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A Survey on Generative Adversarial Networks for Synthetic Electromyography
Signal Generation

WANG Yibo, LU Yang, MA Xiaolei, ZHANG Xuepei, BAI Jinfeng
(College of Computer Science and Technology , Inner Mongolia Minzu University, Tongliao 028000, China)

Abstract: Surface electromyography (sEMG )—based motor intention recognition and neurorehabilitation assessment rely heavily on high—qual-
ity data, yet challenges such as data scarcity, inter—subject variability, and class imbalance severely limit system performance. Data augmen-
tation is widely used to mitigate these issues, but conventional methods often fail to capture the underlying physiological mechanisms. Genera-
tive models, with their ability to implicitly model complex distributions, offer a promising approach for synthesizing high—fidelity sEMG sig-
nals. This review first introduces three major generative paradigms: probabilistic variational autoencoders, diffusion models, and generative
adversarial networks (GANs) , followed by a systematic overview of four representative GAN architectures, including convolutional GANs,
Wasserstein GANs (WGANs), conditional GANs (¢cGANs), and self-attention/diffusion—based GANs. Public and private datasets and evalu-
ation metrics for synthetic sSEMG quality are also discussed. Comparative analyses across datasets, model inputs, and downstream tasks—such
as gesture recognition, fatigue regression, and pathological detection—highlight differences in performance, advantages, and limitations.Re-
sults indicate that convolutional GANs are simple and computationally efficient, WGAN-GP provides stable and diverse training, condition-
al GANs enable controllable generation, and self-attention/diffusion hybrids achieve superior fidelity and high—frequency detail recovery. Fi-
nally, future research directions focus on physiology—driven modeling, clinical applicability, and efficient deployment, laying a solid founda-
tion for safe, reliable, and practical applications of sSEMG—GANs in prosthetic control, neurorehabilitation, and human—machine interaction.
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Fig.1 Generative adversarial network structure
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Table 1 Advantage comparison of generative models

R1 ERERERLAE

MR R BT ST Rt R B

GAN Y i WO SR S A P ) SIS B e 90 5 il
ik Wi i o Gl 465 | S ) PR R L 5 4R 2 3 ik

VAE ERY B b (s R A 2V VAE) 2 R L SR T B S M I




-4 BT T

XXXX 4

2 HE GANER 5 IR pis
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Radford %[mﬁ% H 1) DCGAN (Deep Convolutional Gen-
erative Adversarial Network ) {8 7R B 48 AU A= BTG R 26
IO MR B om0 | I IR B B TR I 5 GAN A Ak 4
AR O B R G FUE LA (G) R
Sas (D), R A 5 4 2 22, 52 v 2 v Ak b O A=
B AR — 2 5] AHEIH —1k (BatchNorm ) AR & Yl 2R 72,
{#i Ji] ReLLU il LeakyReLLU TG VAR PR B I 3 5 R 0k &
Qb BRI e A0S (RIS A% 1D2D 15 5 R L RS =
B B FERNAE A o AR WLHLAF 5 U, TR A R AR R e I
2% 3R AR AT R ZE T . Gouda B 2R T —Fh— 4RI
BB BUE BB 45 (1D-DCGAN) , L 1 A2 i T34
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PSR A S e P N T S R A 1 ) = 1 M =
FI L B S T I EOE SRRE AN R e R
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AN EE R A G288 — 4GB E M,
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T BB AL DCGANT I 3 07 ik o B 5 B I i Jm i 23
LR 5 I3 — b R KRS R, S5 4k TR AR RS
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BFENRLE S 28 1 BB —24E DCGAN IR A2 0K
fat R 2 305 1 SEMG T 5 565 2 B Bk 26 1 i {15 558
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GP 1 FH T sEMG %48 5 5 . 3l 3 Il 25— > T WGAN-
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Vaswani %52 4 H Y Transformer 581, 400 0 £ 3k H
F & /1 (Multi—-Head Self—Attention ) , Jo 75 35 F4 8 15 35 45 14
RIAT S84 Jr 7 B ABE o 343K | Transformer Az FLAE Fif
I EMG A AT 55 - AR A SHN g s 2k AEE
J7 AR AL AR R B Ol P s S e R — B S
T SCH DM s AR S A KR A (48 ) 258 1 EMG Y HE L
BERT T NG S Y B — s e 2R . 5%
S 2 FH GAN HH H , Transformer 25 44 75 52 21z sh i 0 1548

