% | H IR S S5 2 N %49 % BT
= il i ™
e 'se ELECTRONIC MEASUREMENT TECHNOLOGY 2026 4F 4 H

DOI:10. 19651/j. cnki. emt. 2519748

EHF VMD-Informer F1R EHALE 5 S 1
TRXTAEmMN-

24 W F HRxK
N AERIRFETFE5LAIAFRE &3 330013; 2. 2@ EREAHEL " LEARFREKE &5 330013)

W OE . ARG A TG AR L S 2 R R 3 AL 5 AR AR L 3R T — Fh 2 T VMD-Informer F146 1 LEL
55 (SEMG) IR BT A B 100 7 2. B 28 REZ I E AT 8 M LB 09 F B sEMG B R 647 £ BE B8l
Sy 1 S AR B R R L SR AR A3 S 40 R (VMDD Bk 6 UL A S B AT A R OB R S DR T T
(NGSPSO) Xt VMD [ 4~ 4 S B0 AT T Uik - ARAERLZS pR 2 (IMP) B 3o SAETT 7. Hk A4 IMF H4g
B2 BURRAE 2R FH 228053 43 AT ik (PCAD IARFAE 7 31 Hp 12 B SG 4 PR 25, DA TTT PR AR AE 0 Py 4y A 46 . I ) » 32 H Informer
BTN} Z2 AR SR AR T B HEAT B A i P @A, S 45 R W, i 2 VMD-Informer #2576 57 H A7 3 37 5c il oG
RMSE 4354 2. 688 5°Fll 3. 351 6°, £ #6355 /7 RMSE 435124 3. 508 8°fil 3. 856 2°,#f1 kb VMD-Transformer 14
TR2ZEREAR 1820, W WA TH T UK B 5 28 Go SE ik L O B AR A1 B 4 1942 2 B BRI T R R S g

KRR KA REALBRAFT S 5 28 0B 70 fff 5 00B6 B2 R A 38 R T BEOL K s B 800 43T s Informer ALY
FESES: TNIIL 72 XERFRIRAG: A EXRirEZER S EKE: 510.40.30

Prediction of lower limb joint angles based on VMD-Informer and
surface electromyography signals

Wu Shengbiao'?®  You Tao' Gui Jiazheng'
(1. School of Electronic and Electrical Engineering, East China University of Technology, Nanchang 330013, China;

2. Jiangxi Industrial Technology Research Institute of Rehabilitation Assistance, Nanchang 330013, China)

Abstract: To address issues such as low prediction accuracy, poor real-time performance, and weak model
generalization in lower limb joint angle prediction, this study proposes a method based on VMD-Informer and surface
electromyography signals (sEMG). First, sEMG signals and corresponding joint angle data were collected from
subjects during walking and stair-climbing patterns. To enhance the stability of raw data, the variational modal
decomposition (VMD) algorithm was applied to decompose the EMG signals. The negative gradient and adaptive
particle swarm optimization (NGSPSO) algorithms were used to optimize two key parameters of VMD: The number of
Intrinsic modal function (IMF) components and the penalty factor. Next, multi-domain features were extracted from
each IMF. Principal component analysis (PCA) was applied to identify key factors within the feature sequences,
thereby reducing the model’s input dimension. Finally, the Informer model was employed for dynamic temporal
modeling of the multivariate feature sequences. Experimental results demonstrate that the proposed VMD-Informer
model achieves RMSE values of 2. 688 5° and 3. 351 6° for hip and knee joints, respectively, in flat walking scenarios.,
and 3.508 8° and 3.856 2° for the stair-climbing scenario, respectively. Compared to VMD-Transformer, this
represents an 18% reduction in average error, significantly enhancing prediction accuracy and system real-time
performance. This provides a technical foundation for recognizing movement intentions in rehabilitation exoskeletons.
Keywords: joint angle prediction; surface electromyography signals; variational mode decomposition; negative gradient

and adaptive particle swarm optimisation; principal component analysis;Informer model
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Fig. 2 sEMG acquisition in different movement modes
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Fig. 3 Comparison of sSEMG time domain before and after filtering
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Fig. 10 Comparison of predictive models for hip and knee angle differences

R4 FERSETXTHETNEEE RMSE
Table 4 RMSE of joint angle prediction models under different gait patterns

