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User-independent EMG gesture recognition based on task-specific muscle synergy
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Abstract : The surface electromyography signal can reflect the user’s action intention. Therefore, it becomes the main control signal for
human-computer interaction. However, the individual variability makes the user model universally un-applicable, which is not conducive
to the development of the universal EMG equipment. In this paper, from the perspective of neural synergy control, muscle synergy is
extracted by the non-negative matrix factorization algorithm. Then, the pre-experimental data of new user are combined with least squares
to obtain training synergy as a feature quantity, which is similar to pre-experimental synergy. For application consideration in
low-frequency wearable scenarios, three simple and easily portable classifiers (i. e., support vector machine, error back propagation
network, and K-nearest neighbor algorithm) are trained and tested, respectively. Four sets of gesture recognition experiments are
implemented in DB1 (100 Hz) and DB5 (200 Hz) of the Ninapro database. The average recognition accuracy rates are 81.12% ,
78.19% , 74.07%, 60.11% (DB1) and 85.75%, 83.25%, 79.07%, 66.10% (DB5), which are higher than the existing
low-frequency online recognition algorithms by more than 10%. The proposed algorithm is simple and easy to train the classifier using
existing user data and a small amount of pre-experimental data from new users. Meanwhile, the action intention can be judged from the
perspective of neural coordination, which is more conducive to the development of a control method that conforms to the natural movement
of the human body. It provides a feasible solution for the popularization of wearable electromyography equipment.
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R WL 15 % (surface electromyogram, sEMG ) f&—
FivRE S WL LIA 24 R IS5 SR BB AR G
St LA S TR AT B T AP B A%, A
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)R A1 52 H5 7] & AL ( support vector machines, SVM) X
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AL EMG A MG X 96 TR T kA T T 3R,
PUMMER R 91. 6% .
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SEAFARUAINS 52 A AR R | HLAR 2 i i e R A T A
B2, LB BORANIE T T AT S e a0 I 2 R b
Bt BT R ) O vk A RL TR B G B, SR AN B
TR,

R T B RPRE ]  JE OGRS LR B i T IS
SLR LR, 075 % & LA T LA 1) A1 FHYL 552
P AN [ 0 KT B L R B 8 58 Y, T3 55 5 i IRl =2
(] S BUAE DG, FH A% e AiE 1) i 4 6 O 5 00 5 TR 1 IX
—PER, 2) AT F A 38 D 0 b 3 iR
A 7R A R EAREE R I ZRAEAS . 3) Kk
PR 1B B R T H R W5, 7R T
XA 3 T A 22 A 55 I AR S B0 R 1 iR o

FEXF R 3HT , AR SO R A8 AT 55 D [) R e /N — 3 ik
g4y /N R AR 2N B P B 3 TS A0 8
T AL ) P R e, R P B R P s I A 5, 4 v 1
FH P I8 TP T 32 g [a] s sl )1 R 0 1) i
iR TR T IR S5 B Sh RS IS 5 il i
ROR IR 2L P S 1 R AT AT 07 &%

1 #MB5AEE
1.1 EMG #ig&

NinaPro Database JE 1A T 5 55 i (1 L HL AR vEECHE 52
R AE B LA G T8 i A LR AL, 32 2253 A 6 i



59 1

A T RE AR 55 LA DR A P JESR L T35 255

T R O, AW L5 H 2 W% HE & A NinaPro
Database ™ 1 9 M43 1504 %2 DB1 FI DB5 , 4 2 1Y
HIRFEENE 1 PR,

®1 HIEEER

Table 1 Database information

DBI DB5
SRARATI R/ He 100 200
i 10 16
N 27 10
N2/ &1 10 6
12 A FH8 g
EIl(E 17 A~F Wi T IE s
23 MR SIE
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A SRR A 98 25 SR AT 5 H o iR TR N
4 2 BRI FH Ao anE 1.2 3 4 s,

