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Cross-subject invariant feature-based pattern recognition using SEMG
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(1. School of Automation, Chongqing University, Chongqing 400044, China; 2. School of Artificial Intelligence,
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Abstract ; Surface electromyography (sEMG ) -based lower-limb motion intention recognition has been shown to hold broad application
potential in the field of human-machine interface (HMI). However, owing to the inherent inter-subject variability of sEMG signals,
significant domain shifts exist in feature distributions across subjects, which severely limits the generalization capability of sEMG
recognition systems in cross-subject scenarios. To address this issue, a novel method named cross spatial attention-based dual-stream
time-frequency convolutional neural network with gate-controlled feature decoupling ( CSACNN-GFD) is proposed in this study. The
proposed method adopts a dual-branch time-frequency input structure and employs a multi-scale convolution module integrated with
spatial attention to capture the spatial correlation and time-frequency dynamic features of multi-channel sEMG signals, thereby enhancing
the capability of motion intention information extraction. Furthermore, a gate-controlled feature decoupling module with a complementary
mechanism is designed, together with a decoupling loss function to constrain both feature extraction and gate learning processes. This
design enables adaptive feature partitioning in the deep representation space, realizing the disentanglement of motion-related features from
subject-related features, and further performing pattern recognition using the cross-subject invariant motion features. In the experiments,
sEMG data of five common continuous lower-limb movements were collected from ten subjects, and comparative experiments on motion
pattern recognition were conducted against existing generalization strategies under the leave-one-subject-out ( LOSO) cross-validation

setting, with the results showing that the proposed CSACNN-GFD achieves an average accuracy of 84.29% on unseen subjects. Further
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validation on a public dataset with eight types of movements yields an average accuracy of 73. 83% , improving the average performance

by 4.32% and 6.55% respectively compared with the baseline models, and outperforming mainstream strategies including MIXUP,
DANN, CORAL, and DIFEX. Meanwhile, the inference time of CSACNN-GFD is only 9.57 ms, demonstrating favorable real-time

performance. The proposed method effectively enhances the generalization capability of cross-subject SEMG recognition systems, thus

contributing to the universalization development of human-machine interaction technologies.
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Fig. 1 Data acquisition system and experimental scenarios

Camargo 25" BEAERI LA T I AE W )1 24 TP IR B0 46
A5 F 5 12 SR AT g AL B Ak, Hrp 10 44532
IR B LR B0 Bl T 05 36 X LE 58I, JE A 11 L
R B IL A SMRIUL R REEEAL B =S AL
JRCELL BN AL e AL | Lb E L B wi AL e S
MLAE 11 HeUpa, % ny B o | E & | 48 307 1 ATk
(1.45.1.17.0.88 m/s) , LABES T ARHEE L3 T ok b
AR ST Eiv
1.2 HiEmAbIE

WUHL A 5 B 23 A5 76 20 ~ 500 Hz'2' )l T 980 is
SN FIAEE T30, R 20 ~ 350 Hz 77 0 g I #8 E4T
VR, A 50 Ha B I 08 I 2% 5B AR T30 AR Hs LATE Y
ST, B G K AE 32 ~300 ms AT LA 2 S i1 25K ] Bisf
188 BB B A s B SR Bl S0 ms, B K
250 ms W E S E I TEIE HE . HHTRE, N EA
ZHIE S BIREA A T REDL R IR A M, A
AEE R 5 2 WO B AR R B 960 1 FE A St
48 000 MFEEANTRL 5 iz shisiat, A FFEIE S AL B2
— B, FEAC AN I (1932 B0 28 ) e 15 DA B 43 AT

