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Images super-resolution reconstruction of transposed

self-attention with local feature enhancement

Sun Yang, Ding Jianwei', Zhang Qi, Deng Qiyao
School of Information Network Security, People’s Public Security University of China , Beijing 100038, China

Abstract: Objective Research on super-resolution image reconstruction based on deep learning techniques has gained
exceptional progress in recent years. In particular, when the development of traditional convolutional neural networks
reached a bottleneck, Transformer, which performs extremely well in natural language processing, was introduced to
approximate super-resolution image reconstruction. However, the computational complexity of Transformer is related to the
square of the width and height of the input image, leading to the inability to migrate Transformer to low-level computer
vision tasks fully. Recent methods, such as image restoration using Swin Transformer (SwinIR) , have achieved excellent
performance by dividing windows, performing self-attention within the windows and interacting the information between the
windows. However, this method of dividing windows increases the computational burden as the window size increases.

Moreover, the window division method cannot model the global information of images completely, resulting in partial loss of
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information. To solve the above problems, we model the long-range dependencies of images by constructing a Transformer
block while maintaining a moderate level of the number of parameters. Excellent super-resolution reconstruction perfor-
mance is achieved by constructing global dependencies of features. Method The proposed super-resolution network based
on self-attention (SRTSA) consists of four main stages: a shallow feature extraction module, a deep feature special extrac-
tion module, an image upsampling module, and an image reconstruction module. The shallow feature extraction part con-
sists of a 3 X 3 convolution. The deep feature extraction part mainly consists of a global and local information extraction
block (GLIEB). Our proposed GLIEB performs simple relational modeling through a sufficiently lightweight nonlinear acti-
vation free block (NAFBlock). Although dropout can improve the robustness of the model, we discard the dropout layer to
avoid losing other information before modeling the feature information globally. In the global modeling of feature informa-
tion using the transposed self-attention mechanism, we keep the features with positive effects on image reconstruction and
discard the features with negative effects by replacing the softmax activation function in the self-attention mechanism with
the ReL.U activation function, which makes the reconstructed global dependencies more robust. Given that an image
includes global and local information, a residual channel attention module is used to supplement the local information and
enhance the expressive ability of the model. Furthermore, a new dual-channel gating mechanism is introduced to control
the flow of information in the model to improve the modeling capability of the model for features and its robustness. The
image upsampling module uses subpixel convolution to expand the features to the target dimension, and the reconstruction
module employs a 3 X 3 convolution to obtain the final reconstruction results. For the loss function, although many loss
functions have been proposed to optimize model training, to demonstrate the advancement and effectiveness of our model,
we use the same L1 loss function as that of SwinlR to supervise the model training. The L1 loss function can provide a
stable gradient that allows the model to converge quickly. In the image training phase, 800 images from the DIV2K dataset
are used for training. The 800 training images are randomly rotated or horizontally flipped to expand the dataset, and 16 LR
image blocks of size 48 X 48 pixels are used as input in each iteration. The Adam optimizer is used for training. Result We
test on five datasets commonly used in super-resolution tasks, namely, Set5, Setl4, Berkeley segmentation dataset 100
(BSD100), Urban100, and Mangal09, to demonstrate the effectiveness and robustness of the proposed method. We also
compare the proposed method with SRCNN, VDSR, EDSR, RCAN, SAN, HAN, NLSA, and SwinlR networks in terms of
objective metrics. These networks are supervised using the L1 loss function during the training process. The peak signal-to-
noise ratio (PSNR) and structural similarity (SSIM) are calculated on the Y channel of the YChCr space of the output
image to measure the image reconstruction effect. Experimental results show that the PSNR and SSIM values obtained our
method are both optimal. In the X2 super-resolution tasks, compared with those of SwinIR, the PSNR of the proposed
method is improved by 0. 03 dB, 0.21 dB, 0.05 dB, 0.29 dB, and 0. 10 dB, and the SSIM is enhanced by 0. 000 4,
0.001 6, 0.000 9, and 0. 002 7 on four datasets, except Mangal09. The reconstruction effect demonstrates that SRTSA
can recover more detailed information and more texture structure compared with most methods. From the attribution analy-
sis of the model using local attribution maps (LAM ), SRTSA uses a larger range of pixels in the reconstruction process com-
pared with other methods, such as SwinIR, which fully illustrates the global modeling capability of SRTSA. Conclusion
The proposed super-resolution image reconstruction algorithm based on a transposed self-attention mechanism can fully
model the global relationship of feature information without losing the local relationship of features by converting the global
relationship modeling in the spatial dimension into a channel dimension for global relationship modeling. It also contains
global and local information, which effectively improves the image super-resolution reconstruction performance. The excel-
lent PSNR and SSIM on five datasets and the significantly high quality of the reconstructed images with rich details and
sharp edges fully demonstrate the effectiveness and advancedness of the proposed method.

