR O B 4R
GRS RIERE J1. QinSE AP T —Fi &5
RICHHE A T R BT [) 2 AR ) % (1 o 21 o Y 4%, FE v
X5 CONIN RIS i) 5 X 448 B2 BB ATURRAIE , 3 12 3
BAOBYSEIEIEGE R, L sUb . SRR
BAMIZENEREEGS 2. ZhouZs NP H T X
SRR IR P RERL, B SRR SR S
B AL HOR T B i [ B A S AU . VR 0y
SCERTHR] F U5 SCE R BUR R IZ S REEG
RRAE, JERIVLEI A SRR E A L. %A Y
TEBCI-IV-2a %4 £ 15 B R i 73 587.54% « 5
Wik 7r2571.34%, PhysioNet## iR T 251£87.33%
(=0 2K)M69.58% (MU 73K). MAWFTAEEEGAL
H LR S 2 () R AL A R, R A A
HIAR (B PR N SC R DT T, a0 R S MR IZ S %
A R T B (208300 gk Ja kR, AR ST
VRMSKE AT 55 51N W4 B v 2 A HESE: 7
% B9 38 38 R 7 R AE M B A R HE R SR L
SIS SIHUHICY, ZA U] i U Sk 7 b
(23 [ SRR ME, SCHIXTEEG “Aiis-25 18] 7 X4k &
(TP F] 1Y 5

AL — Bl BIHT B OB R B B (Wavelet
Transform ATtentional Network, WTATNet),
LA TETEECHIVRMSKM . A SCH) = Z 5Tk
N: (DR — M TEEGH VRMSHI ik, &
TG G T IR ) 5 N THHE, 5287 98.39%
Py uerf 2, T UaTEseriE: (2)5IA
YN AR TEEG T, [FB ETEEG i 18]
I 2 RRAE s (3) B R = L, @ E R ) i
AR, I R I A B A URAE , TR <O
- A7 A AL
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2.1 SRR R

WEIFT R NS RAERS 3 mE- R . AT
FHRZAEVRMS, SLEHE H HBit Planet Games
HRM—3F %R GEEIEMFE2) MVRIFK. VR
W NPicod. (£S5, IMEFEI CHL KT VRY
SHRAFEAM BT TN bR, XA R SR
5 min, &LAFEKVRMS, NALKS™H, LU
XREIERIB R faE. o, 8T rE % E
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WRIAMAR /DN AR e 5 5 0 UL 5 P R A0 ST 52 S ik LA A 7 3

BRI — B, B RIRFIRAT TS, WES
f£55 %5 min. #ZIXFH ARES min W58, MESS
MR LI N E WA SIS 15 min
#ERBEEG. Rzl fE, ZRZ A REFHOR
It R DL G L S . 32 7 58 A 25 i
J H EEAE 5 R AU SEF X 0] 45 (Virtual Reality
Sickness Questionnaire, VRSQ), HRiIFAhfhA14
I VRMS/K o ¥k B SARAS, W) ik T 55
AR ORI BN AR B2 . AR5 TR S SN TG
VRMSIRE, 1E54 G i ESEMANVRMSIRE, X
— I VRSQ4E FAERH
2.2 HIRRENE AL IR

AR IR 1224852 (164 B M6 4 &
P, FIE19~28% ). i H B SRR, Toml
W SLEORE PR s, N IR TR R R, M IEH
B EM IR . 2l T ek ()R
SRE, MR TR R (2) TRFER K IE
W (3)RIRET hIWAHEBK. ALIH, EEGH
Neuroscan Grael:X4E, KFEFE N1 024 Hz, ik HME
(11304 H R 2 B 10~ 20 FE B b s B

EEGIRIER 5, o2+, KILHEEXS
JREGEEGHFT WAL B, DIFRAGAHFINEEG. A3
PITALBP BRI R . (D) N T EBRHEHNE: (2)1F

EEGES

HICA KR S5 Wil L FRARH NSRS (4) X E 50 Hz.
100 Hz 1150 HzRaE3 i3 48 b T3 (5)%
#0.5~100 Hz A mygd 48, JERIEEEGT A
By (6) FREEE200 Hzo &4 HALHL G
EEGEE S E N KEIR I BAERFEA, St
3306 344 M5 mi i SRS FEA G 589 ML % 5
F RS

3 ET/NETHRMSBEIE T EER

3.1 E{RER

WE 20 s IWTATNet 454, %R i PG
kB R R . SCER LGS B 4 N AR R AN
CNN, HTRIEEGZ RE M SEE. 2
NN BB A S PO R IR CNN W 25
I3t 5K P 2% S BT R BB O RFAE AT Rl B ik N
FEAERERT I, WA IN128,2.
3.2 INETHR