2 ATIEZHFHEIREN S i% CSACNN-GFD

2.1 ZEFEENERMLE CSACNN

A B LA NLBAS S A0S & A EEMiEsER
IFEAEHRPED S ARS8 R WL T 3l A I A
AL RS A , R WU S R R s BT A
MWLEL A5 3845 32 & A8 B il i 1 s A R A
B M T A A B RGR AT A R 45, SR FH RS2 /Y
B A A, DA s 358 5 01 Jak B R A 2 EOL R AR AR AR B
Oy K AR LR LR L, 43 52— A B L A
(short-time Fourier transform , STFT) & B9 LEE B A5 & | 15 %
SFT s (1) EERECH g (1) WG SAERSE] 7 AR £ F 1Y
STFT 5 A=K (1), For w=2mf, et Sk 23,28 ] 2%k
PEE , R 32 ms B4R 1, FI LT B 50% S5k
AT STFT 546, It e R e 5l

STFT(.f) =j:s(t>g(z — e dr (1)

W 26 HARSE R AN 1] 2 B, 78 B ek 43 32 rp ok H — 4
B AR AT 53 3R ] 4846 B LA A B0 1 25040 48 152
—Z¥IR ] 3 FER R K/ NGB LA F & R IR S TRl
Z ROFE & BURR fE & BF #2 )5, il o #iE )3 — 1k (batch
normalization, BN) #ll %l 2> 5 { %% . &5 7 % 06 28 %
( Gaussian error linear unit, GELU) 5] AJE£ett, % &3
JUL RS T X6 1 A ] T B L AT 262 LR v iy 2 ) DG &R
FI =3 [0) v 2 1L (cross spatial attention, CSA) 432H
2 2] 177 2 B IBCAS (]38 38 AN [a) RUBE 2Z (8] 1 25 8] FREAE
TR B DT AR LR o] F) T ) 06 3R, S A AR R AIL BT =
BRHER G . SR BRI ALE R AU B AR 0]
ZIHBER R, FIH 2 2 BAAL ( multilayer perceptron,
MLP) ¥ 4% G e g, g, € [0,1]", #ER(14) LR
T 58 BURFAE AR , 4R B AN A8 (932 B RRAE SE A7 8
G328 PRI ERITE RO I ERBIPERE
2.2 VEHFEMERRTTE GFD

SHERLEAEA X, e RO, c VR E, T Nt
B 2L X RE 200 y e VAKX d e D,
TESEHLAS £ WU 5 TP R IR 1) i 2 = f(x) e R,
k RFEAEm AR RE . MR DA A5 2 AL is B R
L5 B z, FIAVERROEASG B 2, 45 1(2,5Y) > 1(z,5Y),
I(z,;D) > 1(z,;D) W 23z SRRk -5 4> L4 Ak AH AL
BT TETCARCER  Hh 1(5) REFEEFL, LEH
il R T A A DAy 1 3 N A AR A B 45 ) A, R e 3l A
PRIRE 7 2% 2R B )00 AR S IO RE AR 1) o 7E A ) 4 B
A, A 2 B ELANE AL R TR A
JET TR ¢ (- B R ) — T AR
ZMig, g e [0,1],



55 2 1] KA ET WA 5 B B BN AZ RE 12 Sl A 247
BB AR BIRE
B R
Nx12x250 Nx48x125 Nx96x63 Nx192x32  Nx192x2 Nx64 | . vy L« ~___]i\i'><128
GRS
lal bi2lal 2ol 4
Ze i L
o Nx48+8x8  Nx96x4x4  Nx192x2x2 —s T /
STFT-HliLfE 5 —— 5 =
(=N
= 1,/ = Elaid
= = A
Nx12x16x15 ) -
/
! CSA 1R
i t oncat+
@ E ’ cinﬂ;l
Output i
L 5R8%, K310 Lo BEXH1%, R (11) Loy sttigisk, R (12) Lo sy2stik, R(13)
BNt H—1b GN:AHJH—HL Flatten: f&-F J= Fo: &R
K2 AAZia s RO 5454
Fig.2 Structure diagram of invariant motion feature extraction method
SE SRR BRI N (2) BT, OFRER KR, Z BB 28 S
z, =z0g, € R P(x)
P R (2) PP 1 Q)= 3 PG o (1)
Z, =z@g3 e R xeX Q x

