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Figure 1 Image classification system
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Figure 2 TextCNN network structure

4 x, e R'Z kiBIE EEG B8 P45 i D RAER
KR — A2 A — K B R L7 A B EEG X AT
PAZRIR N

X, =X ®x,® D, (1)
X :-@H ii‘% FAT, X, x,,., SRR EEG %L
PERME X, x,, X, E’Jﬁ%o #i’é%ﬁﬁé%ﬁﬁ
A=At ukdE w e R™, EMHT h A EEG FEA
AR IR A8 B EEG R#1E, B0, — 4> EEG %¢
fE C, H—"1 EEG HEASEH x,,,_, AW

Co=flw x4 th)o (2)
b b BT () I — D AELAE %L, W0 RelLU
BREL, XA ISR T EEG A (x,,,x,,,,,
x| ST RE B RE A A D, O A —
EEG FFAE 1] .

c=[C.C,,-,C ] (3)
AH.Cce R, RGN C WA K-max Hifkiz5E

PEIRAS AN B & ARG K DMRAE € = max(K,C) , XA
LR N A EEG FRAE 1] 5 4 42 e & AT K 4>
FRAIE

— AU m A R S aE
H—A EEG FEAE ) &, XF B A REAE 1) & N K-
max AL B BT AT R AR ] 8 45 2R 09 FT K A 3% R
K A5 B B 1Y a1 A

o=C,0¢C,,®-®C,,. (4)
TextCNN {ili Fi] 22 7] /IS 1o 306 25 4 BOAS [
G I B R IF | O 1 A4 SR [ A B M4 EEG AR

Kbk, 2H gt
pab IE P
out=0,d0,d - DO, (5)

a8 out A L& H2)2 , B Softmax 1
S RIAT AR B S L5
1.1.3 49 StackCNN A&

StackCNN 1 TextCNN A~ [] i Hi 75 78 F TextC-
NN F 3t 58 &% SRy B 1] HE 51, 4% b =2 8] BN 1 4 i
StackCNN Y5y 25 o Al HEZ]  RIHT— A~ 2k 38 2% 1Y
i VRN IE — A uE AR 1 H A JF H StackCNN [ 45
oy p HE B /NS e 2 R R, 3 AT L i ) 45 R
PAORUES: 2] 01 42 0 iy A5 = i AR B/ (2 800
/L), StackCNN %Fﬁﬁﬁ?ﬁ%ﬁﬂﬁfﬁﬁim_ﬁ?ﬂz% iz
FLFEE T AR 2 A RRAE, X B K-max
oth A A 38 Ak 2 B SRS R ) R O R
K ea AR ERE

StackCNN F1 VGG W 25 25 0L, Fir A 3 I8 2% #6
3 x 3 By /N i AN 1 DR 1 PR UE R
UK I REAIE ] L 2 B R O\ 4E B AH [R] . StackC-

g AR S E AL B 1) PR

NN IW% ZER IR 3 s, B 3 A 0 x kZE
EEG,XH n N 1,k K 128,

=
<l§

iw
|

B3 StackCNN [ £& &
Figure 3 StackCNN network
X F EEG P {x, x5,
A LA U A
C, = Conv (w,,x) +b,;
C, = Conv,(w,,C,) + b,;

1~ 1281818
EEG

K-max T
Pooling

Conv

Fully Connected
Layer

Layer

’xn—h+1;n} ) ﬂ“&l&

(6)

C, = Conv,(w,,C,_,) +b,,

K Conv(+) AILIERS; b MM BT, X4&4 EEG
FRAE B R AT K-max T Abis 5 98 5 HE K .
out = max(K,C,) @ max(K,C,) @ - @D
max(K,C,) , (7)
StackCNN % 4% &5 4 v 4o 8 5 /i (9 L 38 48
i EEG B8 Z 0] 1) Jm) F AH SC 1 |, mT LR PR & 2%
FNT EEG {IR4EFRAE , 108 21 J5 10 9 28 3 75 8% 57 B
KON FE S A L3 KR SE EEG 48 1E, o DL
fEJ&2% 2 8| T EEG @ 4EHFF Mk, K, StackCNN A]