EIY, BT e B BUNR RS, 8
TAMRKE AN JEDE 2, TR NG 5T B
(HKN2), BHRINGS D ERNAAN T LLIWGT
(A4 &)« LHAMUH (8 BARA- K s &)
HL AT (T B =y 30 KPR A 23 8 )« HE A (15 A0
riE)e YEBSEUNEA TR A (1)~ (4)

REANIL IS0 1

Fis — VRSQEEK —>

LU 2D DWT

Jibi FEL R

smindhggs T VESQER —> 4K

2 Y vV

LL, LH, HL, HH,

|
|
| LL, | LH,
|
|

HL, | HH,
(15,50,1) (15,50,1) (15,50,1) (15,50,1)
F iK1 |
W20 s s 2 D HI,

LL, || LH; HL, | | HH,

) e, e e
-~

|
HH, : LlDropoutH Norm |<—| Conv2 | :
| B s e

|
|
L (s,

DWT feature (30,100,1)
g2 8250 @B G5

(30,200,1) T — || Conv4 |->| Norm |->| Relu |->| Convb |:
X2 Conv3 | BIEERS | SFIRTER _>: T
Tl AR Tl e ’
(30,186,20) (30,186,20) (186,20,30) |l_| l\_hf-liw_hn_g ﬁ Fieli ET'_ 1\5,1111_| :

(30,100,8)

B 2 TN B B S IR B 0 (1 3 55 (W T AT Net)
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LL = (z+h) + hT (1) B AR R A, R R AT
: WA R R A Ab B, R3S R 1R, A,
LH=(z+h)*g ) T OTRAT = N A B T, SO S
HL = (25 g) % A" 3 TIWHENUERE, MR, KL SHE MR
FIHEFF HEATXT L
HH= (zxg)*xg" (4) 3.3 @iEES gk

H, hRAGEIEES, gemBiERka, «Rnt
FUERAE (P REEBKON2) o N T 3R HE 2 I 4 7 ik
gy, WRHT 22— NE R, %5 R SR
it LLEAT B R B8 A7~ (LH L, HL HH) , 8% 5
il 2 B PR FE B BE Y, I AR Mallat Af =) 5
M, FTHRE RER - SRRE. &5, W
I3 FR AR B 1) /N FR B 151 2 Fi s P RS R s
JSF AR R AE 9K B, 2000 5 2 CNNHEAT REAE 32
. BRZIIRNERRZ(3,3), BRZIEE 5N
16, 32,

FEREENZ, S4BT EEG K
YEREAT RO BE, 30U BN H R ERGE R AE . (H—4E &
I 1) 42 Mk HE AT T 25 S e S B TE — 4 2 ) o7 B8 O
Fo N T YR/ RS AR G 2 A O A (RS

(a) BT

fEX B2, EEGH LN —~11D-CNNJZ,
Z1D-CNNI &R R ST N (1,15), A 200 50
WIE . SR 5 I8 S RO N RHIE 18 3 3T AL
Kem b FLRAERE 1 (K 4) o ZBEH B S X KRR 34T
AR B KA AN A = 3t Ak, SR 5K AN A 45
Fd g =M 2 E BN (MultiLayer Perceptron,
MLP)JZ, FER5 s — R 28ERE. &5
WX AN EEAUE S N FREA T, 15 R0 S
fiF o JETE YV ST 1 32 2 AR R R I 2R 0T 1 2%
B EERE OB R, 85 2 W 28 SR AR A — L83d
L, ZON—diE. mEsETHEA RN
We=0((MLPF,,(Xc))))+o(MLPF,,(Xc)))) (5)

avg
Hrr, ostsigmoid Bl BE, F&, M ES, 7l 3R
A R E AL Al 4 /R oKk, Xo 2 i NRRIE .

