B8k 1l B O% X @ K F OF R Vol.58 No. 1
2024 4 1 A JOURNAL OF XI’” AN JIAOTONG UNIVERSITY Jan. 2024

KABRZEERSMMERHEEM KT IER
= 5 i B2 Bl (R 4R 5K 1) 7”:']75%

Fdh' . ReE4E', REM ., ZBF3C0, TR, TR
. HEZLHERFEYEAGETRAFTMEGLRE, 710049, PFE; 2. LM RFE —HEER
A ESEL, 710061, PE%; 3. O30 KA — MR BB #h & 4MFE, 710061, PEZ)

WE. AR aTRAMNFHEHEARNERGPARET AT RSAE &5 AR

M 24 (source-Lasso-CNN,SLC) # 5 37 i & sy AE B KR 5 7 vk, & k18 A 2 A R AL 5 LJ«'}E

B ORH D42 Z 4532 4 AP SR AR K 6 B B AE 5L 42 0 4 Lasso # 4T B 4 AR R 3R (ROD it

F.ARAINEBAZEMNBEHAITETF S EHERXRAN ., RE 13 LWXFE A TFIHHEHET

89 Ji ¥, o L A5 5 SR AT FRAL 2R, ROR A T Asg & %&E%é’) R AR & 5 kAR Ak R R DR

itk e R E A R B EZ R T RSN, RS M 5B AR T

(8% o REAT X 5, BN I R 4G 3 ANBE AR AR 5F & T 45482 ) 48 Lasso 7 ik k47 ROI i 3, ¥ 3t
BB ROIARE S B R TR FHMANERAAZME P fTwuo L, THEREEWH. KA source

Lasso-CNN # 7 ik £ & 97 (v S5 i & 9 4% ) /#8934 (82, 23+ 12. 7D %, £ T &£ 5(1~3 Ha)

8(4~7 Hz) .a(8~13 Hz) .p(14~30 H) A Z& 444 (1~100 Ho) Loy 25 R . 5 b kit 7 sk Aait, i

EHELHRZRGRI T T EZA RERMNFIE 3 E B RF PR R,

X8I RN Lasso; ABRAZNEL; HMIR®E; FE S E B RF

RESES. TP391.4 X#EIRERS: A

DOI: 10.7652/xjtuxb202401018 X E#S:0253-987X(2024)01-0187-10

Movement Patten Recognition Using Group LASSO and CNN
Based on High Frequency Signal in Source Space

TAO Yi', XU Weiwei', ZHU Jialin', YUAN Ziwen'?, WANG Maode’, WANG Gang'
(1. Key Laboratory of Biomedical Information Engineering of Ministry of Education, Xi’an Jiaotong University, Xi’an 710049, China;
2. Department of Rehabilitation Medicine, The First Affiliated Hospital of Xi’an Jiaotong University, Xi’an 710061, China;

3. Department of Neurosurgery, The First Affiliated Hospital of Xi’an Jiaotong University, Xi’an 710061, China)

Abstract: Addressing the challenge of low classification accuracy in ipsilateral hand movements,
this paper presents a novel method named source-Lasso-CNN (SLC). The approach involves analyzing
electroencephalogram (EEG) signals before movement onset in the gamma band (30—100 Hz)
that are associated with four specific hand movements (tip pinch, multiple tip pinch, hand close
and hand open) using spatial source localization. Region of interest (ROI) was selected using
group Lasso, and then the selected signals were input into convolutional neural network (CNN)

for multi-class hand movement pattern recognition. The specific steps are as follows. Firstly,
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EEG and EMG signals were simultaneously collected from 13 subjects during the execution of the
four hand movements, followed by preprocessing. Next, a head model was established using a
boundary element model based on magnetic resonance image, and the inverse problem of EEG
imaging was solved by using the minimum norm estimation method. The EEG sequences in the
source space were divided into 79 regions based on Brodmann area. Three time-domain features
were extracted from each brain region and a group Lasso algorithm was employed to select the
ROI. Finally, the selected ROI and its corresponding source space sequences were input into the
CNN for classification. The results show that the LASSO-CNN method, utilizing high frequency
(Y band) source space signals, achieves a superior classification accuracy of (82.23+12.71)%.,
which is better than that in & (1—3 Hz), 0 (4—7 Hz), « (8—13 Hz), 3(14—30 Hz) and full
{requency band (1—100 Hz).

accuracy compared to other advanced algorithms, highlighting its effectiveness in recognizing

Furthermore, the results also show a significant improvement in
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identical hand motion pattern.
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Fig. 4 Spatial source localization-Brodmann area
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Table 3 Classification accuracy under different convolution

kernel sizes

BB RN SRR/ N
1X3 78.25
1X5 82.23
1X7 81. 42
1X 10 80. 26
1X15 79.14
1X20 78.85
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Table 4 Classification accuracy under different pooling

kernel sizes and dropout rates

Ak 2 U A
dropout 18

Kb W/ % W/ %
1X2 77.69 0.2 78. 44
1X3 82.23 0.3 78.58
1X4 76.57 0.4 78.33
1X5 68.99 0.5 82.23
1X6 72.74 0.6 73.79
0.7 65.01
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