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(P BCIR L R385 5 05 B TR 44 B, B 2L 210003)

H B FANFPIFALARTCEZIREE ML, ATRFTFEZNNLRERGRAEEZ S,
HI0LERFAERITT aF KNG, FKET NN BEIEEZEREZKRSGEE (Electroence-
phalogram ,EEG) 15 5 # A7 s ) #F %, & TEEGAE 5 AR L2 s &6, A A A KA R fo 5 T A EHY
Hk,AB L ABEEAZENELIRHN EEGE 5 &R £ 69 MM, T 455 694 A (Sample entropy,
SampEn) (& AN B e it F A0 fe Z bk 1L AR JE o X A fE B AT BG40 S IR R ME A A &
W& AR ey i N, o, AlexNet F= VGG11 3 AN I &AL AL BF 47 v AUk & M) ik, B R AY 2 W) 45, 3 —
TRETEAG> LR, SREAN, EEMEAML, NERVZ ML P 4, LRk
BEREGHTEI 7.53% ., FHARAN, BidaF RIN%G, 2 RAF O HEHFMEL T HILA ZEME LR, B
MUERG S REEREFRINGTRS T AN, LAAITRG T RNGRBRZRERFEGEZT D
K

KB WEAET;2E N a0 d FINE; RERNZEM %L oRb; S EAGL

FRESES. TNIIL.72 MHERARERD A

Attention Training Based on Double Convolutional Neural Network Fusion

XU Xin, ZHANG Jiaxin, ZHANG Ruhao

(College of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003,

China)

Abstract: Students’ learning situation is closely related to their classroom attention state. In order to
explore whether attention training can improve classroom attention, the electroencephalogram (EEG)
signals of non-attention and attention states of ten students before and after « music training are collected
and compared. It is worth noting that EEG signal is dynamic in nature and has the characteristics of low
signal-to-noise ratio and high redundancy. In order to avoid the problem of poor recognition of EEG signals
directly through neural network, 11 features of signal sample entropy (SampEn) , energy and energy ratio
of each band are extracted, and these features are fused into multi-feature images as the input of neural
network model. In addition, the weighted fusion of AlexNet and VGG11 network models is used to form a
double convolution neural network (CNN) , which can further improve the performance of image
classification. The results show that the performance of the fusion model with double CNN can achieve a
better performance compared with the model with single CNN. In particular, the recognition accuracy of

the proposed model can reach 97.53%. It can be found that after « music training, the EEG features of the

BEETE LA TE HELE(BK20211538); F K A ARR# 4L 4:(61991431); 8 5 & 4 Lk 5 58 & B 1 %1 (2018 YF A0209101).
I 5 B #3:2022-04-11; 48T H#1:2022-07-12
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subjects are significantly different from those before, and the classification accuracy of the network model
can be 4% higher than that before training. This observations show that the considered a music training can
improve the attention level of healthy students.

Key words: electroencephalogram (EEG) signal; attention; a music training; double convolutional neural

network fusion; multi-feature image
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REAL & AR, 11 EEG {5 5 A IE L ME 5 24 VERA S A & 17 A7 DGR b 22 ) 45 (45 0y £ 1. BBk
FH TR R, YR E R N E PR, H EEGE S ¥ /I 8145 ( Approximate entropy , ApEn) &
Bosbiz bTH . e o S BN U A O R ST A5 B S B A L L DL AR O S 3 1 BL (Support
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A 2w Y 4 28 48 2 KL 4P (K-nearest neighbors,, KNN) Fl SVM, 8X T 1% 43 28 £ F) R 51 M B R
o AR, TR EE 45 B A B K 2 N TR B EEG B 5, B B 4 M 4% (Convolutional neural network,
CNN) & H gy AR o DRI, A SCHRE S T SR ) o 85 S X Ml BJE 190 = A AR R A7 3 38 0 U 2, BT i 3+
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Fig.2 Experimental flowchart
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Fig.4 Frequency space decomposed by wavelet packets
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