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Research on gesture EMG recognition based on long short-term memory
and convolutional neural network

Chen Sijia, Luo Zhizeng

(Intelligent Control and Robot Research Institute, Hangzhou Dianzi University, Hangzhou 310018, China)

Abstract: The gesture recognition using electromyography ( EMG) has advantages of selective detail information and strong anti-
interference ability. However, the adaptability and recognition accuracy of the existing methods are insufficient. By adding a long-term
and short-term memory network layer on the basis of the convolutional neural network, a gesture recognition model is formulated. In this
way, it can capture the EMG timing characteristics of the gesture, and the phenomenon of overfitting is reduced to a certain degree. The
rich time-frequency domain information of EMG is utilized to extract the wavelet packet feature image of EMG. In addition, the input
data of the recognition model are used with the EMG image to expand the category information of the EMG signal. Meanwhile, the
attention mechanism is introduced between the time memory network processing layer and the convolutional neural network layer. Then,
the model can indirectly increase the weights of the key gesture EMG channels. Compared with the method of ordinary convolutional
neural network model using single EMG image, experimental results show that the recognition accuracy rate of the processing methods of
EMG two feature inputs is improved by 4.25%.
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Fig. 1 Diagram of feature image extraction of EMG data
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Fig.2  Topology of the LSTM neural network

LSTM F2EH 3 F4r 2 B, 43 Hi st s 1], AT TR
B, b

fi=0(W, «[h_ ,x] +b) (2)
Ko FIRIL Sigmoid PRELME, W, RRAUEIERF b,
/N b2 LSTM e WL ik i, x, FosiiA b, R T
BiE, £ MOCEBUEEEE 0 8] 1, FoRist S 0 &
INATR, 1 FoRAeinfE,

AT,
irza-(Wi.[hzfl’xz] +bi) (3)
C,=tanh(Wc « [h,_, ,x,] +b,) (4)

Horb i, FRE RSB, €, Fo-XT i, BT
U TR AT T RE 121 1M 28 46 R B S A
B BP

C =f xC_ +i xC, (5)
LT

o,=a(W, +[h,_ ,x ] +b,) (6)
h, =0, X tanh(C,) (7)

B TTORE T WRLE LS B 2R it

it e e T ) LAY g S LA L A Y — LE IR R
YU R TTAT LARER D S5 P E 2R AR 2y, e X
TEf A R R 6 T S R0E S5 D1 s WL A5 B ot e
S LA S el B IR A AR 5 R

3.3 FEEANS

TERETIHLHS B gl iz v B3 T IR 2= 2T 1
H SR T AT S5 v, & mT DU Bl A28 X6 A 1) 1 3
G3 WA AN R A AR il IR B fim DG K B 45 R, T I
AN T RN R SRR TR RS, A SCrb 1
IO AR FH 2 (5] 422 b %o 38 38 S IR B P UL FL A 5
THEREME, HREAKXMT .

exp(score(h,,h,))

@, = (8)
2 exp(score(h,,h,))

H =3 ah, (9)

score(h, ,h.) = h"Wh, (10)

Hp e, F/RMIE AESE N B b, Fm 000
RS, 33 LA LR B T8 Y ¥ 25 36, B (IR
VLAHIZ M B AEZ I T TR R b, FRom e b — 2 05
X HIEAYSE LSTM B4, Wh, SRR ESEUE M, 4
W22 2 RS H Fm 23 i 2 ML s 0 o i
3.4 ETFLSTM 5 CNN HiREZIERIZEH

MICHR[ 17 1% Twitter BB HTF A3 10, 6 T F
P AER I P15 S, BT LSTM BE & 2% 51 5 B 1
TEVEMEH], LSTM JZ1ERT .CNN ETE G N4 S AR T k&
FEMF I TERE, 5 R FH CNN-LSTM £5 44, CNN Ab B
SEFGH A B P HE &, Jeis LST™M {3k 3]
EHIEEWVER 5 BT

