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Abstract The single Image super-resolution (SISR) reconstruction task is an ill-posed and
challenging inverse problem, which is the research hotspot in low-level computer vision tasks.
SISR attempts to reconstruct a clean high-resolution (HR) image with rich and natural texture
details from its low-resolution (ILR) version, which is crucial in various computer vision fields.
Recently, lightweight networks for SISR have increased in popularity, and numerous lightweight
SISR networks have been proposed for various practical applications. The landscape of deep
learning has witnessed a significant surge in interest in lightweight SISR techniques, which have
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proven to be powerful tools for the enhancement of image quality. Despite their potential, these
techniques often encounter a critical challenge: the difficulty in capturing the intricate, long-range
This
computational constraints, restricts the full realization of the capabilities of lightweight SISR

interdependencies between pixels within an image. limitation, primarily due to
algorithms, indicating a substantial area for improvement. In response to this challenge, we
introduce a pioneering solution with the development of the Intra-block and Inter-block Dual
Aggregation Network (IIDAN) ,

Carefully designed, the IIDAN framework is engineered to explicitly capture the global

a transformer-based, lightweight network architecture.
dependencies that exist within images. thereby significantly enhancing the quality of SISR results.
Our innovation is anchored in the understanding of the inherent non-local structural similarities
present in natural images. Building upon this insight, we have crafted the Intra-block and Inter-
block Transformer Module (IITM) , a novel module that adeptly manages self-attention
mechanisms at two distinct levels. The first level operates within a single block, referred to as the
intra-block transformer (Intra-T) , while the second level functions across different blocks,
known as the inter-block transformer (Inter-T). By seamlessly alternating between these two
attention mechanisms, the II'TM integrates the extraction of complex local features with the
recognition of broad global structural patterns, providing a comprehensive analysis of the image.
Moreover, we have introduced the Information Interaction Mechanism (IIM) as a strategic
enhancement to the II'TM. This mechanism intelligently blends the strengths of intra-T and inter-
T, using insights from inter-block information to enrich intra-block attention. This approach not
only expands the scope of structural understanding but also ensures that a broader perspective does
not compromise the detailed understanding of fine-grained details. Simultaneously, the inter-
block attention is reinforced by the detailed local information from intra-block attention, ensuring
a balanced and holistic approach to image analysis. The effectiveness of our IIDAN methodology
is evidenced by a series of experiments. These experiments demonstrate that IIDAN not only
stands its ground but also surpasses the most respected lightweight SISR methods of recent times.
Our framework commendably strikes a balance between minimal parameterization and reduced
computational complexity. consistently producing super-resolution images of exceptional quality.
This achievement is a testament to the innovative design and meticulous implementation of
IIDAN. In conclusion, the IIDAN presents a solution that is both computationally efficient and
capable of generating high-fidelity super-resolution images. Its dual attention mechanism,
complemented by the strategic Information Interaction Mechanism, positions the IIDAN as a

leading contender in the pursuit of superior image quality enhancement.

Keywords single image super-resolution; lightweight; Transformer; global structural similarity;

information interaction
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Model Inter-T -+ Local-IEB Intra-T+Inter-IEB ~ Params/K FLOPs/G PSNR/dB SSIM
[IDAN-NoIIM 723.0 34.8 31.25 0.9168
IIDAN-InterB N 737.5 35.2 31.39 0.9178
IIDAN-LocalB v 754.9 36.8 31.35 0.9173

[IDAN N N, 769. 2 37.3 31.47 0.9181

Urban 100(x4) :img 004

SETNNNY
SRR

Urban 100 (x4) :img 083

[TDAN-LocalB

Baseline [ IDAN-Nol IM

LIDAN-InterB [ TDAN HR
Baseline [ IDAN-NoIIM IIDAN-LocalB

IIDAN-InterB [ IDAN HR

K6 TR A B BOB R SR WAL SEROCR FUAL A (AL @A P AT L R O D

fEEE A A L ezl HR BME . B 6 R A5 7
TATE AR T AR 38 SCH H R BB st 1A 3
4.3 HuiiaAEMNILEXE
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123 JE A% FET Transformer [ 3 A BRI RUR B 1 5P (80 53 B T A 0 % 2795
#x3 AEMNEERSISRAEETREERFAH4ETHEY PSNRE., FHSSIM A EESH = Params NIt EE R E
FLOPs

