WAz 1 2/ M Fx % W Vol. 43 No. 11
2022 4E 11 H Chinese Journal of Scientific Instrument Nov. 2022

DOLI: 10. 19650/j. cnki. ¢jsi. J2210032

EFst/NmiEE G sEMGC TR ET HEm M-

EoE&D EHH KR R
(1. M RFR R TS Ak mM 350108; 2. HE A EIF SS A E 258 R F L E @M 350108)

T8 SN TN AR B 2 I DK B 2 s sh il SR S U A 5 AR W R S | S TN R DA ABLAE B A
I BN B, T SR E R 323 A R E ISR R T ALAE B A BRI FE i T —
TS 26 3o U /N I A 5 e 35 ) 46 A5 8 G 5 R TIN5, % 1R FE UL PR B ) vk SR 4 9 R G BIL IR A 3R T L FRLA 5
(SEMG) #FA7FE4E K B 25 19 sEMG AR AIE ] 52 55 561 R OG0 A VR AR5, JEAE /NI 70 o 28 X 4% v fin A3 )31 27T
FIVSA 2 I, L/INE eR BV S SR 3 pR g, X AR 57 A V% 57 e 573X 3 PR WERIC 1 15 T B0 32 30 1) 3h 38 7 i E
ATTELLTION , 74 WO 5 52 BR8] ) T340 Bz R A 56 R B BIAR 3 7 i8R 22 43 714 0. 933 5 F1 0. 159 8, LG 45 R
UE T VR T S5 0 34 R F0 A oA R 0

SRR ST I AETRI ; R MIUHLAT S 5 /MR Y bl 22 P 2% 5 ILPA R[] 43 7

hESES: THTT2 XEERIRE, A BERREZRSERE: 510.40

Joint torque prediction of lower limb of SEMG signals based
on improved cerebellar model
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Abstract: The joint torque prediction plays an important role in rehabilitation medicine, clinical medicine, sports training and other
fields. The continuous and real-time torque prediction can make the human-computer interaction equipment better feedback and
reproduce the intention of human motion. To provide a safe, active and comfortable rehabilitation training environment for patients and
enhance the compliance of the human-computer interaction equipment, a novel method of joint torque prediction is proposed, which is
based on an improved recursive cerebellar model neural network. In this method, muscle synergy analysis is used to reduce the
dimensionality of surface electromyographic (SEMG) signals. Then, the reduced-dimension sEMG feature vector, joint angular velocity
and joint angle are used as the input data of the prediction model. In addition, recursive unit and fuzzy logic rules are introduced into the
cerebellar model neural network, while the wavelet function is used as membership function. Hence, the generalization ability of the
network is optimized. The RWFCMNN model realizes the time series prediction of the dynamic torque of ankle dorsiflexion and
plantarflexion in three states, non-fatigue, transitional fatigue and fatigue. The average Pearson correlation coefficient and the average
normalized root mean square error between the predicted torque and the actual torque are 0.933 5 and 0. 159 8, respectively. These
numerical values verify the accuracy and effectiveness of this method for continuous prediction of lower limb joint torque.
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LTG5, R HE TR Re AL ALES 5 AR R as &,
ST I FE TR AN AE B AN B BB AT
IR E B R S A B B AL AR N iz I 2T A A 21 9
MMACHERC 2R T ERABTFIOEN 2 85 0k R HA W B 2, T e B A R

0 5l

i3

S H 9. 2022- 06-29 Received Date; 2022-06-29
* LT H ARG XM ETH (201911009) ¥ B



55 11 3] LM 55

FE TR/ MR sSEMG T RCO&TS S 4R TR 173

B RERIBLAS B vh | 5 ZEX T AR A T e 2 | S 1Y
TN A IR B S PR A H A

ZFE AL {5 5 (surface electromyography, sEMG) /&
MRS Bl 2858 b SR T AT B B LIS I 7 A= 1) A
SN SEMG ZEE WUANTE SR T IR shE )t 4 s
SRR R BN IR 0 T T8 82 AW B A i def:
AEWREE S . R, E e 2 L A 5 S B ARy
T3z WA T KRR R SEMG PRl
NS A LS NN BOCT 2 3 M B, O
BT AR A28 0G5 77 46 1Y B B, X5 T B A AL
e NBYARAMIFETT 0] 5 N AT R B