3 (3) PRIE T AT 24 B AR S AH C RIS A AR OC Y
A0 3 b BTy BE B9 A A SR 1, DT S8 BEAE R 2 T
BB EER S, o (+) N sigmoid {/?f((ﬁl%lﬁ,zl Mz, X
L A 2% S B ARFALE o

(Wi(z)) +b,) O(Wy(z,) +b,)
oo |

Jd,

(3)

(Wy(z) +b.) )

g =1-g,

HAFRBE IVRRE z, OB T 2z TPz sh R 2, Uik 2
= (4) 00,

I(z,;Y) = 1(z;Y) (4)

EXHAFBEMER A X (5) i,

A=1(z,;Y) - 1(z;Y)=H(Y|z,) —H(Y[z) (5)

B (5) 1.

A= p(z,y)log(p(ylz)) -
> p(z,,y)log(p(ylz,)) (6)

U TR B OBRA P A Q. LA KL
( Kullback-Leibler divergence) U=\ (7) Fiw , ‘B X B 43 1

Tz, =6(z), b 6(+) WOk TIIESH, 46
K (6) (7)), BAFBZME A AT A5 Ry =0(8) B,
A=E[Dy(p(yl2))p(ylz,)] (8)
WIFE KL SR S8k L, n=(9) FiR,
L =E[Dy(P(yl2)IP(ylz,)) +
Dy (P(d|z)|[P(dlz,))] (9
MBSy s, W2 AS £ DGR AR A
P(-)  ERERINZR R Al 5 Bk L, X (10) M T
X (9), /M L KR z, A TZREHIE R z, A

FAAER A,
L,=E{ﬁxwhg£f21+fxwh%fxa)} (10)
B AR 125 25 G AT B R A A 7 [ —

AU SEBREARRE x| X E ST o 2

LURAPERHE 2 21 L2 3 A 77 30 A B

R A — B s (1)

fi(2)

12 2 exp(s,/v)
LIWZ—NZlog e (11)
=t 2 exp(sij/'y)

je N (i)

Fo, s, WEEASE 2 W 2 ARTEHIBLE, 2 (i)



248

i a4 %

2

i 4T

A X, RIS, A7 () RS HESEER Ay $5 12
MR AERR L

[z, % 3% A G B4y 28 4%, 3 i B R B )R
(gradient reversal layer, GRL) i fifi % BY /3 2448 Jo vk I
z, WO, i DS S RHE A L 8 MR R

L= 2 [ 2 ddog((GRLE)))]

A N HER KN D gl g

I IR 2 PR S8 BRI AN R B AR 2
G AR TC A LB BOR R A8 19 38 B AR AE 2, A HERR
fiE 2, FIERAT W B 1932 B0 43 2 RN Bh FH P 43 25 i AT
% RIS S Ly, M8 2R300K L, DA ORRRIEAE 232
155 BRI, Hoh B HR 0. 1 AR 7332

RILAE R, AR O R 2 AN, P DA BE 0k £ T
F, ST SIERRAE A PERRAE R4 T 58 X E 4 58 Wiz
VNG, %R — 7 R T B 35 AT S AR
TEMERAE 2, , D8P b B #5132 315 B, 3R
FERRAY B AR — 3R, 55— T i B2 AT A A i 44 o
B 2 ST = BB A G, DA TRz AP RE

L, = Lo (f(2,,2,7) 57:) +BLe(f.(2)) 3d,) (13)

FBARR L= (14) Bs, Hd, A, A, A, BI{E
S 0.6.0.3.0.1,

(12)

L=L + /\leair + AZLgrl + AL (14)
3 % i

SCHIIFE 64-bit B windows #RVE RS EIEAT, RN
13 1% Intel (R) Core (TM) i7-13700H processor) B¢ £
16 GB AEHI NVIDIA GTX 4060 &4, il %% Adam
PeAbss R R/INR 128, W1 iR 2] % 0. 001 2, R i
BT
k2

R BB R 26 55 Sl 4 EL A ML
& 3

!

