[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

Saeo] lis £ G EPE slataion V o las WV 500 VPN o (Sl (oSidiy psle olStily St 5y onSitily alas I l ”V”

JUdglgils omas aSud 31 oalitius! b o 91 log iU JUSms (G951 Cowrd oo I > Ladeud

VAN VR ST ATANAV/Y s ad YTAA Y R TN 0N T il s oJ._:Sa”-
ol *
LSV,ALQ leﬁ
ol 48 0 d i 3wl o gime B3 55 S5 OOl (Deep learning) Gees (5 ,S5b i i L idds 5 diaej
N 0l Sy plige 09,5

JESw sl YL slel b pl slaosls (2313 5 (Gaee (5,53L Wl 03l L g 0 o ey | Laand ) Al D7 gy gt Kt ol ol
w5 Siagi ol 5l Bds A4S e Lol (Feature engineering) S5 wdige 4 3L 0sds 1) (usea b
A EMG U (555 31 55 o3l s Sl eont (5550 el i
+5) (CNN) JLi 55 s &2 4l (Myoelectric) G xS0l le ot G canlllan ol 03 Sy S
4z Jwls S (Classification) (giuaib Jseme o sy 6l 2 sl Olsea il Gues 5,550 s K
DR 03 S35t T gun S 5 5 SO AN D o Gl e (] el 0 me s (S il
Support vector machine 4l ,; 35l kd @2sns S L enlgiy iy s Shas ad 4 S 513 L5l s,se (@l
A3 8 aslis (S e eslized (Time domain, TD) jles o5 sls S5 5 51 45 (SVM)
selie b s salenin e TD b S35 VU Dl 215 5 0l il 5 Slas 5 Laasily
IS 5l (S oige 5 2 5l 4 (3L 45 ol pl 3 (3lgity s S50 3L s (P=2/19)
LS ol A IS 515 a3 5131 5L 5550 s S5 8355 oy oa ONN 5 3,106 55> 5 EMG
G Sl ol 5 b Dol 2l sl 5 (S50 gl ONN YL LUl daasil ol g pSimdd
S35 3y =S o eslyl s (Gl 5L g0 eS8 5 Sl ledbl Wil5 e ONN s o OLES 15 54 5

*
.5 lj_éEMG J'/: pske oSl (Sl s (Ol 1 s ol 58

g 0K ¢ g s S
EAARAASARLEEARRIIY

.tljfﬁb)):_ﬁl PRSP S P (WA YL e s S (g huaib (gdlS SlelS”  E-mail: ameri@sbmu.ac.ir

Glapion L3 oo (5830 by o b 5 (S s sd e )l
JiKs &yl s sl e (Classification) (suiaib S S5k
Slr O Slaad slie (ol (i) St gl S S EMG
K nl e e Ttaeg e (S o3l e
Yoo B ee o Jsame psba) Glos lae oy Sl (Sis l 4s 5o
Slr 305 Osse b Sy ol Tasd e ol Al SIS (436 L
A e S S XSS el E ekl sy gludih (e

e S or JA2 6 Sl TD dipoms U S35 apme

PPNV

S b s I8 (Sl slagtonn slas 8 5l S

2 e S S apter Gl 53 el St o s
< EMG 53, 3l 5 035 bas | EMG sladiSm (s S35
S = osl,l (Machine learning) /pile 5 ,S5L sba Sy, KaS
0 hdiod s S > eslyl pl s gd e 633 S (Motor intent)
Ol & (8 e ol 03> S = (sl i J 28 JUSes Lo 5

P9 G FIF LY o)los VY 0130 P o ilid (oK psle ol€iils o 55 oafiilsy alno


https://journals.tums.ac.ir/tumj/article-1-9992-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

