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H E HNAARSERASS LA L2 BERRREERBARS AL RREH ey P, BT — AT % HEm
4t & 4 % J ik (Multi-Feature Fusion Classifier MFFC), B4 . AT W@ LKA XA F RGN B X, &+ & XB %S
Bk JRBUE S A, RANVLA F kP M E RSk AR 2 T AREE HF RS LR G E A HFIEL R EZ4HE P K
A B BAFTNEERL;RE, R EMER R RAREIARRBRY S EEREALFLERGE R —F TR T4
RRENEFHER, ZNHE L KRR B2 E., £ FS-Classifier B A 4 2 09 4% £ L TR Lok b 47 W X, Lok 5 & |
A & B w % Fl-score 2 AUC % %1 4 96.92%,63.69%,98.75%,98. 57 % #= 0. 917,48 )t FS-Classifier 2 #1429 7 6.72%,
5.85%,9.05%.7. 1% %= 0. 128; £ A H % % WIKIART E# K. F 5 A 6 A ZH T RA. £HFTZIRAT
13.27% ., SHEREA  ZHEEZAZRG T S 4FETE B LR N> LA S0 LI, LA RIF6 =AM,

KR b B L ARRA; BAR o K 0 A AR RR S E ) Btk

REESES TP319

Classification of Qil Painting Art Style Based on Multi-feature Fusion

XIE Qingin, HE Lang and XU Ruli
School of Science, Wuhan University of Technology, Wuhan 430070, China

Abstract The existing oil painting art style classification algorithms ignore the influence of the main area and the overall effect
on the art style. Aiming at this problem, this paper proposes a new oil painting classification algorithm based on multi-feature fu-
sion classifier(MFFC). Firstly,based on the common arrangement form of oil painting art elements, this paper designs the over-
lapping image block method. This method extracts spatial features of oil paintings to make up for the lack of composition style in
existing algorithms. And it also can be used to distinguish the subject area from the background area. Secondly. the spatial fea-
tures and the underlying features are combined in series to increase the location information of the elements in the picture. Final-
ly, the spatial voting method is designed to give priority to the classification result of the main area as the output result of the al-
gorithm. This is to highlight the role of oil painting subject area in the classification and realize the automatic classification of oil
painting art style. Tested on the data set created by the FS-classifier model.its accuracy,precision,recall, F1-score and AUC rea-
ches 96.92%,63.69%,98.75%,98.57% and 0. 917, respectively. Compared with FS-classifier, the result increases by 6. 72% ,
5.85%,9.05%,7.1% and 0. 128, respectively. When tested on WIKIART and compared with other six algorithms, the accuracy
improves by 13.27% ,at least. The results show that the proposed algorithm can effectively improve the performance of spatial
features for oil painting art style classification task.and has good practical value.

Keywords Art style of oil painting,Image classification, Spatial feature,Feature fusion.Spatial voting

1 3]

i

RN AR & EARR SRR R R ER
EE TS T NS W LAY I AR KU
A ENGUR RUR B IS A SO LA ROl B SR X
25 AR A 7 2R RE S o A o B B A Al Bl £ 2 TR I
REAZ S04 J5 BY il B 45 £ 46 R . ah w2 28 R 2 AR Lk

FH W] :2021-12-09 & & HH.2022-04-18
U H . BHRARBEHE4E (61672391)

NSRS VY S RN (Y N CIL SR R R TR (3
WY o BEE R RRAE I B0 R TE £ BT S T 6 2% Bl I
EARNME W A SIRIE 7326, T AR I E SCRAT B
B4 2 W EL e /D LA AR A o PR JHOHE A SR i A
A I 0 HAr 2 R T — TR

FURT K 22 80 3 2 B8 T 3 — R PR AE 45 347 ot i 2
ARRAEWETTH . Wang S50 E % BUAT I im0 A5 AF £ 058 1 BT 42

This work was supported by the National Natural Science Foundation of China(61672391).

W AEVEF AT (helang@whut. edu. cn)