Table 2 Typical

P55 6 I I B B R S AR R R T LR R
Al B . Nasrallah 25P0Ud ) A RBURE , Horh A liis 5
F ) 25 35 B T Transformer [ {3 B ) HES B, S5 A N
FHIEFFR2 ;1T Wavelet Coherence PEAL & B TE 5 A
S IE B B — B0, A D REAR (B2 10~20 55) 5%
T WA R S BRI A VI 2R CNN 4325 8s .
R2RGIL T 5 Fh LA A BT 2% (GAN) BEHLAE
WUHEAE 5 B o i TR , PEARXT L 1 AR >k FH /9
SCIRECHR AR O YRR R O RS R D M A T
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PRIz AL RE 1 RN Ui A 5 3 am AR Ty T 9 22 R 5

GAN model

F2 HEIH GANEE
SRR B 5 S A A 0 S S F R HAELS
{D-DCGAN (G. N RO B A 1D BT 5 1 = 2R s . S 2 ConvlD-Transpose, BatchNorm+Re- G NREARTE 3 A R E T B  Fréchet B B 45
03 ) " L KR BT BB R LU s BB s 2 B A CER/DTW/RFT/NGE ) s {16 I A A BRI | CNN 42 i 54 14 23 4 1
aetal.
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Tmage-DCGAN  Myo-DB-HGD(8 i , 200 Hz) ; K £ il i SEMG H A4 A K
(Chen et al., 2022) % 200 ms, B4R A5 E P ot 7] S0 T

DCGAN+XUEIE

B imaro CHEHE )+ 47 PD 5
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. H SR s B R

ni,2020) 8Hz)
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WGAN-GP (Coel- LB )+ E1 RS S 511 200 s
+H K2 ; ms, o
ho et al.2023) ST schitz 25 +B6 EEAEST (A=10)

Transformer-CGAN [ % 3 il i F #B sEMG, /b ¥ A

[y B 1: 1D-DCGAN 2k {3218 4 (55 s B BE
2: U-Net WA ERS , SIS WL > PD AR BRARAE (4~

S (BN )

A I 5 SR A 2T SVM/RE 43 2588 g
[€]%i A 2D-DCGAN, s '

& TH 25 19%~2% ; 1A 21 £ LB A8 S8 UE i 2R AL 24
50% , Ut B IR SR AR FH 3= SRR« 5 BB AE A
TEASWHT 55 1 REAT S50 P B L 52 BRASAE , i By 43 2456
TR B e A R R AU 5 DR T A B
SO E SR T SR

FEFH D A AR S BB R A I 2R, CNN 7
WP TELY 4T 43 10 R WGAN-GP 1 £ 3 18 & 4k
{55143 1 L DCGAN 25 )7 v B fafg
FEDREAR ST T (B NS5, A G R A 5 CNN

epoch

A e : 2 N Conv1D+5% 22 5 FI 5 4% 1-Lip-

L 4% £ 6 2 Transformer i 5 ( 23k 10 5 1 +11

(Nasrallah et (10~20 £5/28) 5 # 1 K Ui B 5 25 4 . T RIETH 2 5%~8% ; YWl A i B S5 E S A
e i) s FIGN 4% : Transformer 2t 4% N "
al.2023) AW & IINFEAR 55 KA A

AR PHARAE . 7E GANBFSE 1, NinaPro 3 8% FH T 1 IF A 280 75

3 HIE&ESW ZREALBIE B B L A RE 9 3058 i DCGAN \WGAN 45

B A 2T R A AT 45 (GAN) 5T 1) 3 A1, HLBE
i LS 2R E S AR RO 5z kRE T . AR
TN, 32 B0 R 48 RUAN 2 5 A8 B H 1L 7™ % RN B RA PR 3 7 oK
SR 29, AT 0 LA 5 23000 A AR 6 s ke, HL 726 55
FIAE s o A0 A B R i g X — 350 S5 O T A7 A S PR
DL Bt 224~ B AR 0 LRSS B0 4 0 47 4 1o 1)
B BT EATAE GAN R rb (%) 10 FH BAR: 1T I 1% ) 2831 K A1
FHIR M
31 ERAFHIEE

