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Abstract

The prosthesis control method based on sEMG signal pattern recognition is an important prosthe-
sis control method at present. A classification model of hand and wrist movements based on one-
dimensional convolutional neural network and recurrent neural network (1D-CNN-RNN) was
proposed, in order to solve the problem that classification recognition rate and time delay cannot
be taken into account. This model combined the advantages of CNN and RNN. Its real time recogni-
tion performance was analyzed. The proposed 1D-CNN-RNN classification model has a good classi-
fication effect on various hand and wrist motion patterns. The average delay is within the time
range that the human body has no obvious sense of delay. It is expected to provide an effective
control method for myoelectric prosthetic hand.
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1. 518

L E AR i A AR B B i & 1 UL (Surface  Electromyography, SEMG)ME 52 il HUb S & k47 A N
BN —FERE[L]. BEEFIEARUEE R R FE, TFICENIREH 73T sSEMG 15 5 A =R 51 o (5 4% il
Jiid, DMET SRl H B AR 6 O iE AT ORRE R LS SR B S E R, FlanlA
W g B FE SR ] WLPRZ B 2 A 1Y) SEMG 15 S IEME R /NS, SEILZ [ BB sh#x], AT LA
FHIBARTRIE NFE R AR TS R, FEXRAT a2 B T HESEH -

MHTEE T SEMG 15 5 LA BB B R S m] 23 K2 B T 48 Loy 38 i R vk DA K
BT IR 2 ) R B S . AR GHLAR S T 1 SEMG BRI, T THREEURRFHE XS TR0 R
EN 2 EEREN . T T R EGS SEMG 55, HEilas ] kR LA ot R &
YRR AT 2R, HAT— @ RBRE, BB R 5K . BEE N TR BEHARIRE, IR
J& 2 SR B AR R AT R 2 A SIS T R AP RS IR S B ORI oI /e ), L ERA
A H M NFEA 2 SR [Fl 52 BRIE R TR, AT DARLEEAL Gol 48 5 o1 R B2 2% AR AE SR B 73, AN
T SB35 21355 () SEMG A5 3R 31

LR L I 24 (CNIN)FIIE A1 28 10X 286 (RNIN A2 H RITIACAT (00 PR R B2 2 o SR Y, 7 3R T UL R P S
K433 7z S . — SRR 7 3T CNIN 2R X 28 K781 2] [3] [4] [5] [6]48 B 2eisk CNN F
S HEVERE, AHE ARG SEMG 155 A sl it L B [3]. LR (1) SEMG ATk I VE i N [4] I 230
B B DL e mi B B CNIN AR HEAT YIIZR[5] . 25T CNN FOHRFEHE U5 12 (CNNFeat) [6]%5 . RNN A7
— PR DL I B S M S P SR AS SR AL B A5 B A gAY [ 7], — L BASRH T 2T RNN 194
FRERY[8] [9] [10] [11] [12], WFFTLERLH RNN BEBYTE LB/ (0] # AA AT SR I, 7540, /E8 RNN HI
HERERY, LSTM BT DASR R FLAFLE B BT 2 DA S A B 1) 1] i [11] o 16 —LE [HIPASE H T CNN-RNN &
E AN L& AR [13] [14] [15] [16], AT LLREIF X6 SEMG 2K FE R4 125 (45 BRI A5 Bk Tk, 45 1%
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AR FE AR 2R 45 46 W] AR 5 20 R (v PR AN B e M

g bRTIR, HATHRT R R Z AR S G DL T AR, BLAR R I R A R BRI 3 R A
), AH S PE RS HR A R BERE S N T BRI E R Rz — . Bk, AT R — R
WO, RERETE ST 43 S 1 R 7 T A S, A A I PR AWR e JUL FR 4 S B P AT (19 SEE AR 4R35 %6 - CNIN
RENSIGRAAE SR I 4 ARG &, T IR 80 2 S IR IEAN 23 2538 2 8. 1D-CNN AT LA 2 Il 258
PP E BRI — e 8, B A ST GE, 1 RNIN 78 Zb BRI ] i 8505 T B TS (e e . W #0RE
TEARFF— A B 1250 32 mB R Y SE i e e . DR, FRA145 4 1D-CNN Al RNN [R5, 7 —F
BT RENABAE T 1) 4EGFIEIA R 22 1 2% 73 A5 3 (1D-CNN-RNN)

