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Abstract: To solve the problems of insufficient feature extraction and ignoring time series information u-
sing convolutional neural network (CNN) to extract features of surface electromyography (sEMG) ges-
ture recognition, resulting in low recognition accuracy, this paper innovatively proposed incorporating
two-layer attention and multi-stream convolutional neural network (MS-CNN) for sEMG gesture recog-
nition memory networks model. Firstly,sSEMG images generated by sliding windows are used as the input
of this model;then the channel attention module (CAM) is embedded in an MS-CNN to weaken irrele-
vant information and enable the network to focus more on the key features of sSEMG;secondly,using the
long short term memory network (LSTM) for motivating the input features in time-sequence to pay
more attention to the time-sequence information of sSEMG, which enables network has a stronger learn-

ing ability in the time-dimension;finally,focusing on states of LSTM by time-sequence attention (TSA)
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layer to learn important muscle information better for improving gesture recognition accuracy. Perform-

ing experimental tests on the NinaPro dataset and the results show that the gesture recognition accuracy
in the DBI dataset and DB2 dataset has reached 86. 42 % and 80. 60% using the network model proposed

by this paper,which is higher than most mainstream models, which fully verifies the effectiveness of the

model.

Key words: surface electromyography (sEMG); gesture recognition; multi-stream convolutional neural

network (MS-CNN) ; long short term memory network (ILSTM) ; attention mechanism
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IR LB S I Y (virtual reality, VR) FI AR A%
FEHISIE L N T A A R A R TR R A
P& T 2 0y e, Horbo g L H TR Ok il AR UL A IS
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LE . WKL TR, R R CRAR I B 2
SRS A A D DX S R Tk 3R T R ARG R DA R
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LW {5 5 (surface electromyography, sSEMG), #H
BFEBERIKMEARXRET X Z A
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B A SR A A 25 S B AR AR SR B L ORI K
i 4F (k-nearest neighbor, KNN) | 3% 5 [1] & #L (sup-
port vector machines, SVM) | £k 1 31| 5] 23 #7 (linear
discriminant analysis, LDA) Fl [ ¥l & #k ( random
forests, RF) Z K WM& 58 or 2 % it 47 T #R 5. H
& 255 WL 2 27 2T A5 70 B SRR AIE B8 BRI T B ok 0 R R
KBRS HFFEH G kWS L2, Wik 5
N T TAE & 38 .

(a) Electrode patch collection
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(convolutional neural network, CNN) f FH T sEMG
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Jidf sEMG 19 F¢ AE . JF SR HI 96 35 pl 48 9 4% Crecur-
rent neural network, RNN) M F¢ %1 5% P o $2 B 45 1
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BEXT B R [a) @, A SO T RS R E
5Z %W % M 24 W 4 (multi-stream convolutional
neuralnetwork , MS-CNN) g9 L B8, F #8151 id 12 ™

(b) Needle electrode collection
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Fig. 1 Two collection methods
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ARS8k FH 1) J& NinaPro 6 ALHL{E 5 A JF
i N i DB %4l F1 DB2 #4831 b Bl
LULE L B 2 PR o FHEERIEL, DB1 Y F 34
RIAESY Ry 12 AN FEAR F A8 S 1E .8 A SFHE ok F 3.9
A F Wi A S 23 A9 F D e iE 2h Ol H &
Yo 2 B4 3208 3 AT ARER, DB H R 2 TR B
YE). DB2 fy FHBR LT 4 20 .17 A F M T i
Bl (RS HE A ik FHMONF ik Az sh Al

F1 HEBH
Tab.1 Datasets information
Parameters NinaProDB1 NinaProDB2
Number of subjects 27 40
Considered subjects 10 6
Total number of movements 52 50
Avg. years 28+4.6 28+3.1
Sampling frequency (Hz) 100 2000
sEMG electrodes 10 Otto Bock 12 Delsys

Hand kinematics/Dynamics sensors

Cyberglove 11 Cyberglove 11

(a) 12 basic movements ol the fingers

(b) 8 isometric and isotonic hand configurations

(c) 9 basic movements of the wrist
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(e) 9 motions for different force pattern applied on fingers and | rest position

B2 FHEIE

Fig.2 Movements of fingers
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V14 B T e 7 e B A1 T 8 P T PR 2R 0 M S T
ARS8 1 WL PR A 5 38 3 I L AR UK A D O 2% 1 AT R
W o Z 5kt Ik R JE R B BEAT I — 1k Ak 3
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Fig. 3 Structure diagram of sliding window
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Fig. 4 Image produced by sliding window cutting
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Fig. 5 Incorporating two-layer attention and MS-CNN for sSEMG gesture recognition memory networks
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2 ) BT A0 A6 B LA A S5 IR B RRAE 56 2 A 2
I LSTM $£HL sSEMG I 75 8 . K CNN 4 5
SEMG WIRERMEmME( F, . F, o Fy . Fr MER
LSTM (% AFES . S8 T 95 4E 7 51 v 4F 1) &
PIANE 7R LSTM B i i [a] 25 4K 5 26 3 &40 42
W TSA K LSTM 78 2 B 72 v A [\] = #5211
LIRS B JF B 32 & TR & CNN-LSTM 25 44 (1% 1
. F LSTM 22> 2| (4 FRAE %y 3% 2] TSA JF o i
WAEE ., RJEERE G RFHRRENEERE. I
% ) Softmax 73413 5] sSEMG FH# 42K 45 0,
2.2 MS-CNN

