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Abstract: Aiming at®the low recognition rate of temporal sequences by convolutional neural networks and
insufficient information in single mode data, this paper proposes a method of combining Convolutional Neural
Networks (CNN) and Bidirectional Long Short-Term Memory (BiLSTM) networks based on feature layer fusion.
Firstly, on the EEG(Electroencephalogram) and near-infrared spectral data of drug addiction patients, the new CNN and
BiLSTM combination network are used to extract features from the bimodal data. Then, the output of the last layer of
BiLSTM is used as features for feature concatenation. Then, the concatenated features are classified and recognized.
The experimental results of feature fusion show that the proposed CNN-BiLSTM model achieves the highest
classification accuracy of 97.3%, and bimodal fusion method further improves the classification accuracy.

Key words: feature fusion; Convolutional Neural Networks; Bidirectional Long Short-Term Memory network;

classification accuracy

0 E|= (Introduction) Pkl 1 TR T PP B R B R R AR 1 o i
B2 BRI\ BSOS WA I W T ek EFTVERN. JEAR R S Bt 3 3 F B 254 MUZ (Magnetic

iR H 381 2023-05-15



2 BT AR

20244F1H

Resonance Imaging, MRD . fi§i ##% K] ( Magnetoencephalography,
MEG) | fiii Hi, /¥l ( Electroencephalogram., EEG) it 41 #p O i
(Near-infrared Spectroscopy s NIRS) %5 4% AR X 25 i il 08 8 & i3k
TSR, Wl 2RSS B 23 A ) AN W 25 485 Mk mi, 181 R 3 21 41
SRl G N TSR AW 6 . T ARG ML as 2% X U7 ik
HEFT AR  FA ARG B 2 FIARRAE 48 BRUAS 4 18 45 1) /1, T AR 5 2
>J o 2% 32 o v T T 43 S ), o A A A AR A 28 R 4%
(Convolutional Neural Network, CNN) , K48 #]iC 42 ® 2% (Long
Short-Term Memory, LSTM) F1 X [a] 4 %8 # ic 12 W 4% (Bi-
directional Long Short-Term Memory, BILSTM) %, {8 81—y
TG ERAE 53T 55 P D BUIACR AN A SO — P 6 T
CNN Fl BILSTM 414 B 22 45 , F T OB 4 2505t
1 & &0iH (Preparatory knowledge)
1.1 ERNSMARIIR

VEAEE , B FL P R 20 A0 DG RS 0 8 4 T U R T L
Ve, T 2 IO R A 5 PR Pt AT /N 2R v vk
PR AT L A 2885 R W, ERR R IA ] 80X LA |,
ZEFRIR T LM RAE L ) ik, M EEG B8 # s v 9%
TSR D314 T PO 286 BT JSC ML T o 206 T 1 2% v g /D 1 5 i
YENHFAE (8 F 32 35 M AL (Support Vector Machine, SVM) #f
1725, SRR, Bm o JEHERI A 2] 86 %0 L b, il 3 4y
Mr R B, I B3 1 S AT Ry R 5 R Y A i B L T
SR A S . BB P D B 3T 20 0 ST Y R T SR
SEEPEATIZE 35 02 Bl T I B e R S R A R R
fifk LI R B X B i I 9 K, TR R R IR T RE

FORZ AT 53 B T ¢ AF 50 %0 ML J #4740 28, 45
HEBIR P RER R T 63. 15% ., LT 20 F) F 0 e (& L
B BV A BRI T O 0B i L 2 W AN T , 1 il ik
FEAT BRI W2 NG T I 4 AL B Bl 28 R 2%, 43 391 3
TBCC He, P RO 55 T P R B i R 1T, JH ) PR 3t £ B 3 o SR
FRAEAEAT AL A A5 B R M AR T4 L 5005 R SRR ) i Bk T
SR TR BSOS A i M 2 T T AR (Area Under
the Curve, AUC)H 0. 936, = T BAREES
1.2 CNN-BiLSTM M %

