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Recognition of lower limb movement based on EEG and EMG fusion
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Wuhan 430074, China)

Abstract In order to identify dorsiflexion and plantar flexion of ankle, EEG and EMG signals were collected from 5
subjects. The 9-channel EEG and 2-channel EMG signals were selected for pre-processing and feature extraction, and the
Event Related Desynchronization (ERD) features of the EEG signals were calculated. The Mean Absolute Value (MAV)
and Slope Sign Changes (SSC) characteristics of EMG were calculated. The features were sent to XGBoost (Extreme
Gradient Boosting) and Support Vector Machine (SVM) classifiers individually or in combination to compare the

recognition effects of different features and classifiers. It is concluded that the recognition effect of EEG signal fusion based

on XGBoost classifier is the best.
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Fig. 1 Lower limb movement recognition overall framework
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Fig. 2 Ankle dorsiflexion and ankle plantar flexion movements
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Tab. 1 EEG frequency division
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Fig. 7 Wavelet decomposition and reconstruction
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Tab. 2 Wavelet soft threshold denoising
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Fig. 8 SEMG signal of tibialis anterior and gastrocnemius
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Fig. 12 Classification results based on XGBoost
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Tab. 9  Classifier performance index based on EEG and EMG fusion feature
bt FRAE HER %1% KR 1% AR /% F1IE531%
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SVM ERD+SSC 68.9 64.6 85.6 73.1
ERD+MAV+SSC 69.0 66.7 81.5 72.4




66 g RO 4l CFL ARl

5 44 %

T A U A AR OISO R = 2 — AR A
ZARTE, HorP ERD FIMAV A Rl& RO e

FEF 106 LA A 5 il G R AR 1 0 2R 2R A B 4R
Frane 9 s , AT #4501 45 SR — 20, XGBoost 43
F4% (ERD+MAV FEAE 2 S LA AL G, X 0 Y F1-9F
O

i 3 25 A HT , B IR 22 AR B A i 4 28R
SR U A T RE R A O RRAE BRI SR
HIRIER R . AE BRI CT  EEEA S
B S ZRABE R R BB A IR B 45 0

7 it

BT #— EEG 8 EMG 71 A% Zh/E L 50 1 g

BEL, G, e 2E R A AR Bk AR 1 EMG {5 5 9F R ]
5, 5T EEG M 2l /R U B PH PR SR A AR SCRIFSE
LT M WU AT 5 fl A (0 JBRSA2 IR SR, 43 B B
W sEMG #l EEG FREFRL5 7, IWIRAE AN [A] 43 2 2
TR PERE I 2 . 45 S E B B LA {5 5 R AE Al A B
i 42 v ShVE TR IR RE , XGBoost 4325 25 75 35 T £ I
{5 S RHE A B Sh VE TR vh 2 BB 4 AR 52 4T
FEAE— 2 R BRI - 1 0, B 3 /b |, Je 22 0 1%
i K Y 238 R IR 4518 0k L YR, AT
() sSEMG Fl EEG F#AFAT FR , 35 R B SR A, 10 3238 Jin
AR | B AR R AR ) s A R AE R B R AT R
TIE 19 05 36 . S5 S, AR SCHF 9T I Al 7 5 EEG
SEMG F1F , G — 43 AR 0t J5 238 ] DA 243 H
) RlA A, W EEG FRAE B2 43 2848 LsEMG $FAE K
IRER BRI AT BRI A AR

2 £ X M

(1] XREE . BT R YLHLE & 1 F Bb 25 B S
IEIBFIELD | AR : PR, 2020.

[2] WENTINK E C, SCHUT V G H, PRINSEN E C, et al.
Detection of the onset of gait initiation using kinematic
sensors and EMG in transfemoral amputees [T]. Gait &
Posture, 2014, 39(1): 391-396.

(3] #kise, ks SE T RIS S 0 2 & R AE
AU L] AR A2 R (R AR L 2011,
39(S2): 153-156.

[4] LEESW, YIT, JUNGJW, etal. Design of a gait phase
recognition system that can cope with EMG electrode
location variation [J]. IEEE Transactions on Automation
Science and Engineering, 2017, 14(3): 1429-14309.

[5] HUANG H, LI T, BRUSCHINI C, et al. EMG pattern

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

recognition using decomposition techniques for constructing
multiclass classifiers [C]/2016 6th IEEE International
Conference on Biomedical Robotics and Biomechatronics
(BioRob). UTown: ACM, 2016: 1296-1301.
KUANG Y, WU Q, SHAO J, et al. Extreme learning
machine classification method for lower limb movement
recognition [J]. Cluster Computing, 2017, 20 (4) .
3051-3059.
NIAZI T K, JIANG N, TIBERGHIEN O, et al. Detection
of movement intention from single-trial movement-related
cortical potentials [J]. Journal of Neural Engineering,
2011, 8(6): 066009.
NIAZI I K, MRACHACZ-KERSTING N, JIANG N, et al.
Peripheral electrical stimulation triggered by self-paced
detection of motor intention enhances motor evoked
potentials [J]. IEEE Transactions on Neural Systems and
Rehabilitation Engineering, 2012, 20(4) : 595-604.
KEE Y J, WON D O, LEE S W. Classification of left
and right foot movement intention based on steady-state
evoked [C]/2017  5th
International Winter Conference on Brain-Computer Interface
(BCI). Gangwon Province: IEEE, 2017:106-108.