§vo ik gl 38 seme <Sos 5 ol L LS ol s 53N JiSics (5155 5 ot o S sty

]) ol Liéb Cesd C.SJ.?- 4.:.«.2 &?"]a g;“SJ:- AS\J;; gJJ)'}

sron uib

s o ) s Sl & FVEREN o b s e
| w28 Lo s Gl IS5, LS oS8 adllas ool s
DB AL e it dgd S5 esle MRl Sy 0l
b S wbasls, o8 guiitaﬂ S e LSl a3 S
(gHiAmp, gtec Inc.) _=bo 55K Cir ciia L5 5 Ladl
dele 33 4 EMG Lo gl ohigs LS cis o) soa
sl Sy S35 Ssles ol L@l Sl Soml (I
O IS8 L
Jlie s Ulnarsstyloid s, 5 o8 por s 55,8 S
‘L)":“:"}Ji ‘w:..:mfl gu.:.g.\.é JAL.;- cﬂ C,Sj> Sl LA aJuL..M>
i S s A SB 0T S 5 e
.L.L‘SJ§)|J3 a.;JUa.«:)}A 4&3}4—&:«41“5\‘5‘0@}]3—&&“5\
Ju5 A ol (el s plonil Saluls OIS = (555 aslllas
o2 Ul S5 S8 A Ll I (S anie JU1S e S 5
O}u&ﬁjlsﬁbﬁ A.QUY" Cf?"]'i..n' JLL‘JJ Sy C,?-\j';.u‘ I
GO G JUIE A s il &5 oLl 0l Sl s 1y s
S a3 s b o Salals &y | JUl 5 0T Lamies 5Ll
W S S S FaelS amie S p ol Sa
Lt & Jsb ool Gaa ol (Y K3) sl plil ccils Sl 3

JUS A O, EMG v 54,5801 G Cldd DS odileer ) IS
g,JL’& .Lﬁba))éla.gmujé

Tehran Univ Med J (TUMJ) 2019 October,77(7):434-9

http://tumj.tums.ac.ir

T JSE I 5 e o e sl o 5l IS sltad lla 3
Al e IS 5 5 Sl Sledbl (g5l TD 45 gazes o
il 2SSl 3 Sl ke o0 508 S Shs Sl A
LS st 5 5SSk U5 O gy 4l s 550

i Sy e o S glinad 5 b TS .
o)l e 233 (ool S S edige STl
Ll 0 ol Ol 6oy 5 Sl Slaasy ols S~
e ot Slallas 55 S EMG JWSw cbe S5y 5l (ol
e S LR BT (Correlation) u.(.“m «Lilods
RIST]Cweys conl b V.J"JLSA uf}” (Redundancy) JQ})A\
e Sleoles Sy 158 s Lies L8 S G S
Sl Jledisd oo Ghuald i 53 OIS wp 3l &
pees BB L b S cnl )8 @ a il Dl VL
s el (pl i bl g e glaesls 48 peres
S s gla(Sies JSo5 planl 5 b LUl L
ol s 650k i,y el el ke EMG
Slaaisy Grs 830 Gl gadle ja sl e Ll 1y LUl
L Solepsilsm 5 QS asds (pile gl abex 51 ol
Ol 5 Shas 51 VL L alie plas Shas 4 5 Sl 03,5 J e
Mol al cows

(Convolutional neural network, CNN) Jius J 58" e o2
Slasiss Koo e ONN ool G 5 5,55k s o5
ol oals (o5 Sl it ssbar |y glail WIS e Gres 500
Llg o ONN wly 53 das plasil S5 wdige w0 5L 05
a8 oL el el (guy Sl vk L s sla S
ONN 5,8 0558055, ol WY 5 (S0 s ol sl
Oloj oS ol (SIS slaoijls ) WGPU 3 ol glacs iy
Al s lesls 2l (et Open [ K2 25 500
JS&EMG (535 3l S o3l sasiis () ONN caalllas dir 3
el 4,

S el glp e ONN oSl S llie ) s
S el et Sleiy BMG sy Sl e ) 5 oS5
s 330 e S eslizal ONN 51 oS oy Slalllas s oS 5

Fras b JxS 55 gl Sl bl RRAPRUPE K g e


https://journals.tums.ac.ir/tumj/article-1-9992-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