RS R — Rl e S 07 i B THLAR 2 ST i — 1 4%
S AEEI R N TR B A5 S0 AR A R A R ) R e X
GFUNUAE . YRS 3T I HE AR S S 2 AT B AL 1Y) £ )2 o
T WP RHME AL BT BUE = 2 W RRE . IR 2R 3 Bk
5HAMLAR 2 > B L R 2 R, LR I PR R AR
ERT, BB s FRTR B 22 > W 28 045 246 B 28 I 2% 96 30 pf 42
o0 £4% K S 12 I 4% 25

BRI M4 0] L RO (555 73 L R
EHRJE T AN ) 2 G, B ARSI A L Wik
B AR BRUZE T AR AR SRR
7N s AT HH B JE B e AF R A 0 8 AR A L X din A 85040 2R 17

{1788 . CNN REGE ] I HE 47 45 A S BORN 2328, (o o 22 0

754 B T B FLIE I P B3R

ol ?ﬂ“ KA 26 R SLAT ALK B0 0 0 0 b O
FL IR RA it A HEAIE E1 5 GRS e XA 5 1 N e 30 1 51 IR 28 50 JE45 7R A P 1 7

BEATRLGEIZ By S H T A8 6 R A/ D0 i - ik TR #8775
JE AT AT RE S WA B O UL 32 80 58 HLAT: 5556 B2 AT O SR i Xk
S 3 R O R X 1) N P 1 3 7
HMIN AR 4 3 S 000 AT RE 7 B A s LUPNGIN e Sy
FCAGE S A DIRE . ARTT . EEG SERE\E
JEAER AL R vh 5 52 51| A B RN
B s ILAMLIE R A BRI
DRI Bz )2 2 ThT X Jel LR 18] 3 3 e 2 T LS P RS 2 4
JITRE 0% 2 e 5 AT AT R PR

Bl 2285 27 2T 1) 6 S AR A5 AT 1y T2 L ke
MR EEBANZHE DX TAE, SRS E M TR
B R RERS AL F R A5 B A T LR SRR 5 B
AR IR 2 R P e TR 2 S 1 4 4 1 U S
IR B A, X PR S A I B M 2 LRI AT T 25 R 22
TR BI S . T A B BB o A 2 i Al 11 3 ) 2 i) A R A O
TN AT T AT R 2 Bl L 45 2R R U A i A 1
FORAAT (Y 2 LA 3 i v P B S4R  1 4. 206, LT AL
AT PRSI T 19, 820, GU S I FH AN L A% 5 iz 21
HINICTE AR5 BUEAR 5 Xk 3 iy B 2B AT AU R J3E 20 i
A UL ZSHE 73 90 iy A A B 22 10 45 v AR A BRI, K ik

ﬁﬁ%’rfrlﬁ?{,é%%\‘j?‘u%,?}‘E?Xizﬁm%%%?’ﬁﬁ?&ﬁﬁ‘, D
*

R o LSTMH b BT 117 A 45 44 fife DR A1 B ot 25 190 2% 6 152 g e
VS JEE T 2 g P AL = A BT T AT D A 1) =l
FIRKAR R 1 LSTM Ab BRI ()5 A RE J1 . = 1123 54 i
—ARZSHIE T 2y FUEHRPIRS A ©, MERHA . BT
P T H— RS 2R IE G B 2 B, P s SRR
S HBIELO T T2 8] o i AT T2 0F 24 PR 2 A 7 B b 52 )
H Sigmoid I tanh pRECZL 5 AHE S HITAY 7, T 6] 5 BTR
ASRE RIS RERE . a0 S A R g
B SAPIRS R B

