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Real-time recognition method of switching states of continuous
lower limb movements based on SEMG
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Abstract: Accurately and rapidly identifying the switching states in continuous lower limb movements is crucial for natural human-
robot interaction ( HRI) with exoskeletons. The switching state sEMG signals contain both pre-and post-switching movement
information, as well as transient information related to the switching, making them difficult to directly use for recognition. In order to
quickly and accurately identify the switching states, this paper proposes a real-time recognition method called FMICMD-LACNN. An
adaptive multi-component instantaneous frequency estimation method is proposed to improve the computational efficiency of the
multivariate intrinsic chirp mode decomposition ( MICMD ), and a component energy penalty factor is proposed to enhance the
decomposition accuracy of MICMD, thus forming the fast multivariate intrinsic chirp mode decomposition (FMICMD) algorithm. For
the sEMG signals decomposed by FMICMD, a LACNN recognition model was established to achieve fast and accurate switching states
identification. This study collected sEMG signals from 10 subjects in 8 common lower limb continuous motion switching states for
experimental verification. The results show that for these 8 switching states, the average recognition accuracy of this method is
98.35% , and the average recognition time is only about 8 ms, which is better than the CNN-LSTM, E2CNN and CNN-BiLSTM
methods. This method has high accuracy and real-time performance, and can meet the needs of fast and natural interaction between
the exoskeleton and the human body.
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T, SR TR 280 N e 700 e B BBUARR A (e FH S 1)
BLEEAT IR RS BEIR 2 T 98.92%
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decomposition, MICMD)) BIPEAT T MR T FMICMD ,
SRIGIET T — A3 T R v 5 1 Y B TR B 2 B 42 )
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PRI FFESE AL LS TR, i S IR A fr 1R 5
EE7
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P =min(P)/P (11)

FIARRERIETIN T P 2 )5, ol LLAA ke o0 g B
IR 43 1 R R i = B 40 e EL AT R AL A e L 1 S 3K
MICMD 43-fifi ks B R AR Py 1) A
2.2 BREEERNERBEMLZE LACNN

ARSCETHAY LACNN J5 ik F 2 B ftEH—1k
Bk Ak R A R ) 0 4 A B T A R, T LA R 3
2, BARSSH K 2 fios

BIE E )= IR

16x10x100

6x10x100

Classification

Data Conv + Swish + BN I' Local Attention Dropout + Fully Connected I0umm

P2 LACNN EAUZEF P
Fig.2 LACNN model structure

#£ LACNN B firfy 5 FUZ A 3x3 RN
B MALZ RN 2x2, R T A ReLU Y PREX
B 2RO T I, A S Swish 345 s R4 AE
LRMEITG . R U — fh Ak B T 0 s A SR [ A 2 4
G o Swish L (12) 1158, H o IR Sigmoid K%K, B
ST REL AR B =1 LI,

Swish(x) =x « o(Bx) (12)
2.3 iR

TERCT TAEH FRATTE T A 5 73 [0 R ORG ff 5 A
F1-Score FIEAL T 132 B A U1 A5 0 ik 1 43 25 1
fE , [ YRR SR PPAG A5 5 7 e B30 1 A 43 2R A1 1Y 55
AHPERE, AR AYTFE AR .

TP + TN
Accuracy = (13)
TP + TN + FP + FN
TP
Recall = (14)
TP + FN
. TP
Precision = ———— (15)
TP + FP
F. = Score = 2(Prec.is.i0n X Recall) (16)
Precision + Recall
1 n
Timecost = — Z L (17)
n -

Hrp ) TP Fn i IER R IEFEASL, TV 2R B E
BRI ) SRR AR, FP 3R B4 4 IE RE AR 1) R AR
B FN RS 0 COREAR I IEREAR SR o, 5 ¢ A
B A s ]

3 SRIGTENIE

AR SCAE FHAE 4F 3R 55 CPU A Intel i7-11800H @ 2.3
GHz,GPU & Nvidia RTX 3060 Laptop 1) PC, 4k {F 3555
WA Pytorchl. 13. 1+cull7 1y Python3.7. 1, e ) 25 i {i
FH 5 3728 SURHIE 9 1 255K g, 25 18 213 48 21 im A 2R 4
BRI RENE , A SCHT A BRI 2k 7E GPU b 5¢ 1, i 3
WIFE CPU 58, 7E Y GRS 284 Bsf i el F AR [ 1) E A o
B AL DL GBS, H bR pREIUR 28 SR8 2% pR R, T
PR8I F 35 R Al TR R 4 R o 2] R OR
0. 001 , ffi FHl 43 42 > S g2 W &k 20 1 epoch 27 > g
A R 0. 4,