Publication Params  FLOPs Set5 Setl4 B100 Urban100 Mangal09
Method Scale PSNR PSNR PSNR PSNR PSNR
Year /G SSIM SSIM SSIM SSIM SSIM
/dB /dB /dB /dB /dB
SwinIR—light“ﬂ 2021 930 63. 6 32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 0.9151
ELAN—light“‘” 2022 601 37.1 32.43 0.8975 28.78 0.7858 27.69 0.7406 26.54 0.7982 30.92 0.9150
ESRT! 2022 751 45.8 32.19 0.8947 28.69 0.7833 27.69 0.7379 26.39 0.7962 30.75 0.9100
MSRA 2023 789 53.6 32.46 0.8984 28.86 0.7876 27.72 0.7419 26.65 0.8037 31.08 0.9157
CARN® 2018 1592 90.9 32.13 0.8937 28.60 0.7806 27.58 0.7349 26.07 0.7837 30.47 0.9084
EMASRN® 2022 546 1055.3 32.17 0.8948 28.57 0.7809 27.55 0.7351 26.01 0.7838 30.41 0.9076
SRFormer—lightm] 2023 873 62.8 32.51 0.8988 28.82 0.7872 27.73 0.7422 26.67 0.8032 31.17 0.9165
Omni-SR™ 2023 X4 792 / 32.49 0.8988 28.78 0.7859 27.71 0.7415 26.64 0.8018 31.02 0.9151
CAMixerSR™ 2024 765 44.6 32.51 0.8988 28.82 0.7870 27.72 0.7416 26.63 0.8012 31.18 0.9166
SeemoRe-LF 2024 969 50,0 32.51 0.8990 28.92 0.7888 27.78 0.7428 26.79 0.8046 31.48 0.9181
IMDN#7 2019 715 40.9  32.21 0.8948 28.58 0.7811 27.56 0.7353 26.04 0.7838 30.45 0.9075
LatticeNet™™ 2020 77 43.6  32.30 0.8962 28.68 0.7830 27.62 0.7367 26.25 0.7873 / /
DRSANH! 2023 730 57.6  32.25 0.8945 28.55 0.7817 27.59 0.7374 26.14 0.7875 / /
DBNet*” 2023 832 51.8  32.29 0.8961 28.71 0.7834 27.66 0.7377 26.34 0.7909 30.83 0.9111
IIDAN(ours) / 769 37.3 32.59 0.9001 28.94 0.7888 27.79 0.7438 26.83 0.8070 31.47 0.9181

TE Ay i85 0245 DIV2K YIZRAE FUIZR, A8 T e AR Bl Frb R A PERE RIS — 1 i Re 20 2L e FiE G bric .

x4 FRPBELSISR FEE THRERFAH3ETH T PSNRE., £ SSIME EE S H 2 Params FIiTEE L E

FLOPs
o Set5 Setl4 B100 Urban100 MangalO9
Publication Params FLOPs
Method Scale PSNR PSNR PSNR PSNR PSNR
Year /K /G SSIM SSIM SSIM SSIM SSIM
/dB /dB /dB /dB dB

SwinlR-light"? 2021 918 111.0 34.62 0.9289 30.54 0.8463 29.20 0.8082 28.66 0.8624 33.98 0.9478
ELAN-light"”! 2022 590  68.5 34.61 0.9288 30.55 0.8463 29.21 0.8081 28.69 0.8624 34.00 0.9478
ESRT!® 2022 770 69.3  34.42 0.9268 30.43 0.8433 29.15 0.8063 28.46 0.8574 33.95 0.9455
MSRA®! 2023 777 91.5  34.65 0.9291 30.60 0.8470 29.24 0.8093 28.86 0.8664 34.29 0.9489
CARN® 2018 1592 118.8 34.29 0.9255 30.29 0.8407 29.06 0.8034 28.06 0.8493 33.50 0.9440
EMASRN™ 2022 427 853.5 34.36 0.9264 30.30 0.8411 29.05 0.8035 28.04 0.8493 33.43 0.9433
SRFormer-light®” 2023 861  105.0 34.67 0.9296 30.57 0.8469 29.26 0.8099 28.81 0.8655 34.19 0.9489
Omni-SR®” 2023 X3 780 / 34.70 0.9294 30.57 0.8469 29.28 0.8094 28.84 0.8656 34.22 0.9487
CAMixerSR* 2024 753 85.6  34.65 0.9295 30.62 0.8471 29.26 0.8093 28.81 0.8645 34.34 0.9491
SeemoRe-L" 2024 959  87.0 34.72 0.9297 30.60 0.8469 29.29 0.8101 28.86 0.8653 34.53 0.9496
IMDN® 2019 703 71.5  34.36 0.9270 30.32 0.8417 29.09 0.8046 28.17 0.8519 33.61 0.9445

