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A P300 signal detection algorithm based on CNN and LSTM
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Abstract: In order to improve the detection accuracy ol P300 EEG signals in non-invasive brain-computer inter(ace
(BCD system, this paper proposes a CNN-LSTM combined network model based on convolutional neural network
(CNN) and long short-term memory (ILSTM) network. The convolutional network adopts a hierarchical structure,
and designs a one-dimensional convolution kernel that matches different feature dimensions; long short-term memory
network (LSTM) is used to explore the interdependence of data time series, learning Correlation of global features for
object classilication. The test results show that the model proposed in this paper has a detection accuracy ol 91.28%
for the single-trial P300 signal induced by the experiment. Compared with the EEGNet network and the support vector
machine(SVM) algorithm, the accuracy is increased by 2. 18% and 8. 31%, respectively. It also achieves the optimal
performance under the evaluation indicators of Precision, Recall, F1 score and AUC value, and has strong
generalization performance.

Keywords: brain-computer inter(ace; P300 signal; convolutional neural network;long short-term memory (LLSTM) network

0 3

% AL #% I (brain computer interface, BCD™ & —fh 37
M A-BLE B 720 . BCT I & A I K i 3% 3, JE0 b 18 sh 5%
o BAREE il i & T a5 g A a4, AT S5 31 5 AP R IR &
W32 B, T AR B H BRI JRRIT R FE s H., fR
A8 95 K B A7 (steady-state visual evoked potentials,
SSVEP)™ [ P300 HL (3™ F1i 3148 4 W {i (motor imagery,
MD™ B B 45 1 R 8RR AR # O I 3E T o A
(electroencephalogram, EEG) Y 3 Fp#L7 BCT AR =,

TR e #  3 2 PL (rapid serial visual presentation

i

W A 8 :2022-06-03

task, RSVP)2 BCI iy —Fi B ', 78 RSVP L%, 1
ZIXER T RN BRI —NE R FH. ZP5Es
i AR A, X E R B — S X TR AR
E, B AR E R0 IS5 & — SRR 2 10 2R AH OC L A 47
P300 #4727 B B AR E B RIIF R /5 300~500 ms &
B9 ERP 42—, P300 £ 45 2 2 i MLk iy 76 JR X
T i B K W, 5 T N I AR R B X R,
S PR E B B2 DRSO HIE s, SHER
AL A e s P300 5 F i & FI N & . 75 2800 ny Yl 2t a], BB

ZMNE L EHTREHZRE U REEHEIA
BRI AZAE . BET LU PR A % P300 B A7 (4 A U g Sy Hii

+ 159 -



%458 B F o

T #H XK

MLHE 1 Wt 52 4 ) B S A R

41 P300 {554 B 2, A it X P300 {55 # 47
HF AR b B ARRE B R, SR ) 4R SR B R E AT AT W
ARSI, B0, Kundu 2780 T —-faHE AT
FRIE R BUAY 3 B3 23 i (PCAY FL A F 43 2K a0 I 3 # i &
BLCEWSVMSE B 73 . F 8L 53 BT F T80 TC A R AE
AUMBL I AR R IR A A AT B /b, BRER
A ERABERITT A2 WIS, LIRS ER L,
I AL B AR AR bR Z )y or Pr e 70 BT A3k
B Yu 5 R T S 2 RSOk SR P300 A B 5 A
fE. Li %8N TR It§ P300 (R ALIE R G0 MR AE T
AR 38 T — B IR G AR R B T IR T R 114
IR M RN M 5 A AT ARG G R T B R, LDA
J& T Fh B ] K B AR LR B AT R
JEENITTER/N KB T ERK. TEEHWZEWH F )&
ST (HDCA) B3 (9 56RE 1=, Song 25 T — R el i 19
FEUCH )4y B A (e HDCAY Bk . T 5] A E &I E
AT SR 3% 5 R 405 BN (8] 27 9 AH DG E L LR IR P300 SEIR AN FRE
By ]

