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Research on Text Detection in Tangut Ancient Books Based on SCA-DBNet

ZHENG Tingshuai, BAI Ke, SHI Wei
(School of Information Engineering , Ningxia University , Yinchuan 750021, China)

Abstract: Aiming at the problems such as the complex strokes and high structural similarity of Tangut characters, as well as the existence of
missing characters and fading in Tangut ancient books, resulting in unsatisfactory detection accuracy, missed detection and incorrect detection
of characters, a Tangut character detection method based on SCA-DBNet is proposed by comprehensively analyzing the existing mainstream
character detection methods. This method first introduces the Spatial and Channel Reconstruction Convolution module (ScConv) to replace the
original convolution module (Conv) and combines it with the MobileNetV3 feature extraction network to reduce computational redundancy and
improve the feature expression ability of the model. Meanwhile, in the feature fusion stage, the Adaptive Scale Fusion module (ASF) is intro-
duced to solve the problem of inconsistent scales of features in different layers during the feature fusion process, and the Hybrid Attention mod-
ule (CFAM) is designed to replace the original Spatial attention module (SAM) to enhance the characterization of multi-scale varying fea-
tures, thereby improving the accuracy of text detection in Tangut ancient books. Compared with the basic model on the self-built Tangut text
dataset, the accuracy rate and recall rate have increased by 3.2% and 2.9% respectively. Compared with other text detection models, there
have been certain improvements in both accuracy rate and recall rate,, and it can accurately detect Tangut text.

Key Words: text detection; spatial and channel reconfiguration convolution; adaptive scale fusion; attention mechanism; Tangut ancient
books
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Fig. 1 DBNet network structure
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Fig. 2 SCA-DBNet network structure
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Fig. 3 ScConv module structure
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Fig.7 Dataset images and label images
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Table 2 Ablation experiment results
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RS Precision Recall F-measure
DBNet 93.6 87.1 90.0
DBNet+SC 94.2 88.6 91.3
DBNet+ASF 94.0 88.2 91.0
DBNet+ASF-CF 95.2 89.4 92.2
DBNet+SC+ASF-CF 96.8 90.0 93.3
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(a) The proposed model (b) DBNet (¢)  DBNet+SC (d)  DBNet+ASF (e) DBNet+ASF-CF
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Fig.8 Comparison of Tangut script detection results
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Fig. 9 Tangut script detection results of different methods
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EAST 85.6 74.5 79.7
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FCENet 92.7 86.0 89.2
DBNet 93.6 87.1 90.0
PAN 91.2 84.6 87.8
TextFuseNet 94.2 88.2 91.1
DBNet+SC+ASF-CF 96.8 90.0 93.3
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