LatticeNet"® 2020 765  76.3  34.53 0.9281 30.39 0.8424 29.15 0.8059 28.33 0.8538  / /

DRSAN!H! 2023 750 78.0  34.47 0.9274 30.35 0.8422 29.11 0.8060 28.26 0.8542  / /
DBNet*! 2023 826 70.2 34.46 0.9279 30.42 0.8427 29.18 0.8063 28.51 0.8571 33.99 0.9466
IIDAN(ours) / 757 68.0 34.78 0.9303 30.71 0.8489 29.31 0.8111 29.03 0.8686 34.57 0.9503

A R E DIV2K YN ZR4E BV

Y AR TS EMED AR B PR A VEREFIER SRR TERE SN AL LRI (ApRiT .

T35 SSIMAH . 3 3~ 501 WL, &5, 72 A 1)
TR AR 1 X 2, X3 X4 =Rl R R v AR SR
H 19 TIDAN RE 7 48R 2 500 1% 100 T 4R A5 5 3 19 °F-
] PSNR i &5 189 °F- 35 SSIM, A7 K 4 %5 B
IIDAN 7E Mangal09™" I () - ¥ PSNR {3 F 2 —

. HRGAE X 20 X3 XA = FhOR IR 7 i AR S
P20 Y TIDAN £ 48 K Z 500 16 50 T #F B A S AR
TR AR ANAE TR 4 F5 8, TIDAN (343058 J4
5 AR s T ZERCOR 35 A 445, TIDAN 315 58 2
BEH SRR
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CARN™! 2018 1592 222.8 37.76 0.9590 33.52 0.9166 32.09 0.8978 31.92 0.9256 38.36 0.9765

EMASRN® 2022 / / / / / / / / / / / /
SRFormer-light™’ 2023 853 236.0 38.23 0.9613 33.94 0.9209 32.36 0.9019 32.91 0.9353 39.28 0.9785
Omni-SRE 2023 X2 772 / 38.22 0.9613 33.98 0.9210 32.36 0.9020 33.05 0.9363 39.28 0.9784
CAMixerSR® 2024 746 167.0  38.23 0.9613 34.00 0.9214 32.34 0.9016 32.95 0.9348 39.32 0.9781
SeemoRe-1."! 2024 931 197.0 38.27 0.9616 34.01 0.9210 32.35 0.9018 32.87 0.9344 39.49 0.9790
IMDNE™ 2019 694 158.8 38.00 0.9605 33.63 0.9177 32.19 0.8996 32.17 0.9283 38.88 0.9774

LatticeNet™ 2020 756 169.5 38.15 0.9610 33.78 0.9193 32.25 0.9005 32.43 0.9302 / /

DRSAN*! 2023 850 196.3 38.13 0.9610 33.72 0.9189 32.24 0.9009 32.41 0.9312 / /

DBNet™*! 2023 / / / / / / / / / / / /
TIDAN(ours) / 749 151.0 38.33 0.9622 34.12 0.9232 32.37 0.9028 33.07 0.9382 39.53 0.9797
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Publication
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Year SSIM SSIM SSIM SSIM SSIM
/dB /dB /dB /dB /dB
15458 )5 1k(4] 2020 31.53  0.8906 27.78 0.8125 28.29 0.7846  24.65 0.7468  24.14  0.7904
IIDAN(ours) / 34.78 0.9303 30.71 0. 8489 29. 31 0.8111 29.03 0. 8686 34.57 0. 9503