BT ®RESIMIELETEMRNS EHME
(convolutional neural network, CNN) B %% W H T
EEG /% 2%, #1 DeepConvNet, ShallowConvNet™* #I
EEGNet""™ | 52 J& 3 25 41 2 325 [0 A2 U3 5k 19 ) &, it
EEGNet ¥ VR B R AT 43 85 5 B 51 A M 245, DU4R R
M S RRE, R LR KB, Tan 2T
—FhHTHY 22 0 I 2 4 0 0 BT A8 AR R 4, L2 2 i 1 1] A
P 32 T U 0 i A S A St RE L

A SCHE Y — PR i S R £R 25 B K D2 M 28 T T
P300 {55 B I 25 FRAE 20 AT A AL . 1) FH 4 B bl 42 ) 2% K
4 B T2 A 28 T 445 E A et A R A A AAE 4R R, B AR 28 I 4%
FEI P300 155 FERJZ RHAE , 3275 5 W 1L, K AT gz p &
W £ 2 0 o FiL (55 BT UFD P 970 1 R B A S B B S R
MR ERR R . R 12 44 3200 10 IR B 88 5 A SCiR T W
W 4 1 fE5 SVM Ml EEGNet W4 JEAT T Ho .

1 2t

1.1 #HXMMIERE

PRk A F 12 24 f5R AUAE g &, FF R O 18~
2714 . TRPIERERHAEOFRATOBRARIT R
(¥ 8 3 T8 T Al AR R Pl SR AR AT L R A I L AR S A AN 1
i (R R ERLL B B A% . 01, 0z, 02, PO5 ., PO3, POz, PO4,
PO6) , RARSAZ N 250 Hz, LU RAE SR PR R MR Z R
FHZM AR R, W T B HEB TR, 5340 E T B Xt
FZiRE AT
1.2 FEBHERX

FLR RS BEREESNFL BIsERERET
AR HAREG NG B UHRER S ECRE 2.3

+ 160 -

B 1 BEiRsH

FrR) . T 20 3% BARE AR 100 33k B bw B R, Bl
HLIMEL 60 TR B R — 41, AL REALINE — 4508
FEARTT A, LA 10 Haz (Y452 — AR I 60 sk Fr . 32103
FORTEE P H AR R P T A R, BB A
LRG3 W B NHAT 20 RIS, LIS AR AN R 4 BR .
FERR YL SIS 2 8] (Bl B 10~ 20 s, 546 5 46 22 8] (6] f% 2 min,
PAPRIESZ IR B .

K2 HBirEg

3 FHEWER

2 WHEfESLAEEE
2.1 HRMEME

B L P S5 1 — B8 S TR AR L 4R 1R S
b aEEZE . BRE PR NERECRREUE 575
AR . BE R CNN f#% 0. & B RBRIER
15 3] 25 S FR M FR1EF e 5T (feature map) ™,



SE 730 %A F CNN-LSTM & i & P300 15 5 4|

5 23

e -
: | i ﬁ

| Lo 5l
l \ 60
| y *

Vﬂl - [ 257

SN

ZRH12

4 SIEAR

HBRSET AR FRR:

Vittw = Wiw @ x,+ b4, (D
K w,,, Wb, 53305 Z T m A SR AUE R
AR EI Y0, AH L+ 1 2P m ABREERE B
s QFRGBIITR . R T BOE RO i 045 R AT IEL
Pk, AR B ReLU B0 s ZUM B CNN 9 sk i #2
CNN EAG MEHE A BB S AP AE A s ) 8 B B 456 07
L AEMAE RS YERRAE . SR, CNN R B0 23 fig , Bt
Z X5 B B 70 B B R) 4 B2 AE DS PR 1B R
2.2 KEGHIZIZM%

5 B4 42 M % (recurrent neural network, RNN) & T
16 R T A BRI ) PR ) AR . SR . B A X 2% 2 400 B
2 1 BT SR BE Inl R, gt e 3o T AL Y R 0% 2 4 A B 30
12 M %4 (long short-term memory network, LSTM)™-

LSTM J2:— Mk 50 28 B0 4% , 3% FH T M ] 370 o 42
BUN FRHE BA 2T KA B FSRTFRRMAGE . 5§
RNN A o, LSTM AR ZS ¢ Bk B ITIR S Ceell state),
bR BAERBIRE.

