F14L F£18H 2 B8 it E M5 M A 2024 51 A
Vol.14 No.1 Intelligent Computer and Applications Jan. 2024
X EHHE . 2095-2163(2024)01-0191-04 FESES . TP391.1 XERPRERD: A
. | A == =
EF BiGRU RHB BB W& E BB RS
EE, TEE', BBEE
(1 BETERAKE SEHE, LiF 201620; 2 FiBE T K% SRR, HiF 200093)
WO BEOTOT DS AT S 2T 1 X 4% B 17 I s, s 2 AR B A AR B, % 4 B A B LA L

S, ASCHET BIGRU B R HY H 2025 0 245 B A TR WTHE SR , 32 T word2vec SRIBCCAVRIE | 45 FH s 22 00 28 41 U R AR AIE | 2R
FHERAERS PEA TR R R 5 SE U M o 55 BRI LU, A SCH 2B 25 19 45 BELE 1 SR AT O ik v 2 24 P RIINASCT-
Y F1 RS R AR X B A 1 7 A Y B A HAT B O AR BIOR

REEIWR : SR, S T ; BIGRU KAl

Emotion analysis of public opinion in multimodal network based on
BiGRU model
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2 School of Business, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Emotional analysis can excavate the contradictions and conflicts of network public opinion of social hot events and
strengthen the analysis and processing of multimodal information, which is of great significance to the management of network public
opinion. The framework of multimodal network public opinion emotion analysis is constructed based on BIGRU model. Text features
are extracted by word2vec, image features are extracted by convolution neural network, emotion analysis is realized by feature fusion
using linear fusion. It is found that compared with the baseline model, the multi-modal network public opinion sentiment analysis
method in this paper has better results in accuracy, macro average F1 and weighted average F1, and has better emotion recognition
effect on public opinion events generated in real life.
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Fig. 1 Frame diagram of multi-modal network public opinion emotion analysis

1.1  FJ A word2vec #t1T45AEIREX

Word2vec A i Fp £ B — Fp 2 CBOW
( Continuous Bag—of —Words ) ; —F °& Skip —gram i
E![ﬂ .,

A SCIEA n 555000 &SRB R

S=45,S8,,S,,-,S,}

Hp S, (i=1,2,3,n) TR i KA (G i
FRIESE) I CBOW BRI word2vec FER
BN AR Y K B Rl fe R s, SUAR K EE
t, W E4ERE R p, B

Si,,» = {Si, 98iy98iy """ ,3,‘,[}

;H\:EP Si,] = [ll ’l27l3’“"l];:|(j = 1’2’3"“,1;) ,Eai

L n SRR BIRAR A o o WHERE  Hrh g —
TLEAIE p 4R i,
1.2 FfA CNN #1TEB4FIER I

FIA CNN HEAT SRR BRI, SR 25 4 G 5] 2
Jis o BEUSARHIE SR BURBT RSt S B A2 41 A
Kbz . — 42 . —1 Dropout J2 | 4> 4%
$%)2 (Fully Connected , FC) Flii tH 2410, A
R RN R 3x3,2 MERE BB ECH 64
F1 32, e R AR Z i 3l H 2l 2% 2, dropout J2 B
1B A B M 0.3,



SR, S5 LT BIGRU BERY Y 2025 0 265 BELAR 155 S A 193

32

Dense JZ JEEJZFN

Dropout )22

2 ESUE Y

B2 BEGREFERRER

Fig. 2 Image feature extraction model

2 SCIEfFR

2.1 HIEEHR

AR SCJir FH A B B A TR AR 48 A OC AR
“RTRMEET 5 python TEHLUFREN 2021 4 4 H
14 HE|2021 45 A 31 HEFEIBLPY &R WA
P, 22 178 45, RFRMIMEA PRI, —Fh &
Ul SCARRAY | 5y —Ff Ny SCA + EG AL 4l SCA S AY
1 73255, EISCE A 446 S5, B 46 v i SCAS N IR SC
FEBIDLZE 1, 7S SO EHE 48 2E 47 17 J8AR 7 o 1 T
(0),Har (1) A (2) =28, ¥ T0H e F 0
Y 299 RN, fe 205 20 1 i R 5 03
MWK 2,

R1 BUIEESM
Table 1 Dataset instance
Byl IS i BAR 2
ok BETIRANERIGE T ,AFE W EZEEAR A B 2 T O 2 0
HA R #EE 200 23X 24— WA FF L
[ ¢ ﬁ e SERE RS AT E R SEWE , 25015 B M B AN TG 1
o

AR e oy oy N N R oy eta e Y 2
R2 BBEHT b A R RV 250, B ESCAK N 65,48
Table 2 Data set distribution tl:ﬂ’l%j(zliéﬁﬂfﬁ ’ fiZ%l‘ﬁ??\o %ﬁ/\[@ﬁjﬁd\ﬂﬂ 224 x
S L 224, HEAT RGB it i FHI UM 23 [ 46 X
;‘1 3531"’ TZT 28758 ‘;2 SHEATHRAEAR I, 4 72 452 2 O W 22 B0 TT45 1OR040 9

2.2 HEwisbiE

RSO BAE AT T AL EE X T SCAREE,
S SCA TR Bttt [ xoex ) 22068, 4610 4« #2557 [
N RMEE#AE M @ 7 “RERESET U BR B 1Y I DUAR
2" AR ST ST AR L BR AL python H Y jieba £
XPSCARIHAT T 43-inl b 2L () B 701 H S % FH ) 2 X
SCARHAT T AL B 8 B R KNI 3E Sy 224 %
224x3, LAid T EHRE & Briss A iy i A, BT
ARSI A D | I S 0 A 28 ) 4 A A i L
AMZ S8, TR EdE . Bk, A SO %R
SRR A T A3 (P ) SR e | BEATL AR AR
BEATLM B Ak B SCAS K | 8 T e (K B A e s
ARG . K Ak RS BB B R T B AL R 43
70% HI TIN5, 30% T It, IR P iy 209%4E
BUESE
23 SHIEE

ACHIH word2vec 1) CBOW #5231 25 3r] 1]

512 1250, KU A9 pRBOEFE “ relu” |, Hi 12
AT R RS £ < softmax ™, #5581 Y 41 1k pR 00k #¢
“Adam ", it K PR L 1 B “ sparse _ categorical _
crossentropy” , W BRELEHE“ Accuracy”
2.4 EHER

J T BAEAR SCHETF BiGRU A5 1Y () 22 45 285 X 4%
BELIE I 2 BT HE S 10 D0 B | e L R A R A 7 %)
PUSEE , FERARLA B M2 2% (CNN) XLl
Je W C AL M 28 T 45 ( BILSTM ) | X Jia | 478 ft 22 ) 4%
(BiGRU) (il 78 H WL 9 & BLA 22 ) 45 (CNN +
attention ) | Rl &V 2 3 AL 14 R < L B iC A2 b 22
2% ( BiILSTM +attention ) , 4FAiF @il A 43 51 5% FH 1L 3%
PHEZAERLG PR,
2.5 ZWERS5HH

SH R FHUERR A | 38 F1FNACE-2 F1AE N
W TEIR . RS2 B R T4 R W3R 3,

(NHER 199 11)