AR SCR FH AR 2 ) BERL S5 R AN 8] 3 iR, F2 A3k
T keras HE4R £ 7% LSTM JZ M1 CNN )2, CNN #4r £ 2 A5
YR 10] IBETT, B 4 D EBBRZE R —A b2 5B
125 2 R B R AR 2 32, B R/ 52 110
M 3x3, 55 3 2R 64, K/NVE 5%5, 55 4 J2 5
Bt 64, K/INVE Sx 1 B n 2k i 2B AR 2 53 |
Fon L FHAE, HrhfEdEA CNN 2 Z BT 17 7E
R THLE] A AR AN ] A T 4 sl AR [ 422 b T A [
TIE WU S AN AL, 0 PR SR T ReLu,
24 2 AL S HOE MR Xavier #1ER L5 2 4
AL 2% % 3 BE LS FE T % ( stochastic gradient descent,
SGD) . epoch BE'E 30, batch size %K 256, K T Jnpe s
2 25 1N 50 3 ) i o7 b J B0 R 2 o S8 as T A e
s, B BRI R 2 %4 0. 01,4 epoch TEFRKEGRE T 20
Wa , Bad—4 epoch W 1/2,

e LA e A R /N2 10x15, Hirr 15 FoR
15 A~ B[] 79 20 o, B3 20 2 /9 9 B2, X6 N A B ) 2
150 ms, 10 7 10 MIHCRA @IS, G ShE B aib K
JE S ATAN A, B R AR R b A B PR 2 2
LR RAAE G L — & LA IR, 58 2 LA i WP
FFEAE EMZ



166 U #H £ ¥ W

F42 8k

LN

(15%10)

v

FHEFRE

(15%10x2)

N7
(102 (10:2)|  |10x2)
LSTM| ... LSTM| ... [LSTM LSTM
Unit Unit Unit
Y L Y
RN
Y v v___
LH e H e He hgciblml

A J
CNN(32,1x10),ReLU
Dropout (0.5)

v

CNN(32,3%3),ReLU
Dropout (0.5)

A J
CNN(64,5%5),ReLU
Dropout (0.5)

A 4
CNN(64,5%1),ReLU
Dropout (0.5)

A J

CNN(53,1x1)
Softmax

v
[ Hil 153 |

K3 BRI

Fig. 3 Deep learning model structure

i A LSTM 2R [H] 20402 15, i AR /2 102
), LSTM J2 8 H X o S A I ] 25K i 48R 1 41
R HLHZE 5 AR LSTM Ak i 2R FE H
SR AR RE HLF T T AR (E A LSTM F %t 2= 3 HBURR I )
22N A SR, B AR A AR B
3.5 XWAHEETE

T AR SO TR RO, 76 AH R I R 24 ) M &2

FREB
25
20 \"\
® 1s)
B
1.0 —
05
0 5 10 15 20 25 30
38 [ IR

(a) YZxtEloss

(a) Loss on training data

4% LSTM-CNN BAVZEAE T 230 LANLHL EHS LA B
F/ N AL RFE EUR A 45 i A BB R A 74 L

PURNZE SR PR T BT JIL R S 1 RN A A 4R
T 2B R WS T USR5 SRR T AR AL
PR TR 45 S A FE Al 1 BB A 5 4 T A B A
P sh 285, et iz B L e B 4 B sh 2 11 % Oy 20K
O VR B 2 > R A TEU3) 1 g it L Fb 5000 1) T 55 28031
e Ak B A fie 22 T34 N0 2 43 WL F ERHE 1Y
WRIZE R, N T RERTC A W58 T8 O B, AR SCORTSC
BR[ 10 ] —HHE A T AR Z T 958 2,5,7 I LE
B 24 R, AR 7 MO8, R h T RE
FEAG PR A4 AL FR ESCHRE 4 3005 3 B TR 28, AR SR A
SRy RAE VLR TP AT IR AL, BB R A R T
PHENENE 1,3,4,6,8,9,10 W LHLEHE AR L
HR UL SO S A TR | o M o) s