LSTM &5 e 5 B, LSTM [ 45 1 B 7 50T
AEMETT £ AT i R T oMY,

Filter

|
L 1@8x125
oa30Hz | O {

S@8x1

Bl5 LSTM HEAIZEH

Coi\C, BrRi— B ZI M B0 IR A 5 M a7 oIk,
heoh, REF—B 25N S5 Y@ s . ../,.0, 301t
WA BB MBI H . Co AT .

AT GRS E TR 0, (2 ~ (D
R o

i, =cWX, +Uh,_, +b) 2
fi=W,X, +Ush,,+0bp) 3
O, =cW,X,+U,h, , +b,) 4

BT R YRR S oG R AR R AR S CLCLh
Mz ~ (D PR,

C, = tanh(W.X, +Unh, , +b) (5)
C,=f,0C_,+:1060C, (6)
h, = O,®tanh(C,)) [h)

R W, U, W, U, W, U, W, U, XK T8 AT
X, M5 AT A, TR EIERE b, b, .0,.b. 53511
N AR B ; O Ron M B ICR LN M T ;0 F sigmoid K.
2.3 CNN-LSTM SR &#&E 8

A SCHR I B IR P300 5 5 I B R0 2% 45 7 G 14 6
B, BHWME 1 PR, &M% B B Y g (L1~

L5,

Fist B aEERE

CNN

8@1x25

BatchNormz{i

BatchNorm2d : 3 E .
RelU Relld ' Hidden K E
Dropout Dropout ;| _size | §

=64 ! . g

Bl 6 CNN-LSTM ¥ 4% Z5%y

« 161 -



55 45 % A A
F1 CNN-LSTM B FHEMRSHEE
R it B TSR LK Ly He s
L1 AR X 1X8X125 T
. kernel size=(8, 1)
L2 LBHEZE1 ) 8@1x125 #t1H—4k .ReLU,Dropout=0. 5
stride=(1, 1)
kernel size=(1, 25) ,
L3 HEHZ 2 i 8@1X101 #t1J3—1t .Rel.U . Dropout=0. 5
stride=(1, 1)
L4 LSTM 2 hidden_size=64, num_layers=1 64 T
15 EEEE W vE PR %L Softmax 2 I

L1 2548 B Ak ¥ K4 A B3R, RSVP S8 &% £ Fh A
EEW MAEFES TSR RERNESFES, S
M, BT SRR A B, e E S kT &
BREERIER . i F SRR ERE RS Z AR NK
O FE 0 5 R, R R R (B AL B L SR H 55 X R
M, IR A (8

x; (k) = x; (k) —x, (8)
Kk HEBERTS: «, (B N EEREINEERES
BIEE b A BINBAE : =, WX EBHE 5 W 3918 5 5 SR A BV IR
30 U e 8 o Mk AL B0 AT 0. 5~30 Hz 3 3 U8, PR B 4L
T HL B> 2R TR T . A A BB R 8 A A AR 1
f5 0.5 s HFIA) B 10, SRABE S 2 250 Hz, KUK, A K/
8X125CA] LT M 1@8<125) . 8 A B MM 18 &, 1% 25 A5
10125 i & it Al 5 8 1R 0 W UK S AR D 28 () 48 X
4R B (8X125) , iy A2 AL 3 J5 1 EEG 303 Jin 2k 31
P 246 v, 5 1 g A2 4 B e 8 T 4% ) B B

L2 L3 R, H— kBB EFI/NY 8X1,
S5WMERER—B.HKN L THEE B EEECh 8, i
Hoh8@1X125, 5 1 A BB AT LIE S A5 H i a5 8
AHFEERER. 82 REFWERERE 1X25, 5K
&1, J0IEFE B O S R 2 8@1 X101, B2 A
GRS A 2 EEE. BEER
ZJE s MAHIE—16 2 5 Dropout J2™ X % #Us i % Hs
T E. LS RS 25 ESMAINL. BEMH
ReL U #7% o6 406 13— 105 M B A7 e e pefk .