NinaPro 2 fJL L sl b L 52 i g 1) 28 CEHE 46 L
HEANTRARE (N DB1-DB104:) , EERAE T RMILH
(sEMG)%di . LLDB1 A, B X 27 4 fd e it iy 52 2%
FHAESAT T RS X LR T H F A6 o DL
PR AR SR S T4l BB il S s f 4 T
B . B AR B RAE R H O 2 000 Hz, >R H 238
T HAR AT 5 SR A L RBAS 5 Ry 4 1T i s B AL A 3% 3 F

IS4
2

B A AL T-3405 5, LAPPAR BB AS [6) SRR =
FIRE S o SR, HBE W 28 R AR, R A X T 2
BRI GRAT A o IR EE AR A AR 2N 3 s

CapgMyo J2& 2% [ L A5 5 T~ 5y ) S5 dul 1) o 2 6 0fe
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T A 8% 16 1o 5 B HL AN MR A R AT I %, SRAE S 1000 Hz.o

Table 3 Ninapro dataset
%3 NinaPro#{iE&E

ME

ESi ZIAH ik fFo RN

DB 27 F f R 52 10 Otto Bock

DB2 40 44 fat e 49 12Delsys Trigno

DB3 11 2 49 12Delsys Trigno

DB4 10 44 {dt e 52 12 Cometa

DB5 10 #4 fdt e 52 2 Thalmic Myo Armbands( 16 electrodes)
DB6 10 44 {dt e 7 14Delsys Trigno

DB7 20#&4f#HE24HIK 6 12Delsys Trigno

DB8 1044 {dHHE 2 44 U1 9 16Delsys Trigno

DB9 77 %4 fa 40 22Cyberglove-1I

DB10 3044 {dHE 152488 10 12Delsys Trigno
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PRI B ARG HE v, R A BOCR R AE 5 TR I 28504 |
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BF, BAB 5 07 L AR A TR B 2 2 T AT & $2 T . 7E GAN
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Table 4 Capgmyo dataset
#4 CapgMyo# s
el ZlHE SERRE 75 RAEB
DB-a 18 Z ikt hf 8 AT R 2 4 A A 571
DB-b 20 24 felt 8 AP 2 2 3 R R A R 47)
DB-c 23 fiHE 12 FIBT 8x16 A1 328 70 LR Ha A P41
BRI SRR | A O [R5 BRRAS R B WL AE 5, il g
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CSL-HDEMG 7 JLHL 5= PRI A5 AU 4 6 5 0
Table 5 CSL-HDEMG dataset
%5 CSL-HDEMG #iE&

BZiE 27T FHR TR, BL2ZIEME 5D REE ses- e FRE DI O AR
sion 5 & E KK S 7E GANBRSY AR 4401 ) CSL-HDEMG 5 2 S L
Table 6 Usage of typical public datasets
*6 ARNFHBEMNERER
Hhin t fRANERSC S R 155 15250 5 A FE AP R
NimaPro DB Gijsberts et al.2014, IEEE TN- 27 2 {5, B 5352 50 28 T3, b 3+ 000 ol K5 AE — P39 HE 56 20 75% , S0IE 1A FF IHUBEEIHE A X e o
SRE 22:901-910 kHz RF 732 P
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sEMG Gesture Recognition 200 ms; #EIKP I ark VR AR BB AR VIR AZ BRI B AR TR
CapgMyo DB-a Bahador et al.2020, Sensors 20: 18 A {d ¥ ;1 kHz; 8x16 HL 8 -3, CNN 1 4= i/ i 155 %5 i A 7 430 38 25 1T W] SE B2 30T 6 43 1 43 2

3097 W5 B i P 4l 43 X kb

CapgMyo (18 24 fa% )+ H

CapgMyo DB-a + Coelho et al.2023,CMBBE 26: __ -
R (15 Z48H ) 51 kHe;