T« A AR A A 5

TE TR 4 5 I Chn 3 3 R ) o BSR4 Y
IIDAN Y Z %0 & F EMASRN™ Z i T 40.8% . H
JENIDAN IR R B AR T 28152 2, [Ali}
T SetS #4512t B TIDAN B-F ) PSNR
[t EMASRN™ & H 7 0.49 dB. H %k IDAN 5
SeemoRe-L"*7E F- 26 fa 45 [ M REAH L itk A 7
<4 BF A Setld FHE £ B9 SSIM fH . PL K&
Mangal 09" % 4E 1) PSNR {8 1 SSIM {8 . {H 12 7E
dn K L KRy B dE £ b L TIDAN /Y M RE I T
SeemoRe-L"™*, 1iif H. IIDAN fI 253 M8 5 45
S5 SeemoRe-L*fi /b T 20. 6 % £125. 4%.

FE X3 R K F B Can & 4 FroR) L 6 F
ELAN-light"""f1 EMASRN"™'Mii 75 , 2 1 i IIDAN
MRS 2 A LB IR T 0. 7% Fn 12 4%, JF A
1E Mangal09“" $ 4 4 I, IDAN #F#5 PSNR Lt
ELAN-light il EMASRN 23 5] & 1 T 0.57 dB Al
1.14 dB. BAR$E T A9 IIDAN 5VERESS — 410 )5 v
(SeemoRe-L™ )M L , 7F K- 250 4im 4 [ PMERE4E T+ A

JE0. 1dB, (H 2 IIDAN B 115852 2% 5 FL S 450 A1 43
A b SeemoRe-L* MK T 21% #121. 8%.

FEJICR 2 F5 I CanZ 5 fif ) » #2 H AY TIDAN 1)
T 4% ¥ H ELAN-light "M 7 11. 5%, [A] i 78
Mangal09"™ % 4% 4 I IIDAN ) - 4 PSNR
ELAN-light ™ &5 1 7 0. 41 dB. [FFER), BARSR 1Y
IIDAN 5 PERBES 47 19 J7 1A b, A RS 5 R 4E T
PERBFR AN 2 0. 1 dB {HZAH Eb X SE MBS — 411
J5%  IIDAN #3585 2% FE A 2 500 AR 2 e IRy
BRI, 25 B i s A9 SCHR H A9 TIDAN fg g LA i /b
ATHEACH IR AR L S LA PERE . R 3-3R 5 M
FOUL I VPN 6 A T AR G Gk B T A8 SCHR Y
IIDAN AP .

BEAN s S T HIEBH AT SCHE 18 77 s AR A T 2%
(1) 4% 45 SISR J5 ik i A B A8 SCAH TIDAN 5
LG AE M 45 i T T g . i T SOk R
HEAT 3% B8 o HE R E A, PR AR I8 SCAUAE X 311
WK R B4R B89 TIDAN 5 SCR™ 17 1 oA,



12 R4S FTF Transformer (193 PN R AR A 1) S GO 23 % o 4 D) 2% 2797

FER A5 SR 3R 6 FT s - AR SCHE S 9 TIDAN 7E T A1
A £ AR ] G A TR ge i AR 4 ik
—UER] T AR SCHR T A TIDAN AR R
4.3.2 EMECEMARERCER) g

h T R A TN 4 T ML E B AR 18 SCHR O R
PE Mt L B T & L PE M 38 AR 2 b s AR SR fE
F W A AR R A IS SCHR W TIDAN 5
SwinIR-light " \ESRT"*',CARN*/ \EMASRN"*"
SRFormer™®?, Omni-SR*", CAMixerSR“*/, IMDN""
A1 LatticeNet ™ 45 7 g 47 T e &L Hb g 45 S
B8 9 It GROR 4 4% B WAL 58 L 45 5. 4
K 8. & 9 it 7w , SCik[12, 16, 23, 25, 29, 30, 32, 37,
38 17k H a1 SR EUR IR S A AE A — 2 AR B A A
IR O Ll A 1A 0 2 SRR S U0 3 7
img_042 /1, A 5 TS8O R 415 VKR g 1R
25 FREAEAEAS R B2 1) 2% FLCSCHRL L6, 23, 25, 29,
32, 37 D VB Pl s -5, ok L L [R] A7 76 TR
% img_012.img_30.img_093 Flimg_100 . %
comic H1 AT LAR BA & 1, B0 J vk E Y SR A
PGB AE B R FE (SR (SCiR(12, 16,23, 25, 29,