L4 2 B P32 IO SURRAE 9 LSTM B8, [ SR Jo 3K
/IR 64 0T RS R ERMER RS, REFER
I EEAZ B R AE £ B, TR M5 B W # st i, D22
P300 155 5 41 iy i i b AR 1

L5 B4wER., @it rm—A s edEEmnz, @i
softmax A LL3K 14 P300 59E P300 B2 %, Hia i
) 445 45T 8 341 e Ay 4% 25 1) Y o SR A SR ML, 43 B R Y R A
SRR,

T E UL W % AR T R T B B R —
{H25T B E b 3R IR B B M K B T ), AR SO T 4
BRI BB, .56 —ZER S X1 A BB

« 162 -

25X 1 H e —HE BTN . ENBETE /N5 8 Fi 25,
B A BE T 1) A (R a) DL g B4 38 A% Oy 3 K
(2 [A) 4 BE R (o] 48 ) o MR EE ] Adam D046 A% - B A
I I 23 U A R, 5 23 A By 0. 001, AN T 5 9 {H
W 0,01, HEI/NEER 32, HEAYH Pytorch APTSEBE,

3 LR

FE O RAL 55 B, IE T 23 2 04 BH PR AR AS R O B BH P
(true positive, TP) , IEAffi 4328 1 P FE AR K 20 B 4 (true
negative, TN) . A0S Jr 28 45 U= W 43 55 Bk g 4 BH 1 (false
negative, FN) Fl i [H {4 (fasle positive, FP), 7E P300 H,{i/
Kl B P300 15 54 S BH AR AR, A P300 1% 54
PEREAS . BEEEAY VPN AR AT R S R B R A I DL R
KR 5 H R e E—F1 8.

T 8 B S L9

TP +TN
Acc TP +FP+FN+TN o)

B IR 4R AR P300 FEAR R 5 P300 REA R E R
W7 SR FH UG 22— Pl DT 4 AR IS BB AR - 1) Ol #5224
RURFIR . X FIORE 28 R S 5 9 185 0 SR o 4 T Y R
PEAG BRI RE B B T BEoR . ASSCHIAN TR AN T A AR ok
Xt A3 ISR B AT T PR

FE 1 2 (Precision) & 8 R /8 & il 1 (4 P300 X vh iy B
52 P300 T 5 B HE B 5 7 18] R (RecalD #6787 40 28 28 T ¢4
) P300 7E BT A7 P300 FEA T T 7 1 WL &5 F1 A0 BUR K
A BRI 8RR 1.8/ K 0,

= E SN (10) ~ (12) T 7R

. TP
Precison = TP L FP (1o
TP
Recall - m (11)
Fl— 2 X Recall X Precison (12)

Recall + Precison
B UERLAL SR AR SRR SVM H 2 F1 EEGNet
WL HEAT TR I FE B IE IR B T T R 4 20 00 1 B
EHFHTRUE. SRR 2 PR,
CINDR S| = o R N S R 7 - U N e - ]



SE 730 %A F CNN-LSTM & i & P300 15 5 4|

F2 WIEZEREILE

ACC Precision Recall F1
CNN-LSTM  0.912 8 0.916 1 0.9727 0.943 6
EEGNet 0.8910 0.919 6 0.9364 0.9279
SVM 0.829 7 0.630 4 0.6700 0.649 0

CNIN-LSTM AT e 6 5 36 25 » 1% 58 3 90 %% ) M B %
2% 3 Recall $8 8 2 & &5 T SVM #1 EEGNet, {H 1F
Presicion ¥8¥r LM 4% 1 EEGNet Z %A A M B EE R,
X U5 B TR A [R) B MR AT 7R SCAR o B AR A AT LUAS I i
EFEAED P300 {55 M RE T AR .

FEEMA R R R AR R e T T 2 A T AR
BRI i 28 (receiver operating characteristic curve, ROC Jiff
2. ROC & DIl i A 5 2 A Z L
(true positive rate, TPR) HZA A A5, DLAS I H (9 1% BH 4 5
HAERAMERE A 2 L (false positive rate, FPR) AR, 2K
AF KT A3 A HOM A B (0~ 1 Z i) B e 445 2 i F 38
AME R P B 22 e 2 B4, T LAAS B0 (] 1 A8 6 2, il
MR T —% ROC 4R,