[ % Myo ¥ 243
1200 ms
Geng et al.2016, Sci. Rep. 6: 54 {52048 Hz; 1923
CSL-HDEMG ) .
36564 IH ;5 2 AN
Chen J. et al.2020,TEEE JBHI [A] I, 5 RAE % 4 096 Hz;
CSL-HDEMG
24:2657 % 11 40~150 ms
Chen X. et al.2022, Frontiers 10 44 {8 % ;200 Hz; 8 il
Myo-DB-HGD
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PERE , FWIFCAE 23 (0] 23 A BT PG
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97%) , $7 5 2 R/ WA SR 4 1 R b

552D CNN M HCAR T 12~18 4 40 45, U IA 3D # AT
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27 J T4 Tl vs Z Mo
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32 FAAEIRE
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WL AF 540 76 GAN B FH v, o8 ol H il 4z &
AL AR E ] R R LR 5, B B o i
RS Re RS HATR Y & . HAZ IR T et G 5
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() BEpR 22 5 W3 . AR A LR g ) 4544
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i ESF S R

S H AR 22 (MAE) W (6) Frs 3/ 43 e ¥ 5 iR
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R . .
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42 WEHEXEE
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Nz ‘x L ]\ te
Hor, e W7 IEBRZE 00/ EL, x,,, [0 0250 04 A2 U
S RFEE s, []%%%E;&G%%ﬁﬁ
43 BHEXNFEE
SIS AL (DTW) =X (10) iR
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Hor,p(i,j) /& BB MG, DTW (X, V) 2 3h 2 it
AL B BB R i, jRITINRG] | - [JRdaXi i
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SRS I e B AR T B T B 0 T S BR R AT
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S HEET
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TR LS A A SN
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Fe A S B S R 80 FRAES
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Y, 45 o MF [R1H 5822 5 35 T B, 0IE 1 & URE AR X 9
55 AT 45 B SRR

o BT 505 LB TR 0 B 1) £ 3 L H Bk DA S A
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PETL T 0 B4y FA AL 2 Wi b R

T Z PS5 1 BAN RS R B W52 & 8 sSEMG 5
EEG .GSR WM 55 A5 BRAE il A, DA S IMe R 5 i 0 P 25
TR 7326, R L2388 (5 S AR R - — BORRIE
N TRV i ey sk P 6T 5, 5 FH B 2 DEAPY) . {H H i
i TC A TFSCHREF GAN T DEAP B 19175 B3R I3 58 | 1%
Jr AR — &
52 KEMERFME

Az X TR 28 (GAN) FE JILHEAR 5 nU 4R B 8 e 3 i
BRI (AR AE I 2Pk iR R A b . R R 5E A] LA
JEHERLR 44051

(1) 38 T+ A5 5 19 28 BB S S0 R AR Gt . Y
T, GAN A= i WL ELAR 5 76 SO0 A BRAIL ) (4niz s Bt k&
OB LR % 57 B 25728 Ak ) A 22 0 B 1 75 P ek (n F- 34
3R GESE S ER) FANFEE R 22, S BUH o6 U s e
T R I PR E TR B A R Bian : OFFfE AR RS
FEPEAS L BA f5 5 T e = ELSE ILHR A9 3z ol By sh A
HLAZ (MUAP) BT RRAE 532 0 1S PR 42 il 1) SR 5 I IR mT



5 XX

T8 W, BN S A UL 5 A O TR 26 S 2k -9 -

i TEPE 55, BV AR RS R0 e L OC B BRARRAIE (4 ALS FR 5 1Y
WA 5 A X)) |, BRI AR By 2 Wb R o e ik
Ol A=Wy Yy B R, RIS Hodgkin—Huxley J5 F2 5% Hill AL
ALY i A GAN 2B A8, 29 1055 A4 i AF A ILEF 4 v A=
AL Q2 S B IR A A B, R4S & iz s 52 5085 o
T AR GG 5 B ORI — 20 AR DG tE o i, 2k B[R]
1 SEMG F1E T A BE A |, 32 7 B ML A AU 2R 38
HIE,