Manga109 (x3) : Akuhamu HR

B100(x3) : 78004 HR

30.32,37,38D). [AIA, 76 % ppt3 o, BLA ik
A Y SR BIME [FIAEAETE A 2 BRI SO (7 BE D
O Z 8] H A [RIFR BE AR ). AHLLZ T, R &)
UL, A8 SCHE H 1 TIDAN AN BE W8 A R0 B A L 11
FECHE I BB T A T L (W S A 8 R TR 20 MR 11
SCPRANT L SR AT B HR EMS R vk GREDLIE 8 il
&1 9 LA S A A ORI 350

AN, AR SR K $2 1 TIDAN 5 1% 42 (9 4
W26 7R AT T 3% SR 2 R 11 S O AR i
B b, Fb gl R an & 7 s . vl AR B B A 3], A
1B SCHR Y TIDAN BE &% 51 8 1 513 D R0 VA 9 34
S MG < 7 baby B i AL 58 X REE
{14 B A R AU Y 1 AR 18 SCHE Y TIDAN fig % &
A EIE MR BE AR, 0 HR B R 7
Mangal09 il 10 % i) Akuhamu [ J . 1% 58 7 16
XoF SCF 1 R A 1R Y 1T A 18 SO Y TIDAN
A% o A MERR Y SO, JLF S HR B 7 o 22 51 .
P 7 D U 1 R 5y T — 25 TR I T AR e AR
() TIDAN (4 £ 4 M C3F DL &1 7 DL B 3L b iy i ok
X 5.

{E4e 7kl

OBI00(x3) 142012 HR

B 7 LS EYIAS S B IIDAN LE X 3 F 1% SR 3 WU 58 S0 L] (AT S0 I T il %k 1 X s bl s R e A D

4.3.3 BATHFIEIAY LA

B 1% 7 IE PR BRI ITAL Z A0 A SR TEAS T
#2& Hh 9 IDAN 5 SwinIR-light'"” . ELAN-light* |
ESRT" . CARN'* | EMASRN®' | SRFormer*’ .
Omni-SR®, CAMixerSR"* . IMDN"" . LatticeNet""

FIDRSAN 45077k AE ORI+ 4 i A LR
1BER KN K 320X 180 Wt iz 4Rt ] g . R 744
TR R FH Y X 48 HE SR A 7 R ] () 20
X R TR e LR R F B (D HET
Transformer ) 7 #5843 L BT CNN /) 5 2 TH #E



2798 2 A N | = S - 2024 4F
?’ - _— _d - — = "_? |
B | === ~ AW\
: / : - - - :m.._ |
Bicubic SwinIR-light'* ESRTL® CARN!® EMASRN!25! SRFormer'

13
.
gl

| =Y \
= = =

LatticeNet!™ 11DAN (ours)

CARN'= EMASRN!=%! SRFormer!®!

— .
o A
o o
z ‘//
*
HR

Omni-SR™ CAMixerSR'™* LIDAN (ours)

Bicubic SwinIR-1ight ! ESRTUS!

EMASRN!2! SRFormer'2”

.‘. .{;:.f?l{'

o

Omni-SR'™ LatticeNet'™ 1 IDAN (ours) HR

Bicubic SwinlR-light!* ESRT!S CARN'™ EMASRN'® SRFormer'**!

CAMixersSR™ IMDN371

-------

l; Fl ] :i.;4 || L y f i |
Urban100(x4) :img 030 Omni-SR'™ CAMixersR™ I MDN 71 LatticeNet™!  [1DAN(ours) H
\l L./ & ] R y i
'YFr [1 f"". P\\\"'- .\\“”- Y/V
’ ‘ Bicubic SwinlR-1light!? ESRT'" CARN!24 EMASRN!2 SRFormer!#%!

