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Abstract: Automatically analyzing the sentiment of natural images plays a vital role in analyzing user needs and
network public opinion monitoring. However, the training processes of deep learning-based classification
algorithms are too difficult to be controlled, and their classification results are always lack of interpretation. A
deep learning structure optimization algorithm with human cognition was proposed to classify image sentiment.
Firstly, the emotional features extracted were visualized by the convolutional neural networks. Then, the network
structure was optimized by combining with human’s subjective perception of image emotion, and the network
structure was driven by human knowledge to focus on the apparent features of emotional information. Finally, the

parameters of the rebuilt network were fine-tuned to make it more suitable for images sentiment classification
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task. Contrastive experiments on the Twitter dataset systematically demonstrate that the proposed algorithm

achieves 88.1% classification accuracy, which has superior performance than other methods. Ablation

experiments confirm that our network optimization improves the classification effect by 8.1%. Besides, the

process and reason were intuitively explained for the model operation through class activation maps, spatial

location visualization and neuron group visualization. The visualization experimental results further demonstrate

the ability of proposed algorithm to recognize the sentiment of natural images.

Key words: image sentiment;
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Fig.3 Channel visualization example of the fine-tuned model
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Tab.1 Details of auxiliary classifier

Global average
pooling Output size  Output size of Output size

Kernel Output of dropout full connection of Softmax

size size

Auxiliary

classifier 14x14 1x1x512  1x1x512 1x1%x2 1x1x2
of Layer

(4a)
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classifier |\ 14 1xixs12 1x1x512 1x1x2 1x1x2
of Layer

(4b)
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classifier 1414 1x1x528  1x1x528 1x1x2 1x1%x2
of Layer

(4d)
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Tab.2 Details of the Twitter dataset
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Tab.3 Results of comparative experiment
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==

F.ehvo

T ML A AT B E

R4 BERMAYH S E[EAXL
Tab.4 Comparative results of adding auxiliary

classifiers at each layer

Number Convolution layer of auxiliary classifier Accuracy
(1) No auxiliary classifier 0.800
2) Layer (3a) 0.817
3) Layer (3b) 0.808
4) Layer (4c) 0.798
5) Layer (4e) 0.815

3 3 S B i — IR S SR A5 AT AR S A
AR RN TS T % 5 B G IS A8 XA IR S Y TR
18 1 M B Layer (4a). Layer (4b). Layer (4d) = 15§ B
Gy AR, TF R S 25 A R AE , i S0 i 7 1Y 6 Fh
TR ER L5 o SR IRANER 5 PR . TSRS (2)~

K5 HBELIG G RXTEE

Tab.5 Ablation experiment results

Number Ablation network structure Accuracy
1) Our algorithm 0.881
2) Delete the auxiliary classifier of layer (4a) 0.862
3) Delete the auxiliary classifier of Layer (4b) 0.866
4) Delete the auxiliary classifier of Layer (4d) 0.858
5) Delete the auxiliary classifier of Layer (4a) and Layer (4b) 0.849
(6) Delete the auxiliary classifier of Layer (4a) and Layer (4d) 0.845
7 Delete the auxiliary classifier of Layer (4b) and Layer (4d) 0.851
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TR IR SCAR R, HC U I B 732 4 R A7 54 il 10
26 N 2 ), BT R R AL TE 3 SR RS R
55 A

32 ALK S ST

ASURR 48 552 50 H5 4 205 SR X R AU A7 40 AT
JRIBRAE o SCH KU 2 58 B 1 I T S A < fige 1) I
71, FE R 222 5] B 1 3 9K GRS IRFAE AT IRAL S A2k
AEWS JR A 1 PRI, DA 23 B AL 23 26 Y A, o — 20
TENSBZ e S a2 he T .
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FLIATAE o A SO PRI 00 248 X TG O PR A IR
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CNN F b 1) S5 o 48 R At < ok > 9 2%

& 5 Ry — 1 1E 2R R 491 G 0 3 ) 2% Layer (4b)
JZH Layer (5b) J2 (283005 18], Jé7R T 763X P 2 4 1R
JZ2 R BOAS R AL X 3 45 R R
K It PRI AR AN SO WS 25 3R & I R, 2L 6 RRIZ X
SO IR 23 R TE 2R B 45 2R DTk B R, W 60 XN 28
SERTTHR/ N 8] 5(a) S8 7 9 28 A0 BT A9 Layer
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(a) Layer (4b)
Pl 5 IEZ/R B MR ISR

Fig.5 Class activation map of a positive class example image
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(b) Layer (5b)

&Y AR . .
Negative Positive Negative Positive
image a image a image b image b

(a) ﬁﬁ[’gﬂgﬁ a
(a) Spliced image a

I 6 DHERIGASEE K
Fig.6 Class activation map of spliced images
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AL, ff R M 28 2 . B 7 WoR T 2R R T(a) 43
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(b) Spliced image b
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- (b) Layer (4b)

(a) Original image
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Fig.7 Visualization of spatial location features of a negative class image
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Fig.8 Visualization of neuron group features
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