(b) 1A

3 P T R &

x1 —HSRHFEE

T ST
[Fpl, Fp2, F11, F7, F3, Fz, F4, F8, F12, FT11, FC3, FCz, FC4, FT12, T7, C3, Cz, C4, T8, CP3, CPz, CP4, P7, P3,

e Pz, P4, P8, O1, Oz, O2]

- [F11, FT11, Fpl, F7, T7, P7, F3, FC3, C3, CP3, P3, O1, Fz, FCz, Cz, CPz, Pz, Oz, F4, FC4, C4, CP4, P4, 02, Fp2,
F8, T8, P8, F12, FT12]

_— [01, C3, P3, C4, F12, FT11, Oz, Pz, FC4, Fpl, F3, Cz, Fz, FT12, FCz, P7, Fp2, F11, P4, F7, CP4, P8, T8, 02, CPz,
F8, FC3, T7, CP3, F4]

- [F8, 02, Fz, P8, F12, O1, FC4, CP4, FCz, P3, T8, F3, F7, Pz, Cz, T7, CPz, FT11, C3, P4, Fpl, Fp2, P7, FC3,

CP3, C4, F4, Oz, F11, FT12)
- [C4, FC4, P7, Fp2, F4, P8, Fpl, P3, FT11, Cz, F3, F11, TS, CP3, FTF12, 02, F8, Oz, CP4, FT12, CPz,

Pz, T7, C3, FC3, P4, FCz, Fz, O1]
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3.4 SEIBEER

£ 2 FIKEEGAC B, HH T i FL g i 3k 1% 22
MZikE LM ZR, EEGUZREE S X®
Wi, SICYE B ST aE ik XA ] 5 B R R 3 AT
MR AR E, R SRS T, A8
MR A G B E . FEOEE BB E A EE
ShallowConvNetPA [ i, XA eRATFI7,
DATHERHE D)2k UK AR e e ik . e X7
Ja MEEGHHT 4 )5 e KL A1 4 J& - 3534k . K
PN AR ) g R AR s A S MLP =, 5
Ine— e N FEUE

Wi, = o(MLP(F,,(Square (X1,)))))
+ o(MLP(F,, . (Square (X1.))))) (6)

He, ogsigmoidBUE R, Xo &M ANRERE .
B, CBAGE R ISR RN EEHEd W E
CNNHATRHEFREL, BIRZ I RN 5072 (30,1),
(1,15), HAAZIEE 70 /232,64.
3.5 1REYINIE

AR 109728 XIRUE R PP B M RE, 20
EREHLE 23t 108y, EE10IINGR, &I
SR 1 BRI RINREE, HRmH T UIZR. A3
H A P A PR R AR PR BB A R . accuracy,
precision, F1fllrecall. AR LG, AEET
1E A K 45 (early stopping). fERE—HTiIZRH,
WG — DR R4 (80% ) FIIRAE F 4
(20%) . FERImS CAERN10, HAW 5% )% H

18 B 1 B (R ReduceLROnPlateau s g, 430 1E
13 2 AN P IO I 2 ) 2R ) 38 3 T B E AR 1
AT . XFERTH AR FINGRCR . A MRS,
B i A . WIaR5 21 R BB 1 <104, fitk#s
Adam, #RRBONZ X, w2, BALENRKEE
VA, B B AR BE 9 109 45 SR P A
AR IE T Kerasty 2, FFTENVIDIA GeForce
RTX4050 GPU _L#47I1%.

4 SLIGHER

4.1 XFHRSCIE

N T BAEAR ST BRI RE, S N8N L
BERME NS, ROBIX LR )3k . Ho
ASCFTHEWTATNet S T e 4F 1943 e, ac-
curacy, precision, F1flrecalls; 7 498.39%,
98.39%, 98.38%, 98.40%. MLUERARIN Z, L
i DeepConvNet, ShallowConvNet,EEGNet,
EEGNet old,EEGNet SSVEPZ:5l%30.9%,
2.84%, 25.99%, 30.61%, 19.14%, L2 Con-
TraNet?, Conformer, FBCNet!® 471 5513.42%,
5.05%, 0.35%.
4.2 HRhSCIS

NEIEWTATNet &AM R, A
BT —RYNERSLE . TSI R A B AR E
WRe R oA s, B2 EREE
B, B3 oI . A4 Y
SERERI 1. BALS: (e B S 245 K.

Global
Max-pooling \

Global /"

\ \
| Global 5 |
| Max-pooling \ = o0 |
\ T P \
‘ Glolml_ / E ‘
‘ Avg-pooling 7 N
[ ” [l

Avg-pooling

(a) JIEHF )

— — —

(b) FEEEET

K 4 PIMER IR

* 2 MERIBEEER (FELITEE) (%)

T /Fa bR accuracy F1 precision recall
WTATNet(Zt)‘C) 98.394-0.56 98.394-0.53 98.384-0.53 98.404-0.52
DeepConvNet 67.4946.03 64.004-8.13 68.1245.88 78.984-2.73
ShallowConvNet 95.554+4.03 95.4944.13 95.444-4.20 96.144-3.16
EEGNet 72.4044.45 70.7645.32 72.914-4.08 79.564-2.34
EEGNet_old 67.7843.73 65.0444.98 68.3243.58 76.7942.08
EEGNet_SSVEP 79.2544.59 78.584-4.92 79.594-4.42 83.684:2.91
ConTraNet|[33] 84.9746.05 84.6646.57 85.0946.03 96.8243.75
Conformer[34] 93.3442.28 93.324:2.29 93.424-2.24 93.844-1.86
FBCNet[35] 98.044-0.92 98.03+0.93 98.0240.95 98.084-0.82