2. BEF 1D-CNN-RNN BIzhE Sy A4E 8
2.1. EFMZ ML (CNN) SEIFHZ ML (RNN)

CNN % I Ab 8 Gri vk 5] 7 570 B0 A0 PR B X b BAT SR LA i S A it IR 2 ST U BT i
PR SR, FEiE 2 AT A R AR B, CNN B IEERE . b EMmeEE 2, —Bh,
LS CNN HEALH AT HidseJn AL . R A P A, TC & B e et b — 2 i AN B RS 3 T 4 1)
G, IR AL T — 2, I SLI AT — Z AUE RS — 2 MAUE LS, & CNN MR 8 B 1 4L 4y«
XG5 E4F CNN RIAS I B RS AN AR RRAE, B P AR FE IR0, 6 R 2 B I R 1B AR 75 5
INVEL . PR, FETIX A, CNN U 7 F LRRESREL,  Sealo B Bt iR, S8k T IRt
K, JFRER TR S R P I A

RNN & — 28 I T A0 5 B 5008 1) I [ A 3 1 2 I 8 ABE Y, ] SER el 1 B B8R AT PO S IR S A B 4 3
— 5 AUEAF RNN ACFRUITE 5 . SCARSEIT RS 50 R IR . RNN 250 sl Rl R IF 5, 4aike
FERES LW ZI N REEEAER O, MERSEIKHICIZES, RNN ST E ZRE RS
Bl n A%, wisl 1 poR.

o= f(Usx +W *S_ +W #5_, +--+W *s_ ) 1

o x AR, s NRBUZEE, U B THANZZRBUZMBERERME, W NEEZ E—i 2R EE
NEZEZ N IBLCERERE . Y on 35K, BIAGTHE RIS R EOE K, ARG R R B E K. B
AL BRI [ i R, A AR ) RNN B AN DK 2 Bk — R85 5L, DR O Af P8 9 218 R R B0z 5 B R 1%
B Z07= AR B2 R /N, AT 80 RNN BPIRAS TU T3 S N IR [17]. P40 RNN FE B AN &
TRz 5.

1M LSTM E28 RNN R T X — ] @B G IR KR #S, LSTM oo F 2 FE)ZM=14
FIFERISRGERATT BRI ). REER T e m &S5 8RS, K E RN AT
KPR BT EMERT 2 K HPRES, BT ER I K EPRE, S s 2 are bk
BEHGH A KIPIRES[18] LSTM iHHE AR 2~ 4 fiow, Hdm & hoWEIIRES, oo v KRS 1) g,
f, o P RRINT] FEE BEIAEHT]; B2 58NN E xJEE B W; b A E &
O IR A B L IG RAHTE o
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h =0, ©tanh(c,) 4)

2.2. HE—HERBEAFMEMLE(1D-CNN-RNN)

AW T ) — 2 G IR 40 25 X 28 40 (LD-CNIN-RNINY BT ) 1 T/ o 2 440 X 28 A 8, 35 D A A
P RO Z 64 N —4EERERIT, I SEAAEEUE R ReLU $RIURHIE; fibF 9 —4L)=(Batch
Normalization, BN), FZAEH&¥ E—ZEudEEME L DUA—ANE KA 2 & Kbk 2 (Max Pooling,
MP). Sfiide—25Ml, R AR E 128 NUL ReLU ABUE MM — G2 Ho0. BN 2. KA 2
ff) MP JZF1 dropout 34 0.2 () Dropout JZ; 1 = B JZ LA tanh 30 B0 5 LSTM Boc w2 Dropout
JZ(dropout 43514 0.2, 0.5)2H ik *ﬁﬁ%lﬂﬂﬂ@’*Téi@%F(Dense Z). Flatten Z#1 Softmax 2,

I TR B2 B () 3R R IE4E Dense /2 HEAT 4%, SR J5183d Flatten 2 &1, % J5 1) Softmax 24T 43 %
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Figure 1. Schematic diagram of 1D-CNN-RNN
E 1 —#EREIHEMERETEE

ZZER A AR K CNN AT RNN 414, 7870 FIH CNN 7ERFIESE ORI 2 4 715 5 A0 22 5 TH 11
e, FEESHD LSTM 2544, LPAZEAR CNN 7ERT ZE 75 TH 6k 25 . 1D-CNN-RNN SR a2 1 Fios.

Table 1. Parameter of 1D-CNN-RNN
5% 1. 1D-CNN-RNN &

= il AR Param
1D-CNN (512, 64) 512
1D-CNN (512, 64) 28,736

BN (512, 64) 256

MP (256, 64) 0
1D-CNN (256, 128) 24,704
1D-CNN (256, 128) 49,280
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Continued
BN (256, 128) 512
MP (128, 128) 0
Dropout (128, 128) 0
LSTM (128, 64) 49,408
Dropout (128, 64) 0
LSTM 128 98,816
Dropout 128 0
Dense 64 8256
Flatten 64 0
Softmax 20 1300