CNN JE7E N T 4020 0 2% (1 LRl b 2 R i
B R A7 B IR S A R A X T A R 2

T, FU R IR, B g J2E A 8 oe i 2o A R TR A
B TE (s B . B I 5 A S R AR
RSO R IE 2 8 S A0 8 B 6. X T DBI i
B AR SCRIHT 10 A3 CNN R 45 21 i MS-CNN %]
LRI BRAE T v AU B T 0 G UE R R
e LIRS B2

T e A ORI MS-CNN [ 45, LIS sSEMG (1)
ZA> sEMG G747 B BB CNN AR
R 7 2 R A ERZE b &2t 64 4> 3 X
3B BB AR L IR RS 2 B M A T CAM,
ETRZEMAD DI IEREZ . BZEH 64 4 1X1 /i
HEHEZ KA SEMG BRI Jm SRR . RcJm 3 203
B 512,512 A1 128 AN FOCA R i e 4= . o
W2 HA dropout, DLk it & . B2 5 48
AT #t & 0 — 4k (batch-normalization layer, BN)
FE IF 22 V£ B T (rectification linear unit, RelLU),
DL I ok 9 20> P 8 I A2 ki A% o AT 0 3 90 2% Wi 85 B
1EABEEIH % . MS-CNN [m] i) 1 3% % [ G B 46 Al 1
(adaptive moment estimation, Adam){E & W 2% L 1k
o B E PRI REAEKE IR I 22 P AL d A .



oW N RS .EANEES NS 2B RIS T R M % .« 185
2.3 LSTM PEATRUE 20 B . B AT E s Sh B T AR R 0 i
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BT AR RO L H RNN SUAE 78 86 1 2% Bl
1 S — SR BRI, AR SOl T ST RNN e ik
) 75 AR ) 28— LS T ML, ff A S ) 45 455 70 g 4% i e L
A M 2 S KR B, TS A b HE R 45 R
sEMG (B 7 )@, A SCHE MS-CNN W45 1956 7 J2
JEWIMT AR LSTM 2, &4~ LSTM A 128
ASPATE, A % 8 dropout [{E N 0. 5,38 1 dropout
J7 1 e i 2 #L A

LSTM J& T 74% RNN #J504, & i 7 (Sig-
moid % R AL, 2R I % S TR KB d B — i 25 B
I Y B AR L A B B AR TR AR BN U R 5
FEKE. A LSTM (1 P90 45 4 43 51/l i A TD B
IR T TR A TR AS AR AR AN & 6 i .

Bl 6 LSTM #8454
Fig. 6  Inner structure of LSTM unit
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u, = tanh(W_h, +0b,), (8)
a; = Softmax (w,u,) , 9)
r, — Z[T:la’/h/’ (10)
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W, Fllw, Bl 82 AT . o, B5 ¢ DEE IR
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Fig.7 Channel attention module
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3.1 XERE

AL FF N NinaPro £t E 3647 7 945, oC
55°F 5 UL Windows #:4F R 48, 2 TR % > Ten-
sorflow fEZR SZH ¥, v i 4 i B 4 . Inter Xeon
(R) Gold 5218 4b ¥ % . Nvidia Titan X g & il 32
GB BAF. A3 5 ny sEMG i 48 % 73 o0 Il 2k 4
LTI S R i 7 = o N N 17 (8 D O W1 B [
HANGBEREAR 5T A 9 80 %, B0 E 4 5 A 19 20 %,
A SC IR R KN (bateh-size) g 128, 1145 200 4~
epoch. 4524 > R E N 0. 001, A48 56 31F 4 19 3R
IS TSR P 1 O3 JEOKS E L BT 24 3 2R HE A R
H Ace IEB R T HEE N N, FHAEA DN M,
mr=

Acc = « 100%, (1)

N
M
3.2 XWERDM

ARSCH 5 BT BCH 3T sSEMG IR 242 F
PR 7 2 IR AT R BE LSS DS T AR SO A T 4%
MERR P PLH ., 2503k 2 iR .

