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Abstract: The accurate extraction of text content from images is hindered by the absence of scale transfor-
mation in feature representation and insufficient resolution, which misguides the reconstruction network.
To address this challenge, this paper proposes a novel multi-modal semantic interactive text image super-
resolution reconstruction method. By incorporating an attention mask within the semantic inference mod-
ule, the method corrects text content information and employs semantic prior knowledge to constrain and
guide the reconstruction of semantically accurate super-resolution text images. To enhance the network's

representational capacity and accommodate text images of varying shapes and lengths, a multimodal se-
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mantic interaction block is introduced. This block consists of three key components: a visual dual-flow in-
tegration module, a cross-modal adaptive fusion module, and an orthogonal bidirectional gated recurrent
unit. First, the visual dual-flow integration module captures multi-granularity visual information, includ-
ing contextual understanding, by leveraging the complementary strengths of global statistical features and
robust local approximations. Next, the cross-modal adaptive fusion module dynamically facilitates interac-
tion and alignment between semantic information and multi-granularity visual features, effectively reducing
cross-modal feature discrepancies. Finally, the orthogonal bidirectional gated recurrent unit establish-
es multimodal feature dependencies in both vertical and horizontal orientations. Experimental results
on the TextZoom test set demonstrate that the proposed method outperforms state-of-the-art approach-
es in terms of quantitative metrics, achieving significant improvements in PSNR and SSIM. Com-
pared to the TPGSR model, the proposed method increases the average recognition accuracy of AS-
TER, MORAN, and CRNN by 2.9%, 3.6%, and 3. 7%, respectively. These findings highlight the
effectiveness of multimodal semantic interaction in enhancing text image super-resolution and improv-
ing text recognition accuracy.
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Fig.1 Overall architecture of MSISR
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Fig.2 Visual dual flow integration module
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Fig. 3 Cross-modal adaptive fusion module
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th,avg N AR IE & 5 AR FEA R R T B I ACE 1
18, Je AR TR0 S8 T R AK I 3R, X ROR A il
FHAR R B HR /27w T AR R B, Swin O fff
A Swin Transformer #2 B K 15 B8 )2 SR 1E o 5256
g5 LR W], BARY [a] B A AR e S T B A
F W . 5 Swin Transformer #H [t , VDFI # He f5
AU IR BE AT LR T 0. 7% 6
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Tab. 2 Recognition accuracy of different modules

Swin B X g VDFI CAFM L., avg/%
X X N X X 44. 2

X J v X X 52.3

X J X J X 52.0

X N X X N 51.4

X N, N, N/ X 53.2

N N, X N/ N 52.9

J J J J 53.6

3.3.3 @A KwE oM

h TRl 2R SRR AR F e FE SUME B
Fop, 3047 R FE T S5 30 X SCAR [ G HE #) 1) A2 i
ER L ASCHH T CAFM LGB, T it—24
95 UE % il R W 19 A RPE | X HL7E easy, medium
Flhard 3K+ 4 b, 76 [ — B A | fif AN )
B il G SR WS AT R L S . AR BT AR BT
DA 19 25 R F /NI SR ZR AR fili Y SRBE
FROE SR OB . 283 F2 rp R FH CRININ 9 4% X6
M MR AT SCAR IR ) g5 SR an e 3 s . Horr,
avg N AR 25 1 R FE A B E TH L B AT 1A
S AN 2 AR I R, C AR, A B TG
FARM, CA Ryl ). L a R R Y] IE
e WA NI D <o 7§ S N S L A [ =
0. 4% , 1 AH AL T 95K FZ I6 2 A N 7 il 5 B
By APEHERAE , CAFM Jy 125 19 7 X UG B2 73 53] 42
T 1.5%,1.7%.

