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Abstract: Objective Scene text image super-resolution (STISR) is an emerging visual enhancement technology aimed at

enhancing the quality of low-resolution text images and improving text readability. This technology is extensively applied in
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fields such as autonomous driving, document retrieval, and text recognition. Existing STISR techniques can be categorized
into traditional and deep learning methods. Traditional methods offer some image enhancement but heavily rely on manual
feature extraction and complex prior knowledge. On the contrary, deep learning methods showcase considerable advantages
due to their robust automatic feature extraction and learning capabilities. Therefore, deep learning STISR methods have
become increasingly popular within the academic community. Recent deep learning-based STISR methods leverage rich
semantic priors from text images to guide image reconstruction and text recovery. Unlike methods that solely rely on visual
feature extraction, such as convolutional neural networks, multilayer perceptrons, and Transformers, these emerging meth-
ods integrate semantic priors with visual feature analysis for more efficient image reconstruction. However, they often over-
look dynamic features of text structure, such as the contextual connections between neighboring characters and directional
features. Therefore, the text semantic priors generated are not effectively aligned or fused with image features, limiting the
quality of the reconstructed images. To overcome these limitations, a new cross-modal fusion super-resolution method,
which incorporates text structure dynamic perception, is proposed to enhance the quality of low-resolution text images and
text readability. Method In this study, an innovative cross-modal fusion STISR method that leverages text structure
dynamic perception is proposed. The process begins with low-resolution text images being corrected using a spatial trans-
form network module and a thin plate splines module. These modules adjust the spatial positions of irregular characters,
preparing the images for further processing. The corrected images are then processed through a text structure dynamic per-
ception module and a semantic space alignment module to extract image modal and text modal features. The text structure
dynamic perception module, which includes a direction sensing block and a context linkage unit, captures multiscale direc-
tional features and identifies the contextual relationships between character neighboring characters, respectively, accu-
rately capturing the dynamic features of the text structure within the image modal. The semantic space alignment module
processes the low-resolution images using recognition rendering and binarization to derive text semantic priors and mask pri-
ors. These priors are then combined through feature addition to generate advanced text semantic priors, which are aligned
with image features through affine transformations, guided by the image modal. Finally, the developed cross-modal fusion
module employs an adaptive weight distribution strategy to enhance the interactive integration of text and image features
across modals, producing the final super-resolved text image. Result The proposed method was evaluated against 13 main-
stream methods, with a primary focus on the text recognition accuracy of the reconstructed text images (this metric is criti-
cal, given the unique nature of text images, where readability and recognizability are paramount). Secondary evaluation
metrics included peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) , which, despite their limita-
tions in fully capturing image quality due to the misalignment of low-resolution and high-resolution images in real datasets,
supplemented the evaluation. Experiments conducted on the real dataset Texezoom demonstrated that the proposed method
achieved recognition accuracies of 67. 1%, 56. 6%, and 63. 6% on three standard text recognizers, namely, attentional
scene text recognizer(ASTER) , convolutional recurrent neural network (CRNN) , and multi-object rectified attention net-
work (MORAN) , respectively, outperforming the existing representative method, PERMR, by 3. 0%, 4. 6%, and 3. 1%,
respectively. In terms of image quality, the proposed method achieved PSNR and SSIM values of 21.9 dB and 0. 789,
ranking first and second, respectively, among all compared methods. Additionally, visual comparisons further highlighted
the superior quality and readability of the text images reconstructed using the proposed approach. Conclusion In this
study, a novel STISR method that effectively generates advanced text semantic priors by accurately capturing dynamic text
structure features is proposed. This method facilitates the alignment and integration of text semantic priors with image fea-
tures, drastically improving the quality of reconstructed text images and enhancing text readability. Experimental results
demonstrate that the proposed method outperforms other mainstream methods, delivering notable improvements in image
quality and text readability.

Key words: scene text image super resolution (STISR) ; dynamic features of text structure; multi-scale orientation fea-

ture; semantic space alignment; cross modal fusion
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Fig. 3 Reconstructed text images rendered by the proposed method
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Fig. 4 Overall architecture of the proposed method
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Fig. 5 Flowchart of the direction sensing block
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Fig. 6 Flowchart of the cross modal fusion module
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Table 1

Comparison of recognition accuracy rates for different methods on the TextZoom dataset

1%

ASTER

CRNN

MORAN

ik — - ‘ — - ' - ‘ Tl
GO EME B G % M B mR s M

BICUBIC 64.7 42.4 31.2 47.2 36.4 21.1 21.1 26.8 60.6 37.9 30.8 441 39.3

SRCNN 69.0 43.4 32.1 494 38.7 21.6 20.8 27.7 63.2 39.0 30.1 45.2 40.7

LAPSRN 71.5 48.6 35.2 53.0 46.1 27.9

TSRN 75.1 56.3 40.1 58.2 52.5 38.2
TBSRN 75.7 59.9 41.6 60.1 59.6 47.1
TG 77.9 60.2 42.4 61.2 61.2 47.6
TPGSR 78.9 62.7 44.5 63.1 63.1 52.0
TATT 78.9 63.4 45.4 63.6 62.6 53.3
DPMN 79.1 63.2 45.1 63.5 63.4 54.1
MSPIE 80.4 63.4 46.3 64.4 64.5 54.2
PAM 79.8 61.2 47.0 63.7 65.1 55.5
TEAN 80.4 64.5 45.6 64.5 63.7 52.5
PERMR 80.8 62.9 45.5 64.1 65.1 50.4
AL 82.6 67.1 48.6 67.1 66.9 59.1

