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Research on sSEMG gesture recognition algorithm based on
TiCNN-DRSN model
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Abstract: The gesture recognition method based on surface electromyography and pattern recognition has a broad
application prospect in the field of rehabilitation hand. In this paper, a hand gesture recognition method based on
surface electromyography (sEMG) is proposed to predict 52 hand movements. In order to solve the problem that
surface EMG signals are easily disturbed and improve the classification effect of surface EMG signals, TiCNN-DRSN
network is proposed, whose main function is to better identify the noise and reduce the time for filtering the noise. Ti
is a TiCNN network, in which convolutional kernel Dropout and minimal batch training are used to introduce training
interference to the convolutional neural network and increase the generalization of the model; DRSN is a deep residual
shrinkage network, which can effectively eliminate redundant signals in sEMG signals and reduce signal noise
interference. TICNN-DRSN has achieved high anti-noise and adaptive performance without any noise reduction
pretreatment. The recognition rate of this model on Ninapro database reaches 97. 43 % 0. 8%.
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Z L /7 5 (surface electromyography,sEMG) & A
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component analysis, PCA) F1 A T 22 W £ (artificial neural
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Group WA 5 19 FT T O 18150 3H 501l 9 T BE 45 R 9 2%
(visual geometry group-very deep convolutional Networks,
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"BN, ReLU, Conv (K = C)
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L 14
lBN, ReLU, Conv (K = ()
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AT 8 — 2K E BT 5B, et % B 17
Dropout 24 , 3% & % TICNN #5845 45 — A1 26 T 48,
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f Ak 4k B (mini-batch) 6 $F A7 it i I 25, X ORI B YA A
T4, B2 T 8K mini-batch B93508 7 25 (4745 4k 36
B o AR MR AR M 22 R A B I A AR .

Convolutional layer: kernel size 64x 1,
step size 16, channels 16.
Dropout layer
BN layer
Pooling layer:Kernel size 2x 1.
Step size 2, channels 16

part [

Convolutional layer: kernel size 3x1,
step size 1, channels 32.
Dropout layer
BN layer
Pooling layer:Kernel size 2x 1.
Step size 2, channels 32

part 11

Convolutional layer: kernel size 3x1,
step size 1, channels 64.
Dropout layer
BN layer
Pooling layer:Kernel size 2x 1.
Step size 2, channels 64

x4

Fully-connected layers
Softmax
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ZUEE N 0. 000 2, WA BRI/ R 1 024, Wit 35 LI
A SR EREEGE — B ERZ L EON 16,5 Z 25
JZ 80N 8. DRSN AL b ) 25 K&k 2, S JR A 2 4
4% 2 1 Dropout J2 38 85 4310 SR £ R W B L 37 185 10 1) 465 AR
BN K GEERSESHIE 1.

ASLE Y F 2 H B 0 E R H TiICNN-DRSN £ #I 7E

55 6 1
% 1 TiCNN-DRSN % 5%
2 EBRE K EE REHE
ConvlD-1 64 X1 8§ X1 16 Yes
Max-pooling 2X1 2X1 16 No
ConvlD-2 32X1 3X1 32 Yes
Max-pooling 2X1 2X1 32 No
ConvlD-3 3X1 1X1 64 Yes
Max-pooling 2X1 2X1 64 No
ConvlD-4 3X1 1X1 64 Yes
Max-pooling 2X1 2X1 64 No
128
DRSN(ResNet18) 206
512
1024
Max-pooling 2X1 2X1 1024 No
Dense 128 1
Dense 24 1

TR SEMG 80 L T3R50 R, Of 5 HoAh E 2 ik
PEATXT

SZIRFCPE R H Ninapro 28 TR 803 4 . 2 B £ E T
52 MR £l sEMG (55, S T RS2 b7 wi
HRIT REAETE R MR T AR SO FE R LR B0 R TR
I {5 M B (SNIRO 1) 73 307 A M s =

FESC B U R, R 304y B8 T TiCNN. DRSN,
SVM.CNN [ Ff %} b, 5 5 A SCH Y TiCNN-DRSN
BRI HEAT X L . AR S 5N T .

— TiCNN: F—REBE /N 64X 1, LK 8X1; |/
S22 % A /N

— DRSN: ResNetl8 %5, i i 2k K}y 128-256-
512-1 024

— SVM.: =ik ELE S48 C=1. 0,gamma=0. 01

— CNN: 18 24544 @ iEHCh 256

ST R SR FHAH ) 09 1 S 4 /30 TE A /0 4 4l 43
it B A Adam SRR, FIER# 2 % 0. 000 2. %
W R 15.25.35.45 56, ML 45 AR B AR AN [ MR 75 55 14 7
W SRR U T e, O MR R R IR SSRGSk 2 8
BN 5 A W7 ot IR SE IR 25 R AN 5% 318 9 TR,

R2 TREMNBIEER

TG M AU AL 15 25 35 45
TiCNN-DRSN 72.4 89.9 94.1 97.1
TiCNN 75.9 77.7 78.8 79.9
PRI T o T R DRSN 73.6 79.7 86.4 92.4
SVM 63.7 78.6 83.2 89.6
CNN 58.3 64.5 70.1 76.2
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