FE S A = g EA  R

INEE 2] R 5% AR K o ) R FE A N 2 R
0.000 01" 1% 50 4~ epoch, R FH B — B3I 5K W, 41K
PEFE 1 A E R AR A 9 AR U208 X
AR TR
3.1 R iER

CEA AR (15) ~ (18) i 48 b5 PF Al A5 AL
fE, TP A1 TN AR R TE 5y 73 2 1 1 A9 K5OR80 i) K, i
FP,FN ERBERIEE 3 2 0 TE BB 5 68, oy 1 5%
UEPE REHE T4 5 25 M, SR A Friedman #E47 42 Ja K 56 LA F)
W7 i ) B A 22 e, ARG IR 45 R B 3 ) A
Wilcoxon £ 5 Bk £ %0 #F 47 &+ J5 70 #7, R /] Holm-
Bonferroni #¢ 1E, T A 43 #t ¥ 8 B Python ¥ AY Scipy Al
Statsmodels SZFR, B E K EHIE R p <0.05,

TP + TN

Accuracy = (15)
TP + TN + FP + FN
TP
Precision = ———— (16)
TP + FP
TP
Recall = (17)
TP + FN
Fl - Seore = 2 X Precision X Recall (18)

Precision + Recall
3.2 HFEREFERTALAL

niE 3 Fros , FIHEOTE X 3 2850800 3 2 it
ATRFOESFRE AT RRAL | AR S5 A5 3 W SRR AE , b SRR AR
XFRE z, , PERHEXS I 2, HoA ol — e 2l # b ok
Wi,

SR BN AR S R — SRR, SRR AR
JI53 AT R IUAR L, A&l 3wk (] 23066 5 RE R T TR o
[) — B8 AN R SR SRR AR 2 9 22 S, X
TR TB N KB ARk, HAh, i FRAS 2 04 PR

Y

R IR SR

Y
N RBARAPERHAE A 22 5

A A R AT L1

Fig.3 Feature decoupling visualization
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Fig. 4  Visualization of motion and private feature decoupled for different subjects
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LSTM ,E2CNN , CNN-GRU , - 35 43 2 fE 1 SR 2 T} 2. 95%
(p=0.084) .3.58% (p=0.039 1) .2.77% (p=0.084)
1.46% (p=0.039 1), [EIBJAH LS MCNN, 25 [A] 7 & 6L
Tl AR Y 2 2 VB R AR T 2. 19% (p=0.0192) , &%
FUABHMG A AT 5 47 A Ve RE R A 25 10, X 7E
CSACNN 5 CNN-GRU #3345 1R 81, H AT 5047 19 4 25 1
A8, I EA A g ) A S A R e

22 PXTH TSRS G TR AT 24 i RS CSACNN
FESHCE AT ZRAR) b T 43R L e P st R4Sy
9.01 ms, 52 50 ms HEEIFE T AYSLAFEER

R2 HEEFREXLIE

Table 2 Comparison experiment of computational complexity

e ik E s v iJIléfr;Ea‘l‘EE/ ?ﬁiﬁﬂﬁq‘l‘ﬂ:
M (s+epoch™) (ms-sample™)
RES18 0.98 9.31 10.15
MCNN 0.42 9.07 7.85
CNN-LSTM 0.28 4.72 4.37
AR AL E2CNN 0.15 8.50 5.67
CNN-GRU 0.17 5.26 4.90
CSACNN 0.48 10. 44 9.01
(AR3CIT)
MIXUP 0 9.83 7.81
TR CORAL 0 13.20 8.52
AR DANN 0 9.48 8.93
e DIFEX 0.2  17.65 7.85
GFD (A7) 0.023 15. 40 9.57