) RIF e S 2R . A GANFENLH &
B H T I AR ¥ (A A B o — 3 A5 55 ) Al 25
ANFaE CHUN 25 2 S 880 1) 8, S 80U FEAR ZREHER
S ME LU 5 B R sh R HL I R fi g i Okt
YR ms | BIR A o 2 A2 0 =X, S AR ik ik sh 4 (i
Z)WNLEAE S , A R 2SR5 (iR —R
) s @AY B RN BRI SO A ) Z2 25 2 AL
il A B PR B LS 5, IR0 A SR bR 25 ol 57 S5 4 4 il

Q)b SN AER . A B (40 Trans-
former—GAN ) 3158 & 22 5 iy, Xk LLER 28 2 0] 58 800 £ ml i
A B dil R o o . QIR ZE R S8 R 45, B
# 2 4% GAN (41 WGAN-GP) i AR E S £ 58 5 1D-CNN;;
Qi T—& MR A THE, RIR A & 7 24 B T 9 45 (Q-
GAN ) &b B 75 2 i | 28 L I 2% f R I | BB Tk

(4)2E A B (g 2R 30 Sz A e i B VLA
LI A% O T R GRS A O BT 2 A DI B ep
I ASER S IR G CanAsE = AR 15 R B S ), DA JABE R A
ANFEHIR SR E LT T HERE FRERRIE . F 4G OF
FAE T WU 5 A 45 2 R EIORT I T 16 77 1, ISR 2 1
fiff R L I A 1k P AL 5 43 A A U 7 B85 ki S
Lz AR ZE B, R DR AR A S RN 1 3 N SR A
WK o %7 7B T8 B 434 55 52 s Bk el gk AR 4
G, BAEHE TR A AR () T SR AN ST A, R v
B LHL A5 A2 B R e B Skl

6 45iE

ARILRGLER T A BT M 45 (CAN) ZENLHLF 55 &
BT A5 0 i, IAASE TR AL BSR4 DT 6 B R R
Yisc a N AT T &b, F9ERE, GAN#E i DC-
GAN . WGAN-GP,cGAN Z5£5 71 fy N Wt il f , 76 B )3 £ I
JE 23 (R AH SR AR AR S T T S T B R T N
figt FUL R K0 BIE  Be 1) SAR AL T A AU R R A U AR
FWEAT S5 b R AN, T T R S R
FRAG I, FE R R AR w2 SRR E s R B
SR, 24 WA 28 A5 G A BRAIL AR SRR 54
LT R DASHE I AR v A O SRR AR . ROk WS
MU A PR Sl — I R T — i s = — R

ARG . ARLEBA NI T LA A p Uk R SEE 5T
25 F, B0 5 22 R AR SR AL T LG SCRE A S AR R, 3
Bl GAN FORAEBEST HEAL N ALAZ 12 U TR I IV,
PR T HRZ T ) O P A 45 BRI 55 R, DAy 2
B2 7RI TG R AR B 2 S AT ik

S 3Lk -

[1] FARINA D, MERLETTI R, ENOKA R M. The extraction of neural strate-
gies from the surface EMG: 2004-2024 [J]. Journal of Applied Physiolo-
2y,2025,138(1):121-135.

[2] HOLOBAR A,FARINA D. Blind source identification from the multichan-
nel surface electromyogram[J]. Physiological Measurement,2014,35(7) :
R143-R165.

[3] TSINGANOS P,CORNELIS B, CORNELIS J P H, et al. Data augmentation
of surface electromyography for hand gesture recognition [J]. Sensors,
2020,20(17) :4892.

[4] ATZORI M, GIJSBERTS A, CASTELLINI C, et al. Electromyography data
for non—invasive naturally—controlled robotic hand prostheses [J]. Scientif-
ic Data,2014,1:140053.

[5] MOCTAR S M, RIDA I, BOUDAOUD S. Comprehensive review of feature
extraction techniques for sSEMG signal classification: from handcrafted fea-
tures to deep learning approaches [J]. IRBM (Innovation and Research in
Biomedical Engineering ) ,2024,45: 100866.

[6] NAZMIN,RAHMAN M A A, ROSLAN Z,et al. A review of classification
techniques of EMG signals during isotonic and isometric contractions [7l.
Sensors,2016,16(8) : 1304.

