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Image sentiment analysis via multi-head data augmentation and multi-
granularity semantics mining
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(1. School of Software, East China Jiaotong University, Nanchang 330013, China; 2. School of Information
Engineering, East China Jiaotong University, Nanchang 330013, China )

Abstract: Image sentiment analysis is a hot topic in the computer vision field. However, it is hard to accurately
characterize the sentiment semantics by only analyzing the whole image since sentiment judgment is usually subjective.
And the image samples with high-quality are scarce. To alleviate the two issues, we propose a multi-head data augment
and multi-granularity semantics mining (M?) model. First, a progressive data augmentation model is constructed based
on automatic data augmentation and active sample refinement. We improve datasets from the perspectives of quality
and quantity. Second, an affective region detection model is introduced for sentiment region augmentation. Intense
sentiment semantics is deeply mined from these affective local regions. Then we combine local regions with the whole
images to create multi-granularity image data. Third, we pretrain the model through the deep mutual learning
framework and affective local regions. The complementary sentiment semantics between heterogeneous SENet
networks are fully mined, which is transferred in turn to guide the sentiment analysis of multi-granularity images.
Finally, an adaptive feature fusion module is proposed to fuse heterogenecous SENet features to complete
multi-granularity semantics mining as well as realize image sentiment analysis. The accuracies of M? are 90.97 % and
81.14% on Twitter] and FI, respectively, which outperform mainstream baselines. The M? contains a data
augmentation strategy with powerful generalization ability, which builds a firm data basis for training. Meanwhile, the
corresponding empirical analysis is satisfactory, indicating a certain practicality.

Keywords: multi-head data augmentation; multi-granularity semantics mining; image sentiment analysis; affective
region detection; deep mutual learning; SENet
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7%, M2 R R e A RN F A e 7 2 48 FH SENet{E N
175 843 AT AR TR f S itk X 4%, 36 T DML S8 44 S35 4
VK] 245 1] P9 X 1) 81 R A 3 9472 4 SENet A DG B ) 7 45
B M2 B IR I8 F AR SRS B PR 5 G rh i BGE
SCHRF I R DX 3, AR B SRR A T B S L
(1% B S A, M2 BE R 5 T 22 Sk B35 43 53R SR s,
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G/ TR

2) SRHERL A RBIAAR L, 75 TW S04 45 M2
b GS-SVM(D5) #2 1 T 2.25%. CCA fit & J& 5 11 4
J& A =1, HLAAT CCA B FERT, AR T8 8L EE E; GS
MY T HE I 2 21 B RAE AR E R S E R 24, &2
PUME R BT DCA RE 5 FEIE4E RS, T RE S &
o — e g 4 B gradKCCA R AL 75 1 5 2 AN %
R B2 AR 4[] 52 2% B AR R

3) 5 F i BAG1E B o3 A A B A B, M2 A 3R
LR S 7E TW 545 I, & HE WSCNet (D5 +ASR) 12
Tt 1 1.57 %; 1 FIEE 4 b, A% T SR-w-DCA 5 7)Y
FEFt T 5.42 %. N b6 7R BN T 3EAT JR 30 X ks v 1
WILDCAT, M? #5 8 5 1, 42 415 175 186 SRy 8 [X 3k, 5 3
{5 F 147 AR SR W AN 75 20041 b v, AT B OK 1T E N J Ak
AR HL IR, SPN S5 B B I - R B 2 ) W 4%, T B 2 1t
SRR T M2 AR R E £ ok FE R SCES 3 5] N DML
HELE, 76 AH [R5 0 M2 B2 e 6% A3 B8 vy 114 20 ok
FE. F 3, M2 AR T MSGAN F R AN [[] F 56 T %%
P A B SRW 1 73, M2 R FAA I . BRI A 35
S SR, FLUNZRad F2 BE 1 5, 5 TR IR

4) 55 I TR ARG 1 (00 UGG 84 BT B AL AH L,
7ETW 5 FLE 45 -, M2 M LT ASRF? 2 42t T
0.91% 5 5.37%, L T CCM 43 42 T+ 17 1.07% 5
0.82 %. M2 2 R H & (1), £ ZLFE S M2 )it id
kA Y DR ABAY B = Zh A ARG U SRS 5 3 R A
5B FAA 25 &, 75 48 i 2 9 PR 2500 ity s Bt
BNASPEA G e, A SR LA 6 OCBE 48 “ R Fl “ &

(HE T (RIS, M2 S TR 5 155 J Xk £ 0 448 o 7 7%,
DI 00 15 38 St 37 P JR3 38 DX 3, WS S AR e
AR 5T R B KGR v, M2 SR H DML AESE K
A S 0 DX 31 SR A BT A AR 3 e X ) R AR SR IR N2
3 55 $4) SEN et [ 4[] EL I ) 175 1A S0, LA E 47 b %) e
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FAZH I CCM, M2 A5 5L 44y 3 — i 58 0 HAT 2L E
3 N A FIE A B R, DRl A DML AE %8 f 53 149 SENet
(RVRFAIE 2, SR Sl 14 B8 55 (R0 BT AR AAE, B 283 v IR
15 I HT I RE.
22 EMLWERSH