72 PSP PN i 3 - S QRIS )

2024 4

DA ] s 1) HIAR 28 s 48 1 4R X B2 BT Text-
CNN [y 77
1.2 it #) Bagging ik

B2 B T LG o — R E i JF AR
JEAE AN EARAY I ik m A Sk, AR ) WA Y
R AR — A 55 23 S 4 45 B 1 A R Y 000, HC Al
14 55 7 2 e o ] LURE R 18 21 TF Dk

H Bl (bootstrapping ) H1 5] 5 2 £ 8 ¥ (boot-
strap aggregating , Bagging ) ¥ J& £ Bl 2% >J 40 35 1) — Ff
FEAGEILT T I A R A 4 v
AR . Bagging $vE AT HAL 73 2500k | nl 9 5
A A A HERR R AR M [R) I 5 g R AR 4
R TT 2, RS WA kA, AR, TR AR S
Bagging B 11, 30 0 145 50 05 6 47 Ve 0, 3K 0 7
B AT 19 53 2 4 B A ) /9 DSB8 g, DXL T 220 1 ik
SRR IPERE 22 . AR UM — Fh B Y Bagging
A AT 4 o , B Bagging B ) 3
I RITE RN (out of bag, O0B) I &:ZE 5 A9
F G & Lo 2R AR A B 2R 0 AR 7R 1R 40 /)
RLEE 125 08 T A 5 53 S 4% 1 1R BB 22 5, [v) ) £
TOXERE S A RS 28 AR A0 3 KR, OOB 48 19 2 Il
Srad Bk R OB L, TR S B B A S S50
SRAEBIRL LS, DRI ] LR ke R D0 AE Y 144 37 Ak g
1o AR SO AR B A AL & SCHIF .

00B_F,
Ai/l = 70 ( 8)

N
Y 00B_F,
=1

i TR AN TR B 28 ) (6 AR SO0 0 B 4 i
ML FEIN 0 3 39) A, NEB n AR 55 50 S & X 26
AL AL S B ; O0B_F 250 0 55 N A 55
LRI SR B B F A N NS K A B
A SR Ay S AR TE A AR B Ry MR B A, (E I
N

Zheng %7 7E Bt () Bagging 53k WOk A A BY
P VIR ik 4 | 245 SR R B, 7R EF X 40 2K
Y EG B s 52 1 SE 50 | Bagging 545 W (19 43 2 4
E TR WG LU D 5 S 00 B T S A R, an sk 1 TR,
PRI, A SCfd T 40 2 il RE 10k SR R 3 4 910 5 4 R0
AR KI5,

TAb, A3 SR AR TR B SR AR B R AT A R
MHEEN R, o2 0RO e A,
KB R AR BN AT e S BRI G. BLt, A Sl
FH k758 SUS IR J7 15 R i 8 Fe AR R AR IREL, X T N
ALY IR TE b DR L IEAT 40 28, R AR 10 T2
SRS AT A R A a0k 2 o N 2 el LR

SRR UCE 20 I, BT AT HE 53 2 5 A 9 A R
R kB T R K i, B AR R AR R
H 20,
x1 BHEESEMEERESERIL
Table 1 Comparison of sampling results between

self service sampling and stratified sampling %

REE T I W % H R F1 {4
H Bk 97.13 96. 96 96. 94
o 2 AR 97.82 97.02 97.54

K2 FRARBERYUEFEES LR LENERI
(BLEHE)
Table 2 Comparison of results across all base classifiers

with different sampling frequencies

(taking the average) %
KA R NRTTES A [l 2 F1{H
5 85. 14 86. 11 83.22
10 87.12 87.01 85.33
15 90. 24 87.74 89.02
20 96. 87 95. 88 96. 01
25 95.35 95.21 93.72