IR b P R X DA R K R ILH
5 S MR 22 S S 80T B PERR AR 1L ik —
AP BAIE SCE R S B A A, XL T 4 SETE L AL
U AT S8k 14 32 A 5w, A0 455 450 3% Bt ) 4% ( domain-
adversarial neural network, DANN ) R A B R
( mixup data augmentation, MIXUP ) Col Oy 22 % 5
(correlation alignment, CORAL) RN - NE L S T T
( domain-invariant feature exploration, DIFEX )™ H
MIXUP 38 ™ 21 5 854 1 5 1Y) J =3 T8 B 7 oK
I 1z e PERE ; CORAL X5 AN [l g o i R AE B Jr 22 56
W AR TE BT i b 19 MERE s DANN S i B8 B2 S 5% 1)
7 ARBUIIAE (132 S RRE ; DIFEX F1] F 2518 % > e
TEXS 5%, [FA AR Z A A A I ) A AR AT, A1) A
RN i R > WU ARAE A8 3R L AR AR B 38 43 1)
FRIEZS (]

A6 1 LASR 7 15, SCEE 4 Y 09 GFD SRR (7
PR LS 2 B R 79. 97% HE T E 84.29% , M LT
MIXUP , CORAL, DANN , DIFEX 43 5| & 7+ 2.87% (p =
0.0039),2.36% (p=0.0059),2.76% (p=0.0273),
1.84% (p=0.0420),

100 XXMIXUP %7 CORAL EEDANN
SNDIFEX mMGFD

ol (bR hibm Lille LlLlp
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| | 4 | |
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Fig. 7 Comparison of different generalization strategies
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AR IE] 2% 5 3 I R 2R U A R B8 & & CORAL 5
DANN B T 78 FRAE 25 (8] b X6 55 A5 [R] 38k 22 10 #9435 41F 43
A, 0T RRAE P9 A 4% 04 B M 28 1) 4T, A5 7R e LA
1E LB 22 5 5 08 B8 S X 2 o] 3R 3 S5 - Ay, 1
FEIB SRS AS PR TSR T 2000 BE 1932 SRR AIE , BRI T AR
Bz e LR, AHEEZ T, Frde GFD AL % T DIFEX
AR AR AR b B AR, O S et 2 A AR AE 4 S P
Tl RN A8 SCE 20 9 43 2 5, NARRAIE 23 A1 %) 5% 5 5 Ak iz 2
FIRE B B $2E TR ()2 ALk R, [RIB GFD X AE
FEVEAE TR ) BE Rl 1 35 0 sk S 2% T FR AR AR, B T LA

B M B B TR P AR SR I 45 vp  H5 36 2 n] 45, GFD %
AN S ECR AR 50 B BT 0 U ZRassoR DA e
HMERE

23 B TR e sk r it g, Hoep
35 HA 88 4% Mt mtERE, 1M 4 SR 73.6% , 31X
ATRER N 4 S SR L H 2 Sk i B
SPRE , ML R AR 22 5 PR 22 SNL M 45 RN i
A X SFE PR R T, X e T HLRAE 5 A
TR 22 5 BT R ATz AL e ) e 22 SRR R 4 5o
JITHE B R AR SR RE R T 8. 5% , ANV Bl bk
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Table 3 Classification accuracy of different generalization strategies across different subjects

Ligne R
Ik
1 2 3 4 5 6 7 8 9 10

Ori 0. 830 0.791 0. 820 0. 651 0. 817 0. 845 0.797 0. 807 0.817 0. 822
MIXUP 0. 862 0. 804 0. 854 0.615 0. 824 0.879 0. 827 0. 832 0. 844 0. 801
CORAL 0. 852 0. 802 0. 869 0. 661 0. 861 0. 860 0. 824 0.816 0. 831 0.817
DANN 0. 851 0.783 0. 871 0. 659 0.776 0.878 0. 833 0.792 0. 843 0. 867
DIFEX 0. 860 0. 839 0. 849 0. 652 0. 841 0. 855 0. 830 0. 841 0. 827 0. 851
ARSIk 0. 867 0. 830 0. 884 0.736 0. 849 0. 882 0. 853 0. 837 0. 847 0. 843
3.6 MBEEEERES £4 BBERSRER