23.6 333 64.6 44.9 322 48.3 44.8
314 41.4 70.1 533 37.9 54.7 51.5
353 48.1 74.1 57 40.8 58.3 55.5
355 48.9 75.8 57.8 41.4 59.4 56.5
38.6 52.0 74.9 60.5 44.1 60.7 58.6
39.8 52.6 72.5 60.2 43.1 59.5 58.5
39.5 53.0 73.2 61.0 43.8 60.2 58.9
39.6 53.5 74.0 61.4 44.4 60.8 59.6
38.8 53.9 75.5 60.8 44.3 61.1 59.6
38.1 52.2 76.8 60.8 43.4 61.3 59.3
37.8 52.0 76.7 589 42.9 60.5 58.9

41.6 56.6 71.9 65.2 44.8 63.6 62.4

T L P SRR 25 8 B A2 2R
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KPR, KE, Fih, BCME, BXE, EEIL
M BRMIEE S BRSHMAN AR GBS HE

<2 TextZoom #HHEE F Ace R FTIEFRHI LB ER
Table 2 Comparison of the Acc and supplementary metric

of different methods on the TextZoom dataset

i Ay Acc/% PSNR/B SSIM
BICUBIC - 39.3 20.4 0.696
SRCNN ECCV’2014  40.7 20.8 0.723
LAPSRN ~ CVPR’2017 448 21.3 0.744
TSRN ECCV’2020  51.5 20.8 0.759
TBSRN CVPR’2021  55.5 20.9 0.763
TG AAAI’2022 565 18.8 0.660
TPGSR TIP’2023 586 21.2 0.762
TATT CVPR’2022 585 21.2 0.783
DPMN AAAT’2023 589 21.3 0.784
MSPIE TAI’2024  59.6 21.5 0.789
PAM MM’2023  59.6 - -
TEAN TCSVT’2023  59.3 21.7 0.785
PERMR EAAI’2023 589 21.6 0.796
A JIG’2025 624 21.9 0.789
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Fig. 7 Visualization comparison with other mainstream methods
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Table 3 Ablation experiments on fusion approaches

o Acc/% PSNR/dB SSIM
A =X

w/ wlo w/ wlo w/ wlo
FEAEAR N 60.8 60.6 21.6 212 0.784 0.781
FHE D 597 591 217 212 0.786 0.783
w, (AE) 624 616 219 219 0789 0.788
w, (A@H) 614 615 217 215 0792 0.788
L AR R 2 VRN PE AR R 25 SR 0w/ owio 43 A R
AN AT 2R T AL

5.3 x5M3x 7, B RHFRER . R T RIEX L
Oy SRR LA DA G Sl AT
TS G (285026 I AN B B SRR AR AR . S50
GESRMNE AR, R 42 SR BRI, Ik fE
R E A,
3.4.3  SURZEHISN A IBABL 1 1% A B

SCARZERE Bl 2 BN A LI 1o % 223 a2 07 =X
PEIE OB (N G5 ShASRFAE o XPIZALER AR IR
BOHATIH A SLS , SLge a5 SR S R LA
AR ECH S ISR et
3.4.4 SRR

FEHE SCAS [T FE B | SCACHE RS 56 50 FH 14
B SCATE A s i Az i X R S I8 e e it
AT RS DIE ] P e s (s B AR . A6
B, PN S5 R B O SR BCREAE AR i 9 77 =X
ARBUE eIt , Frit e ts ik 2w L ser
3.5 BRME

R T AR R 280 DL N R 5, (A 7E
Qb AR i AR 11 LR SCAS U BT AT FEAE SR B .
TaxX SE R 3 BRI, 5 B Bk, Tk iRl
JEAE A SE I TR, HE BRI TR 2% 2 R g,

x4 ZREFKEREMIR

Table 4 Ablation experiments on multi-scale strip

convolution

LRy B LR
SCBU %3 1x5 3x5 3x7 Ace/% PSNR/B SSIM
Voo - - 4 583 214 0773
vooo- NV - 587 213 0762
vy - - 594 209  0.765
g - V-V 594 212 0784
- v V- el1 215 0784
- - NV 604 214 0774
v o4 4 - 6l9 217 0766
v oo - V621 217 0762
. vooo- V4V 605 218 0.779
- v VY els 217 0790
4 Vo4 YV 624 219 0789

T ML IR R R 45 B B 2 S0 N Fm i L < - R R
T

RS NAGHBEMERMNERKE
Table 5 The number of iterations of the text structure

sensing module

AR AR Ace/% PSNR/dB SSIM
2 493 17.8 0.687
3 55.6 19.4 0.714
4 59.9 21.3 0.783
5 62.4 21.9 0.789
6 61.4 21.3 0.788

TE LR FRIR & 5 R LA 2R

HE LAY 25T PR 3 — BR ] ol A T T A
STISR J5 % , H T 14 ARAT RAF A Bk 05 58

®6 NAXKREBRAER

Table 6 The use of text prior information

SCARTE XL e SCAHE RS e Accl/% PSNR/dB SSIM

x N 59.1 20.9 0.714

N x 60.7 21.6 0.724

x 56.9 19.3 0.702

FRHEZ TR AN N 62.4 21.9 0.789
FRAF G K PR N N 61.7 217 0.791

LR R S e R AR, N FOR B, X ZR AR
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