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Recognition and Analysis of Hand Gesture Based on SEMG Signals

ZHANG Ruixuan, ZHANG Xushu, GUO Yuan, HE Dongdong, WANG Ruixue
( College of Biomedical Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract; Objective To study the method of hand gesture recognition using surface electromyography (SEMG)
signals from the forearm and hand, as well as joint angles of the thumb and index finger under different hand
gestures, so as to explore the feasibility of controlling the exoskeleton hand with sEMG signals. Methods The
sEMG signals of six muscles in the right upper limb of 20 healthy right-handed subjects were collected. The time
domain feature values of SEMG signals were extracted. Classifiers such as artificial neural network (ANN), K-
nearest neighbor (KNN) , decision tree (DT), random forest ( RF) and support vector machine (SVM) were
used for pattern recognition of six daily hand gestures. Meanwhile, trajectory of the thumb and index finger
movements was captured by the Vicon camera tracking system. The thumb and index finger angles were
calculated. Results Pattern recognition of six hand gestures could be achieved using sEMG signals of the
forearm and hand, and the ANN classifier had the best classification prediction, with test set prediction accuracy
of 97.9% and Kappa coefficient of 0. 975. The thumb and index finger angles under six hand gestures were also
calculated, and correlation analysis of joint angles under different hand gestures was conducted. Conclusions By
using forearm and hand sEMG signals for hand gesture recognition, it is possible to achieve classification
prediction with almost identical results. The results in this study demonstrate the feasibility of applying sEMG
signal based-hand gesture recognition to exoskeleton hand control.

Key words: surface electromyography (SEMG) signal; hand gesture recognition; artificial neural network ( ANN)
algorithm; adaboost algorithm; motion capture
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3 s, BEFP TR ZEMRE S min, 6 PTG 51 7R S
FUFR (roll mouse, RM) 4848 4 411 ( thumb button,
TB) M EF5 A (thumb & index finger kneading,
TI) .4 35725 ] (four-finger flexion, FF) #2#% (hold the
cup,HC) M 5 #5424 (five-finger kneading, FK) , 5
0L H 5 A3 rh i 2 FoRE A TR S

(2) BB BAF (b) HEAM (o) BREEE

(d)4¥aZ it

1 6TFH
Fig.1 Six hand gestures (a) Roll mouse, (b) Thumb button,
(¢) Thumb & index finger kneading, (d) Four-finger

(e) M

(GREit:

flexion, (e) Holding the cup, (f) Five-finger kneading
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Fig.2 Thumb and index finger kinematic data acquisition
(a) Hand marker configuration, (b) Kinematic data model

of the thumb and index finger, (c) Joint angles
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Fig.3 Comparison of SEMG signals before and after pre-processing (a) Original sEMG signals, (b) Pre-processed sEMG signal
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Tab.1 Correlation of iEMG, MAV and VAR of different muscles

with hand gestures

IHRAFIE  APB FDS BRA FCU EC EDC
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VAR 0.575 0.470 0.488 0.411 0.516 0.475

¥ APB . FDS .BRA .FCU .EC 1 EDC 43 3 b5 e L 45 % i
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Fig.4 Flow chart of the Adaboost algorithm
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Fig.5 Network structure of ANN algorithm
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Fig. 6 Confusion matrix on the test set of different algorithms
(a) Adaboost algorithm, (b) ANN algorithm

{E:RM TB . TIL.FF HC Fl FK ﬁ?ﬂ%?ﬁf‘é@ BUbR R N AR

G 4 485 ABARA 5 TR

i) i ML (support vector machine , SVM) RIS ( deci-
sion tree, DT) FEMLEEMR (random forest, RF) A6

R3 ARFBBE AEXTRE

T+ (gradient boosting decision tree, GBDT)  #z ¥ B
JEH4 58 (extreme gradient boosting, XGBoost ) B 1L 55
ZE R FH | Adaboost 1 ANN Bk 75 1)1 25 52 Fnim 3 4
{1 70 9 2% SR U T KNN, SVM, DT, RF, GBDT A
XGBoost JLFI 2 L7325 8% 0 7 JLFI 4325 88, ANN
I3SE AR 3 FE TN 1 RE dc i, IR AE 10 TR0 KS 32
100. 0% , ML A FTNAE B 97. 9% , Kappa R KA
0.975, LA L P58 —mn R R (W4 2) .

