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The Intelligent Classification Method of Yao Patterns

KONG Qian, SHI Zhuo, FENG Ye, YANG Ming, ZHANG Meng-xue,

ZENG Shu-zhen, LI Rong-bin, YU Ke, SHEN Jing
(Guilin University of Electronic Technology, Guilin 5410004, China)

ABSTRACT: In view of the complexity and time-consuming problem of artificial classification, the work aims to use the
artificial intelligence technology to classify the pattern intelligently, soasto effectively reduce the time-consuming and
improve the accuracy of classification, which can also further promote the spread of the connotation of pattern symbols
and ethnic minority folk culture. First of all, this paper analyzes the value of intelligent classification from the perspective
of semiotics and communication, and then, collects the pattern symbols on Yao costume and Yao brocadethrough literature
research and field investigation to make a dataset. Finally, the data set is trained and tested by CNN algorithm and Faster
R-CNN algorithm respectively. The training and testing show that, both algorithms can realize the intelligent classification
of Yao patterns, and the average accuracy of recognition is high. Among them, the intelligent classification method based
on Faster R-CNN algorithm can locate and refine the classification of multiple patterns in the picture, which is more
suitable for the actual scene. It can be combined with new media communication to further explain and spread the Yao
folk culture with the help of folklore symbols, which has great value and significance for the protection and inheritance of
intangible cultural heritage of ethnic minorities.
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Fig.1 Data set processing method comparison
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Tab.1 Types andnumbers of labeled patterns in data set
HEFEBR (EX) Br WERE QSR (PX) SDEER (EX)

GHEFER (BX) Bx tREHE

ZHERLL Duoyepattern ;i‘ 210 HZ2aE swastika pattern 164
REL phoenix pattern w 25 T F4 T-shaped pattern . 26
WAL dragon dog pattern m 18 G4 cruciform pattern ;ﬁ: 162
BEor deer pattern . 12 HZL jing-shaped pattern . 56
LAy butterfly pattern m 28 B zigzag pattern E 163
847 chicken pattern T 10 BN diamond pattern ' 150
war dragon pattern m 39 ME L pinecone pattern e 9
[A2EAYS serpentine pattern @ 29 [INEAYS mountain pattern rh,ﬂf 10
R4y fish pattern g% 12 EE 74 copper coin pattern E 32
il Tav spider pattern K 124 =FL three kings pattern H 9]
EYK flower pattern 70 2T Panwang Seal . 28
=EN cloud & thunder pattern kfb) 36 EEED Yaowang Seal Biad 22
I\BEL octagonal pattern . 139 MM3FE crimson fingerprint seal w 40

=24 ri-shaped pattern @ 15 Bit 1720
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Tab.3 Main parameter oftraining
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Fig.5 Change of loss in training process
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Tab.4 Test results
LHER IRBI=R LEEER IRBI=R LIFEZTR IR LIFEZTR IRBI=R
)24 100% MFED 100% I\ABEN 86.8% 1724 79.8%
#EH 100% RIEB5 100% =FK 83.3% RS 79.3%
TARBL 100% MRS 88.8% +F4 81.0% B 79.2%
X847 100% HFLL 88.6% By 80.0% EEE 78.0%
5724 100% T F4 88.2% =EL 80.0% HEL 77.3%
SE=AY 100% HFLK 88.1% AL 80.0% FRALL 76.7%
[ITEg 100% E: (1 87.8% MYEREL 79.8% Eiy 88.2%

6 Wit RRG
Fig.6  Test results example
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