3. XIMEZERS R
3.1 RWHFR

SCIG AR A &) 2 PR . BT T4 gForce JULFE A (_EHEHUSAE ERHHA R A Al
g, B H )\ AR RS ALK, RFESIZE )y 1000 Hz. gForce B /EZIRE A AT 177, & T
PR IRORT RO WA R (1 3 g P 1) = JROK AL, A s e O B L SRR L RO P LA 3 St LS5 UL AT £
T HE X . LR e, S2E RS 51 S RUEEAT AR T iz 5, IR LA S I EE R RIS AE . 24 5]
AU R N IRE B ARIRAS, S B B IRAS

% / 10HzE B | EL— a = \
Eg [ m@’ﬁf BE ALEB%EE || 1D-CNN-RNN
R
— -
S B Hy SE=h ERL VE il sk
x REEHE e
k \ — ;!—ﬂ
N — el
wa | (ERESH | BIEORM | | s
\i%}( meafes [UEMER N Tpaye [ REEOS
/\

Figure 2. Online experimental design scheme
2. LWWITHR

AW T AHE T F A S AGE S, DA H R A e A 20 T I st
Kl 3 Fiom o

SRR E 20 Pl s T SEMG 55, FigshfEE ik, MIRNMERS: 38, M 3
e EEZEE, ARZNEZIRIRE 5 78 . RE5E 23 ZZAH HIEHR 5, S8R AT AL, DL 64 ms
H K 64 ms DK IE BN & O HEEU I 1 BOE A8 OB 4R, # iz B 2V N AN SC T (1) 1D-CNN-RNN
B 550 FZH A AL (1D-CNIN AT LSTM) 4N, THEAI R PEAN a5, T3 IEA S 1) 1D-CNN-RNN
(5325 Re . ARSI ZRIN (6 F B 2 503 — 8, UIIZR%8 VK Epoch = 30, fiki batch size ¥4 128, 1t
T Mg F Adam, B WIEAF 1% 0.001, K HIAE SR 2k bR BUE AR I 453 2k Bk B
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Figure 3. Forearm movement pattern information

3. HIBEEHRAER

FELRSCI L RE D, AR AR 51 ST AR T s, S fFER 20 R, RIREFE: 3 1, Tl
3 MRS A EntE, AFRSMEZIERE 3 708, SCIRRIE N RESEHL S R S 5o K3 BEhE R IR
iR, RIS A GUh S5 R AL RECS S IREI L], DL ST IR 1 2 I

32. BEWEROH

T SEN 23 432 IR B EIE T 1D-CNN, LSTM 1 1D-CNN-RNN = Ffri £ ()8 51 5 B4 T L
B, STMEREVEMFRbR I 2 FoR. 2R MERE T, 1D-CNN 47 TIESL L Z MG FERE, SRBUIERIE
RO PEE R, BRI AR B 5 W AT 5 5 J,  (EL AR 7 SR UE R 2% (85.43%) R 451 1 (0.4446) i 5
AR R GERR G ER . LSTM BEALAIEL T 1D-CNN A8 ik i R A i 5t v, (H I ZRFERT
K, NJEHEN 3.33 fif. MHET K 1D-CNN 5 LSTM #%4, 1D-CNN-RNN X} 20 Fliz g 1) 5
FMERER DU U MR R RILE] T 98.88%; ZRS5MHR IR /N HUIZFER 2 LSTM R )
41%; 7 [A1#% )y 98.88%, K% A 98.96%, F1{H Ny 0.9896, 7 =AM ks Nz .

Table 2. Pattern recognition results of three neural network models
2. Z M RE R RRIRAER

AR B g PRAE H el HEfh % K2 F1 64 W ZRFERS
1D-CNN IGREE 0.6431 73.14% 77.99% 83.34% 0.7791 493 43
1D-CNN R EE 0.4446 79.93% 85.43% 90.55% 0.8491 /

LSTM IGREE 0.1497 94.75% 95.39% 96.17% 0.9545 1642 53-%h
LSTM AR 0.0952 96.58% 96.88% 93.77% 0.9695 /
1D-CNN-RNN R 0.0607 98.01% 98.19% 98.42% 0.9821 672 43k

1D-CNN-RNN M & 0.0340 98.88% 98.96% 99.04% 0.9896 /

b 2 i VR R T = AR R B REREAT 20 BT, W& 4 BTOR . 1ID-CNIN BERL [ 43 5 vk, A 7.
10, 14 F1 15 FIR AIHERAR 2RI R IE 2 80%. LSTM FEALN PUE{# e (B 11) BR B8R e 22, S m) T4
AR B AR 0 ) (B AE 12) R L R (B 14). ST ABAEIE 2 18R 5], 1D-CNN-RNN #7 F
A BRI R, 20 FhIZ SR BIHER 235 2 T 97% K& L F.
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Figure 4. Confusion matrix for pattern recognition of three models
4. =R RIRIR AR B e

gx BRTR, TEAH F 15 5 TR FRAN MR 22 I 2% S 40 B T, 1D-CNIN-RNIN A5 A 58 2R3 1 e e
LSTM #R1fEH, 1D-CNN B iR 2. 5 LSTM RUAHEL, {fH 1D-CNN-RNN #1258 W 28 1578 [ A 4 7E F
LSTM I BB RUZ PR T HAM AN MIZERE, b Tk E &, dE—04m 7 2% . 1D-CNN-RNN HiH!
TR A — A TS AR 2 I RHE SR B BURE R, ¥ dropout JZRI By ik &, AT 345 A5 A
EIBCRRRIE -