1.3 f#53 A fNiE 3h# StackCNN-B # 5!
T ol i 19 Bagging % A1 2l i 1) StackCNN
R AR AR T StackCNN-B #5570 485 760 %5 2 i 14

wmE 4 pR

IZREE WA SE

5 B RIREVE R
A / A i
ESNE- L ONE-NINE-VAE-Vi

i
|
|
i
I
|
|
IR R || IR TR | R [ "
I
I
|
I
i
I
I
I

B T T — |
[onnt | [onwe L] owr | Y
Rl ST
ﬁasfgfl | éﬁéf%z L {%mr | |
N T A——— v
RETTHRET PRtV B B

4 StackCNN-B # A7 2 E
Figure 4 StackCNN-B model flow chart
B BAR S AL RN
APBR TR IR PR D N i AR A A
PIER I
AW 2 {# F Bagging 5 MU 254 h 38 i3 4
JEEERAS T A ISR Fniil ik 4E .



%5 W

Wi, % 5 T Ot StackCNN 9 £ 1 8 5~ ~F 1) il e £ L 58 20 260 1% 73

ABE3 A5G T A CNN B BT 455 43
H IR 45 R A Softmax 43 g I 02E ,

PR 4 ARSI 2015 B 09 A E A R AL (]
I ) A5 S R I AR T &
1.4 EEG #{E@FIE 5 £

AHE AN 4 5E ad i 45 & ot Y Bagging &
2, N EEG Cffa w4 JROM ¢ 9 il i 455 A0E 26 78 F T A
B N2 18 DRI 196 2l 5 L, P D e PRI 40 4 2
AT HUCEI B9 EEG FRAE I 25 3% T ResNet Y o1 )9, 8¢
] 4 ) i £ AR A R AR X PR AT 43 288, DTG 5 B A
WK

56 AR — W Bt A i Al I 25 )5 , B4 CNN
B % (BEAS Softmax 43254 I A ) AT LL#E B 1E &
EEG BB RHIE 0] 5, O 1 45 22 700 CNN 880 2 5
B 0 i B R R 3 — M Y TR b T SRR A% Bkt
i HL T SR B B, L A TRT AR v i B 0 i AR 6 1Y ik
RURFAE . 0 1 90X — R AE £ ResNet a1 9 M
AW E G P2 BOGE L EEG FR1E, ResNet 1] 15
ResNet 5 Y F1 =] 9 ) 2% 2H /i, ., ResNet 5 #) 52 i He
SEUSRR I PR RS )T R R A
SREIFIRUN ke gk 22 A 2] v B4 — 2 A D
T H T 2% aak R 2 I 25 1 R ME Y [R) T, ResNet
G ACREE R e TR EEIR AL, RIRE A R0 2% 2
BB I ok B PO B A

AR ResNet-18 5 B A Sy il it ¢ AiE 32 HX
W EAE 1T AGREM R e EiEE, BT
ResNet-18 I I Zrid FEAL & A 2098, 38— 20 il it
WIZR M ResNet-18"> 5% 7 i B [ 52 114 4 Joi 11 Js) 355
FRAE ; 55 20, R Il 091 J7 208 1845 s Ak ke 5 3]
EEG F#AE ) &, A SCX L 1 F Wpy JL AR [ g
PP BEHL AR AR ] (random forest regressor) Bt
W] I ( decision tree regressor) . K 4B T [f] 9 ( K
neighbors regressor) | 3 4[] & AL [7] 5 ( support vector
regressor) o mFEIHZS T H S CNN # 8 g 2f
B EEG R AELE B[R], 92 8L 1 af LUMATE 2 BHR
rh 4 BN L1 S R IE

PAFI AR 5, 0 225 U 2R 1Y ResNet X
AT I B2 O KR R Y EEG FRAE, I8
FHUN 233 1 Softmax 4328 s X RFE AT 4026

2 XWESH

U S PSRy s — ] T R ) CNN
BRI MR oy > AR 5 (977 k72 ] EEG L R AR 5
TR LT ResNet (1) EEG HR1E [0 9 347 A 2h

IS i FH Pytorch TR FiE 27 2] HE JR 0 47 A5 70 45 4
Mg, L R mBEN T, vk, EREAD
EEG £l EUIZRE R, 2 > 3] EEG %4 19 ik A &
AN B v Oy AN TN 7 1 R0 R 0 s e 2
U, U Zh—1 [m] A A TR DA T 5% b 2 B3] ) A A Ik
S EEG A L5 5 5, 4 32 R 7 AE i o 3 4 2
T2
2.1 EEG BiE&ERHEMAE