B Cry 2% (+) C,

HJ

RS, [ | |

A X,

B1 LSTMZH#x=ER
Fig. 1 LSTM structure diagram



F2TEF 1

JE T RS TR Z A A9 BEG-NIRS 15 77 5% 3

BILSTM J& LSTM 4% fy it 8, 254 7R 2 6 n ] 2
iR, B LSTM JZ G 17 LSTM JZ ka4 i i i 2 , Horp
i) LSTM Y 1F 1) b BB 8] 7 91 Ji5 1) LSTM W Iz [ b BE A
] FE 3 L SR A LSTM [ i DF R e A i L Bk
UY=L (1

h,=LSTM(x, .k, ) D)
h,=LSTM(x, sh,s1) (2)
v, =Wh, +Wh, +b, 3)

o W ORI LSTM 2 5% 2 f9ALE, W M5 1] LSTM
E 205 E AR .6, Fninh 2 NIRE .

KA R @ @ @
i KA @ @ /\

hz+l

B2 BLSITMZ#MTEH
Fig. 2 BiLSTM structure diagram
1.3 $FERLE KRB
AHES T RS, 2R 28 o Tl 75 2 B A () &L, B &2
RS E VR Z R EIR AL & . 2SR T BB s

SRR ML T AT T S R A
AT =R 3 AR HEE R 4 A 2 R

B Z AR5 2RI W] LR AN AR S 2 ] YA Iﬂi@g
]

Tt 2 R & SOPR AR SR Rl R 80 2 TR s K

2900 22 22T . B = i 7 e e K FR

B RE IR R0 T IUATR T HING » B BLARAE 4R B Rl & —
D T B, ) — R T SO . RRIE SR U I
FEEJZ R G (19 DG 5 , — LB 28 Bt () SRS R SR IO 75 H T
B S MV R L BT ARG OB &S A AE 42 BOKE 2 i3t — 2
PERALA S AT R, HOR 2 A R R R RIS 1
AR ST 402, T b 43 28 45 R e 4% S o o Pl A R
T AR RIRAN S G R . SR B RG0S H R e, B
SRS 1 2 28 25 S B R L o RE g i R (R A R 1
FOPRATHAR 25 2R, IF HLJ SR 2 Al % B o S50 A PR
AR A BAR AR RE A I SR 2 Rl A . (R, PR 2 G A
SRR ER IR A B R,

AR PR BE 24 > R i) CNN A BILSTM LA K 45:41F )2 fil
A5, T CNN-BILSTM 2H 4 B3R B 2 ST, 5 40E )2
Al A BRI EER EI AN 3 BRI RS A A B e R

e ) o 222 0 2% 53 S I 25 RPAIE S EA TR AE R 5 o SR IS R P 202
AT 2 AR

A

o HLA5 55 e

( wemams ) ( sbwams )

Cumgsmiatrg ) (wakamickms )

RFAERL Y

|

PiESoFiES

B 3 A BSR4 A
Fig. 3 Structure diaira ofN[e2ture layer fusion model

2 BEHEEIE] on algorithm design)
2.1 HERE

S TN 2 A T B2 AR B — B B R AR R B S
K HGRIAIR 5 min, FHHFAR 5 min, JGE 10 min, 4
5 ZSERSL I, I 6 min, SR H S ENE K
AR R P A bR R S 16 3k, 2K B B
B, AR BRI AR . 88 = B RAB AT 55 B8
5o, Jiit 4. 6 min, ZiE A K R A,
RSN LR 88 9 EEG AT NIRS B XU 25 2% & i ia

TRl B AR B R RSB AR L 2 20~40

BB LRI EE A . i, EEG 088 Hy JC 28 i e (8] SR 4R %
F R AR ER S 64 A, SRAEZE R 1 000 Hz, MR IE PR
SRIEFET 48 AL, NIRS ¥ i — 1~ HA 204 A8 42
BEMEZLAMETE A R 4R . 24 A6 SRR L 32 R %k
it BRI R =R SRR A2 AR R P R B M
REERRIC A 0, P EEARIC A 1L FHEEFRIE N 2.
2.2 HIEMEAE