HUANG Y, ENGLEHART K B, HUDGINS B, et al. A

somatosensory potentials

Gaussian mixture model based classification scheme for
myoelectric control of powered upper limb prostheses [ J].
IEEE Transactions on Bio-Medical Engineering, 2005,
52(11): 1801-1811.

LEEB R, SAGHA H, CHAVARRIAGA R, et al. A
hybrid brain-computer interface based on the fusion
of electroencephalographic and electromyographic
activities [ ] |. Journal of Neural Engineering, 2011, 8 (2):
025011.

WP, BRIDAE., %, 55 B TR ULH Rl A n IR A
B D AESEL ] i E AR B TR, 2016, 35
(1): 20-30.

HERMENS H J, FRERIKS B, DISSELHORST-KLUG
C, et al. Development of recommendations for SEMG
sensors and sensor placement procedures [J]. Journal
of Electromyography and Kinesiology, 2000, 10 (5) :
361-374.

HASHIMOTO Y, USHIBA J, KIMURA A, et al.
Correlation between EEG-EMG coherence during isometric
contraction and its imaginary execution [J]. Acta
Neurobiologiae Experimentalis, 2010, 70(1): 76-85.
WITHAM C L, RIDDLE C N, BAKER M R, et al.
Contributions of descending and ascending pathways to
corticomuscular coherence in humans|J]. The Journal of

Physiology, 2011, 589(Pt 15) ; 3789-3800.



551

JHE A T INULHLAE 5 Rl R RSl RU 67

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

HUANG H, KUIKEN T A, LIPSCHUTZ R D. A
strategy for identifying locomotion modes using surface
electromyography [J]. IEEE Transactions on Bio-Medical
Engineering, 2009, 56(1): 65-73.

FARRELL T R, WEIR R F. The optimal controller
delay for myoelectric prostheses [J]. IEEE Transactions
on Neural Systems and Rehabilitation Engineering,
2007, 15(1): 111-118.

TrGes , AT, THASR . TN AR I 7 1 (1918 3 A
% ik B 4R 1E #2 L [Cl//Proceedings of the 2011
International Conference on Future Computer Science
and Application (FCSA 2011 V2). Kota Kinabalu:
International  Industrial Electronic  Center, 2011:
317-320.

LI M, CHEN W. FFT-based deep feature learning
method for EEG classification [J].
Processing and Control, 2021, 66: 102492.

Je A, KB, X3, A . BT HES R I CSP Rl & Y
TS SRR T ] AR S A, 2022, 32
(3): 157-162, 168.

Bt ¥, 00, 55 LT INRAE S L3 6
R A IMARAE 2 73 RS EIE T [T ], ALt B B2 T
i, 2022, 41(2): 167-173, 178.

TRk, tRHAE . BTN AL o i A s [
Bk s SRR Tk (T AR R TR SE
2021, 40(3): 256-261.

BRARI Z, BELGHITH S. A novel Machine Learning

Biomedical Signal

approach for epilepsy diagnosis using EEG signals based
on Correlation Dimension [J]. IFAC-PapersOnLine,
2021, 54(17): 7-11.

FEPA T A BRI S S AT [C DR R
PR P E CRED P F RO 5 7l &k
JE W IR i SO L R (LA ) 24 ik AL,
2015: 64-66.

WRfifis, thid, XIFHF, 55 5T DWT MEMD FIAEH

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

T B0 IR R A S AR P IR 2 2R W () . T g B TR
AR CHARIAMD , 2022, 41(1): 143-152.
PFURTSCHELLER G, LOPES DA SILVA F H. Event-
related EEG/MEG synchronization and desynchronization :
Basic principles [J]. Clinical Neurophysiology, 1999,
110(11): 1842-1857.

TANG Z, SUN S, ZHANG S, et al. A brain-machine
interface based on ERD/ERS for an upper-limb exoskeleton
control[ J . Sensors, 2016, 16(12): 2050.
GORDLEEVA SY, LOBOV S A, GRIGOREV N A, et al.
Real-time EEG-EMG human-machine interface-based
control system for a lower-limb exoskeleton [J]. IEEE
Access, 2020, 8: 84070-84081.

GRAIMANN B, HUGGINS J E, LEVINE S P, et al.
Visualization of significant ERD/ERS patterns in
EEG and ECoG data [J].
Neurophysiology, 2002, 113(1): 43-47.
VAR, 2255 . LR 5 BOARAE 20 A 07 12 S i ]
[J]. SR A P23k R, 2010, 10(13) : 2593-2596.
WEI P N,ZHANG J H, TIAN F F, et al. A comparison
of neural networks algorithms for EEG and sEMG

multichannel Clinical

features based gait phases recognition [J]. Biomedical
Signal Processing and Control, 2021, 68: 102587.
PENG F, PENG W, ZHANG C, et al. IoT assisted
kernel linear discriminant analysis based gait phase
detection algorithm for walking with cognitive tasks [J].
TEEE Access, 2019, 7: 68240-68249.

ALTAN E, PEHLIVAN K, KAPLANOGLU E.
Comparison of EMG based finger motion classification
algorithms [C]//2019 27th Signal Processing and
Communications Applications Conference (SIU). Sivas:
IEEE, 2019: 1-4.

AL, DR, B LT 2RI RS Y 3D A
LT R RO R 544 (A ARBHE R | 2023, 42
(1): 103-110.

(EHm&Rext x14l)