AUC(area under curve) # € X & ROC fii £k T i 1 X,
M ROC fh 2t A B 881, AUC AT 58 1 8 1) S A f2k s 45 7
3R, AUC B IT 1 40 AR BT . AUC 25 1 B, BRI
HIFEAE — A B, 24 R Ok MBI, BB 95 H 47 3 T GE
W H R ZHUIE LT A X Tl 43 28RS, K4 AUC fH
TEO.5~1 22, J7T tWBRRE R Z (7] By 43 2 PR AR 45
T H ROC £k Ll &3 i 28 (reference line) , 13X 4% B £k 2Pl
PLEAS, — 2R ML R R X ) — R AR AR . SRIECH
# AUC {E(ROC #1427 T A7) 7E 2 45 A R 25 B 16 4
£ R ROC M2k 2 AUCE 4 BN El 7 iR .

HiFE 7 0] LA B 9 & 5 CNN-LSTM #1 EEGNet
%55 SVM 73k M, ROC ph £ # H nfg ar 22 b £4
FORE AR TPR 575 M FPR 841K, RIAL B R 45 B2
S RAIRAR, LR AT . MR A B BB 4 K
BB AR AUC A, A SCH H ) D 28 B AU 3 g T H B M

100 -
95 .
0F i
|
- 85 %
= L
Lo %
£ s %
70 %
sHe L
60

ZR1 22 23 B4 RES ZWe

B svim

8 AR A BIME R X

& eegnet

%234

10

08}
¥oet
Fo
=
w04t

02t e

»+-~ REFERENCE LINE
ol & we: AUC=0.808 6
0 02 04 0.6 0.8 1.0
R 2R

(a) SVM-ROC

===+ REFERENCE LINE
meee AUC=0.928 1

1 L 1 ]
04 0.6 0.8 1.0
Elafid
(b) EEGNet-ROC

=== REFERENCE LINE
s AUC=0.942 5

04 0.6 0.8 1.0
{5
(¢) CNN_LSTM-ROC

B 7 #&H# ROC #hi2k & AUC i

I
BEAR A S LA 77 12 24 3218038 R 3 Fhr 858k
SPRIMET T (Ace) 5 AUC 8528, B 8.9 R T AX

-
ZRT ZRS W9 R0 ZR1T K12

# cnn_lstm



%458 B F o

#HOAR

BRI PR PR TR TR BHo

& svin ® eegnet

RS T BRI 2R ZTR12

@ cnn_lstm

B9 2 EBEAE AUC EXT

R R SR E WS RTE 12 D32 F WM R
B, WRZIRENMERZEFT W, R RsA P, B
VAT S A SCHR HY B0 1 2 AR B 7E HfE R L AUC HR T
REFRIXNENHETT L.

4 % it

ASARBT —FMIETHEHMAEME 5 KEBICIZN

2% Y 199 2% 25 A LA BB A 1o 6 i A AR P RO I SRR AE

TERTR 2 B 25 25 ¥ 78 43, N A T #t 13— 46 )2 5 Dropout

JER BN S IR By 1k T B R B s A5

G 1102 0 45 B IS B I R A5 B, SR T I 2% Y 4 2K

J1. HHEMEE) P300 155 7 KB B L, 7ERE T

12 #2303 1Y P300 i AL &l vh , CNN-LSTM 4= 28 B 5

U 2 AR R % B M F 1 AR s FHAA R T

BEMACE EBE AUC HE=FEE e, [FE7E

FEAR 3 A0 AN 0 S AR IR B T8 R B 2 1 T 4

AR BATHIBT 50K 25 5 e 42 = AL 12 10 R SE iR

T LA R AR A [R] 32 303 =2 1) 114 2 e i

& % 3k

[1] NICOLASA L. F, GOMEZ G ]. Brain computer
interfaces, a review [ J]. Sensors, 2012, 12 (2):
1211-1279.

[2] DING W, SHAN J, FANG B, et al. Filter bank
convolutional neural network for short time-window
steady-state visual evoked potential classification[] ].
IEEE Transactions on Neural Systems and
Rehabilitation Engineering, 2021, 29: 2615-2624.

(3] ‘B, e, 280, %. B4 BCT A RW LIEM
2 ARSI BRI S A8,
2020,34(4):11-19.

(4] ZEgZ, e, Bk, %, T LDA A KNN #F iz

BEEMBESSRART] B FHEHA,

2021,40(1):9-14.