Key words: image super-resolution reconstruction; self-attention; deep learning; image restoration; gated networks
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PR 58 43 P K (single image super-resolution,
SISR) A 5 7KK 73 HE 4 (Tow resolution, LR) [#11%
R 5 43R (high resolution, HR) K% . #H#T
LR F{5ok U0, HR [BIR BAT 5 R 5 A9 407 {5 AT
FU B R BN P8 5 AT PR B &y . SISR
BRI UG S I S — A PSS ) B 30 7
T BB IR B 22 A5 AU . SISR FAR HAT
AE 5 B BN 22 (ill-posed ) R8P, BI—> LR % A
XF I VE 22 T RE R HR it WS 25 [R] RO, SR X R
AME—, BAAEH R A PRE

WOLH R R R F B MR 3K AT
AR ik B T 8 A TR R T2 2 I vk
BETHRAE A7 1k EEAH T RS IR B GE A
RS JEAT IR (AT 55, oA ) 5 5 PR T 5352 24 AR
AP Ao SRR (A 21 1 RS 25 Bt B D R Oy
%, 0F B RE ™ B T s A R B it . AR T
HE R R TR — 7 T R 2R R R
T LR B AR BRI (HRAE SR
o XEDVSCER JE 8 Z ORIy B RS . b B T
LAY T B R S i MO AR | A U A R b B
DNk B, B2 2] (97 A0 KR HR MTLR
PO 11427 > R g At v AR 70 B30 L, O s TR
) g EAT RMR A R R, SR AR
B X b o] MR RRIE RN S5 4G 45 U2, DT 52 B
TEINAER A AROR . AT R TR A T
(5 1, B T2 2] W 5 L RE S AR R 2 1 AR R
AT A5 281 5V A 1 0 3L 59 B e 45 B AR
TEAERAPE AT 5355 T T BAT AR R B o3, DA e
S BRI U .

Dong % A (2014) # 4 ) SRCNN (convolutional
neural network for image super-resolution ) % F £ #L {9
i 1) ity 25 440 , 3 3 TR BRI 3 2 B RS R TE SRR R
3k F49 ] AR SCRT L2 3 s A PRAR ) R e
TR T 5L T2 2 19 23 BER BRI SE . Shi 58 A
(2016) $2 1 1) ESPCN (efficient sub-pixel convolu-
tional neural network ) J7 {48 /5 T 5 T2 I W k1Y
R, RETREMEZYR . Kin fFA
(2016) K FH IR 2 5% 22 W 2% 1 O ARl Myt 2L A
20 2 89 W BE W 4% VDSR (accurate image super-

resolution using very deep convolutional network) , 3k
3 7 H SRCNN B f) B 8 PR 45 i, Tk P R 1 45
WA BT 27 2] FUSARE . Zhang 55 A (2017)
TR JE & 4 W 4% DnCNN (denoising convolu-
tional neural network ) , i i3 2% > G 5% 22 AT 2508
Lim 2§ A (2017) i i 4 5 SRResNet (super-resolution
residual network) (Ledig 55, 2017) H1 5% 22 e (R4t ) —
k. (batch normalization, BN) JZ2 ALk I 45 25 44) , (i 1&]
1% HHERORIS B KIFEE T . Zhang %8 A (2018a) IR
438 18 1 & JJ (channel attention, CA) HLifi| 5] A E] SR
1155 v, 2 H A0 ik B 4K 22 25 44 (residual in residual,
RIR) J8 0 H T SR AT 55 v 5% 22 e e 25 i b EE =X,
H T #E H A9 RCAN (image super-resolution using very
deep residual channel attention network ) % 2% i 1+ i
TE T TR AL DX 4 AN ) R i o) o A R 1 DT ik
PRI, 19 3 o7 ) 5 A, P o g o e AR A K
R TE .