M FAR A A S A R URE SEMG 2 [] 7Y 5E &
KE VL SEMG R A S5 1 R A5 A5 BAE i i, &5
BT SCHR LA S BE A I, BT sl )
IR H A 2 LN B 8% ( neuromusculoskeletal, NMS) 48
YRR Hill LAY B 20832 (g REAR T
SEUUER I T Bl Hill A A A A AR TUART 2 ) o
D5 X [a]— A2 4 2 AN () 38T 1 G5 g JE AT O
B H T3 05 125 A2 AR 4 JUL PR e 4 1 1) JULET 24 B i &4 ik
JE 2545 SR PR S RO ST R T R TS A I Y
SR % T UMGE ] TR =R g a . B, AT
MM 4% (artificial neural network, ANN) B4 1z I
Tor2k W RGO RS AR 2 SR T R
ORI I A B T B, AN B N IR A R 4 A B AL
i, I BT A2 A5 X T AN 6] A AR A3 1oy PR A
Zhang 25"V S HCAMT T NMS il ANN 3 R FRU 76 BE |
185E | AR PUGEFISEEATAE A 7 Mz S E 55 h B oG )
FEAZER T RS T RN A DL B L, 2508 K 2 & LA
WG R OL T, NMS A8 1 T ROCR BE 47 B AR KA
[FE T A b, ANN AR T IR 77 6 1 Fot ) 45
MR, Lam %5 PG 5t ANN Al b i 52 76
JIFIRARLE R Hho 985 ) 3 3l g 2 FTE A5 A Tt
TGRS M, Tali S5 3 )2 ANN R 284 31
IS 525 i is S A 0TS 0 4E, I T TR R 3
BRI RELAE ), 7 R R S I i A A2 3 28 R I A% Ok 52 A 8
PE BT RE Y BL2E A Sh LS 15 D, S B 6 ZR 1F32 R
WEAh 2T R T BRAS A R 4 0 JE T v A % 3 TE L
AR STIRAS T HEAT SEMG YR, T 7E 52 P e 52 31 25
LR U] BE S AR 55 o I B9 55 FI9 55 3 A
ANV RPARZS , DR MR IR LA £ 95 5 IR 254 Hh — P RF 5 S B
JIFEIN 475 ik BAT RSN A

FHRWFFE R, Y IBUA BEA T Sz Sy (LG S L
PR 2 TE 1 58 LB AR 11, 5 22 2 B UL PR B I) S8
PRI AE HEA T B0 25 00 4 T i), SR 52 Z2 UL Y sEMG,
(AR 203 WA TOAY . WLIA) DI [) B S 2 b 22 2R e
T ASEHA L PR A 4 o, LADSZD el TU A 428 i T i 5 |

TR RAR ) mT AR G b A 8 v AR e 22 R e X LY
I SRR, X T ER R A R RCR

JN R R R & W 4% ( cerebellar model neural
network , CMNN) ' JAR 4 A 248 /I i fr A= 4 2y B il 22
20 B RN 7 2R Y ) — RN ) 2 B Ry Rz Ak P
W SR DI B, A 43 28 AR ) 80 T R AT AR B 1 3R
B SR AR GE I CMINN SR FH 32 5 35 oR R S il A S
SR, L AN Sl T S B A ) R Y 3 S
TN, [ B 225 P 3 FT0 [1a) 5055 B[] 2 91 4 O R | AR SR B4
PRiB5 CMNN FH 4S5 & /N oR H0E S A5 2 SR i ek 4
FEAERAL A 3 UH B IT R 2t CMNN, LA$R 155 42 JR Ui
SR N 452 A

L5 BRSO T — B R LR B3 ) 0 A 5 1%
XF sSEMG HEATREAE A PR, Bt R 36 U1 /)8 i A5 2 ot 225 4
4% (recurrent wavelet fuzzy cerebellar model neural network
RWFCMNN) A g T3 AR AR AT JR R 0G4y i 3 252 T
WA 7512

| MRS

1.1 e

RWFCMNN #5238 (4] 55 A T o B AE T A i) 1
TNo JIH TN AR AR R R AR B AL B RRAE
SRR AR ALY 5 4 4553

¥
HKEABES HEES
PrEES

20~450 Hz 3 3@ P8 %
50 Hz T JRE 3%

gl

|
TSR E KL
BMFL 53 BT KRR AIE [ AR X

ol A — AR

¥
| YIZERWFCMNN /76 Bt |

1 T RWFCMNN 7 R T i 7
Fig. 1  Flow chart of torque prediction based on RWFCMNN
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Fig. 4 Torque, angular velocity and joint angle signals
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1.4 RWFCMNN
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Fig. 6 Torque prediction results using raw data as input data
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Table 1 Comparison of prediction results
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Fig. 10  Torque waveform of a subject in the non-fatigue state
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Fig. 12 Torque waveform of a subject under the

fatigue state
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Table 4 Comparison of prediction results of four methods
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RWFCMNN
NRMSE . 163 0+0. 055 0 0. 167 2+0. 053 7 0.119 8+0.014 3 0.203 1+0. 003 2 0. 146 0+0. 079 3
pCC .911 9+0.018 4 0.953 5+0. 009 9 0.917 7+0. 005 4 0. 904 0+0. 006 4 0. 858 7+0. 105 3
BP
NRMSE .215 7+0.050 5 0.303 4+0.028 4 0.228 9+0. 063 8 0.311 7+0. 108 0 0. 208 9+0. 066 8
PCC . 893 5+0.017 9 0.946 5+£0.016 8 0.907 5+0. 028 7 0. 880 8+0. 056 7 0. 827 8+0. 120 9
CMNN
NRMSE . 253 3+0.047 6 0.258 3+0. 086 8 0.310 8+0.207 4 0.431 3+0.179 0 0.222 6+0. 158 8
PCC .914 2+0.032 9 0.926 6+0.013 1 0.918 8+0.024 3 0.874 1£0.045 5 0.755 8+0.219 5
RCMNN
NRMSE . 212 5+0.037 2 0.343 6+0. 143 6 0.328 1+0. 147 4 0.317 7+0. 111 7 0.271 2+0. 189 4
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