@

\
\%

Urban100 (x4) : img 100 Omni-SR!* CAMi xerSR™ IMDN 7 LatticeNet ! 1IDAN (ours) HR

8 BANSOTAJFEAAR SR 1 IDANE X4 1Y SR FE AR SRR LA R AT KR TE Hh (183 L DX SR O A A D

ZHIRE] O AR SR EEAE  ATRRE RO AR SCHR ) TIDAN SR T8 2 /IR
Z I R FINIE  ia BARAE (D BAAAIR SCEE Y BT 4 BB AR DT S B0 A7 U7 [ U B 1 o=,
(I TIDAN BT R AR EEFE X2 M X3 T RAR (AN 4 BLESRPUTRIEE BRI B A g A  (H 3
S PR LSRG T B 2 AL SwinlR- (RIS A7 A ) ) S T34 g 22 » DR PR A 0 A1
light™F1 Omni-SR™ /3 I T 62 ms F17 ms. xR F GPUMCPU R HEE . (o iE A, i ae g



12 JEIRAE. T Transformer A8 E PN BRLIA] SR G 14 B EIMGE 23 B 5 21 2 ) 2% 2799

PowerPoint m

Bicubic SwinIR-1ight!# ESRT!® CARN'2¥ EMASRN!2 SRFormer®
Setl14(x4) :ppt3 Omni-SR CAMixerSR'®! IMDN A7 LatticeNet ! I TDAN (ours) HR
| _'-‘-' _'-‘.-. '-‘-‘-'
Bicubic SwinIR-1ight!*! ESRT!e! CARN'= EMASRN!# SRFormer'®!
- '-. S I - 1
Omni-SR™ CAMixersSR™ [MDN (] LatticeNet!®® [ 1DAN (ours) HR
Urban100(x4) : img 076
. ‘ : aﬂ‘;ﬁj
L"\ _am i L\ il L". | L-..\ | k-.. s
Bicubic SwinIR-1ight!** ESRTHO CARN'2Y EMASRN'Z5] SRFormer!'®"
| | I . - -.
\ L‘. | L“". sl LL“_ | L"‘ |
Omni-SR™Y CAMixersSR™ IMDN7 LatticeNet!*! [ TDAN (ours) HR

Set14(x4) :comic

F9 AR SOTA J7 EMAE SCHE A TIDANTE X 4 [ 17 SR 32 WA 58858 H 88 B CLT A 0 T A 1 ) B X sl gl R e A D

*R7T FHERIBITEEIFIR EIELR

Publication Running .
Vear Method time/ms Architecture
2021 SwinIR-light"?! 271 Transformer
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Background

In this paper, our research belongs to the field of single
image super-resolution reconstruction (SISR). Recently, the
lightweight SISR network has become a research hotspot,
because of a wider range of real applications (e. g. various edge
devices).

At present, existing lightweight SISR networks can
reduce the number of parameters and computational burden
greatly, however they only consider either local range
dependencies or regional range dependencies (e. g. the range of
window size) , and do not explicitly capture the global range
dependencies because of the huge computational costs, which
leads to an inability to fully exploit the features exhibited in the
LR image. Therefore, the performance of existing lightweight
SISR methods still has room for improvement.

In this paper, we propose a novel Transformer-based
lightweight network, named as Inter-block and Intra-block
Dual Aggregation Network (IIDAN) , which explicitly captures
the dependencies in the local, regional and global ranges
respectively. Specifically, we propose a novel Intra-block and
Inter-block Transformer Module (II'TM) for explicit structure
modeling in the global range. Since we summarize structural
information into a lower-dimensional space by using the depth-
wise separable convolutions, the space and time complexity of

self-attention in the global range can be significantly reduced.
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Therefore, our proposed PTN simultaneously achieves explicit
the

Extensive experimental results demonstrate that compared with

global range dependency modeling and lightweight.
the SOTA lightweight SISR methods in recent years, our
IIDAN

resolution images with few parameters and lower computational

proposed can reconstruct higher-quality super-
complexity.
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In this paper, we propose a [IDAN, which simultaneously
achieves superior super-resolution reconstruction performance
and lower computational complexity, and can be applied to

resource-constrained devices well.