N 4 Fros , SCE TR HE H A R SR 35 O pR ot Table 4 Ablation study on decoupling strategy
TR b, o L S & 32 N E A 18 34328 Jik L L. L, L WER %/ %
B FAR T A REA L TT DL A A 15 4 1 5 b » DE——
L SR L, %4 FSPERE I B T4 IR L, P T 1% .y ) 70 sras s
5 LRI FEAPE 1 TE 0 (R 30 M B 1 R TT AR PE e %4 . VR C wsasas
Wk L, IR H T 2 T B B — Bk 1 2 VR e
SVREAE T SR TCA TR B, AN BE2E S 1, W] .
DIE— A5 Wl B M A P A1 B B 402 18
SEeft AW IR (R T 4 4K B R | T B 6 v Y ¥V vV snw
FIE 5 5 2300 0 I 424 8 T T 30 P 5 1 0
TEUT 5] 7 3 G P A £ B AT B ol
THIE SV A R 7 B T B0 3Z L PE R, T AR Y e 1
XEBC: ST T 12 S A1 K O B 2% 50 ) | P I
SBEG T TR G- ) A T ] AR 2 2% 5003 A ) £
L, 1S S REAE AP AT (7 B 1 AT 25 S, 2

Wz, Flz, AL S AHAUE B o PR BT R A 1 g R 400 2 A
1 B e i A PR BE
3.7 ARIIGHIREE THIMERETIK

BT VAR YR RE AR 1 Z2 R P X B 32 Ak ik ) 1 52
Wi, %5 e 7 BRI 5 CSACNN-GFD 75 A R 11 25 4% 3 4L
HFMMERERI, LRERME 8 Fin, B 8 AT

—*—CSACNN
--#- CSACNN-GFD

1 2 3 4 5 6 7 8 9 I
8  AFEIIZrl o T iy 2etaE
Fig. 8 Classification performance under different

numbers of training subjects
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fhrERE

3.8 FFHIEE K

Wk 5 PR, SCREFHR R T B AR A JE R 4 h P2
PURHERGR A 73. 83% , 22 Jit R F 128 S8R 48 R A 41
L JEE (A T SR W, 1 A T 8 Rl Ry 22 AN T )l 2
), AL R AR AR (AR M 2 AR AR A . SO r g o
B 2% AT EL SRS, F B TR ZR A5 S T 6. 55% 11
FEEEPETE . FEUbIERE I, 52k ] R JC W B H 3 1 5K g 1k
FIREIE , DAt — SRR st L i b RE ™ )
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Table 5 Public dataset comparison experiment (%)
M| WRES Ace Pre Rec F1
RES18 65. 13+8. 36 63.52+9.27 65.10+7. 58 62. 15+9. 60
MCNN 64.45+9.27 65.10+7. 89 64.38+8. 19 63.31+7. 49
CNN-LSTM 65.07+8. 12 63.32+7.35 65.86+7. 32 63.75+7. 85
AR
E2CNN 64.97+9. 03 62. 63%8. 19 64.2927. 64 62.3927.73
CNN-GRU 65.19+7. 95 65.39+8.07 65.12+7.78 64.99+7. 94
CSACNN (AR %) 67.28+8. 58 66. 97+8. 81 65.54+8. 67 65. 218. 60
MIXUP 68. 03=8. 69 65.72+8.57 67.9829. 02 65. 87+9. 02
CORAL 68. 59+9. 20 67.15+10. 38 68.05+9. 51 66. 67+9. 53
K FA IR Hemg Il 2k DANN 69. 32+10. 39 68.33+8.02 67.41+9.04 68.22+9. 25
DIFEX 70.35+8. 91 67.89+7.57 66. 90=8. 64 67.05+8. 99
GFD (AL i%) 73.83+7. 37 71. 04x8. 31 70. 90=8. 67 70. 67+8. 50
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