JOS W RRCH DY PRSPPIt SRR SN
s Relu &Y & Batch-normalization 4¥ & ¢4 515 Y
S 84 (Usl 5455 Y 4w (gl 2) Max-pooling Y
«Y 5 Softmax +Y Fully-connected Y PR ITRCN R
Bl 4 oolguin b IS (Golene 1 S ool sunaad
L oSl olems Ol Ll syls calls AlexNet dile by ns
A Sl e el st EMG eols (g5, p lat 5 el
= 0 s s slaws . Gus Zero-pad (s34, sbeesls (a4 518
TR Ll ols 5 OV 5T AL XY AT e S Y
(oeaeen LS Jlesl stride=2 L YXY >80 s CH VRN
GRSk 5 s A elinal b 55l sl p SGDM o, Sl
43S pxs VYA aMinibatch o360 A ab § b5 5 o/v ) 4l
Nvidia & (g3, p» oK .43 a3, L 5 £+ WEpoch sl
CSomle a Gl aisel 5 A esls i3l GTX 1050 GPU
bl oty 436 Ve les
TD asyoms Joli Shs gy SVM a5y sle
A ) A EMG (sloasls o oty a5l ole odlS 3 oMoy
G 45 L2 odalin oS 55 Of a8l (3 3 05 5 Lo
Sl e TBSVM 8Ll 51 558 e skuaib 35 ayl5l
5 7=\/t+ s Radial-basis S 435 eslizal SVM (g3luanss
Csto a5 gn3l b ang polis ) s 4 S a3 cost=1
5 ONN iy, 55 55 sduaid &35 03,50 oty sl Ll
3y anglie (gl A4S eslinul 4-fold cross-validation ;1 SVM
Slatsed Oge3l G 51 SVM 5 ONN gy 53 o sdudid

A eslaial t-test Ca

Laadl

-

I, SVM 5 NN iy, 55 gduaidb cds (L) ¥ s

CEs (L)Y K das e 0L S Ve o Slmedl il ol ana
S doder IS e psdl 4 s o Sln s B el il
ol el s e OLES | trtest i slads gas Oge5l (glaazil
SVM 5 CNN iy, gdodid o35 o (golsbas ool daasl

(P=2/14) Wl s

cole e el

STOP

Extension & Pronation

S5 S Ul s (il el 5l Olios Sl Y S
9 g RS

L ) ST &gl Olseas 4S5, sbas o5 (Progress-bar) & iy
OF (olS s I¥0 Saa bl S g o U o3lul @
P S orl 51U Dler ol JLls e as el | 5L
GUY oS ol s &8 > U Y (ol al Sl 4B Y
I Gty 238 5 S B Y S SLEl il oK
NGICH

Les O bl (5513 Gaa 5 EMG JiSw WJUl5 2 5o
D84 EMG L sl 5, 5kS VY (s e sad W83
o A s Sk I8k A8 S LEMG glaesls ol S
G s ga 0r S pen S S 5 a 0000
Lobsesls (35l 5 ks s 8 Gl A Wi e Sopp sl S
A el 2017Rb e 3l 5

G0 3 S el asis gl il S50 s o
OF YL 5 Shee 45) SVM wb iy, —) tbd 48 S S EMG
Wl o solgmin oy =Y dd ol eals 0L T i Slalllas o
3 G G & lacand (S| Ul A gl liwl CNN
5 Lad adls 8 iny S g8 100 515V (SLEL b
CS A Jld oS s ad § L s DS s Gl e 4
© EMG (glassls (e Lidg Sl il Gl 5 YU 5o sl
P b (Gl 8y o) b VIV sk b Sles (slae oy
A s 430 e £

S Sl & 50t EMG lacsls NN b o sy Gl
A 3 b g sl Yer JUS slaas A) Was 3 e AXY s
WOl Blae (Ll ¢35 b ile ol (Sl ey
WY YY (oolgiin ONN s eslizel ONN oS Osls 3550l (gl