SCHk[14 ]2 IF %& NinaPro B4 B (0 1F # A #
i AR GE ML A% 2% 21 09 J7 ¥k 34T T 3Gl 50 R 107
R LI RRAE L B PR A 3 s DN I A e 0 AT R AR
{55 B9 HL ] RE 43 28 88 3047 T 3 3h 7 R0 25O
IefE.DBL Al DB2 1943 J5K5 B 43 ik 8 T 75, 30 %
M 75.27% s Z Ja XA WOk AL g8 i) CNNSY R H F
sEMG v, & 3 DB FRZE P Ak 2 e &
Ay A E] T (66. 606, 40) Y% HI(66.28% +7.70) %
B 73RS BE . i T2 | Ol CNIN R 4%, 1 e T 1
HIEG 23 )7 . GengNet™ N J& % H Bt B
sEMG FEMGAE R fi A L il CNIN AR J5 R 22 80 4%
MR DB E M o R MER R IRE T

77.80% ., ChengNet?" # 15T sEMG $:1F K4
CNN BEAL, XF 52 A F #1517 R 1 4 i 5
IKF| T 82.54% ., WeiNet 2 H1 7 MS-CNN HE4,
PRSI CNN #4780 57 Y 25 2 J5 i AT Rl . 52 Fb
F A HEE SRR T T 85. 00% By iR MR %, Zhai-
Net™™ I J2 fiff F %0 4E 38 Ff 48 sEMG 45035 B AE R
CNN P28 14 A e DB2 B 42 1% 50 A - # i)
BIMERRIRB T 78.71% .,

AT 4R A RS B2 TR 5 MS-CNN |
SEMG T3R5I 1012 19 265 50 7 1 JHL Ath 455 78 %6 LY 7T &
X T DB Bl 4% 1 R/N Ry 150 ms B AHAR
T AtzoriNet BEEIHEFF T 18. 66 % , ifi # 4 T WeiNet
WAL T T 0. 86 %05 2% TR/ FE 200 ms i,
AT Atzori-RFE, W KA G AL &7 2 2 r ik #&7+ 7
11.12% ., %F DB2 ¥4 4, 4% 1 K /MK 150 ms
i, A% T AtzoriNet BRI T T 13,13 % 48 1K
/B 200 ms B, A B F ZhaiNet 77 ¥ & I+ T
1.89% o A RYARAS 1 T S U0 o i R A8 1o - oAl
BT SR T 15 DR I W AR (R 4% A5 50 1 8 B 4

AL 22 Jr L g AR 40 b iR R 15 4R
AR 3 i Al G CAM ) MS-CNN W 45 i#F 47 7%
JEE AR R SR I, CAM BB AT A4 b 400 I % 79 J i 040
T HIME S TR AN T IR BE R AR A2 40 A 6% Y 1) 5 AH
BT g0 CNN M 2%, ARBHL AT LSTM Al
TSA 2, B REMB il e CNN R % f I )75 B 5] 55 (1) 22
B s LSTM BE 5 X B B A T~ B R AF 14 47 B 8 80l »
AW TE TR D7 )2 38 3 B Y 43 TC 08 ik D AR AU B[R] P
A1) LA B B R AR 1 25 Sk IR) A, PR I T A AR ) 286 A
R M BE O T R T 4 B ) 0 F AR s A,

J T B IE MR R X SEMG 5 5 = $hH ) B M
e B R T RAE W2 EE TS MSCNN 1
sEMG F#GHG1I01 W 2% 5 2 53 2 & AT T #9r
20 H S8 L eI NinaProDB1 34 8 T & 2 # F
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P4 T T 8 T TR 16 AT S 5 i
B AL iy 28 B2 23R A0 45 KNNLSVM #l RF, R#1F 42
WO kR I SCHRL16 T i 073k o T35 70 2K HE X LE
SERANTEL 8 Frz . Al LLAE HY L 7 SCHR 10 1) 265 46 Y 3

i T A 2 28 A8 B9 T 30 SO L R ) 2 T RO
T S AR T F) I S 0 Ok SR U] T
BePIFp N 2 0 0 AE T MS-CNN 5 LSTM [
AT TR RN

R2 ANEBSHMTENSEBEEI L

Tab.2 Comparison of classification accuracy of our model and other methods

The length of voting window/ms

Methods Dataset ongueTtl?ﬁ’res 150 200
Atzori-RFM NinaProDBI1 50 — 75.30%
AtzoriNet-* NinaProDB1 50 66.60% +6.40% —
GengNet!t* NinaProDBI1 52 — 77.80%
ChengNet[?!] NinaProDB1 52 — 82.54%
WeiNet!?! NinaProDB1 52 84.40% 85.00%
Ours NinaProDB1 52 85.26% 86.42%
Atzori-RFH NinaProDB2 50 — 75.27%
AtzoriNet™ NinaProDB2 50 66.28% +7.70% -
ZhaiNet %] NinaProDB2 50 — 78.71%
Ours NinaProDB2 50 79.41% 80.60%
. T 2.08% ., HJEAE LAREAE FinA TSA Bk, fifi
7 s HSEORUHEEREIS B T 86, 424, A1 T Bascline +
= g gestures

1.0 ] I |6 gestures
0.9 }—

0.8
0.7
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0.4
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Ace

RF Ours

8 AXEHEEZAZEBHFESLBENILL
Fig. 8 Comparison of gesture classification accuracy

between ours model and classic classifiers
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