T EEG a3 T WnE 4 iR iy EEG # 4 Mg 454,
FEEH TR EFZ MM E A LSTM 2, R85 mA T &
)2 AERE)Z | Softmax J2 B 282, Hih B BUZ 0]
DA BRI FEARAE 5 S LSTM JZ BE S 4R BT PR AT ; Tk JZ fig
U /DB B B R A B IR 45 R 5 25 35 2 FE oI e o
TR TR0 4 12 J2 0 i A 3f RS R0 19 - VR 0 Al 5 1)
i AT LU R I RE LR & . L B — RS A B BUER
BRI RN 32,5 =AFEELA-BRUZ 5T KN A 16,
W m LSTM JZ 46 2 it K/h I 100,

FFXF NIRS B . Beit T a0l 5 Frs i NIRS 45 W 46 25
R RS T T2 S BUZ MR EXUE LSTM 2, AT
EEG 5 1 9 25 , NIRS $50H8 16 I 45 44 55 b A0 )2 208 7 23



4 BT AR

2. H BN ERZE BN 32,5 A BRHZ
BRIV A 16, W6 LSTM JZ#94E E i th /oy 100,

A
v
ERR
1
X IE7) B 5
BRI Z
BT =
A KWL AZE
XE K EIILAZR2
£
SRR
VAR dR Bk
i o =
v
Tt

X
N

Y Y YY)
\NAAAANAANAN

B 4 EEGA74 M %% H)

Fig. 4 Structure of EEG neural network

PN ]

¥
U
2
L T o B
TR
T2

)
D)
D)
D)
D,
K EOIZEL )
)
)
D,
D,
D)

X4

X E KT Z2

1 Y Y Y YN

20244F1H

_ ¥
- PR ISTE:] e
BREE = Mgz [

_J e

P
O R T ﬁ
e VA=) > ,,‘

B 6 HAERRE T ik
Fig. 6 Feature fusion method
Zoo i 45 2 i 0 4y 28R WK, EEG /Y 4 28 A R
74. 2% WIZIFR 24 s,

16 NIRS £ 855256, ] Adam HEA02S  F KN 2k [l &
BN 150, F0R7 > R BLE N 0. 000 5, BEUIEA 9 %L
P BB 10, BOHE HT L SR W K R R Uk AR AT L — 1Kk
ol 4 2 R 0 A 2 PUINGS - NIRS 11 4328 i T 22 Oy

85. 7%, YLk N 13 jrm

EZ2 F oL EG 1 NIRS #2245 — 2
BiLSTM}%'ﬁEH:}EQ FRAE SRS AT AR AR AL SR 0
AlA 5 W RRIE I i \KNN,SVM #1743 25, 58 438

13@&@%25%% KNN 11 73 28 UE i 4 0% & . 35 2

97. 3 20 THUBLZSS WU ZS 73 JE A5 R UL 1, U P TR 45 2R L
R NIE 7 PR

®1 BRESEIRSHRER

: Q Tab.1 Single-mode and bi-mode classification results

EEiin yS pids IR %
S —
Rz T \ LS 74.2
R SIEARSii 2 85.7
ﬁf’ ‘ Wit -+ A 07. 3
- * %2 BRBMRSIGE
B 5 NIRS# Tab.2 Results of addiction recognition
Fig. 5 Structure of NIRS work ke S e
2.3 RS HE HesFe Ay 96. 4
FEGRRHERLG 7 W FE TR AT AR 6 5 106 . RRAIE BB I KT 4 (KNND 97.3
BV XA AT 1) 2 4 A RO AR i) 4 e M1 p o 468 43 SR EEALCSVMD 97.1
SR @ A6 A0 ER I I AR L AR LA e, p 1 4E
BEN a6, FFAEFEIE RIS RRAE AT 9N 1m) 7 42 L Rl A IS Y AR AE 0| 670 4 7
R e+ip b i Sy RN L Bl A RO B LEE N o AN X
ARSI T TR 2 B A 1 5 R o7 e 2 i D 0 £ 1l 10 o i
M *
AR SO RS AE A T 1) B4 4 42 FEAE Al 7 ik BT 6 T
T KT AS B 28 W 2% 109 55 — A~ BILSTM J2 19 51 4 B4 N 2| 10 12 o
EEG FI NIRS 2B R A RAAEIEA T ER IR 5 i 3
3 SCIG %5 R (Experimental results) SIHIES
£ EEG 048 S2 56 v, (58 A9 AR 4k o6 808 B 38 B Ak 3T A7 RFLEE