[7]  OSKOEI M A, HU H. Myoelectric control systems—a survey[J ]. Biomedi-
cal Signal Processing and Control ,2007,2(4) :275-294.

[8] REAZ M B 1, HUSSAIN M S, MOHD-YASIN F. Techniques of EMG sig-
nal analysis: detection, processing, classification and applications[ J]. Bio-
logical Procedures Online,2006,8(1):11-35.

[9] HUSSAIN J, BATH M, IVARSSON J. Generative adversarial networks in
medical image reconstruction: a systematic literature review [Jl. Comput-
ers in Biology and Medicine,2025,191:110094.

[10] HABASHI A G,ABDELAZIZ A,KHALIL M, et al. Generative adversari-

al networks in EEG analysis: an overview[J]. Journal of NeuroEngineer-
ing and Rehabilitation, 2023 ,20(1): 91.

[11] HAN C,FUR X,ZHOU Y S, et al. A review of generative ECG data en-
hancement methods based on artificial intelligence [1l. Computer Engi-
neering and Applications,2025,61(16) :64-75.

s AT R ARA L F . R T AT AR R & B R &
BRI, AT AL B A ,2025,61(16):64-75.

[12] HAZRA D,BYUN Y C. SynSigGAN: generative adversarial networks for
synthetic biomedical signal generation[]]. Biology,2020,9(12) :441.

[13] KINGMA D P, WELLING M. Auto—encoding variational Bayes[DB/OLJ.
https : //arxiv. org/abs/1312. 6114.

[14] ZHANG Z,YANG Z,FANG S, et al. An extended variational autoencoder
for cross—subject electromyograph gesture recognition[ ] ]. Biomedical Sig-
nal Processing and Control,2025,99:106828.

[15] DAI Q,ZHANG B, WANG J, et al. Rejecting unknown gestures based on
surface—electromyography using variational autoencoder[J]. IEEE Trans-
actions on Neural Systems and Rehabilitation Engineering, 2024, 32:
750-758.

[16] HOJ,JAIN A, ABBEEL P. Denoising diffusion probabilistic models[C]//

Conference on Neural Information Processing Systems, 2020:6840-6851.



BAE 5 A

XXXX 4

[18]

[25]

[26]

[27]

[28]

[29]

[30]

LIU Y,WANG K, LIU K, et al. SDEMG : score—based diffusion model for
surface electromyographic signal denoising [ C1//2024 TEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP),2024:
1736-1740.

XIONG B, ZHANG Y, CAO Y, et al. PatchEMG: few-shot EMG signal
generation with diffusion models for data augmentation to improve classifi-
cation performance [J]. IEEE Transactions on Instrumentation and Mea-
surement,2024,73:2527414.

GOODFELLOW I J, POUGET-ABADIE J, MIRZA M, et al. Generative
adversarial nets[C]// Conference on Neural Information Processing Sys-
tems,2014:2672-2680.

XIA X, PAN X, LI N, HE X, et al. GAN-based anomaly detection: a re-
view[J . Neurocomputing, 2022,493: 497-535.

RADFORD A, METZ L, CHINTALA S. Unsupervised representation
learning with deep convolutional generative adversarial networks [ DB/
OL]. https://arxiv. org/abs/1511. 06434.

GOUDA M A, HONG W, JIANG D, et al. Synthesis of sEMG signals for
hand gestures using a 1D-DCGAN [Jl. Bioengineering, 2023, 10(12) :
13353.

CHEN Z,ZHANG Y, HUANG Z. Deep convolutional generative adversar-
ial network—based EMG data enhancement for hand motion classification
[J7]. Frontiers in Bioengineering and Biotechnology,2022,10:909653.
ZANINI R A,COLOMBINI E L. Parkinson’s disease EMG data augmenta-
tion and simulation with DCGANs and style transfer[ J |. Sensors, 2020, 20
(9):2605.

GULRAJANI I, AHMED F, ARJOVSKY M, et al. Improved training of
Wasserstein GANs [C]// Conference on Neural Information Processing
Systems, 2017 :5767-5777.

COELHO F,SILVA R,PEREIRA A, et al. A novel sSEMG data augmenta-
tion based on WGAN-GP [J]. Computer Methods in Biomechanics and
Biomedical Engineering,2023,26(9):1008-1017.