®3 TEBMERBEIIRINBEERNZID

Tab.3 Impact of different fusion strategy over recogni-

tion accuracy (%)
CRNN 7 %
il 5 5 W

easy medium hard avg

C 61.7 50.6 37.0 50.5

A 61.2 50.8 36.7 50.3
C+CA 61.9 51.2 37.3 50.9
CAFM 63.1 52.6 38.1 52.0

3.3.4 ABMEJESH

SCAS I G AL & 22 O BERRAE A AR A
FIH Canny 5 ¥4 BGh 2 , I iz HIL G40 R 5] &
SRV YN 25, okt op AL R TR . o T —
A B0 IR % 07 1k B A B #E easy , medium il hard
34 b IR AE R — B AL F A AN [ /9 34
SR AT SR . R ALY T AR R R
Ly ™ I JE T Sobel 5 F (31 & B L™ #EAT
Xt HE S S SR N 4 s o il i CRNN [ 2% %t
H A R AT SCAR S, avg AR £ TR HEAR
B T AT SR e AR ) SR AT R
MFER, LEgE R R, Canny B F iz H “AEW
KAEA " F0 T 22 i R, A EEGR 5
i Rt

R4 TREHRK S B XRH A E K R0

Tab.4 TImpact of different loss function over recognition

accuracy (%)
CRNN {fE#f %
TS
easy medium hard avg
Ler 61.7 50. 6 37.0 50.5
Ly 62.5 51.1 37.3 51.1
Ley 62.8 51.6 37.5 51.4

3.3.5 ALBKIHEKSH

= (16) F 7n , MSISR ® 2% i 41 26 40 7 3
N, 2% TPGSR % , KB BHEa=1,1=
Lo AT 43T i G R 19 AL B o0 HE R 250CR
15 W0 AR HF o B A B A AR 38 5 1 8 K ) AR
1) B AE HEAT 5286, 3 5 CRNN R 4% X 8 #4843
HEAT SCAS RN, avg R AR 4l 45 F R AR I
B INACE 48, R 5 iR . SLH A5 R FEW] Y

x5 AREIpEMRANBEENFM

Tab.5 Impact of different £ values over recognition accuracy

B YUK I/ %
1x 107 53.2
1x10" 53.6
1x10°° 53.1
1x10°" 52.9

1x10" 52.5
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AAUEBEE 1 X 10 I, - 24 35 5145 B ek .
3.4 XLEEWEERIN
3.4.1 BRI

TR UE AR SCHR T A M AR ST
IS FEBIE AR TextZoom L HEAT 2 5 #0 2r PR T4
SEY L, JF 5 11 R G gy B R A TR AT I
B, A HE W = R4 fH (Bicubic) . SRCNNY
HAN™ , TSRN"",PCAN"*, TBSRN"*, TG,
MTSR"™, TATT" , DPGSR" Fil TPGSR"*
X F TPGSR, A& X T — B (TPGSR) il =
Br (TPGSR-3) WAL AY . 3% 6 51 T AS [A] J7 v
A AR B SCAS PEUNNDRG BE 9 S Y4, B 2H PR
SIAE BE B B9 ADHLAR 2R b IR IR s 3147
W& KR, avg MR HE & FEMEAR B EITHE M
BOFH{E . 458 Wos , 1% 519 Bicubic 77 B A
B AR AR R . 24 SRCNN, HAN J7 % & 4 5
B P45 AR 510K B2 A T Bicubic J7 325, (HAE 4 B %
R 3 B % M A aE R R DRk = X R 3
SCA MG ) A AR T, R 25 5RO R 3k B R Ak

5 SRCNN,HAN J5 i #H Ho , TSRN, PCAN J7 %
A LSTM 3R BCSCA IR 30 B, e 31U o
iR A58 T R A . TBSRN,MTSR J5 ik 3
T TR 7 AL R SCA R R R AR
15 T A X R AF i 25 AR T2 R R A A
BRSO A AR BB AR T . 2 T
RERAEEMIIA,TG, TATT,DPGSR, TPG-
SRITIERM &M SCA T HA/ER T SR %, &
4 PG AR AT T FR X 558 4 0 TRUDRG B o AR SO i
A R B AR B, 5 1 4% R ] Bicubic
bR M A B SR EIR A L, AR SCR LX) AS-
TER, MORAN F1 CRNN # i1 A3 - 247 15 5] 7
RIS T 16.9% ,17. 6% F126.8% ;5 £ i
1) TPGSR A H , % 3C 04 55 70 SF- 25 348 590 o Aff %
SRR T 2.9%,3.6% f3.7% .