(Adaptive Moment Estimation, Adam) {4k %% , 5% K Il 25 o] &
BB S 100 IR WA 2T R K 0. 000 5, B R AU AT
it 10, BE AT LR BSO8R UGER I TRL— Ik

Fig. 7 Confusion matrix

MG 1 B RS DU S J AR R B 7 SRS i &
Je B2 MRS R L ST R 42 v LE RS NIRS $i v



F2TEF 1

JE T RS TR Z A A9 BEG-NIRS 15 77 5% 5

T 11 6%, LB EEG #2551 23. 1% . RIREIIRAH BN
HRTR] R 73235 8 Herfr KININ Y20 250 R b5 s . 38 81 97, 3%,
FIRI % T B VE (9 M S B 52 Hh , GU 250 ) ple 5 2 il
A IEFN CNN 25 ] 23908 2 3 TR 4R 19 DU S B30 154 TR
BG2E HER RN 63, 1590, A SO Jy 15 (0 73 R 25 AR T
GU STt i A JOE A K Bt . TR
TE RS K - imkgE . S ALB 4 FH CNN-BILSTM [ 4%
Xt BRI A T i) EEG B8 JE17 70 301 5256, 45 58 10 7R 43 10 1 v
Wi%Hy 92, 33% ., BRIEEE 2RI CNN-BILSTM [W 45 432 gh 4
£ EEG S #4740 240158 . 45 5 7% CNN-BILSTM fig g4
AR T IHE . LR L TR A 3G CNN-BILSTM M %%
HELRAR T H HXT 2 S sURE A 5T 1 7 2k, FE N 45 284 L, 5 4%
il CNN 2t LSTM BZ& AH L, 1 F T CNN-BILSTM 414 1)
Jrae FERLG R b T T AREE A A R s R T
PSR JZ A BT R RS B IS A TR, AT BE AR 7595 80 1 432
HERR
4 Z5i2 (Conclusion)

T v WU A B B A R R AR SR T — R LT
FHEZRLE 1 CNN-BILSTM E-A # 4 M 2871, JFF|F EEG
A NIRS $08 2E 17 5230 50 UE . 5 56 25 2 3% I, 76 455 70 4 1 By
Bt A CNN #2 B 2s (8] 45 AiF A1 BILSTM 42 B 8] 43¢ £iF 1) 4
JLRERS S5 B EEG I NIRS A4 i i) 2 B 5 4F , W) s 4l FH
CNN FlI BILSTM HH45 A& B 11 28 0 245 45 ¥4 A R4 8 T 4 AiE 43
LRI BTSRRI 8 T BB S A0 24
ARSCAHRAL T DA AR 4 BORE R B A5 g W =X A & 0

FARTT AR AR . TEARRBIBESE AR 28 T LB XA ] AU

A BEECE HEAT B BE )RR L W] A J 2 i PR L EJZJF@?%:

BOE BEATAT BT X P B0 R AL B, D — 2D f e o 22 0 2 x

FRAE R Rl 35 DLt — 25 42 R R A PR R

222 3L ik (References)

(1] AREEER, IE 5F. 5L A S A5 B4 4 25 22 [
25(10):1-7.