MIRZA M, OSINDERO S. Conditional generative adversarial nets [DB/
OL]. https: //arxiv. orglabs/1411. 1784.

LI X, NGU A H H, METSIS V. TTS-CGAN: a transformer time—series
conditional GAN for biosignal data augmentation [ DB/OL]. https ://arxiv.
org/abs/2206. 13676.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you need
[C]// Conference on Neural Information Processing Systems,2017:5998—
6008.

NASRALLAH C,BOUDAOUD S,LAFORET J, et al. sEMG signal gener-
ation for data augmentation using time series transformer based condition-
al GAN[C]//2023 Seventh International Conference on Advances in Bio-
medical Engineering (ICABME),2023:137-141.

ATZORI M, MULLER H. The Ninapro database: a resource for sEMG
naturally controlled robotic hand prosthetics [ C1/Proceedings of the Con-
ference on IEEE Engineering in Medicine and Biology Society, 2015:

715-718.

[32]

[33]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

GENG W,DU Y, JIN W, et al. Gesture recognition by instantaneous sur-
face EMG images[]]. Scientific Reports,2016,6:36571.
AMMA C,KRINGS T, BOER J, et al. Advancing muscle-computer inter-
faces with high—density electromyography [ C]//Proceedings of the 33rd
Annual ACM Conference on Human Factors in Computing Systems,2015:
327-336.
ABREU J G, TEIXEIRA J M, FIGUEIREDO L S, et al. Evaluating sign
language recognition using the Myo armband [ C]//Proceedings of XVIII
Symposium on Virtual & Augmented Reality (SVR),2016:64-70.
CHAI T, DRAXLER R. Root mean square error (RMSE) or mean abso-
lute error (MAE)? —arguments against avoiding RMSE in the literature
[J]. Geoscientific Model Development,2014,7:1247-1250.
BLANCO-VELASCO M, CRUZ-ROLDAN F,GODINO-LLORENTE J I,
et al. On the use of PRD and CR parameters for ECG compression []].
Medical Engineering & Physics,2005, 27(9) :798-802.
PEARSON K. Notes on regression and inheritance in the case of two par-
ents[ J]. Proceedings of the Royal Society of London, 1895,58:240-242.
ARMSTRONG J S, COLLOPY F. Error measures for generalizing about
forecasting methods: empirical comparisons [J]. International Journal of
Forecasting, 1992,8(1) : 69-80.
SAKOE H, CHIBA S. Dynamic programming algorithm optimization for
spoken word recognition [J]. IEEE Transactions on Acoustics, Speech,
and Signal Processing, 1978, 26(1):43-49.
OPPENHEIM A V,SCHAFFER R W, BUCK J R. Discrete—time signal
processing [M]. 3rd ed. Upper Saddle River: Pearson/Prentice Hall,
2010.
GRETTON A, BORGAWARDT K M, RASCH M ], et al. A kernel two—
sample test [J]. Journal of Machine Learning Research, 2012, 13:
723-773.
HEUSEL M, RAMSAUER H, UNTERTHINER T, et al. GANs trained by
a two time—scale update rule converge to a local nash equilibrium [ C]/
Conference on Neural Information Processing Systems, 2017: 6626—
6637.
AO J,LIANG S,YAN T, et al. Overcoming the effect of muscle fatigue on
gesture recognition based on sEMG via generative adversarial networks
[J]. Expert Systems with Applications,2024,238:122304.
DE LUCA C J, ERIM Z. Common drive of motor units in hand—muscle
electromyogram [J]. Journal of Neurophysiology, 1994, 71 (5) : 1508—
1518.
DIMITROVA N A, DIMITROV G V. Interpretation of EMG changes with
fatigue: facts, pitfalls, and fallacies[J]. Journal of Electromyography and
Kinesiology, 2003, 13(1) : 13-36.
KOELSTRA S, MUHL C, SOLEYMANI M, et al. DEAP: a database for
emotion analysis using physiological signals[J]. TEEE Transactions on Af-
fective Computing,2012,3(1):18-31.

(FTAES 33 48)