FEXFHEAS T35 Bl M — YR L R | T e i R
Bl 1 R ARARIZ WL A B30HE 1 BT AR AE TR 45 % R IR
2 PR AI U R X 7 1) TF- 250, O 5k IR
T L TR 2 A5 B, T3 E 7 i
IR K T3 X I ) 2 B SR BIER R M
P 4 04 AT UL PR R AT PSRN 9 M e % 3% Bl B 4%
SRR 2 EAT PR AN

4 HEREHW

4.1 ETHBEGRIER

&1 4 J2 L Ha, TR 5 B ot 28 1) 2 TR IR 7R A )1 284 Toss
FIIALE loss, AT LA HFE epoch iK% 15 Z 5 loss H#4
FhaE . ZREN loss & AE 1 LT, THAZE 1 loss
FE 15 KA X UL R — E B I LA A
FLIREER loss JEAR T 408808 78 1.5 LA fEAE— 2 e
FERIRNE . VIR B TR BIER A 0. 841 2, MR 4 1930
SIERR R IE 0. 731 2, M4 3 S5 HMERA R /2 0. 942 1,10
2 PR,

KRB
40,
35 \\
300 |
s 25 ‘
B 20
15 T
1.0
0.5
0 é Ib ]IS 2‘0 2‘5 36
i i R E
(b) BUiREEloss

(b) Loss on test data

4 TN EMG loss 257
Fig.4 Loss results based on EMG image



%2

PRI 2 TR T I RS R 22 R 25 1) T JULRL U 5 167

P 5 2 UL A A S 22 M SR AR D T A4 TRV A
W, i 18T 5 (a) () A4S G AT LA H R 23 1R s e A
e b BA T RAX LM, THIEM IR E LR
HELERRARARZE TR M SRR B0 T, T R R 23 A1 4B AR 4%
T AL S R TR 5 FIAR SRR S

. 80
0 70
60
g 20 50
S
ﬁ “ 40
30
40 20
. 10
5
0

10 20 30 50

TRRbREE
() SR ITAIL R BB TR 5 45 R B VL 8

(a) Confusion matrix of single frame EMG
data recognition result

40

XA TSl A e BRI e, FE AR A 11
12 A U R AR e 3l FORE M sifETr i A, X
SEATT & S U

HT UGS K TR S TIARE MIRAE R R (BR)

30
25
20
15
10
05
0 20 30 40 50 °
TARE
(b) 2 BB TR Ve T ) YR 4

(b) Confusion matrix for majority
vote prediction

Pl s BTIL A A0 5 2 RIS S DR TN ) T 9 R

Fig.5 Confusion matrix of single frame EMG data and majority vote prediction

Pl 6 & SRt L F BN AE — > e B T RS E N &
A B[] A5 T S 7 1 3 300 o g 3 2 TR | AT 7 A T A
Bl S R0 5 SR 43 A SR T UL R O 04 1R o
FEAEXE T )R A B A5 S AR, Kt S 3 S B
EFHIET MBI BFESEARER KA R,
JIT AT LA H 85 W i 1) IX 43 AN () 95 Bl B, 1 A 40 R0
RS =
4.2 ETHANEEEGI WP HSHEERGHRIBRER

A SCAEA WU AR A WP ARE R, I LA AE A
B A BT EE 27 > PRI A LSTM-CNN H 455140
B 7 i , loss {EL 43 26 Y ZREE AT 4E v i 30 TRk AR
G341, AT LA BAH B WL HS R R 5 25 A B W R
FET;, PR A [y ARRAE TSR0 O vk i v 3 A 5k 2
PR o

AR PR A
25
\
20
‘\
K s\
B \
1.0 S~
0.5 B
0 5 10 ]‘5 26 2‘5 36
308 I

(a) YZx%Eloss

(a) Loss on training data

s BRAE— A 5e BT H5 345 11 A R 20 R A A 3
09

08r
0.7
0.6
0.5+
0.4+
03
02
0.1F

0

WA

S 15 25 35 45 55 65 75 85 95

— W SERETF H B A I T I 1) 2%
6 — o8B TN I ] BB 7 LA P Y
P HER

Fig. 6 The electromyogram corresponding to each

time period in a complete gesture action

i AR BB
4.0
35 \
3.0 \
K 25 \
®a0\
L5 S
1.0 T
0.5
0 5 10 15 20 25 36
385 B
(b) JiXEEloss