ZiXH 1(176 cm/70 kg) ZiXHE 2(173 cm/68 kg) ZiX# 3(165 cm/55 kg)

K5 TR F AT/ BB ATk LA F AT/ LR
VMD-ELMAN  5.017 3/7.102 3 6.484 2/7.352 1 4.846 1/7.001 7 6.373 9/7.250 3 4.936 2/7.118 0 6.613 4/7.372 5
VMD-LSTM ~ 3.8824/5.7325 5.132 1/6.000 1 3.850 5/5.681 3 5.051 3/5.951 2 3.865 0/5.587 2 4.888 9/5. 855 4

VMD-Transformer 3.221 5/4.623 0 4.142 2/4.865 4 3.180 2/4.542 2 4.046 8/4.750 2 3.176 0/4.524 2 4.102 0/3.720 2

VMD-Informer 2. 647 8/3.524 8 3.287 5/3.802 5 2.721 4/3.489 1 3.3302/3.874 2 2.696 4/3.512 6 3.437 2/3.891 8

Informer BERIFEHEOC 1Y 5 G B p R BR M. HB FEASURIE 2 TR 10 24 3200 19 80 46 2R AT 30k

MR 2% B KT VMD-LSTM #l VMD-ELMAN ##1 i
HAE =T, VMD-Informer F 85 32 328 # 7 I 1% 2%
MHRE AR, F—F BRI T ZRE VMD 4R 5
Informer 2R #)25 & 1) &L,
3.4 BMMEZHEEHNRIE

o T B AS AL Y B S R AR AR ) AR SCR B — A2 R

R T3 A BRI Xt 22 A A 24 BELRRAE 7 3 0L 1 L TR B 4 4 H
AR 28 S A AR M 52 R AT A3 T A5 SR IR 6 i
TN e SLIRZE R WK, VMD-Informer 7£ 85 A & 1500 o 36 3
i, 8 VMD-Transformer F&AIK 8. 4%, 7EA AR
B R RLAE A ] A 8 2 05 b DR R R AL P e R
VMD-Informer H.#5 & 47 i 854K 12 fk 68

RS FRSETXTHETNUEEE MAE
Table 5 MAE of joint angle prediction models under different gait patterns

Zik#H 1(176 cm/70 kg) Zi# 2(173 cm/68 kg) Z Ak # 3(165 em/55 kg)

B FHATIE/ Lt FHATIE /LB FHATE /b
VMD-ELMAN  4.013 8/5.681 8 5.187 4/5.881 7 3.876 9/5.601 4 5.009 1/5.800 2 3.949 0/7.118 0 5.290 7/5. 898 0
VMD-LSTM ~ 3.105 9/4.586 0 4.105 7/4.800 1 3.080 4/4.545 0 4.041 0/4.760 9 3.092 0/4.469 8 3.911 1/4.684 3

VMD-Transformer 2.612 4/3.702 2 3.304 6/3.842 2
VMD-Informer  2.128 2/2.819 8 2.630 0/2.862 0

.582 0/3.640 0 3.250 2/3.801 2
177 1/2.791 3 2.664 2/2.839 4

.5624/3.602 0 3.201 0/3.642 6
.157 1/2.810 1 2.649 8/2.753 4

oW Ww
oW Ww
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x6 BIMEZABNKBIESER
Table 6 Cross-Individual generalisation ability verification results
e R fE RFEMEZIH RMSEC)
A 1y G ZiR#E 1 2l 3 XA F# 5 AA#H 10
RMSE/ () RE/% (176 em/70 kg) (165 em/55 kg) (170 ecm/65 kg) (175 cm/78 kg)
VMD-ELMAN 5.237+0.31 5.93 5.18 5.35 5.10 5.29
VMD-LSTM 4.35%+0.22 5. 06 4. 30 4.45 4. 20 4. 38
VMD-Transformer 3.9540.19 4. 81 3.92 4. 05 3. 80 3.98
VMD-Informer 3.62+0.17 4.70 3.58 3.65 3.45 3.72
. DONG T T, WANG Y H. LI W CH, et al. Application
4 % ®