3.3. ELLBER I

A AE LR S8 SR BRI SRS R A% 3 R, R W 1, B sk B 4R B R 5 3
T 98%ULA I, H A [EI RS R 4l R m KT HEE AR E . %45 5 1D-CNN-RNN 228 1151 45 i oy —
Hr, RN T G A2 R R O R R R R R BTN RN T R4, HKEEME 7 B4
WIZRIET ], $m 7 R0%.

Table 3. The results of each evaluation index of neural network training set

3. HEM)IGREITNIERER

%5 HERf PR E FEJCES GRS F1 #5%L
1 99.82% 0.0065 99.80% 99.85% 0.9983
2 99.34% 0.0274 99.28% 99.39% 0.9934
3 98.73% 0.0407 98.60% 98.81% 0.9870
4 99.04% 0.0328 98.98% 99.20% 0.9909
5 98.15% 0.0580 97.98% 98.34% 0.9816
6 99.15% 0.0303 99.06% 99.25% 0.9915
7 98.18% 0.0539 97.98% 98.42% 0.9820
8 99.33% 0.0265 99.31% 99.43% 0.9937
9 98.30% 0.0547 98.19% 98.35% 0.9827
10 99.27% 0.0259 99.20% 99.35% 0.9928

FIME 0.9893 +0.0057 0.0357 +£0.0162 0.9884 + 0.0062 0.9884 + 0.0062 0.9894 + 0.0057
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B HE RO . X AT RER BT UL RS BRI RiE a8, S R SSE 3 R B T L
Wi Z, Pt sEMG 15 5 Ve B R HaR AR, HoRFHIE s 1IE 57 S P s, FEOX &)
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Figure 5. Identification accuracy of each action in online experiment (error bar represents standard deviation)

5. fELIRAI P EIERIRAERB(RERRTINEE)

TELRAEIRIERIZE (%)

s1 s2 $3 s4 ss s6 87 s8 s9  s10
ZARE RS

Figure 6. Identification accuracy of each subject in online experiment (S1-S10 is subject number, error bar
represents standard deviation)

6. ZEZ&IRBIPEZIRERIRFERE(SL-S10 AZIRERS, REBERTIVEE)

BE— PR AN R AR AN R REAT 20T, il 6 fs . 15l PO R RAR, (X 79%,
SHTRBL, ATRER W T HBH TN T, MR SRR B T DR 4R SR i T Bt AR A N
M FEAR SRR TREE R E L, KRR RMER R 2 LThEs, Je8 A TFRIEES SM
7 52 E)VISERBIER R B EERT 1 52i0E, RYIBEE B ZEdE 1090, 1D-CNN-RNN i
RIER RS R — LTt
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FiAk, ARSI I 1R A AE S R A B R AR, 1D-CNN-RNIN 7E S 56 55 2 o - 357 B[] 2
BN 153 ms, SZ4-F-4 4 Intel (R) Core (TM) i5-10500 CPU @ 3.10 GHz, 158 1D-CNN-RNN ) Sz 1 51
PEREECNILTS -

4, 4Eip

S RE HAERR T i 2 s sh iR, AREF R 7 —FEE T SEMG 15 5 1) 1D-CNN-RNN
AL, JFrRIITRE TSR AR LSS IR PE REWE 7T . B A aCiR 0, B 1D-CNIN-RNIN A5 7R ) 2% T3 1
P4 bR e 52 v T8 K 1D-CNN AT LSTM PR, RS R ATIA 98.96%, X ARIBNAE AR A HOR
If o RSB A S5 KR W], 1% 1D-CNN-RNN B8 7F 2 B 4 U Erf &2 _EaRII0 R, P2 vE
BT L 2] 91%, HHE ARG RIS A GEE , AHAL AR SCHR 458 RO 2 S PRl AE I 1 e B A 8 25 034
AT G 5 S I 8] ¥ LDy 0~300 ms [19], 1A 78 - 24Xy 153 ms, PRIk, A4 B SeHlLE
BB 3z B A IR SE IR SE I IR o

E&WE

[ 5% 5 A5UF 1 R1I35 H (No. 2020YFC2007902), [ 5% H 4R R} 25 4215 H (No. 61903255).
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