3.1 FMICMD S 23R

MICMD A1 FMICMD A {815 ) S8 £ 2 A 3 4, B
P, P, A, FARIE—3E, MICMD 1 FMICMD 44 F4H
FRSE (P, =15,P,=5,A =0.1), fESLEH A
BF 582K 5 Ao it MR E5 T Z o H N 6
Mo mARETE R, R T R —BUE T A (F S AR
IYER 6 o, A FoR B anE 3 iR,

& 3(a) (b)) 251K T MICMD F1 FMICMD %} 10
WiE sEMG 155 /0 Ja i ZE BRI B WL B i s il 26 5% ]
DIWLZE 2], FMICMD 55 46 5% 22 B/ A5 BE T i, 4,
MICMD J5 53 5 (4 6 A~ 431t i {0 Rl 4 A o 2457
17 FMICMD F4 43 78 ARATURN Hh 4513508 43 A8 48 R 6 i 1L, i
TE R RAER /N | 3% SEMG 15 5 AE 2 48 v A2 AR 0 F
W RE R A A ARST G o XU T EE 1 40 i e A AT
T AT LAAT ROT- AN [7) 43 R e 6T i (L P 5 )

SR IIEAS ST Rk E 1 FMICMD %35 19 A %0k, ) i
VEAG AR R o3l 7 ik Z (B A 45, AT T I ml RS HE S 56
SRR 1 PR,

®1 ARESBAZERLHEE ESBEUR
Table 1 Decomposition effects of different decomposition

methods on the data set of this article

oy VIRTS SMRIRZE/ WV SREER/ms
MICMD 0.061 7£0.067 5  72.849.18
FMICMD ( E/r & e AN F) 0.0555+0.056 0 5. 88x1. 00
FMICMD 0.0150£0.0195  5.93+2.13
MVMD(a=50) 0.041 8+0.025 8 252.91x21.20
MVMD(a=10) 0.008 5+0.005 1 264.36+23. 60

2 10, 7 R RCR L FMICMD J5 ik R AR,
24k MICMD [ 12 %, MVMD (4 39 1%, BE 5 AR b 1 A5 3iF
BERSEE, FE R L BN H 4 A
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Fig. 3

TR A, FMICMD (1) 43 b BE L 5 35 5 T (p = 0. 025<
0.05)MICMD, X F[HEZH 4 MICMD J5 ik AEAfii 1IF 1)
A, A HE LR 1 R B A 2k T SEMG {555 g i fe 4
HRRATBE A 20~ 150 Hz ™ Z[8] K Ik MICMD %t T sEMG
) TR AR A S b PRI AR AT 4 A, 1Tl FMICMD D]
XFSAMRBEOCHEAX N 5] X — S LU T 4
t MIMCD #1 FMICMD 5442 B el U, BRitb =z
AN TEMA G SR AR )5 , FMICMD 1% 43 fff A B 4
— A E I BRI A T £, MVMD mAA 1]
DA i BRI AR ST B 80 o LABR T 0 RS B2, {5 R T I A 2R
A 18] T 508 7 1] ( 100 ms) |, SE4 AN & SR PR |
LR A K, FMICMD JoBES2 38 I (35 4

3000
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1 000
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—— MICMD
—  FMICMD
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I ) /ms

P4 MIMCD Fl FMICMD ¥ £& $2 U0t 1o
Fig.4 Ridge extraction using MIMCD and FMICMD

3.2 FMICMD-LACNN 4> 25 RE T4
SHESIEAS SCRT T Y LACNN 5760 78 2 AF $2 B | 11
HRE B A B E f A B LACNN A B b 88 )5 45 51

sEMG signal decomposition example

BB 1,2,3 J2 AYRFAE BT R g R AIE ) o, B4 1]
Y57 I 35 0L % 52 (uniform manifold approximation and
projection, UMAP ) J5 W RHAE 1] i K 4E 2 2 4k J5 2047 0]