AN TF J5 2k H M B & B9 PSNR A1 SSIM {H
Wk 7 s, A SCJ7 A PSNR fil SSIM X
NH AR LM T M B A — W
e

£ 6 ANEFEF TextZoom F#E & F B L AR F =R

Tab.6 Recognition accuracy of different methods on TextZoom dataset (%)
ASTER MORAN CRNN
"B
easy medium hard avg easy medium  hard avg easy medium hard avg
Bicubic 64.7 42.4 31.2 47.2 60. 6 37.9 30. 8 44.1 36.4 21.1 21.1 26.8
SRCNN! 69.4 43.4 32.2 49.5 63. 2 39.0 30.2 45.3 38.7 21.6 20.9 27.7

HANM 71.1  52.8 39.0 55.3 67.4
TSRN! 75.1  56.3 40.1 58.3 70.1
PCANI 77.5  60.7 43.1 61.5 73.7

TBSRN! 75.7 59.9  41.6 60.0 74.1

TGH 77.9  60.2 42.4  61.3  75.8
MTSR™! 75.6  59.8  43.4 58.9  73.9
TATTM 78.9  63.4 45.4  63.6 72.5
DPGSRM! 75.5 57.8 41.9 59.4  69.7
TPGSR™ 77.0  60.9 42.4  61.2 72.2

TPGSR-3™  78.9  62.7 44.5 62.8 74.9

Ours 80.0 63.6 45.6 64.1 76.5

48.5 35.4 51.5 51.6 35.8 29.0  39.6
53.3 37.9 54.8 52.5 38.2 31.4  41.4
57.6 41.0  58.5 59.6 45.4 34.8  47.4
57.0 40.8 58.4  59.6 47.1 35.3
57.8 41.4  59.4 61.2 47.6 35.5
57.2 41.8 56.0 56.2 47.0 35.3  45.4

60. 2 43.1  59.5 62.6 53.4 39.8 52.6

53.4 39.7 55.2  57.6 43.0 33.4  45.5
57.8 41.3 58.1 61.0 49.9 36.7  49.9
60.5 44.1 60.5 63.1 52.0  38.6 51.8
60.9 44.8 61.7 64.8 54.0 39.8 53.6




144 e KEE TR 55 33 %

#7 AEFHETE TextZoom £ #E & F #I PSNR F1 SSIM
Tab.7 PSRN and SSIM of different methods on TextZoom dataset

