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Fig.1 The Architecture of HSRATN
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Fig. 2 The Demonstration of Binary Semantic Masks
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Fig.3 The Proposed Hybrid Sequential Residual Attentional Block
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Hsa(Fij) = Hix ([Fs,; Fs,]) = (Wp[Fs,; Fgs,]) (7)
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Fig.4 Joint Constraint Loss of HSRATN
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ASTER (attentional scene text recognizer) 41155
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Table.1 Ablation Study for Different Settings of HSRATN

Jiik fic & 2K B T

ASTER {fEffi%

easy medium hard P
1 HRAN L, 70.5% 55.9%  38.5% 56.0%
2 HRAN Ly+Lgy 71.9%  559% 37.8% 56.3%
3 HRAN+ LCA L, 71.3% 56.2% 38.9% 56.5%
4 HRAN+SU L, 72.8%  57.1% 39.6% 57.5%
5 HRAN+SU 1, 4+L, 729% 57.6% 39.8% 57.8%
o HRANSU bl 735%  58.4% 40.8% 58.6%
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Fig.5 Results of Ablation Study
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Fig. 6 The Intermediate Feature Heatmap
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(laplacian SR network, LapSRN) 281, 53R FF 5%
74y (enhanced deep residual SR, EDSR). 7% % %
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TextZoom F1/2 A [ ACRE %of iy 5 455 250 26 )11 25
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f8FH B 3 9 SC AR ) B2 A ASTER . MORAN
( multi-object rectified attention network ) 1 Fl
CRNN (convolutional recurrent neural network) B¢
BN EAEE AT . ATLE H, 2 HERIBCR 2
f5T, HSRATN H 2 45 SL R v A 22 0 T F AR AR Y
5L VL HRAN AHHEL, HSRATN & 45 3 (1)
ASTER. MORAN F1 CRNN F-J iR 51l tHE A 2% 3 51l $12
T 2.6% 32%M 4.7%. 5iZATIEATSE 138
/3% DRLN AL, HSRATN 45 B 1R 5 HERG R 7
BIHRTE T 2% 2.4%H1 3.3%. 5 CA# > HE TSRN
FHEL, HSRATN ff] ASTER 1 CRNN ~F33 iR 5l v fff
RIEX2 RE R R 0.3%M 4.1%38 T, &%
T et

LM 2% (residual dense network, RDN). MSRN.
HRAN H1 DRLN 25 1 #7377 i% L S OSCA i 7
2 TextZoom AL HIREB O R IRBERYR
Table.2 Performance of SR Models on Three Subsets in TextZoom

o ASTER #Effi % MORAN A % CRNN #Eff %
- i i i
easy medium  hard P easy medium hard 13 easy medium hard Ty
BICUBIC - 64.7% 42.4%  312% 472%  60.6% 37.9% 30.8% 44.1%  36.4% 21.1% 21.1% 26.8%
SRCNN L, 69.4% 43.3%  322%  49.5%  63.2% 39.0% 30.2% 453%  38.7% 21.6% 20.9% 27.7%
VDSR L, 71.7% 43.5% 34.0% 51.0% 62.3% 42.5% 30.5% 46.1%  41.2% 25.6% 23.3% 30.7%
SRResNet L,+ L, 69.6% 47.6% 343% 513% 60.7% 42.9% 32.6% 46.3%  39.7% 27.6% 22.7% 30.6%
RRDB Ly 70.9% 44.4% 32.5%  50.6%  63.9% 41.0% 30.8% 46.3%  40.6% 22.1% 21.9% 28.9%
EDSR Ly 72.3% 48.6% 343%  53.0%  63.6% 45.4% 32.2% 48.1%  42.7% 29.3% 24.1% 32.7%
RDN L, 70.0% 47.0% 34.0%  51.5% 61.7% 42.0% 31.6% 46.1%  41.6% 24.4% 23.5% 30.5%
LapSRN Charbonnier ~ 71.5% 48.6% 352%  53.0%  64.6% 44.9% 32.2% 48.3%  46.1% 27.9% 23.6% 33.3%
MSRN L, 70.2% 54.6% 37.0%  55.0%  64.2% 47.9% 35.1% 50.0%  49.80%  34.90%  29.9% 38.9%
HRAN L, 70.5% 55.9% 38.5%  56.0% 64.70% 48.80%  36.20% 50.8%  52.80% 36.80% = 30.40% 40.8%
DRLN L, 72.3% 55.1% 39.1%  56.6%  66.58% 49.10%  36.30% 51.6%  53.40%  40.60%  30.50%  42.2%
TSRN Ly + Legp 75.1% 56.3% 40.1%  583%  70.1% 53.3% 37.9% 54.8%  52.5% 38.2% 31.4% 41.4%
AR L, + LGP 73.50%  58.4%  40.8% ss 6% 672%  53.4%  38.8%  54.0% 56.2%  44.4%  33. 7% 45.5%
easy medium i hard
1R _Eduauonm MINIMUMED MONAL__
statistics education access naturelles minimum supervisor national parking musicaalta
BICUBIC —u—-_m—m—u_uu
(stati)which lack(ation) more(s) naturalles superniser upon pasking mus(i)caalta
SRResNet —m-———umom.— usic
statistics education access naturelles much superrisor muticall parking musicaalta
wsey  SUIISERES] £ cvoation ACCTSS [EIMRITTIETT Supenvisor. NATICRAL PARKING' WUSICA ALTA
statistics education access naturelles mindmum supervisor national parking musicaalta
SERTISHIEN] )00 NS [T [CIILTIL) sépervisar, NATIONAL PABKING: ¥USCA ALta
statistics education access naturelles minimum supervisor mathoral parking musicaalta
~  SESNSHES £ o oation RECTSS [T CITITTIT supervisor NATIONAL PARKINE! YUSICA ALTa
statistics education access naturelles minimum supervisor national parking musmaalta
rorn  SRMIIES E dvcation ACEESS QERVIIS TN Supeiiser K.LTI0KAL PARKING Yusics
statistics education access naturelles mention superrisor iulional parking musucaa]ta
A3 _Emmn__xmoml_...__
i statistics education access i naturelles minimum supervisor | national parking musicaalta