ATSCAd ) 2 - Spampinato S PU
W E B EEN, ZERERF e nSHA
(LA s B @ EHicRS 5 H M
EEG ¥45 . 4255 F 30 o R AR A AT Y
G L S S sk T ok . 258 Bl Ll BE AR 1T
oA HEBR P BE 5 e S5 50 HR 5 19 B ACIR B

5 ) 0K B 4 S TmageNet ™ #4419 — 4
T A H 40 A E SR H 5 T 300 A9 28 51, 2
2 000 &, Hrh AN RIS 50 KR, TR
ORI BT, FIREER SR 0.5 s, B —KEMRE
iR 25 s fE—Hit, B, ZIXHERE 10 s IR
AR EER, BARGBEHTER E
I I A ) M Bl Herp ) S2 a3 WL Y Sy £
Mo PRI, B EEE LA 1400 s, SE80 S 40k 3
FiF 7, 1% 5% K B Spampinato %5 il L 5% 43 2 52

£3 LRBH

Table 3 Parameters of experimental

SR HE

P52 50 B o 40

g 0 A 31 1 PR A 50
E1% 2 000

A% 5 B R B A /s 0.5
BRRE MR 2 5 B8 R s 10
SIRHR 4

B SAGRREL T A/ s 350
SV E] /s 1 400

EEG B3 i — > 128 1 38 i A7 U5 M 75 ri A%
WA AT R AL, HOR AR A Pl T 4 15 5 R
#r . TEIBATHSUEE T P U UE DL 25 (49~ 51 Hz) A1 Fh
I U DA (R IEATUR 258 14 .71 Hz) MR LA 5
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Table 5 Comparison between StackCNN-B

method and other methods

IR7S 250 YRRl /min - HEREE/ %
SVM‘ 2 8 82.70
EEG-Net"” 2 17 88. 00
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Bi-LSTM-AuGW 40 41 99. 50
FC-GDN" 40 40 98. 40
StackCNN-B 40 20 99.78

iR HEm R AR FLE
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Table 6 MSE comparison of four regression models
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Table 7 Performance comparison of different models

for image classification based on ResNet regression
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EEG Visual Classification Algorithm Based on Improved StackCNN Network and

Ensemble Learning

YANG Qing">*, WANG Yaqun'?>®, WEN Dou"?’, WANG Ying"*’, WANG Xiangyu'>"

(1. Hubei Provincial Key Laboratory of Artificial Intelligence and Smart Learning, Central China Normal University, Wuhan 430079,
China; 2. School of Computer, Central China Normal University, Wuhan 430079, China; 3. National Language Resources Monitoring &
Research Center for Network Media, Central China Normal University, Wuhan 430079, China)

Abstract; Aiming at the limited studies researches on visual classification directly using image-induced EEG sig-
nals and low average accuracy of visual classification, a method combining convolutional neural networks ( CNN)
and ensemble learning was designed to learn the visual feature representation related to EEG signals. By adding the
K-max pooling method to the stackCNN network to solve the problem of information loss when extracting EEG
features, and combining with Bagging algorithm to enhance the generalization ability of the network, this method
was called StackCNN-B. In order to verify the performance of StackCNN-B method in image classification, images
were classified using deep residual network regression. The results of ablation experiments and comparative
experiments with existing studies showed that the recognition accuracy of this method was high. The average
accuracy in learning the visual feature representation of EEG signals was 99.78% , and the average accuracy in
image classification was 96.45%. Compared with the most advanced Bi-LSTM-AttGW method, the average
accuracy was improved by 0. 28 percentage point and 2. 97 percentage point. The results verified that EEG signals
could effectively decode human brain activities related to visual recognition, proved the advantages of the proposed
StackCNN-B model.

Keywords: electroencephagram; vision classification; convolutional neural network; Bagging algorithm; ResNet net-

work