ﬁmﬁ@ﬁowﬂjmuﬂmﬁﬁﬁm@ﬁ%wﬁff

o @ 12,2022,

(2] B % KEH, FBE,F o R ER S P
AL B FAHE KSR 9(6) :955-960.
[3] &k, AT EEG 8955 PNQEA B 64 i W 2451 5[ D .

Z 0 2 M K5, 2020.

[4] gbl. B 3h TRt Ju s A 69 TaALH) % w69 AF 2D
XK. KR T XKF,2021.

[5] &3, &5 % 40 % 5 B i o) 4k 7 5 08 o A R 3 2R AR
(IMRD /& ge it ¢rsh R #E UNIRS) AF R [ D], KX 4 P
HKF.2018.

[6] CICALESE P A,LI R H, AHMADI M B, et al. An EEG-
{NIRS hybridization technique in the four-class classifica-
tion of Alzheimer’ s disease[ J]. Journal of neuroscience
methods, 2020,336:108618.

(7] ##n . A . £k 5. TH S HLE
& ,2021,32(4):1067-1081.

[8] 8 &. AT EEGNIRS AU 3045 & B #9 4 %4251 [D].
MR A B KF, 2017,

[9] GU X L,YANG B H,GAO S W,et al. Application of bi-

39k []] wAb%

modal signal in the classification and recognition of drug
addiction degree based on machine learning[ J]. Mathemat-
ical biosciences and engineering,2021,18(5) :6926-6940.

[10]LIPP,HU Y M, LIU Z P. Prediction of cardiovascular
diseases by integrating multi-modal features with machine
learning methods[ J]. Biomedical signal processing and
control,2021,66:102474.

[11] RAVI V, CHAGANTI R, ALAZAB M. Recurrent deep
learning-based feature fusion ensemble meta-classifier ap-
proach for intelligent network intrusion detection system[]].
Computers and electrical engineering,2022,102:108156.

[12] Rib, Z#F, R4 A, ELMo-CNN-BIGRU i@ i X A&
MBS E AT, # M TA,2022,48(8):105-112.

(13] 2R, BAk, AL 4. R TH# Rk simrkain
TLREAY 2 W AL 6y AR K 2 oy R []]. s
& ,2020,69(10) :149-15

[14] #fEle .3 &5, AT R
B RAT ] P

[15] LI H,WANG

main deep fddtures

ML AL BILSTM #2264 4y v, 3%
2023,42(1) :238-248.
C C,et al. Integrating multi-do-

electrocardiogram and phonocardio-

Fe, B A ML FARF. AT CNN-LSTM i a4 2 49

5 AT B A k)] AL R 5 AR, 2021,38(11)
205-209.

81 b, FokE, Hik., A TRAWNZEMSEAEE NHH
ek B /) 5 2 Foml [J]. 4 = F IR, 2021, 70 (1)
235-243,

[19] MIDDYA A I,NAG B,ROY S. Deep learning based mul-
timodal emotion recognition using model-level fusion of
audio-visual modalities [ J]. Knowledge-based systems,
2022,244:108580.

[20] X\ 454% , Z ok, 3k Mg, JE T CNN+LSTM 84 2t & 5
SEBAMAL]] &F%H T42,2022,30(2):38-42.
[21] Ems, AR 48, § & B & A A ak A0 4 F ik [ ]].

TR KFFIR,2023,46(1):103-112,

[22] ZAUA, oA, FRAEME, 5. K T WGB3 0 w435 5 09 £ &
SRR A S]] A AR % BN, 2023,32(1);
87-98.

(23] $ame 2. A TAERVZMAGEHR LIRS 5 E40
D], #dr: & IFTE K5, 2020.

AT M

JF 2(1999-) 2 At . ST ST AR B AR T A B

R (1989-), 53 Wl PRI . AFFT AR . AL TR 12

I E(1986-), 5 A IR, BRIE AU AR MR B

BAZF(1996-) B A, BFFT AU A W R (5 S A HE,

o FA997) &L A, ST A AR R A S A

BRI (19752, B, {4, F8 . OF T . AR R B 4