AWFFEE T —Fh 3T VMD-Informer F13 i AL HL 15
ST BT TN U5 i Ll NGSPSO #5281 VMD
SR B & N AL PCA FRAEFE4E L L) K Informer BEALK P
SR PRV AL - A 808 TH T R SEMG F500 R B 565
FARERORE L . A SR I% 7 IR AR L BRI b i R L 7E T
178 A0 AR W S R0 2 b R IR T 3 44 R R 2 S
WWZREIFRT KGN, SRR WA, gy ki
OGS 55 MG M B TIU  RMSE Rl MAE |, 34 . 3548 T
S VMD-LSTM #l VMD-ELMAN J5 i , ] I} iF B 45 B
L (Y A1z AL BE 7 5 S I e 7 1 R

TESEHAT 55 b H RO X AT 38 A A T A L
WA T SR TOR E— 2097 R R AL, SR A 4
X RSCEG T TE BTN AR R AR n G R, RGTAL
BHY 35 FH P 5z A R BE R ER sSEMG 5 IMU, iK1

5 A A B B Rl 5 T 3 T ik — AP e LA R R

SRR 1B SR A DL K AL AE AR U I 1 3 S R S

JHTE.

S % 3k

(1] HFBEGEER, 5. FEREENS AN RE T EHET
i S Re B e 52 m AR g ()], h B BE 2584, 2025,
15(10) . 21-24.
TIAN Y, CHENG M, WANG Q. et al. Research on the
impact of lower limb rehabilitation robots on lower limb
motor dysfunction in stroke patients[ J]. China Medicine
and Pharmacy, 2025, 15(10);: 21-24.

(2] /BT E LSRR RT . 45, S sk LA X A o i
FOFAE FT B D R A 52 M Meta 43 A7[T]. BRE ik,
2025, 35(2):197-204.
PENG X K, ZHAO G SH, HANSH Y, et al. Effects of
exoskeleton robots on balance and lower limb function of
patients with stroke: A Meta-analysis[ ] ]. Rehabilitation
Medicine, 2025, 35(2): 197-204.

(3] #EIsdss, FEER . 24w, 55, AMET AL AT & B 1
B R S SRR T ], BT LA 34, 2025,
46(4) :100-107.

[4]

[5]

[6]

7]

[8]

(9]

progress of exoskeleton robots in rehabilitation for patients
with spinal cord injury[ J]. Chinese Medical Equipment
Journal, 2025, 46(4): 100-107.

BRKEL XIE DS, ST R L 15 5 10 e 52 B BAL 2% A
ABLZZ B A AR LT A s b5 04 3R, 2025 (5) .
167-171.

HUANG Q H, LIU ZH F.

human-machine interaction of rehabilitation nursing robot

The key technology of

based on surface myoelectric signal[J]. Automation &
Instrumentation, 2025(5): 167-171.

RO X BN, A BT R LA RS R A
P RGGRT] HEBEE IS 58k, 2022,
28(9):1032-1038.

ZHU X, LIU J, DONG Z P, et al. Gesture action intent
recognition based on surface electromyography: A
systematic review [ J |. Chinese Journal of Rehabilitation
Theory and Practice, 2022, 28(9): 1032-1038.

LYU H ZH, WANG Y R, HAO B D. Lower limb joint
angle estimation based on surface electromyography
signals[ J]. Biomedical Signal Processing and Control,
2025, 104 107563.

ALJEBORY K M, JWMAH Y M, MOHAMMED T S.
Classification of EMG signals: Using DWT features and
ANN classifier [ J ]. TAENG International Journal of
Computer Science, 2024, 51(1). 23-31.

S EEZE YL, . BT ISSA-VMD A AR/ i
9 sEMG {5 5 B B g 52 [T 0. " 0 &k 42K, 2023,
46(2) :93-100.

WU T, CAI H, LIANG J K, et al. Research of noise
reduction about sEMG signal based on ISSA-VMD and
second generation wavelet [J]. Electronic Measurement
Technology , 2023, 46(2) . 93-100.

2R 9K WYL Bk A L %5 6T CEEMD-VMD-SIST #3% 1
SEMG {55 FE M 7 1 [0, TH5r AL i 5 42 46, 2024,
32(4):180-187.

