44 OH 11
2018 4F 11 f

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 44, No. 11
November, 2018

—METREF INFRERBRHORA G E
X WR OWEA EAM

B B i R ESSR SO AR EI SO, MR P T R EORE SO I AR R N L D AR AR A
WA R . HHSESCPRRT RS G CF I . & TS, Hp i — P R R R — P2 i SO e
PRIFAE. AR SCHR ) —Fh BT P BRI RS Fr) ol 228 100 28 RS20 SR i U A SO TR AR IR, 55 0) B H AT AN ST BRI R,
W QSO R UL, 15 RIS AL A G PR A SE I AT, FRAT) A BAR SCHR s 14 7 3 mT ks 3 s A iR )
K2 FERIHE, FERT 10 TS0 (Top-10) HERISEIAE] T 94.2 %, KIEHT/N T % 5835 M8 2400 23 8], 3208 7 447
SO R FIHE R 1.

KB AR, TG, SCTIRM, A, RBP4

SIFARER 30k, BOm, WAK, BUKML — Rl T3 T S SR SO B s, Bl fb2aai, 2018, 44(11): 2023-2030
DOI 10.16383/j.aas.2018.¢180152

A Deep Learning Based Method for Bronze Inscription Recognition

LI Wen-Ying* CAO Bin! CAO Chun-Shui®? HUANG Yong-Zhen? 3

Abstract Bronze inscriptions from archaeology are very valuable text materials. Accurate and rapid understanding of
their meaning and shape evolution is important for archeology, history and linguistics. It is necessary to combine characters
shape, phonology and meaning for recognition of bronze inscription, wherein the first and also the most important step
is to analyze shapes of bronze inscriptions. In this paper, we present a bronze inscription analysis method based on
convolutional neural network (CNN) with two-phase feature mapping. We first extract the bronze inscriptions by image
acquisition, and then, by comparing with the currently known character research results, e. g., “Ancient Chinese Character
Type Series” and “Shuo Wen Jie Zi”, we obtain the recognition results. Through qualitative and quantitative experimental
analyses, we find that the proposed method achieves high recognition accuracy. Specifically, we achieve 94.2 % accuracy
for the Top-10, greatly reducing the space of archaeological search and improving the efficiency and accuracy of bronze
inscription recognition.
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Fig.1 Various evolutionary shapes of character “f4”

(including oracle-bone, bronze inscription,

seal character, etc.)
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Fig.2 Different shapes of character component “A”
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Fig.4 Different shapes of character “§9” and “#f”
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Fig.5 Example images of the character database
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Fig.6 Ancient character database with 77 characters
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Pipeline of ancient character recognition based on 18-level ResNet
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Table 1  Recognition accuracy in the testing dataset
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