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Abstract: Optical Character Recognition (OCR) is the process of scanning text images, analyzing and processing the images to
extract the textual content. However, current OCR algorithms generally have poor performance in recognizing long and curved texts.
To address this issue, a pre—processing algorithm called Long Curve Text Processing (LCTP) is proposed, which aims to improve
the accuracy of text line recognition in images. Firstly, after performing text region detection, a single long and curved text line is
obtained and noise information is removed. Secondly, the key inflection points of each curved text line are calculated based on their
features. Subsequently, the text lines are segmented and merged using the key inflection points. Finally, the segmented and merged
text lines are fed into a text line recognition model to obtain the final recognition results. A comparative experiment is conducted
between the manually collected dataset, Long Curve Text, and the state —of —the—art OCR frameworks, namely PP-OCR and
Tesseract OCR. The experiments show improvements in the LA ( Localization Accuracy), MED ( Minimum Edit Distance ), and
NED (Normalized Edit Distance) metrics. Compared to PP-OCR, LA is improved by 49. 5%, while MED and NED decrease by
44 115 and 0. 182, respectively. Compared to Tesseract OCR, LA is improved by 3.2% , while MED and NED decrease by 30 282
and 0.125, respectively. Additionally, ablation experiments are performed on the Long Curve Text dataset to validate the
effectiveness of LCTP, and time comparison experiments are conducted to demonstrate the efficiency of the proposed LCTP
structures. The results indicate that LCTP can enhance the accuracy of long and curved text recognition, providing more precise
recognition results in general.
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Fig. 1 Detection and recognition results of current mainstream OCR for long curve text
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Fig. 2 Text line detection and recognition process embedded in LCTP module
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Fig. 3 Visualization results from a separate text line acquisition

method
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Fig. 4 Visualization results from the key inflection point acquisition

method
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Fig. 5 Visualization results from text line splitting and fusion

methods

2 ZXBEHERSH

2.1 ZERHFIERIFMIER

T RIS SCHE R T AT TR
R R M SCARBHE S Long Curve Text #H47X [
S BRSSO R E A sC IR A
miE 6 s, ST A7 2 684 S 304 3
A 152 155 DNFRF, hC B AL 1 448 25X
A 42 984 DT, PO SCF AT ECH 195 139
TR E R K/NR 2 560x1 920 4%, A5k A
B B A T B A R A SOARA T ANJE T S i Ak B
MSCATT, R BRE A5 3 A SCFJ2 . Original
images SUAFIE HPAE T B SR HUER (1 J5L & 5 Preprocessing
images SCe A Y SR 28 0o TG T A 3L 1 R
F 5 GT S rh AT iy SR B sk 18] v s 2 2 i b 3
(R SCARAT I FLShR %S

(a) DESCIEERI T (b) PRSI A

(¢) BESCICAAT

(d) AL
Bl 6 1< LA E R AR STREAS
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Fig. 7 Visualization results of single text processing
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Table 2 Comparison of English long curve text results before and
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Fig. 8 Visualization results before and after LCTP



12

XUBRR, A5 I PR A 12 SO oAk B 1 17

R4 KEHXARLEAFERE OCRIERE R

Table 4 Comparison of results between different OCR frameworks before and after long curve text processing
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