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Research on emotion recognition of artistic images based on
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[ Abstract] The visual emotion analysis of artistic images is helpful to the appreciation and protection of artistic images. The
improved FPN model is used to extract different levels of emotional semantic features of art images, and CLAHE is used to highlight
the color features of art images. The H-S two—dimensional features of images in HSV color space and the crcb two—dimensional
features in YCrCb color space are extracted respectively, and the different weights of the two—color features are set, an emotion
recognition model hcfnet based on image fusion is proposed. The experimental results show that the accuracy of the proposed model
for art image emotion recognition can reach 90.63%, which is improved compared with the classical convolutional neural network
model and the unmodified FPN model, and can effectively complete the task of art image emotion recognition.

[ Key words] artistic image; visual sentiment analysis; color features; features fusion
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Fig. 1 The schematic chart of CLAHE
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Fig. 2 The example graph of CLAHE color feature visualization
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Fig. 3 The example graph of H-S two—dimensional histogram visualization
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Fig. 4 H-S color feature extraction map
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Fig. 5 The example graph of CrCb two—dimensional histogram visualization
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Fig. 8 Schematic diagram of Image features fusion
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Fig. 10 Visualization of deep features in different layers

MaxPooling
Xi
H-S Ji (0 FFIE
FC+BN+Relu
Conv+BN+Relu
MaxPooling BN+Relu
X.’.
CrCh B ARFE
FC+BN+Relu
Conv+BN+Relu
Positive
P X‘ or
FC+BN+Relu Negative

AdaptiveAvgPooling

B 11 HCFNet [ 4518 454 [
Fig. 11 HCFNet network model structure diagram



152 £

i 2 S I I VA

12 %

4 ZBHERSHMH

4.1 SCIGIME

AR SCSLBGIAEE . AL HER N Intel i5-8279U, F 4
2.40 GHZ, 5215 3 F Python 3.7 IR i 2% 2] HlE 42
Pytorch iz17, 7 & T.H. & PyCharm , f#i H Linux #2/F
%%, GPU #4714, GPU & NVIDIA Tesla V100-
SXM2-16GB, A7 & 54 16 160 MiB,
4.2 LIGHIEE
4.2.1 BHRENH

ARSI Flicke 25 FFBUHE 46 | RS B
BI04y 3 2% 435N Positive Negative Fll Neutral , 3
T Flickr BE5E T Neutral F%5 T BGHR 40

I H AR B Positive F1 Negative P IEBGFE , AT
i1 Positive Fl Negative F1%E T 1 EI5 451 9203k,
VERAR SCIE BG4 . N T3 SR Ry e UL A
EDERFIE | LS BAR T B R AR 12 AR
TG, IARIEAS Ehn 28 T FEAS UGB AH 55, 1
PR AU 25 SR 3 M7, AR SRR A A5 AT 25 18 s 161 1
Banp 12 s,
4.2.2 B miab

1 T IS AR K 2 A s =2 @B H 0 3 1Y
RGB BEUE, et A7 7 /0 B0 B RIS, JHL 3 3 20y
1, N7 J5 S5 5 1 e T, e 5 T Ak BBy B 45—
B G h RGB %,

(a) BURIHERAY I 155E

(b) THRIE R R
B 12 Flickr &R E &
Fig. 12 The schematic images of Flickr Dataset

4.3 KWITMiEER
S VT U A8 A O AR B A 2 B R
(Accuracy ,Acc) , Nz (1) .

Ace =

N
;X 100% (1)

ota
Horp | Total JpMASEREA BEL, N o L4
P 28 T T A (R RE AR KR
SLEG R K P58 SURAETT i, DY I v AR e ¢
N2 K P38 LS HER R BF B

4.4 EKWERDW

SRE A A SCSE 6 0 2 AR G B 1 IR T
F AR AEN SR B v SR 4T 238 SUE IR Jr i, #R
INEARER A 20 %8, 24 2 10 0.005, LR/
64 , i A SUR 2Kk pREL, 688 SGD IR ALES , 2 A
JETRESEOEE N 0.9,

TEAR SCSE I 7, 396 % 2 i 4 XL oft £ ) 446 A5 7Y
VGG16 T RS 2F 2 #i1 VGG16_BN YT R 2f >
RIPL M K fil A 128524 2] ResNet101 AR E FPN FIA



514 Wt , 55 FETRESFFIEFNIT RS 2 ~) 9 AR R B ORI 5 153

SCHE R AR AT O, T 28 S IE S 3
SR IMER R ILER 1, TR BRI FL 4T 58 LSk
Hh BRI 2 T 25 R B b ) — )T, If e hiliZ il
SR R ERR 2 S0 S AE AR ARG DL, 25 155 0 1) 1
TR b 2 AR B AL AT e T L an ] 13 B,
A AR it % A UL R 0 R AR A AT e X LU AR I 4
E 14 FiR,
F1 SZHBETMENEERERELL

Tab. 1 Accuracy comparison with classic CNN models

T A4 R HERZE Ace/ %
VGG16(TL) 87.73
VGG16_BN(TL) 87.16
FPN(F) 77.76
FPN+ResNet101 (TL) (X5) 90.16
X, + X, 90.10
X, + X, 89.77
X, + X, + X5(FCALHE HCFNet) 90.31

Accuracy

Lo g
345 67 8910111213 1415 1617 181920

epoch

w

VGGI16(TL) VGG16_BN(TL)
FPN(F) FPN+ResNet101(TL)(X;)
Xi+Xs Xo+X;

X+ X X(JEAL HCFNet)
13 BEBWAEBETLINEE

Fig. 13 Line chart of accuracy changes of each model
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T 44 FR IR Acc/ %
X, +X, + X, (JFEHLE HCFNet) 90.31
0.6 %X, +0.4%X, +X, 89.58
0.7 X, +03%X, +X; 90.29
0.8+ X, +0.2*X, +X; 90.31
0.9%X, +0.1%X, +X, 90.63
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