B 7 LR AR 5
Fig.7 Results of State-of-the-Art SR Models
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Table.3 PSNR and SSIM of SR Models on TextZoom

Frik PSNR SSIM

easy medium hard easy medium hard

BICUBIC  22.35 18.98 1939  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
RRDB 22.12 18.35 19.15  0.8351 0.6194  0.6856
EDSR 24.26 18.63 19.14  0.8633  0.6440  0.7108
RDN 22.27 18.95 19.70  0.8249  0.6427  0.7113
LapSRN 24.58 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

AEVE 23.00 18.94 2021 08710  0.6751  0.7542
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Fig.8 Comparisons for Performance and Number of Parameters
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Table.4 Results of SR Models on Synthetic TextZoom

i S ON ASTER #Effi%

R L e

BICUBIC x4 21.7%  31.5% 45.9%  32.3%
SRResNet x4 431%  549% 58.4%  51.6%
MSRN x4 45.6%  57.8% 61.1%  54.3%
HRAN x4 513%  59.8% 623%  57.4%
TSRN x4 51.8%  60.9% 60.4%  57.4%
AR x4 52.8%  60.7% 62.4%  58.3%
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Table.5 Results on ICDAR 2015 TextSR Dataset

OCRge=1—~

ik HokE vk ssm 0K

SRCNN x2 31.75 0.980 77.19%
SRResNet x2 29.04 0.950 76.55%
LapSRN x2 31.40 0.972 76.48%
EDSR x2 32.09 0.976 77.53%
RDN 2 32.61 0.978 77.67%
HRAN x2 32.92 0.987 78.63%
SCHR[19] x2 32.86 0.979 78.80%
SCHR[31] x2 3321 0.978 78.78%
SCHR[32] x2 33.94 0.982 78.83%
A x2 32.97 0.987 79.04%
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Fig.9 Results of HSRATN on ICDAR 2015 TextSR Dataset (x2)
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Text Super-resolution Method with Attentional Mechanism and Sequential Units
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Abstract: Objectives: The text in street view images is the clue to perceive and understand scene information. Low-resolution street

view images lack details in the text region, leading to poor recognition accuracy. 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 attentional mechanism and sequential units. Methods: A hybrid residual attention structure is proposed to extract
spatial information and channel information of the image text region, learning multi-level feature representation. 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 is designed to sharpen character boundaries. Results and Conclusions: In order
to verify the effectiveness of the proposed method, we use real scene text images in TextZoom and synthetic text images to carry out
comparative analysis experiments. Experimental results show that the proposed method can reconstruct clear text edges and rich text
texture details, and improve text recognition accuracy of street view images.
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