(b) Loss on test data

K7 T WU R+ WP RRE RS LA 1 loss &

Fig.7 Loss map based on combination of EMG image and WP feature image



168 U #H £ ¥ W

B4

x2 FHH;ESINRNEBEHLLER
Table 2 Comparison of the recognition accuracy

of gesture actions

e ke Pk
P/ U WHE  fEE R
(R—JE G MLEARAE  CNN) [0 0.8121  0.7206  0.930 6
i JF AL AFE LSTM-CNN  0.8412  0.7312  0.942 1
VYRV 0.8512 0.7512 0.9576

BEIMA) WP RFE EHR 5 WU EUR LA 44 B T P2 4
TEAE ., 3 2B %o 6] — AN X 4 A ) T i 45k 2
(AN 15 BB & 2 2 A 15 B TU A D e T I B
P2 RRAE R B R 2 5 T 38 X 2 ) 4 25 X0, Hi & 2
Al LI N T /N A R AE B R Z 05, I AR A
WER A — R ATt

TE[RRE B A SRAE A, SR A LSTM-CNN A5 54 (1% 35 51
WER 24 T CNN RS LSTM J2 B /E A AR B T o —

BTYLE AR T 45 A B A R

[C—rest
[ Exercise
1.0 rmmm AExercise B _
B Exercise C
09 r
08
0.7 r
0.6
05
04
03t
02 r
0.1

AR /%

0
-10 0 10 20 3 40 S0 60
BiEE
() DU ERIRFILER

(a) EMG image recognition result

JULE P B R PR AR I 2 B T e =2 1% 2R 800 UL E 58l 22 i)
BT A5 B B A CNN BSR4 A5 B 2 T L AL
P 2 [6) R A B G R AR, S 2B AT B R A P it =
SN T B S ALE G, i 28 X 25 A5 50 GE 4% 5 fin
FE BB AN TR 0 T3S AR X R ) #5353 LA 18355 BR
TR DA SR B 22 [R] 9 SCHR S AR Y

& 8 S5 T WLHL G FN WP HRAF IR 4 4, BRIl
HLE A K AT SR RO HER % . A S 4L
BB P00 R A v A LA Y T A A, S T LHL B
QRN TF WL EUR + WP R R 00 241 5 7 F X 45 25 Y
) T A E U AR Ak e B R BT, 78 LA X 42 TR0 o 1
FAER EEIFMIEAR AT WL R+ WP R 1E BHR
HA M BARNZEL SCRk[10] 325 T 4.25% , kiR
BIRSEH S 39 ShfES, RIS TR MR ol 1, 1% F
PSR I AR TR IR B 55 /0N, 3 B X 43 BE AR /N, 5 Ak il
S5 LA A AR R X SIVESE 49 1 50 BR BI45 R A 45
KIGHETE,

L R T A TS RS

Jrest

C—1Exercise

1.0 rmmm AFxercise B
18

09
08}
0.7 |
0.6
05}
0.4}
03}
02}
0.1F

0
-10 0 10 20 30 40 50 60

K
(b) WLE BE+WPHRHE BB A A RFIE R
(b) Combination recognition result of EMG image + WP
feature image

WA /%

8 BTl e JULHR PR TLEE 15+ WP AR IR AR 2 15 B U 45 2R

Fig. 8 Based on the recognition results of the combination of EMG image and EMG image + WP feature image

5 LRNMARMSHT

MYO Mty J& g KAk 2\ 7] Thalmic Labs 4 i1 981
BPEREER T AR P B AILPA 7= A ) L B, i A I
IR 05 28 Hofth v 7= i - T 4R 3 . MYO 8 L
I 1R AERE HT DL S AEHE M A AR 200 58 LR 1 52 56
FICRNE T, 55— 7 T AR T AE TR L B i [
WM ET 5 FPEEF WS F— B A,
T R b R S A RO N R AR, P AR R
AT RASEMYO 5212 B2 AT B e