FF9 G FIF LY o)las VY 0,33 P g ol (K sl ol€iils o S5 0aiily alono


https://journals.tums.ac.ir/tumj/article-1-9992-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

[An% it 553l prime 4ot 5 oaliicd) b oS gulo g i Jiiew (5.5, ) s gro SlSom paud it

95

Bl svm
EECNN

94 -

Classification Accuracy(%)
©

90 -

89

(<l

© ©
N w

©
=
T

Classification Accuracy(%)

©
o
T

@
©

12345678910
Subject ID

@
©

)

ﬁ)ls A 6‘;3 (g.a) th..l)ts rLaJ REBL )L:uus_;‘},d‘ K g:i"l':‘ () SVM 3 CNN dhj,) d.lb.d...b LT o Ji.b

Olzi 09,5 55 Jools (5d) Hlmedl il 5 (dF) (o311 a3 P y3lis SVM 5 ONN ig) 55 duslie (gl ttest Cuiom (6l goi (g bl Oga)l glaaiil o\ J g

Llodds osl>
SVM CNN V4 t df sd
Classification Accuracy (%) 91.6+2.3 923+1.4 0.19 -1.4 9 0.02

Jole on TD as soms sla S5 Jdspmenss 505 bl EMG
CNN (VL 5 Shes dib o & iS5 5 Sloy Sledbl
EMG (55, 3 S o3yl cpasis gl 45 Aoz oo OLES (galgdn
S s sy Sl (6,850 gl Al 2l NN Joe
CNN sl el ol s 25515 |, EMG el slaasls 5l p3Y
sl 3wl EMG e 3 b glacdss w
R P I  C IT RUWE TSR SIF RN E PRV PREN]
N slal b glaesls a5ls 5 55 ONN GUIsS a5 as 5 b (oo
! Force-myography (FMG) 3 EMG sl oS B

b S el Sl o o S el jasis

Tehran Univ Med J (TUMJ) 2019 October,77(7):434-9

http://tumj.tums.ac.ir

3

5 @il o> Lasis gl ONN LT adlas oy

Ll e $olgdy preew 2,5 2L3L L EMG (655 & =SS
sl bl 5358 4 § 50 S e S ple lacies 3
GV o1 SKlis o5 ol s SVM wlive g3 Shas 4 CNN
SO S Sl ol oolgnlin Jray Cuge Al e olgiy CNN
sl S5s3I SVM iy sl Sbwilsl 5)lh (Sss wdige &
3 S aadllas ol slaanl (A o3lizel EMG 3,5, 5 5 oy me
Slbeesls (55 5 ke sl S5 6,55L Ul ONN & ol O
(Sidmrd ki 5l ik e Ll | gluaib ¢l EMG el


https://journals.tums.ac.ir/tumj/article-1-9992-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

Ameri A.

References

. Farina D, Jiang N, Rehbaum H, Holobar A, Graimann B, Dietl H, et

al. The extraction of neural information from the surface EMG for the
control of upper-limb prostheses: emerging avenues and challenges.
IEEE Trans Neural Syst Rehabil Eng 2014;22(4):797-809.

. Bishop CM. Pattern Recognition and Machine Learning. New

York, NY: Springer-Verlag; 2016.

. Englehart K, Hudgins B. A robust, real-time control scheme for

multifunction myoelectric control. [EEE Trans Biomed Eng
2003;50(7):848-54.

. Hudgins B, Parker P, Scott RN. A new strategy for multifunction

myoelectric control. [EEE Trans Biomed Eng 1993;40:82-94.

. Phinyomark A, Phukpattaranont P, Limsakul C. Feature reduction and

selection for EMG signal classification. Exp Syst Appl 2012;39(8):7420-
31.

. Scheme E, Englehart K. Electromyogram pattern recognition for

control of powered upper-limb prostheses: state of the art and
challenges for clinical use. J Rehabil Res Dev 2011;48(6):643-59.