Bk B AT 2 A, AR I e M SE AR 36 AIE M2
BRSO R W 3 55 247 Fow, g — Tk G # A
B ARk, 5t M2 B R X 5 5 5K RGBT RS L
BY DL K 388 ot b R S5 45 AR, mT DLSS H G R i o
JEE R IR BMG R 8 IX 38, e Ak, ASR SR Bk 3k H 11 1
o PG A A ¢ v o i, LA A TR PR A5 o DR 155 A 1
FRUR, B3G5 T RE o S A7 SRR 11 =) 38 IX k. 48] 4 25
6 7k Pl A5 B U 0 0 25 5 T, = T R K A T 15 UK, AT
PDA Ji5 G B R 8 R e AR AR AN, AN 2 5% ) g 241
ST R, PDA B A 25011, e B A 3G I fe A
K, B v] LLAR B UG R A B S

B3 FEEGSHITPDAERIEGRXTEL

AR IS BE AR A [F) 2 1) 1) 15 26 1 S 2 1 JR)
DX 5. 72 EUR AR B it 9T b, 2 T R N
TR RS - MEFEENSE R R, WE 4
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WIS B P S E50 5 A 0 )1 Rt % il 2 #1048
P, BB AE B S Ik AR A B R B B AL, 1% 1 B
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SENetXT50 Al SENetXT101 X P /> /4 4% 3 it 1. 2% >
AHELAE 56 I B A W B I, SR SRR (v J 58 e
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P, 7 1~ 10 PRIk AR 1) il 2 A8 A g P2 30K, 32 2
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SENetXT 50
0.78 ) ) - Combination
0 10 20 30 40
IEARIEL
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6 AT AL, PAT H 3E SRR AE A S M2 1P RE T 2
A BAN P 28, X 3R B 38 I RFAF LA 5 7 A2 L
[, " BE FE 43 T2 9 S A4 X 4% 2 1) () T A IS
8 4> Sk RE AR TT. &1 6 38 2 Bl: 76 TW %3 4 h,
SENetXT50 1t T SENetXT101, B[ 75 ¥ L 5 175 8 [ 45
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SENetXT W £ P B8 22 53 A K, BRIV AE 40 6L B2 1 2 1R
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25 () ) L AMAE SR IR TR AL 0 NG . 2, M2 il T
3K H SENetXT50 Al SENetXT101 3 545 5 1 H7 HF 1L,
DALk, LA 5 5 ) A 17 SR )
232 HBRAOHTER

SRy B B 4 36 IF M2 A A S S ERLTE PR B TRy
v o B AR T, AR M2 RS AT R oy A, 45 5
R 4 /MRS fh: M2(D5 ) M2(FAA)-M2(PDA) M2,
CATHIE X5 BRAAE F Ds $E M2 AN AT FAA
FEME M2 BUAT PDA J5 I M2 PL R R AT 2 3k 5
T8 5 5 22 0 P A PSR I M2 (R SO A, R 345
TR B 5 R, e B A FTRAR R OR.

=3 HRAOIEER %
Hmse AR TR 2 A e R
M2(Ds) 87.21 MZ2(PDA) 88.72
™
M2(FAA) 90.23 M2 90.97
M2(Ds) 77.82 MZ2(PDA) 78.00
FI

M2(FAA)  77.66 M2 81.84
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FETE AR ;T A2 400RL FE B0 4 b, AT FAA $RAE 2
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TW 354 b A% M2(FAA), M2 1A H B2 08, 11
7E FIEE 2 AT T 0.34 %, % B ASR 5 mg % 1K
Sl AR PR 17 U B A 8, B H T OO I 3 5 AR, B
IR T S B L. MPAT AR SRS A il I X 48U
M2 FE R 7E TW I FLEUHE 5 E 2 ey 1 2.25%
3.84%. XA UL M2 Be A Az IR R B R S 2
or P55 5 TR S TR, 76 51N 25 4 R B AGORT = i 1
TR DX 35k ) 22 00 B A5 RS, M2 RE SRR 78 43 1 EL M
FHAE B, 1K L) G5 B A BT 208 M2 B 4y b
BE. DAL, A ST 1) 22 r B A U240 B I 2 A A
HL R, T HL e TR 7R RO 2 T AN R R I LG
BEATIR G, BRAE R W A

25 b, M2 B 21 R o3 1 BB IR o0 B rh S
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233 SLESTER

N — 5 U0 IE M2 1) SEFH P, 3% 8 TR i i 1R
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TS S AR R,

(SEES

Fr%  amusement anger awe contentment
M amusement anger awe sadness
N
) =
P
Frag disgust excitement fear sadness
o disgust amusement fear awe

FE3 4, M? 17E 40 B 3052 7 5 BRI 5 5K K
AU T, 3 7k BRI AR 3R, SRR B, Ho,
M2 £ T A7 B bR 25 5 B A ) AR ) R AL e, 491 4
525k B — MU BN £ & “anger " BRZE. M?
FE I — 26 1 SCBOR UG IR 2 30— i, 491 4 M2 44 25
45K G TN “sadness”, P RS i b 2518 SRS
W, A7 — 5 . AN, M2 FE R A AR5 N “sadness”
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