BTN AR SO A 3k, MY O R4k 3 Fh T3, 4

SRR ERE, TR MM % AR, I MYO 4051 % 4
3 31 B 1A IOL AL B, 5 AE 5 4 ) 22 24,24,
30, FE51HH T k| EABRAE A FIZS FFACHR 4 DBI A
ol B FELAS SC I 50 2 0 40450 3 2 S
0,91, % 3 By CNN 530450 50 1 00 % 9 F 347350 ) ¢ 2
0.8, AT LA 1A SO Hh 0 550 2 U3 T 807 T AT
U1 A

6 & it

FHRSEL I TC 12 W 46 3 T 5 U 5 1) A 19 1
A B AR 2 I 2 A R BRI Rz fERE D, 32



%2

PRI 2 TR T I RS R 22 R 25 1) T JULRL U 5 169

HAET LSTM-CNN ) ER AT 22 W 28 5 K I AR P % Z [ A
ATERHUE AR T HNU L AR RS e R A
NBAET5 T 42 TN EAGR + WP Rk R A S 0 4
BAR 2 ZEAREE B, MRS B AL BT
LSTM-CNN 2% A4 )80 1 RE Bib [] WL HL A5 5 54 235 4 0 I 7
FRAE, TS L) A4 7 2 1) e i Ak 1 78 T itk
HA A A JUL PR (R S, B 2l AR 2 LA U A
BYEAT RAFFUNRE Sy, SEaR 2 R R WA SO 4 4 28 1o 2%
TR IR F] T 98 A B BRI X
L PR R S50 A T 3 L 3 114 2 R 2 ) 4 AT AR 4R
T 4.25% RPURITHERR R[]0 MYO SRR 2K
PEHEAT T HRAE, 45 R R IIAS SCH Y B T SRR S i 1
R PG

AR SCTE FUHS T3ROS AY i A S 2 RSO ) 2 45
Fa 5 TS T AR Rk gt UG T £ AR IR AR
WFFEE T DA 5 K BE 5 R0 45 51 1 0 &, A8 R )
TR I R 5 TR EE ) 55— D T8 7] LA 5
Ay A B B B IR SR
S 3Lk
[ 1] YOUB,WANG H L,HUANG L. The system of s-EMG
recognition for prosthetic hand control [ C J.
Technology ( IF-OST ), Ulsan:
10. 1109/1FOST. 2010. 5667998.
ZHANG J, LING C, LI S.

Strategic
IEEE, 2010, DOI.

Human movements
classification using multi-channel surface EMG signals
2019 International
2019, DOI.

and deep learning technique [ CJ.
Conference on Cyberworlds ( CW ).
10. 1109/CW. 2019. 00051.
CHRISTIAN P, STEFAN S, LEONHARD D. Results of
an internet survey of myoelectric prosthetic hand users[ J].
Prosthetics and Orthotics International, 2007, 31 (4) .
362-370.

PRASER, BRILZR, Jose, %5, VRJE 2 > 6 BCA i bR 50
S A P R R[] AR R 2 4R, 2019,
40(9) :209-229.

CHEN ZH Q,CHEN XU D,JOSE, et al. Application of
deep learning in equipment prognostics and health
management [ J ]. Chinese Journal of Scientific
Instrument, 2019, 40(9) :209-229.

ULYSSE C, CHEIKH L, ALEXANDRE C, et al. Transfer
learning for SEMG hand gestures recognition using

2017 IEEE
Man, and

convolutional neural networks [ C ].

International  Conference on

Cybernetics (SMC) , 2017, 1663-1668.

Systems,

[6]

(7]

(8]

[11]

[12]

[13]

[15]

[16]

JAFARZADEH M, HUSSEY D C, TADESSE Y. Deep
learning approach to control of prosthetic hands with
electromyography signals [ C]. 2019 IEEE International
Symposium on  Measurement in  Robotics
(ISMCR) ,2019, DOI: 10. 1109/ISMCR47492. 2019. 8955725.