AL SR ANTE 5 PR O AL, 1R 8 i€ F) R0 I 8
PP OIS IREAS R

& 5 %0, 285 LACNN #EAU5E 1 ZEAbH 5,8 Fh
FNMIREA AT R A s M 285 56 2 )20 e, &4
PNz M E A TIXAFF e Naul i 3 225, B
A R T 25, & FON AR B 4 BE 18
B I, iR 1 A ST ) LACNN #5284 A DX
HREEXT FMICMD 43 I (1 V1325 sEMG {55 217 B
SRR B RFE SR,

fili I HT 80% O KL HE I 25, 5 20% 4 % 4 3
FMICMD-LACNN BEAIAEN K4 45 R anE 6 Prs
TRIE RS,

6 nI A, BT 2B IR HERR R I HE 96% LA I,
XF RD-LW YIS AR 2] T 100% M HE 66 R, 1T WA
SCHTHR T I REAS B MER IR B 8 RIS, LW-SA )
A B 45 &y Fl LW-RA TR, AT BEJ2 K 2 L LW-SA FiI
LW-RA 7EFF IR BT BOLIA & 116 B0 LA Bl LW-RA Fil
RA-LW LS IRE , v BE 2 th TR s h e i
BB/ AR A7 A S AT E 2 LA & £ H
BN, AN SR 2 R 25 % T e B A —E R
AN T EGX P AR DI H A HE LA A3 TT
3.3 HBFNXTLE LIS

R T B UEA SCHE Y FMICMD-LACNN 4] 46
BRBITEEE EHEAT T W Rl RIGS L SE5

ST MR A ] B RUR B 28 M 4% E2CNN' 45
FRUS KA M5 AH LS A 19 CNN-LSTM ™ DL K B FRLE
XK 1012 9 45 FH 45 4 (1 CNN-BILSTM ™ 43 % J2:
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Fig. 6  Confusion matrix of switching state recognition
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Table 2 Classification performance evaluation of different recognition methods

T Accuracy/ % Precision/% Recall/% F1-Score/% Timecost/ms
CNN-BiLSTM 95.330. 65 95.400. 63 95.330. 65 95.33+0. 64 30.33+5. 45
CNN-LSTM 92.98+0. 24 93.100. 20 92.97+0.24 92.99+0. 23 23.75+3.28
E2CNN 94. 40+0. 67 94. 57+0. 63 94. 40+0. 68 94. 410. 68 18.89+2.73
FMICMD-CNN 96. 45+0. 33 96. 50+0. 32 96. 45+0. 33 96. 46+0. 33 8.09x1. 67
FMICMD-LACNN 98. 350, 17 98. 320. 18 98. 320, 17 98. 32+0. 18 8. 14%2.52
MICMD-LACNN 95.30+0. 44 95. 42+0. 40 95.30+0. 44 95.30+0. 44 75.22+9. 30
MVMD-LACNN 96.9520. 27 96. 98=0. 26 96.95+0. 27 96.95+0. 27 235.28+16.27

3% 3 AL BR TR LW-RA Y5575 T MVMD-
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Table 3 Recognition accuracy of different recognition methods on 8 switching states

YU 7k LW-SA LW-RA LW-SD LW-RD SA-LW RA-LW SD-LW RD-LW
CNN-BiLSTM 96.78+0.19  96.92+0.52  95.81+1.50 95.42+1.09  95.89+1.57 92.89+1.02  93.00+0.39  95.44+1.71
CNN-LSTM 94.53+1. 19 89.50+2.29 96. 76+0. 47 94.36+1. 66 93.63+1. 06 93.49+0. 98 90. 52+0. 79 91.36+1. 10
E2CNN 93.49+1. 64 92.77+1.09 97.93+1. 31 97.01x1. 10 96.57+1.34 92.45+1.48 96. 72+0. 43 88. 80+3. 07
FMICMD-CNN 95.71+0.94  94.71+0.35  97.44+0.75 97.31+0.79  98.02+0.67  95.93+1.28 97.10+0.68  95.68+1.44
FMICMD-LACNN  97.00+0.38  97.53+1.05 99.01+0.03  99.55+0.55 98.06+0.52  96.21+1.03  99.57+0.53  100. 0+0. 00
MICMD-LACNN  91.33+1.97 95.35+0.91 96. 75+0. 97 97.82+1. 56 94.08+1.25 90.54+1. 15 99.39+0. 50 97.23+1.49
MVMD-LACNN 96.52+1.45 98. 40+0. 68 96.03+0. 77 96. 83+1.92 97.11+1.05 95.39+1. 47 98.42+0.71 96.63+1. 14
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