6

T 5

B i 548 %
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6. AN B 245 SO HOJG M v s i, B
7 25O HE SHGER U, BIRS:
WTATNet H ] 2 /)N 5 A8 30 35 4 oy — 4 /N AR
e, AR () GEFEAT /NG S fif . BRI~ SRR
¥ e B R R B, IR SR A S IR 1) HE
AR HE T R RS R AR 3R o TR [ HEP
A, AR HER R L e AR AR 1. 78 %, IX R B/
WAABAEEEGRHESRIUH R IE T EB/EAH . BR2
R 3 () HERF 50 Sl L e R RUA 1.36%, 1.01%,
XFAE B2, VER IR GHE TEEG
PIOSHRIEIE RN S, 8T TRERIA RN, B
SRR HIEEE S s B, B4 SRS
TR 243 3 Ll e A A 1.66 %, 1.82%, 3R B X%
PALEN A 2 ARG R, RS E RN
BURFAE X 43 B, H B 1R 1R AR G 7 g 2 0 2 2 —
Ko B 6 5 R T HERR K 4 ) LA A 57951058 %,
0.24%, IXFPIEFRBBE G, JWIEE R IER S
SR B R B . BRI
B L AT IR AR AU 1.78 %, 6 W] 4 /NI AR e
TESR I EEGHSAE AR T — 4B /N AR e, X LA —
Y /NP AR — eI (8] A AT 2 RE b e i —
o /N AR 3 R A YR AR AT £ 0 R A
TS B R s A, IR E AN GERE (T
EEG, BB FIn (8] 48 ) 3E1 TSR T RAEERAE

AN, T LLE H RO 1) HE AR T v

FPo B PRI, L2 5 AR A 3 B HEA R 4
) B T 58 B4 1K1.85%,1.06%,3.43%, 2 BALE HLAK B
AT, SFRE R IR B R, BAI34R
T PR A 22 1T BB S B 1 L5 S 3000 46 A 1) S0 1 14
I CA S AR B9 55, X — U B T s
B ANFIACURT R, EEEREINEER.
BEAN, AR A 5T 5 (1) 1 A 2R 40 0l Ll 5E AR TR
2.31%,1.06%, X FREKHDUEB AR E Ly, H
TESIVE R R, MG, AL T I HE A 2 43 i) LL A
H5150.29%,0.14%, XRPIBEEFEE 1S5 FHER
JITE R KA I BAE A . X ebsh J 5
HE7 T 4 R A —3K.

AL, RSB EEGH 13Uk 5 1B L E HE 5
TN T HE AT ch 3G AF, 45 AR AT R . 3IKPE
HUHEZ (AR 70 HE At 2 A% T F AR 1) HE 21 5 e
RS
4.3 FFHERTIAL AR

T BUEWTATNet [ 70 281 i J %5 B 1 2%
B, AR T-SNEF WA SRR BT A Xt
RS DL R Y i S 6 A A Y iy 25 51 B 0 s 4R A1
BILSR 31 AR A, PR AT Ak s RAE B s A El 6
o WES5ATR, EEGNet, EEGNet old, EE-
GNet SSVEP, ConTraNet A & DeepConvNet[1]
R S ESRE, WA %3 HENRE.
ShallowConvNet, FBCNet B A B &L A, 5

* 3 BRREEHF TEAEMSINER (PHELREE) (%)

i e
TR/ accuracy F1 ﬁmﬁkirecision recall accuracy F1 rlj;tﬂ;rirecision recall
WTATNet 98.394-0.56 98.39+0.53 98.384-0.53 98.404-0.52 97.9740.50 97.974£0.50 97.9740.50 97.984-0.49
il 96.6140.55 96.6040.55 96.594-0.56 96.644-0.54 96.1240.74 96.1140.73 96.104+0.73 96.164-0.74
(et 97.03+0.60 97.02+0.61 96.99+0.63 97.15+£0.54 96.914-0.54 96.90+0.54 96.864-0.55 97.03+0.51
A3 97.38+0.33 97.384+0.33 97.364-0.32 97.4140.35 94.5445.37 94.46+5.55 94.5745.22 95.284-3.82
4 96.73+0.61 96.72+0.61 96.69+0.62 96.814-0.59 95.66+£0.57 95.654-0.58 95.60+0.61 95.814-0.47
L5 96.5740.47 96.574+0.47 96.5740.47 96.58+0.47 96.91+0.68 96.914-0.68 96.8940.68 96.954-0.67
6 97.154-0.64 97.144-0.64 97.13£0.65 97.18+0.62 97.204-0.46 97.204-0.46 97.1940.46 97.2440.44
i Eithg 96.814+0.34 96.8040.34 96.784-0.35 96.8640.32 97.05+0.42 97.05+0.42 97.0240.42 97.1240.43
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Abstract:

Objective Virtual Reality Motion Sickness (VRMS) presents a barrier to the wider adoption of immersive
Virtual Reality (VR). It is primarily caused by sensory conflict between the vestibular and visual systems.
Existing assessments rely on subjective reports that disrupt immersion and do not provide real-time
measurements. An objective detection method is therefore needed. This study proposes a dual-path fusion
model, the Wavelet Transform ATtentional Network (WTATNet), which integrates wavelet transform and
attention mechanisms. WTATNet is designed to classify resting-state ElectroEncephaloGraph (EEG) signals
collected before and after VR motion stimulus exposure to support VRMS detection and research on the
mechanisms and mitigation strategies.

Methods WTATNet contains two parallel pathways for EEG feature extraction. The first applies a Two-
Dimensional Discrete Wavelet Transform (2D-DWT) to both the time and electrode dimensions of the EEG,
reshaping the signal into a two-dimensional matrix based on the spatial layout of the scalp electrodes in
horizontal or vertical form. This decomposition captures multi-scale spatiotemporal features, which are then
processed using Convolutional Neural Network (CNN) layers. The second pathway applies a one-dimensional
CNN for initial filtering followed by a dual-attention structure consisting of a channel attention module and an
electrode attention module. These modules recalibrate the importance of features across channels and electrodes
to emphasize task-relevant information. Features from both pathways are fused and passed through fully
connected layers to classify EEGs into pre-exposure (non-VRMS) and post-exposure (VRMS) states based on
subjective questionnaire validation. EEG data were collected from 22 subjects exposed to VRMS using the
game “Ultrawings2.” Ten-fold cross-validation was used for training and evaluation with accuracy, precision,
recall, and F1-score as metrics.

Results and Discussions WTATNet achieved high VRMS-related EEG classification performance, with an
average accuracy of 98.39%, Fl-score of 98.39%, precision of 98.38%, and recall of 98.40%. It outperformed
classical and state-of-the-art EEG models, including ShallowConvNet, EEGNet, Conformer, and FBCNet
(Table 2). Ablation experiments (Tables 3 and 4) showed that removing the wavelet transform path, the
electrode attention module, or the channel attention module reduced accuracy by 1.78%, 1.36%, and 1.01%,
respectively. The 2D-DWT performed better than the one-dimensional DWT, supporting the value of joint
spatiotemporal analysis. Experiments with randomized electrode ordering (Table 4) produced lower accuracy
than spatially coherent layouts, indicating that 2D-DWT leverages inherent spatial correlations among
electrodes. Feature visualizations using t-SNE (Figures 5 and 6) showed that WTATNet produced more
discriminative features than baseline and ablated variants.

Conclusions The dual-path WTATNet model integrates wavelet transform and attention mechanisms to
achieve accurate VRMS detection using resting-state EEG. Its design combines interpretable, multi-scale
spatiotemporal features from 2D-DWT with adaptive channel-level and electrode-level weighting. The
experimental results confirm state-of-the-art performance and show that WTATNet offers an objective, robust,
and non-intrusive VRMS detection method. It provides a technical foundation for studies on VRMS neural
mechanisms and countermeasure development. WTATNet also shows potential for generalization to other EEG
decoding tasks in neuroscience and clinical research.

Key words: Virtual Reality Motion Sickness (VRMS); ElectroencEphaloGraph (EEG); Discrete Wavelet
Transform (DWT); Convolutional Neural Network (CNN); Attention mechanism



	1 引言
	2 实验与数据获取
	2.1 实验设计和虚拟现实场景
	2.2 数据获取及预处理

	3 基于小波变换和导联注意力的双路模型
	3.1 整体模型
	3.2 小波变换
	3.3 通道注意力模块
	3.4 导联注意力模块
	3.5 模型验证

	4 实验结果
	4.1 对照实验
	4.2 消融实验
	4.3 特征可视化分析

	5 讨论
	6 结论
	参考文献

