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Image sentiment recognition based on the abstract relational
scene graph network

KANG Bo, QIAN Yi, WEN Yimin

(Guangxi Key Laboratory of Image and Graphic Intelligent Processing, Guilin University of Electronic Technology, Guilin 541004,
China)

Abstract: Image sentiment recognition is an abstract process of forecasting human emotions by analysis of various visu-
al stimuli. Most of the earlier literature does not focus on the relationships among objects and the interactions between
objects and scenes, and the complex and diverse relationships among objects are difficult to fully exploit, resulting in
difficulty in correctly forecasting image sentiment. To deal with this problem, we develop an abstract relational scene
graph network for image sentiment recognition. First, an object and attribute detector is generated to extract object fea-
tures and their corresponding attribute features from images. Second, the affinities and abstract relationship features
among objects are inferred through object features, and then the abstract relational scene graph is generated. Moreover,
an abstract relational graph convolutional network is developed for reasoning the abstract relational scene graph. Last, a
progressive attention mechanism is designed to fuse multiple object features to acquire the overall object feature of the
image. Application on three public datasets, FI, EmotionRol, and Twitter I, demonstrates that the classification accuracy
of the proposed method is better than that of the existing methods.

Keywords: image sentiment recognition; abstract relationship; scene graph; graph convolutional network; attention

mechanism; convolutional neural network; visual sentiment analysis; deep learning
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Fig.1 Architecture of an abstract relational scene graph network for visual sentiment recognition
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HOG+BoW™ 6848 6192 6099 61.05 —
HOG+VLAD™ 7199 6774 6643 6338 —
HOG+FisherVector ™ 76.07 7034 6832 6533 —
SentiBank!"" 7132 6828 66.63 66.18 —
PAEF"” 7290 69.61 67.92 7524 —
DeepSentiBank’ 7635 70.15 7125 70.11 61.54
PCNN(VGGNet)'™ 8254 7652 7636 7358 7534
VGG-16"" 83.44 78.67 7549 7225 70.64
Fine-tuned VGG-16"" 8435 8226 76.75 77.02 83.05
AR 88.65 85.10 81.06 8126 86.35
R-CNNGSR"™ - 8136 —
Zhang™” 89.77 8572 8149 83.08 87.87
ARSGN(AMIFE)  89.91 86.20 82.36 83.47 88.21
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3.4 HRNRIE
3.4.1 W5 M oA

i 2% 3 A1, ARWFGEAE F1, Twitter 1 Fil Emo-
tionRol 3 ¥4 4 b 47 I Rl il 5, Sh 40 45
5240, Af 2 4Hik5 “Multi-objects” f1“Multi-ob-
jects+Scene” JE A U TR FE 5= > Ty i ) —Fh LAl
ik, Hp«Multi-objects” £ n 24X 5 H 3% R
T, “Multi-objects+Scene” 5% 78 K X 5 Fll sz 5 it
T85G . A T BE AT SR BE i A Rk, ADFE
T34, 54108 . ARSGN FE R XA
5 (ARSG) M it 20 = 1 L (PAM) 2 4>
B A, Horh ARSG BB A 55 R C R 37 5 &
MR R DL R Bk B2 . A T 2 A, W
ARSG BEH 175 3 Ak g . Mg 45 R AT I,
i 3k PR F R G 8] OC R BE S A RUEE T R R 43
FHOR . FETH 2 4%, I PAM it 47
94 dism ., ik as R, X4 5 35t H AH
AR X G B P RE RO 4R T AT — 5 5T
WRo AR5, A5 2 I Ay BEal B, a5l A
ARSG A PAM FEHAG 2155 5 il . 18
SRR, Gl 2 N R A R DL § 5
[F) AH B AE AT DL 3 T P8O TR ] 8 0 25 v
K, 2E BTk, ARSG HI PAM2 AN 2 AH 4 4
AT BB, H ARG T ARSGN 1A
Rk

&3 ARSGN [ 2% 25 ¥ B K Rt 06

Table3 Ablation experiment of ARSGN network struc-

ture %
Twitter I Emoti
Tk Twitter Twitter Twitter 0 O"
15 14 13 Rol
Multi-objects 87.19 8279 7827 78.65 85.64
Multi-objects +
88.10 84.68 80.71  80.57 86.62
Scene
Multi-objects +
88.89 8522 8094 81.68 87.90
Scene + ARSG
Multi-objects +
89.12 8575 81.50 81.52 87.39
Scene + PAM
Multi-objects +
Scene + ARSG + 89.91 86.20 82.36 83.47 88.21

PAM

3.4.2 RAEFHH

R T HER S X S A A O R, AT O A
FI 508 45 b R 47056 0k 1 78 AR-GCN )2 %0 B
i, iR 6 Fin. kg, ¥ AR-GCN
EE AR A 1, S KA R 5, JEdkAT 5 41k
B RISE R LW, 24 AR-GCN 1Y 2 BHUE N
1A, M2 PRI Bl . 1558 GON 240 HUH

fE 2~4, 5 AR-GCN ZHM i B ZE S . A0F
FEN N 1 X A B B R R R E 0T LUE S : L 5
GCN #y. Z 2 H W 7E T 58 45 45 5 Z M {5
BAEH, SR R G5 A B A 5 R E]
SRR, I B2 AR-GCN i 1] LLSE 3%

Z a5 B A H. .

89 -

88| 87.90 8766  87.65 83
oo S
£ 86) §
285t \
£l \

2l \

GCN J2%%

B 6 7& FIHHEE X TF AR-GCN EH iRt 1
Fig. 6 Ablation experiment of AR-GCN layers on FI data-
set
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