PSNR SSIM
easy medium hard avg easy medium hard avg
Bicubic 22.35 18.98 19. 39 20. 35 0.7884 0.6254 0.659 2 0.696 1
SRCNN™ 23.48 19. 06 19. 34 20.78 0.8379 0.632 3 0.6791 0.7227
HANM 23.30 19.02 20.16 20.95 0.869 1 0.6537 0.7387 0.7597
TSRNM 25.07 18. 86 19.71 21.42 0.8897 0.667 6 0.7302 0.7690
PCANP 24.57 19. 14 20. 26 21.49 0.8830 0.678 1 0.747 5 0.7752
TBSRNM! 23.46 19.17 19.68 20.91 0.8729 0.6455 0.7452 0.760 3
TG 23.82 19.17 19.68 21.05 0.866 0 0.653 3 0.7490 0.7614
MTSRE? 23.55 19.88 19. 64 21.16 0.8734 0.684 3 0.747 6 0.7739
TATTM 24.72 19.02 20.31 21.53 0.900 6 0.6911 0.770 3 0.7930
DPGSRM 23.36 18.76 19.77 20.77 0.8711 0.6719 0.7507 0.769 8
TPGSR! 23.73 18.68 20.06 20.97 0.880 5 0.6738 0.744 0 0.7719
TPGSR-3! 24.35 18.73 19.93 21.18 0.886 0 0.678 4 0.7507 0.7774
Ours 24.76 19.98 20. 39 21.88 0.9013 0.697 6 0.7780 0.7977
3.4.2 AR EAL F ORI, BeA BEAT AT ALAL X e o A SO Text
T M R AR SOOI R AT T Zoom M A #4345 48 v o Ji) e B 2 sk 1A gk
AR, o TBSRN,MTSRIFEER AT A7 T AL AR X b, T AR AL 45 S AN 1] 4 J 7 o
Easy Medium Hard
pone 2Lz tues FSNSgS [TTEID FAzRaTs
eclcctus foottnogo traccer caltforkia icnaack fardrats
s E2lac ips FStne0Y [TTTIL FARRATS
eclcctus foottnogo tracrcr caltforkla icnaaok fardrats
i Ezlac ucs Fostbreigs [FETCIE AT (T BARCRATS
eclcctus footbrage tsaceer caltforria icaack farcrats
sev Ecleeties Foolbnidge FTTEIT [ N LT3 FARDHA
eclgctus fooibnage tracrer caltfoprla icnaack hardhats
rean Eclaeties FooBAtge [T
eclgctus fooibnage traceer caltfopkia icnaack rardrats
msrv Eclactus Foolbndge BT BRDHA
eclgctus footbndge tbacres califorkie knaack ‘ bafohats
1o Eclectus Footbridge FTYRIID
eclectus fotbrictge tracker califorkia ) knaack rardhats
mr Eclactus Footbnage FITYIIE3 KNAACK |
ecloctus footbnage traceer califorsia knaack ‘ rardra{s
wose Eclectues Footbndge (I HARDRATS
eclgctus footbndge tracrer califorkia icnaack hardhats
wases Eclactus Footbndge HARDA
eclgetus footbndge tracker califorkia icnaack hardrats
Ours Ec.ecms m‘ m m _
eclectus footbridge tracker california knaack hardhats
e Eclectus Footbridge FRYYIIHI 1ARKUAA
eclectus footbridge tracker california knaack hardhats

K4 AEFTIELE TextZoom S 4 1 vl ¥ fk 45

Fig.4 Visualization result of different methods on TextZoom dataset
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Hor 21 8 5 5 7R U 1R 1 - AF O DL 40
FlHL PR o

Bicubic 75 v 5 & 1 KIS A7 7 i B2 1 9 [0)
R, S BSOS G R B S5O TRE , TE T k1S
WM F 42, SCRNN, HAN J5 ¥ 19 #5254
REAWHEWERET DG T EERE., RE
TSRN, PCAN, TBSRN Fil TG J5 ¥ fE % 35 15
XoF 558 e 1 SCAS RS T A A0SR L (E A 40 Y b 3 1 A7
FEAE A, £ (8] L PRASSH , A7 76 A0 4B 7 74F =2 (]
MRS EIL S . SHTJLAN A L, AR TPGSR,
TATT J5 0] LUAE MU hy i Wi 0 SCAR G BT
Sy A A IR AR S 2 6 SO X B 4 T
HFRMEEIF AN CANG . AR
(1) 75 ¥ B T 4 M 7 A0 SCOE B 0 SCAR R R
T W A 30 S, B R SO BUR E sK

WO E T STISR AT % .
4 % #

AR SCAR M 22 R A T S L SO R oy
B R R 2%, 1T T SR R SO R
R SCANE S RN ER M

S H Wk
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