K2 BEDEBIEYNRI

Tab.2 Comparison of classification results by each classifier

P> PIEzRS IRFS Kappa
Bk TR B/ % TR B/ % B4
ANN 100.0 97.9 0.975

Adaboost 100. 0 96.5 0.958
KNN 100. 0 92.8 0.913
SVM 98.2 94.0 0.928

DT 100. 0 89.3 0. 865
RF 100. 0 95.4 0. 945
GBDT 94.3 94.2 0.928
XGBoost 100. 0 94.9 0.939
4.2 XTRESIT
MR 20 1752108 1 TG B85 3h 7 B,

T 6 B ST R I v RS R T B
35 r o AR G ) G M (L3R 3) o ARSI P
ST B AR B R A L, R SR Ak
BT RO HR AU

Tab.3 Thumb and index finger joint angles for 6 hand gestures HAREL(°)

T REFHE T 3 DG REHE L 3 DG BRI G Y SR TS BRI Y

RM 156.9+5.7 168.3+8. 1 158.3+16.2 134.0+7. 8 135.3+9.0

TB 130.3+9.7 140. 1+8.5 162.0+6. 3 167.6+2.9 172.3+4. 8

TI 160. 8+6.2 169.4+8.0 132.1+18.8 142.8+24.5 146.0+24.2

FF 148. 6+7.3 167.2£11.6 165.5+11.8 109.3+19.4 105.2+16.6

HC 172.4+4.2 147.8+16.4 153.6+7.2 140.9+3.3 140.2+11.2

FK 164.9+8. 4 169.5+7.6 116.4+20.0 153.4+19.2 153.9+16.4
[A]fiz A SPSS 23. 0, 347 6 #F A T4 & x4 FAEFBTEE.RIEXTREZEHEXSEER

F8 OGN A1 BE Z () (Y AH DG ME o3 B, S5 SRR W, 4845 |
RO AR B 22 0] A O R B XHE R T 0.5, /7
TERSER A EPE, RM A FF F3 TB f1 FK F3# TI
MFK FRZ ) HA BEHCHE (R 4), XL
Pl 6 Adaboost FEIAMN A4 Al ANN B3 A4 [ 1Y
TREHE R A RT3k B 48 01 M Z [ AR HE
BERAR M, By 7 AR 43 2R W0 R ], Adaboost 59 3R
BSOS LI

Tab.4 Correlation matrix between thumb and index finger joint

angles under different hand gestures

F#H  RM TB TI FF HC FK
RM 1 -0.556  0.038  0.998" 0.448 0. 256
TB -0.556 1 -0.686 -0.549 -0.655 —0.885"
TI  0.038 -0.686 1 0.003  0.038 0.945*
FF 0.998* -0.549 0.003 1 0.478  -0.231
HC 0.448 -0.655 0.038 0.478 1 0.279
FK  0.256 -0.885" 0.945" -0.231  0.279 1

. P<0. 05, HAT WA G
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BT LT 42 T (1932 B 224K

6 it
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6 FiokG 4l gh A (V& 3h BUbR AR 40 i R 4R
B4 18 BB 5 FRIS) BIREI, X2
B LR W0 Sy IR AR 9 53 2545 ANN 432
I TR BE RT3k 97. 9% |, Kappa 2 (7] 35
0.975, HAJL P58 2 — 8N R il 45 582 ki 1
AV BT 6 3818 sEMG {55 1 iEMG #4T T3
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