. Phinyomark A, Khushaba RN, Ibafiez-Marcelo E, Patania A, Scheme

E, Petri G. Navigating features: a topologically informed chart of

EYA

electromyographic features space. J R Soc Interface 2017;14(137).
pii: 20170734.

. Goodfellow I, Bengio Y, Courville A, Bengio Y. Deep Learning.

Cambridge: MIT press; 2016.

. Atzori M, Cognolato M, Miiller H. Deep learning with convolutional

neural networks applied to electromyography data: a resource for the
classification of movements for prosthetic hands. Front Neurorobot
2016;10:9.

10.Geng W, Du Y, Jin W, Wei W, Hu Y, Li J. Gesture recognition by

instantaneous surface EMG images. Sci Rep 2016;6:36571.

11.Xia P, Hu J, Peng Y. EMG-Based Estimation of Limb Movement Using

Deep Learning With Recurrent Convolutional Neural Networks. Artif
Organs 2018;42(5):E67-E77.

12. Cote-Allard U, Fall CL, Drouin A, Campeau-Lecours A, Gosselin C,

Glette K, et al. Deep learning for electromyographic hand gesture signal
classification using transfer learning. /JEEE Trans Neural Syst Rehabil
Eng2019;27(4):760-71.

13. Ameri A, Kamavuako EN, Scheme EJ, Englehart KB, Parker PA. Support

vector regression for improved real-time, simultaneous myoelectric
control. [EEE Trans Neural Syst Rehabil Eng 2014;22(6):1198-209.

FF9 G FIF LY o)las VY 0,33 P g ol (K sl ol€iils o S5 0aiily alono


https://journals.tums.ac.ir/tumj/article-1-9992-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-07-04 ]

I [ ] ] V I l Tehran University Medical Journal, October 2019; Vol. 77, No. 7: 434-439 Original Article

EMG-based wrist gesture recognition using a convolutional neural network

Ali Ameri Ph.D.”

Department of Biomedical
Engineering, School of Medicine,
Shahid Beheshti University of
Medical Sciences, Tehran, Iran.

* Corresponding author: School of
Medicine, Shahid Beheshti University of
Medical Sciences, Velenjak, Tehran,
Iran.

Tel: +98 21 22439941

E-mail: ameri@sbmu.ac.ir

AbStl’aCt Received: 07 Aug. 2019  Revised: 14 Aug. 2019  Accepted: 12 Oct. 2019 Available online: 22 Oct. 2019

Background: Deep learning has revolutionized artificial intelligence and has transformed
many fields. It allows processing high-dimensional data (such as signals or images)
without the need for feature engineering. The aim of this research is to develop a deep
learning-based system to decode motor intent from electromyogram (EMG) signals.
Methods: A myoelectric system based on convolutional neural networks (CNN) is
proposed, as an alternative to conventional classification methods that depend on feature
engineering. The proposed model was validated with 10 able-bodied subjects during
single and combined wrist motions. Eight EMG channels were recorded using eight pairs
of surface electrodes attached around the subject’s dominant forearm. The raw EMG data
from windows of 167ms (200 samples) in 8 channels were arranged as 200x8 matrices.
For each subject, a CNN was trained using the EMG matrices as the input and the
corresponding motion classes as the target. The resulting model was tested using a 4-fold
cross-validation. The performance of the proposed approach was compared to that of a
standard SVM-based model that used a set of time-domain (TD) features including mean
absolute value, zero crossings, slope sign changes, waveform length, and mean frequency.
Results: In spite of the proven performance and popularity of the TD features, no
significant difference (P=0.19) was found between the classification accuracies of the two
methods. The advantage of the proposed model is that it does not need manual extraction
of features, as the CNN can automatically learn and extract required representations from
the EMG data.

Conclusion: These results indicate the capacity of CNNs to learn and extract rich and
complex information from biological signals. Because both amplitude and frequency of
EMG increases with increasing muscle force, both temporal and spectral characteristics of
EMG are needed for efficient estimation of motor intent. The TD set, also includes these
types of features. The high performance of the CNN model shows its capability to learn

temporal and spectral representations from raw EMG data.
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