B3 AR SR (D)
Fig. 1 Three grasp motion ( group D)
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Fig. 2 Four wrist motion ( group @)
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Fig. 3 Five wrist motion (group )
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Fig.4 Twelve finger motion ( group @)
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Fig.5 User-independent gesture recognition process
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Vimxn)=W(m xr) xH(r xn) (1)
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B L% WA H SRS S AN RE B
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(kj) = H(kj) WWH (k) (8)
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Fig. 6 Schematic diagram of space transformation
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Fig.7 Envelope diagram and activity segment division
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Table 2 Results of 4 groups of experiments ( MEAN + STD)

%

B PR 4 500 (CRAFESIE / Ha) SVM KNN BP mean
DB1-D (100) 80. 75+8. 20 81.71+7. 47 80. 90+6. 99 81. 12+7. 55
DB1-® (100) 79. 45+6. 27 79.23%6. 39 75. 86+6. 29 78.18+6. 31
DB1-® (100) 75.59:£6. 30 75.22+6.35 71.42+6. 45 74.08+6. 36
DB1-@ (100) 61.4226.01 61.41+5.78 57.51+5.85 60. 11+5. 88
DB5-D (200) 87.21x6. 02 87.07x6. 12 82.98+6. 90 85.75+6. 34
DB5-® (200) 83. 80+4. 25 85. 88+3. 88 80. 06+3. 80 83.25+3.97
DB5-®) (200) 79.786. 20 81. 615, 87 75.83+5. 83 79.07+5. 96
DB5-@ (200) 68. 65+6. 86 68. 816,13 60. 85+5. 81 66. 10+6. 27

(HEBRC), LLDBS A, BARMFEAETZUNT .
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FH P 1505 30 B0 0 JUL AT P [ 7 >4 U1 2 B ais , e Il
BP SVM Al KNN 5 57 25 0052 56 i ) 900 A s 72
AR

J1% B(CHFPARR) (AP 655 B8
TEHEIR 3 8 FH B SRR L - S 546 X5 {8 ( mean absolute
value, MAV) , 752 (variance, VAR) , #J 5 # ( root mean
square, RMS) VE ¢ 1k ) &, 1] &2 Y 4E50CH 16 %3 ;544
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Fig. 10 Comparison of significant differences among different schemes ( * ;P<0. 05)
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Table 3 Comparison of results with other researches

21 5] HHE AR Tk KA/ Ha PHIER /%
DB1 Atzori ] 100 48.52+10. 03
FDH DBI1 100 81.12+7.55
ARSIk
DB5 200 85.75+6. 34
SCHR[31] R4 g Y 1 000 88. 44+8. 45
SCik[19] R4 Kim!" 200 61.32+13.34
RO
DBI 100 78.18+6. 31
ARSI
DB5 200 83.25+3.97
SCHk[ 22] R4 Chen!?! 1 000 68.23+4. 81
FRH DB1 100 74.08+6. 36
ARSCHITTEE
DB5 200 79. 07+5. 96
DB1 Atzori 100 20. 78+2. 36
SCHR[ 321 R4 Du'3?! 1 000 35.10
DB Patricia ! 100 25.00
HDUH DB1 Atzori 100 55.00
DBI1 Ketyks! 2! 100 65. 45
DBI ARICH T 100 60. 11+5. 88
DB5 ARICITTIE 200 66. 106. 27
JAFE 3 AL AR SCHY O 1A AR AR DAL A Q4 Y T3
PUIER R L TERRISE, MESQAME@g 3 45 it

TR L A7 A SR AR L T 34
TESE QAL LI v, AR SCA LRI 45 SRR T Sk [ 317, %
D5 PR 2 SRR SR FH 18 SRAFE AT 32 LU A SC iy 800 Hz, LA Al
IR R AR S 9 %, TESRHT YA SR [ 3 ] F1SC
BR[4], DARCH2R 2 A MT 14 /R T oRBESIUR I BRI 25 5%
M R LB 25 5 A S L S 86 v % 100 Hz 19 12 4>
FHEEIE A SCH TR IE 6 S KT SCHR[ 20 ] PG 45 51
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