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Abstract

With the clear direction of financial development and reform, China’s financial data information
technology has made significant progress and development. Based on the specific situation of
bond chart data, manual processing of bond chart data is inefficient, high cost, low security, and so

ESIH: FHM, AR, IhEER, BFE, AN, BhA S ERE 55 B R SORK I T I ). Bl
#, 2023, 13(2): 143-153. DOI: 10.12677/hjdm.2023.132014


https://www.hanspub.org/journal/hjdm
https://doi.org/10.12677/hjdm.2023.132014
https://doi.org/10.12677/hjdm.2023.132014
https://www.hanspub.org/

on. Using artificial intelligence to detect bond chart data has gradually become a hot research di-
rection. Because the bond chart data is stored for a long time and damaged artificially, it will be
fuzzy and polluted. In this paper, Swin-Transformer is used as the backbone network, and its fea-
ture extraction ability is stronger than that of CNN (convolution network). Direction perception
module is designed for blurred and contaminated areas, which makes the recognition of text areas
more accurate. The experimental results show that the network improves the accuracy, recall and
F1 value significantly compared with other text detection algorithms.
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Figure 1. The picture is blurred in some areas
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Figure 2. Diagram of the entire text detection network
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Figure 3. Structure drawing of Swin-Transformer
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Figure 5. A self-attention calculation method based on
moving Windows in Swin-Transformer
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Table 1. The method of this paper and the performance of CTPN, EAST and
DB on the data set

% 1. A5 ER CTPN, EAST, DB EHIBE FRIRM
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Ours 98.0 91.2 945
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Figure 10. Bond chart data detection results chart
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