CHUNG E A, BENALCAZAR M E. Real-Time hand

and  Control

gesture recognition model using deep learning techniques
and EMG signals [ C ]. 2019 27th European Signal
Processing Conference (EUSIPCO), IEEE, 2019. 1-5.
ATZORI M, COGNOLATO M, MULLER H. Deep
learning with convolutional neural networks applied to
electromyography data: A resource for the classification of
movements for prosthetic hands [ J ]. Frontiers in
Neurorobotics, 2016, 10; 9.

ATZORI M, GIJSBERTS A, KUZBORSKIJ I, et al.
Characterization of a benchmark database for myoelectric
movement classification [ J ]. IEEE Transactions on
Neural Systems and Rehabilitation Engineering, 2015,
23(1):73-83.

TSINGANOS P, CORNELIS B, CORNELIS J, et al.
Deep learning in EMG-based gesture recognition [ C].
PhyCS,2018; 107-114.

VERMA H, KUMAR S. An accurate missing data
prediction method using LSTM based deep learning for
health care [ C]. Proceedings of the 20th International
Conference on Distributed Computing and Networking,
2019 371-376.

GENG W, DU Y, JIN W, et al. Gesture recognition by
instantaneous surface EMG images [ J |. Scientific
Reports, 2016, 6(1): 1-8.

KUZBORSKIJ I, GIJSBERTS A, CAPUTO B. On the
challenge of classifying 52 hand movements from surface
electromyography [ C ]. 2012 Annual International
Conference of the IEEE Engineering in Medicine and
Biology Society, IEEE, 2012. 4931-4937.

ZHANG Y D, DONG Z, CHEN X, et al. Image based
fruit category classification by 13-layer deep convolutional
neural network and data augmentation[J]. Multimedia
Tools and Applications, 2019, 78(3) : 3613-3632.
SEPP HOCHREITER, JURGEN S. Long short-term
memory [ J ]. Neural Computation, 1997, 9 (8):
1735-1780.

LUONG M T, PHAM H, MANNING C D. Effective

approaches to attention-based neural machine translation[ ] ].



170 U #H £ ¥ W

F42 8k

Computer Science, 2015, DOI.10. 18653/v1/D15-1166.
[17] SOSA P M. Twitter sentiment analysis using combined
LSTM-CNN models[ J]. Eprint Arxiv, 2017; 1-9.
[18] GLOROT X, BENGIO Y. Understanding the difficulty of
networks [ C ].

training deep feedforward neural

Proceedings of the Thirteenth International Conference on
Artificial Intelligence and Statistics, JMLR Workshop and
Conference Proceedings, 2010. 249-256.

fEE '

BREAE, 2013 4F FHUMN I T RHCR AR
Fre i, 2018 THUN L FRHOR 3R
it 67, BT FL B R A A 3 1
A, EBEGETT ) o AP LA SR Ak P R
0l BLEs N AR SR
E-mail; 710442015@ qq. com
Chen Sijia received his B. Sc. degree and M. Sc. degree both

from Hangzhou Dianzi University in 2013 and 2018, respectively.

He is currently a Ph.D. candidate at Hangzhou Dianzi

University. His main research interests include bioelectric
information processing and recognition, robot control and its
application.
TR CAEES), 1985 F T8 TR
m FRK2EPAS 2 24A07, 1989 4 FHu M s TR
O BOOEPEELE L, 1998 4 THHT k2R
\3 P12 G, DR RO s TR A h
AN FW, FEFR I FRRESZE B
B EYEHSFES I RN,
E-mail: luo@ hdu. edu. ¢n

P

Luo Zhizeng ( Corresponding author) received his B. Se.
degree from University of Electronic Science and Technology of
China in 1985, received his M. Sc. degree from Hangzhou Dianzi
University in 1989, and received his Ph. D. degree from Zhejiang
University in 1998. He is currently a Ph. D. advisor at Hangzhou
Dianzi University. His main research interests include information
signal

collection and multi-information fusion, biomedical

processing, intelligent robots, etc.