224

Computer Science THEHLEL2  Vol. 50,No. 3, Mar. 2023

BCA% R A1F T 125 T 0 18 3 T8 K AR KR 14 ) A R e T — i ik
T g I i T2 R KUMS i R v L I GNP T i A2
Florea 5850 £t % 07 4 i 25 R [ 3 R0 [n) 81, 42 1 1 — b 3%
T B R I 2 i 1 2R MR 2 A 21 TE A R 1 i I 2 AR
5i., Lamnerti %M 321 T —Fh B 342 B0 A BRFAE Y TE 1
BHEAR KN T % E S . Li DRI T b
BT G TN 5 R D8 43 F 0 2B Ak R AR SR IO vk T XA A
RAEA R & R i 2 mfE 5 . DL R DT R R — 4R E
B2 AL AR A I TR AT T i S I A XA
PR R 38 9 T 2R XU B B IR 5T, Chen 4550 &1 X i
T 43 2 [A) R, B2 M0 T — Rl A 9 R HE AR AE R AR K (Lo~
cal Binary Patter, LBP) Fil R & N 48 #57 1F 48 #& (Scale-Invariant
Feature Transform,SIFT) i) 43 25 575 . Levy S50 42 10 T Jin
K 3 4B 38 1% 8 1 (Nearest Neighbor-Genetic Algorithm,
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Fig. 1  Oil painting classification model based on multi-feature fusion
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Table 1 Data set
Impressionism Abstractionism Surrealism Classicalism Total Training set Test data
Data setl 57 114 171 114 513 360 153
Data set2 641 610 644 — 1895 1705 190

4.2 BHEE

X T A SCAE T 43 25 2%, R T A% 48 R BBk (Grid
Search) 7157 H 2 #, B B 8 K X [H] 24 (0, 40, 3 ] # Hl
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w0 =0, 68, FASBORE Y 5 SO 2R — B,
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Table 2 Parameter values of classifier
Classifier Parameter Value
SVM Nuclear parameter 0.5

Loss function 0.5

Number of decision trees 100

RF The tree deep 8
Number of nodes 8

KNN K 20
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P-R £k (Precision-Recall curve) \ROC Hii£k (Receiver Opera-
tor Characteristic curve), AUC (Area Under ROC) 5 mAP
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PEATRTE ., Ar 2L Rk 3 MK 4K 6 Bk, Hib, 3% 35
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Table 3 Results of MFFC and FS-classifier classification
Method Feature Number of features Classifier AUC Ace/ % Pre/% Re/% F1/%
NBC 0.789 90. 20 57.84 89. 25 70.28
C4.5 0.735 88. 24 57.84 89.52 70. 28
FS-Classifier 24 Color SVM 0.751 86. 27 56. 30 87. 14 68.41
RF 0.730 86. 27 56.61 87.61 68.78
KNN 0.756 83. 66 55.69 86.19 67.66
NBC 0.917 96.92 63.69 98.75 77.38
C4.5 0.786 95. 38 62.77 97.14 76.26
MFFC 16 ('”l(”: re_";‘"ﬁ SVM 0.787 91.69 60. 61 93.81 73.64
Spatia
RF 0.749 83.33 54.15 83. 80 66.79
KNN 0.653 52.17 26.76 41.42 32.52
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10 R 19 AUC,Acc.Pre,Re, F1 I3 4 i3, 3 4
AL 58 =05 51 S 0 1 2 R BT Al AR de b AUC
AccyPre, Re UL J¢ F1 43 3l 24 0. 956, 97. 83%, 64. 00% ,
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Table 4 Evaluation values of 10 classified experimental results

AUC Ace/ % Pre/% Re/ % F1/%

Experiment 1 0.901 96.92 62.46 96. 67 75.89
Experiment 2 0.901 96.92 62.46 96.67 75.89
Experiment 3 0.956 97.83 64.00 99. 05 77.76
Experiment 4 0.917 96.92 63.69 98.57 77.38
Experiment 5 0.939 97.23 63.08 97.62 76. 64
Experiment 6 0.917 96. 92 63.07 97.61 76. 64
Experiment 7 0. 956 97.83 64.00 99.05 77.76
Experiment 8 0.917 96.92 63.69 98.57 77.38
Experiment 9 0.934 97.54 63.08 97.62 76. 64
Experiment 10 0. 883 97.23 64.00 99.05 77.76
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Table 5 Classification results of different feature combinations

Feature AUC Ace/ % Pre/% Re/ % F1/%
Color 0.701 83.33 60. 31 93. 33 73.27
Texture 0.717 87.07 56.92 88.09 69.16
Color+ Spatial 0.768 88.00 56. 30 87. 14 68. 14
Texture+ Spatial 0.901 94.15 63.38 92.95 75.37
MFFC 0. 956 97.83 64.00 99.05 77.76
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Example of oil painting classification results

Table 7
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Table 6 Classification accuracy based on data set 2
Literature Method introduction Ace/ %
Literature [ 23] Color+ SIFT+ GIST+ Texture 84.56
Literature [ 24] Picture channel and stroke channel 76.27
Literature [25] Deep residual neural network 49.40
Literature [26] ResNet 63.70
Literature [27] Pre-training on amplifying natural 56. 43
data sets ResNet
Literature [ 28] Extract depth feature of image 66. 64
MFFC Color+ Texture+ Spatial 97. 83
AN
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