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Abstract: Objectives: The text in street view images is the clue to perceive and understand scene informa-
tion. Low-resolution street view images lack details in the text region, leading to poor recognition accura-
cy. Super-resolution can be introduced as pre—processing to reconstruct edge and texture details of the text
region. To improve text recognition accuracy, we propose a text super—resolution network combining atten-
tional mechanism and sequential units. Methods: A hybrid residual attentional structure is proposed to ex-
tract spatial information and channel information of the image text region, learning multi—level feature repre-
sentation. A sequential unit is proposed to extract sequential prior information between texts in the image
through bidirectional gated recurrent units. Using gradient prior knowledge as the constraint, a gradient prior
loss 1s designed to sharpen character boundaries. Results: In order to verify the effectiveness of the pro-
posed method, we use real scene text images in TextZoom and synthetic text images to carry out compara-
tive analysis experiments. Experimental results show that compared with the baseline and state-of-the-art
general super—resolution algorithm, our model reconstruct sharper text edges and clearer texture details in
visual perception, and achieve higher recognition accuracy. Conclusions: Our method can make better use
of the prior knowledge of text areas in images, which help reconstruct text details, improving accuracy of

the text recognition task.
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Fig.1 The Architecture of HSRATN
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Fig. 2 Demonstration of Binary Semantic Masks
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Fig.3 The Proposed Hybrid Sequential Residual Attentional Block
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Tab.2 Performance of Super-Resolution Models on Three Subsets in TextZoom/ %

ASTER #fiEffy % MORAN iy CRNN /&

G 51 5 bR B
HHoo M WM PY AS S R WM P &5~k B Ty
BICUBIC 64.7 424 312 472 606 379 308 441 364 211  21.1  26.8
SRCNN L, 69.4 433 322 495  63.2  39.0 302 453 387  21.6 209 277
VDSR L, 717 435 340 51.0 623 425 305 461 412 256 233 307
SRResNet  L,+L,+ L, 69.6 47.6 343 51.3  60.7 429 326 46.3 39.7  27.6 227 306
EDSR L, 723 486 343 53.0 63.6 454 322 481 427 293 241 327
RDN L, 70.0  47.0 340 51.5 617 420  31.6 461  41.6 244 235 305
LapSRN Charbonnier 715 486 352 53.0 64.6 449 322 483 461  27.9 236  33.3
MSRN L, 70.2 546 37.0 550 642 479 351 500 498 349 299 389
HRAN L, 705 559 385 56.0 647 488 362 50.8 52.8 368 304  40.8
DRLN L, 723 551 391 56.6 66.6 49.1 363 516 534 406 305 422
TSRN Lo+ Lep, 751 563 40.1 583 701  53.3  37.9 548 525 382 314 414
ES @RS Lo+ Loy, 73.5 584 40.8 58.6 67.2 534 388 540 56.2 444 337 455
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PSNR 7£ 45 5 Al — i 48 b BB 322, A W 7
T A (1) PSNR A SRS 25 461 2% pR B A
K, e /MR F R S5 R T 4% B Kk PSNR
(B o A SCR B & 20 s 2R I R 0 2%, A
T AR R PSNR fE R B — iR Rk
(2) 7€ Ab 3 3 92 Fod 45 b LR/HR BHE AR T 5% 7]
BUEE A STN ] B8 1 6 B R 1% & e & .
SSIM 7£ %5 5 M 4 b B0 48 22 , W A S5 vk
T3 T B AR o i R B A 3l OR U, PSNR
F SSIM /S R v i b i e Pl A5 A0 9 g o i TR
W, A SO SCAS TR0 E i RO M 48 A
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HRAN . DRLN , TSRN FI 7 3 J5 ¥ (135 43 8 2 &
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“musicaalta”,

(&l 8 J IR T A S5 v RN B 43 3 Ui 455 78 A P g
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Zoom ¥4 % AT . W LLE i, HSRATN [t
RDN . DRLN EDSR Z: # i 5 /b, 8 gl OR )
WA o M T EDSRBER , S 8B R T 2
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PSNR #1 SSIM &
Tab.3 PSNR and SSIM of Super-Resolution Models on
TextZoom
PSNR SSIM
J5 i — —
wy o B W Y — % b

BICUBIC 22.35 18.98 19.39 0.7884 0.6254 0.6592
SRCNN  23.48 19.06 19.34 0.8379 0.6323 0.6791
VDSR  24.62 18.96 19.79 0.8631 0.6166 0.6989
SRResNet 24.36 18.88 19.29 0.8681 0.6406 0.6911
EDSR 2426 18.63 19.14 0.8633 0.6440 0.7108
RDN  22.27 18.95 19.70 0.8249 0.6427 0.7113
LapSRN 2458 18.85 19.77 0.8556 0.6480 0.7087
MSRN  23.20 19.01 20.12 0.8538 0.6589 0.7301
HRAN  23.08 18.87 19.86 0.8621 0.6652 0.7355
DRLN 2291 18.98 20.00 0.8622 0.6676 0.7425
TSRN  25.07 18.86 19.71 0.8897 0.6676 0.7302
AR 23.00 18.94 20.21 08710 0.6751 0.7542
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Fig. 7 Results of State—of-the-Art Super—-Resolution Model
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Tab.4 Results of Super—Resolution Models on
Synthetic TextZoom

ASTER E#R/ %

Tk ORAE R — N ;
Wik Wk Wk F
BICUBIC 4 21.7 31.5 45.9 32.3
SRResNet 4 43.1 54.9 58.4 51.6
MSRN 4 45.6 57.8 61.1 54.3
HRAN 4 51.3 59.8 62.3 57.4
TSRN 4 51.8 60.9 60.4 57.4
ARICT5 4 52.8 60.7 62.4 58.3
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P bR T H AR I %, 0,8 79.04%,
He HR Jgt [ 38 51 o o %8 78.80% 1 0.24%,
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Tab.5 Results on ICDAR 2015 TextSR Dataset

VRS BRAER PSNR SSIM 0,/ %

SRCNN 2 31.75 0.980 77.19
SRResNet 2 29.04 0.950 76.55
LapSRN 2 31.40 0.972 76.48
EDSR 2 32.09 0.976 77.53

RDN 2 32.61 0.978 77.67
HRAN 2 32.92 0.987 78.63
CHk[19] 2 32.86 0.979 78.80
LHk[32] 2 33.21 0.978 78.78
SCHik[33] 2 33.94 0.982 78.83
A7 2 32.97 0.987 79.04
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Fig.9 Results of HSRATN on ICDAR 2015
TextSR Dataset
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