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Innovative Applications and Improvements of Deep Learning in the
Detection and Recognition of Oracle—bone Character Images

WANG Zexin, TONG Hengjian
(School of Computer Science, China University of Geosciences, Wuhan 430074, China)

Abstract: The sample size of oracle bone script images is scarce, with complex details and divided into two types: sketches and rubbings,
making their detection and recognition particularly challenging. To address this, a deep learning—based detection and recognition solution for
oracle bone script images is proposed. Specifically, to tackle the issue of limited sample sizes, a font-image class data augmentation algorithm
(WDA) and a rubbing processing procedure are introduced. To fill the gap in the dataset for detecting oracle bone script on rubbings, the Ora-
cle=Detect dataset is constructed. To overcome the low recognition rates and difficulties in incremental recognition of traditional models, a
Stacking ensemble—based oracle bone script recognition model is improved. Experimental results demonstrate that this solution achieves a de-
tection mAP of 94% for oracle bone script, an accuracy rate of 83% in recognizing sketch—based oracle bone script, and an accuracy rate of
81% in identifying rubbing—based oracle bone script.
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Fig.1 Copying oracle bone script images
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Fig. 3 Schematic of free deformation
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Fig. 4 Schematic of WDA algorithm
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Fig. 5 Example of Oracle bone inscriptions detection dataset Oracle—
Detect
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Table 1 Detailed organizational format of Oracle—Detect dataset
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Fig. 6 Example of "yuan" topology
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Fig.7 Integrated recognition model based on Stacking
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Fig. 8 Meta learner network architecture
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Table 2 Model training parameter settings
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Table 4 Dataset statistical information
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Table 5 Fine—tune training results
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Table 6 Ablation experiment of integrated recognition model based

on Stacking
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Vision Transformer 1 100/306 0.70/0.68 0.83/0.81
Swin Transformer 1 100/306 0.69/0.70 0.83/0.82
AR 1 100/306 0.83/0.81 0.95/0.93

Oy it — A R LT B 0 e S B AR AR Y A I
73 90| e T A 7 ) R R S R A e P S 9 i ) a0
Ay B st 5 RN T Pis o nT LA, (6] WDA #l4h
JrACHE SR AT AR — E R b P TR AR, IR A ORI R
ik SR RS P A Uk L BEBLAE Top—3 AT LLIAE] 95%
F 1 = TR A 3R 93% Y40 R R BIERf 238, LIRS 1 T 2
AR T B A R

Table 7 Validation of the effectiveness of improvement measures
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Table 8 Comparison between the proposed method and some tradi-

tional machine learning methods
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