LEES S, DAYAN N, CECOTTI H, et al. A review

(5]
« 164 -

of rapid serial visual presentation-based brain-
computer interfaces [ J ]. Journal of Neural
Engineering, 2018, 15(2). 021001, DOI. 10. 1007/
978-1-4471-5085-5.

MAO J, QIU S, LI D, et al. A cross-modal guiding
and fusion method for multi-modal RSVP-based image
retrieval[ C7J. 2021 International Joint Conference on
Neural Networks(IJCNN), IEEE, 2021; 1-7.
KUNDU S, ARI S. P300 detection with brain-
computer interface application using PCA and
ensemble of weighted SVMs [ J]. IETE Journal of
Research, 2018, 64(3); 406-414,

AMINI Z, ABOOTALEBI V, SADEGHI M T.
Evaluation and comparision of common spatial
patterns (CSP) and intelligent segmentation in P300
detection[ J]. Computational Intelligence in Electrical
Engineering, 2011, 2(2): 37-54.

YU K, SHEN K, SHAO S, et al. Common spatio-
temporal pattern for single-trial detection of event-
related potential in rapid serial visual presentation
triage [ J ]. IEEE Transactions on Biomedical
Engineering, 2011, 58(9). 2513-2520.

LIS, JINJ, DALY I, et al. Feature selection method
based on Menger curvature and LDA theory for a P300
brain-computer interface [ J ]. Journal of Neural
Engineering, 2022, 18(6): 066050, DOI. 10.1088/
1741-2552/ac42b4.

SONG X, ZENG Y, SHU J, et al. An enhanced HDCA
algorithm for single-trial EEG classification [ C ].
Proceedings of the 5th International Conference on Control
Engineering and Artificial Intelligence, 2021 105-109.
SCHIRRMEISTER R T, SPRINGENBERG ] T,
FIEDERER L D J, et al. Deep learning with
convolutional neural networks for EEG decoding and

visualization [ J ]. Human Brain Mapping, 2017,



SE 730 %A F CNN-LSTM & i & P300 15 5 4|

5 23

[13]

[14]

[15]

[16]

38(11): 5391-5420.
LAWHERN V J, SOLON A J, WAYTOWICH N R,
EEGNet:

network for EEG-based brain-computer interfaces[J].

et al. A compact convolutional neural
Journal of neural engineering, 2018, 15(5). 056013,
DOI; 10.1088/1741-2552/aace8c.

TAN Y, ZANG B, LIN Y, et al

network of multi-windows

A convolution
spatial-temporal feature
analysis for single-trial EEG classification in RSVP
task[ CJ. 2021 14th International Congress on Image
and Signal Processing, BioMedical Engineering and
Informatics(CISP-BMED , TEEE, 2021. 1-6.

B EBEE RGN, A T I A R EST
AR 5 AR LT ). AR B 5 15 8%, 2017(2) - 9-14.

LI F, LI X, WANG F, A novel P300
classification algorithm based on a principal component
Applied
Sciences, 2020, 10(4); 1546,DOI.10. 3390/appl0041546.

et al.

analysis-convolutional neural network [ J].

[17]

(18]

19]

[20]

TRV, ST, X 43 %, 45 F&F CNN-LSTM iR & #
LM BRI NO, HEB B LT]. & 7 W & 5 R,
2022,45(2) :98-103.DOI:10. 19651/]. cnki. emt. 2108028.
TR VLW, AR VE . — P B T Bl 18 sEMG 4y
5 LSTM # 2 W 2 1 45 & 19 F FR— B o5 L1 1. X
IR ,2021,42(4) : 228-235

SANTURKAR S, TSIPRAS D, ILYAS A, et al.
How does batch normalization help optimization? []].
Advances in Neural Information Processing Systems,
2018, 31, DOI:10.5555/3327144. 3327174.
SRIVASTAVA N, HINTON G, KRIZHEVSKY A,
et al. Dropout: A simple way to prevent neural

networks from overfitting[ ] . The journal of machine
learning research, 2014, 15(1): 1929-1958.

EE B

SERE. BB A, EEB O o A L BE S L
#.

E-mail; 20121430@ bjtu. edu. cn