LI X, ZHANG M, ZHANG Q, et al
method for sSEMG signal based on CEEMD-VMD-SIST

Denoising

* 159 -



549 & F oM % % &
algorithm [ J ]. Computer Measurement & Control, 2021, 10(16): 1946.
2024, 32(4); 180-187. (190 HEABCH IS, AR, 4. 2T 1D-CNN-SVM [

[10] LIX H, NIR Y, JI ZH. ICG signal denoising based TR S AE BB L] R IR
on ICEEMDAN and PSO-VMD methods[]J]. Physical 2025,48(12) :71-78.
and Engineering Sciences in Medicine, 2024, 47 (4): CUI ZH H, Al L SH, MA X Y, et al. Gait
1547-1556. information recognition study of lower limb

[11] WEI CH F, WANG H, LU Y ZH, et al. Recognition of exoskeleton based on 1D-CNN-SVM [ ] ]. Electronic
lower limb  movements wusing empirical  mode Measurement Technology, 2025, 48(12). 71-78.
decomposition and k-nearest neighbor entropy estimator [20] VEXCHA. #T VMD-ELMAN 8 UL {5 5 %F F B o6y
with surface electromyogram signals [ J ]. Biomedical MEBMLI]. SRR, 2024, 51(3):257-264.
Signal Processing and Control, 2022,71: 103198. WANG W M. Prediction of lower limb joint angle based

(121 FRAE A, B p<, 7516, 4%, 3 F £ m WL 5 5 A CNN- on VMD-ELMAN electromyographic signals [ J J.
LSTM £ #8 F BEsh/E iR B (1], Bl % AR5 TR, Computer Science, 2024, 51(3): 257-264.

2025, 25(7):2841-2848. [21] WETHE, LHEI, Zizil, 4. Tl PSO Hikrbl
ZHOU ZH W, TAO Q, SU N, et al. Lower limb AN AR I [T, Pl A, 2020, 42(1).
motion recognition based on surface electromyography 71-78.

and a CNN-LSTM fusion model [ J]. Science KANG Y X, JIANG CH Y, QIN Y H, et al. Robot
Technology and Engineering, 2025, 25 (7). path planning and experiment with an improved PSO
2841-2848. algorithm[J]. Robot, 2020, 42(1). 71-78.

[13] TANG G, SHENG ] P, WANG D M, et al [22] PR, SERAERE, & ETREIARES LI
Continuous estimation of human upper limb joint R 55 19 b s WL 0 (], f 7 i R, 2024,
angles by using PSO-LSTM model[]J]. TEEE Access, 47(5):181-187.

2021, 9. 17986-17997. SUI X W, GAOJJ, LIANGTY, et al. Prediction of

[14] LIU X Y. MA H X, WEI Q. et al. Continuous upper extremity muscle strength based on surface
estimation of lower limb prosthesis based on GBDBN EMG signal and muscle fatigue [ J]. Electronic
and BP network [ CJ]. 2022 6th International Measurement Technology, 2024, 47(5): 181-187.
Conference on Robotics and Automation Sciences, (23] AR RuH R, &, 3T T SEMG ¥ 35 1
2022 270-276. WG G0 R AR Tk BT L ] AR AR e, 2024,

[15] LI C, HE H, YIN SH Y. et al. Continuous angle 45(5) :271-280.
prediction of lower limb knee joint based on sEMG[ C]. SHI X, YU K Q. AO Y M, et al. Research on
2021 IEEE International Conference on Recent entropy of incremental fuzzy entropy representation
Advances in Systems Science and Engineering, 2021: model for lower limb fatigue based on sEMG[]].
1-6. Chinese Journal of Scientific Instrument, 2024,

[16] ZENG M, GU J, FENG Y. Motion prediction based 45(5): 271-280.
on sEMG-Transformer for lower limb exoskeleton 1EE /AN
robot control [C]. 2023 International Conference on SEBGEEES) . Bl Z %, T2 7 M R A& 5L
Advanced Robotics and Mechatronics, 2023: 864-869. NN T INER R L

[17] WANR Y, ZHU Z N, CUI G H, et al. Continuous E-mail : 957188030@qq. com
prediction of multi-joint angles based on Informer WeiE W, EEMS A AN E AL A i A
model using novel fused features[]]. Measurement W,

Science and Technology. 2024, 36(1): 015709. E-mail:290535321@qq. com
[18] LU W, GAO L F, LI Z B, et al. Prediction of long- HREL A, EEDILHT W BB LA B S

term elbow flexion force intervals based on the

informer model and electromyography[J]. Electronics,

160 -

W5

o

E-mail:1816112444@qq. com