$& F Transformer 1Y J7 ¥ 76 A E & JJ (self-
attention, SA) I B J5 1 HL A7t (LAY RE ), R G AE
A PR A NS I AT LS G Ml A R 2 TR O AR
TE H AR 7 AL PR K R % o Dosovitskiy 55 A
(2021) 42 H 7 ViT (vision Transformer) B YR 12
H T H %k i 5 Ab P (natural language processing,
NLP) 1T 55 H %) Transformer (Vaswani % , 2017 ) it £
EWIEALS P HE e A IR 2 — AR
ety —H — 4 i Ol 2 AER R
EMZH 915 5 o SwinIR (image restoration using Swin
Transformer) (Liang £ 2021)¥% Swin Transformer( Liu
4, 2021) 51 AR SRAT 55, K i PR {5 o f 4 e 2]
TR R A B R BN AR 2N SR
Jii B BEAS/INHAE A Swin Transformer [ %5 A K b B
PG, 38 25 1A 1 S It PR A RR 3R Z A B 2 G &
(R ARSI 2 el D R Y T A R R A R
Transformer B X M. FH F SR AL 45 " o X 46 B 56 A
(2022) & 1 —Ff ] T ASOR 181 45088 73 9 B A Y
Transformer Ff & I’ 4% (Transformer fusion network,
TEN) , R H T B3 SR W, e XA 1] 5 ik A B gt
8 [7) P R AT 280 25 B3R 8 0 A8 Ao 1 o Bl R 5 N
(2023) R IGLLAM R RFE I F B X HE R 2% P 77 1
AR IE AR RIS AR IR R, 7 68 0 P A A
o FH I8 T 5 70 SRS 4 T — bl T o0 R T
JE MRS T L0 AP UG FEAT 53 P 38 1) 1t 25 ) 2% A
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A, FEIEAESE N (2022)ff F Transformer 5 51 52 %]
BB ZE XAE B H 1 T TDATDN Bl F 5 2 FR 45
%o UFormer(U-shaped Transformer for image restora-
tion) (Wang % ,2022) i FH 8 x 8 i i 41 11 JF 51 A
U-Net (Ronneberge %5 , 2015) ZE ) i 2 & /i 15 B -
VIiT ¥ B EZ NG ARG 55 IR m T 55
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AL SE T, 25 B 5 SEB AR R AT A A et
SRR RS 25 07 R UH X TR R
W2 PR E A ERT S W R TR A )
&L X BRI T Transformer 7E AR 3 AL 54T 55
(¥ . Mei 55 A (2021) 42 i 9 NLSA (non-local
sparse attention ) i i B R R 43 S N 8 & () B, il
SEVFEE R HIX A2 T A DRI AR A 1 1R
(BT . SwinlR EAAULIE 4] o3 7 kAT A )
ATHAA (H 2 e A% AL AL 5 HA T S IR R
SR SwinlR TR 2 Bl 147 1 R/ NS T iy 2.5
RO, R Ry B g 1 2x BRI R SCRY R G E R, AR
TG Z I B O G R A A

4+ %} H Bl Transformer 7E SR T 4 TR 1E ) — £
G )i, A SCHR M — Fh AT i A T4 A TE R )
R PR A 25 I 4% (super-resolution network based on
transposed self-attention, SRTSA ) , = Z ) 51 #k 5 £
i DR T —A2 )5 s 5 B R BB (global
and local information extraction block , GLEIB) , A5t
A TR A UMM T 22 A AR R R Z A R
B OC Z N 4 SR R AT AR AL, W] N5 | A T 3
B EEANT JRy R AE DA T A AN (]2 R

IG5 B P R AL g~ > REJ) . 2) 7€ GLEIB g
FE — > 2 B LT 45 TR JEE s BRI A% 19 4 (double
gated-dconv feed-forward network , DGDFN) , 4% il {7 &,
TEARERS P A 3l , B2 e S R0 R I ) A B 1y S H
R, 3) 4R H 1Y SRTSA I £ 3 3o X R 1) 4 =)
R MR A B AT A P 4% o 5 A £ R
TS LARE— AP B8 M A5 1)~ T BETT o 1 5 R
Pt bR INEE SR T A SO vk R e HEVEFIAT AL
P, 72 SRAE 55+ R B AROR A3

1 ARXFE

L1 ML
ASCHR HE Y SRTSA 28 45k A 1&T 1 7, 3 2
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Iy e RO HER I e R HW.COMlHN
PR B0 e 82 G R
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BURJZRHE Fy, BAKR
Fy=Hg (1) (1)
K, Hy O FR BRI/ R 3 x 3RERZE, T
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IRJE B F IR AR Z R RS USSR rp W]
Fy = Hy (F,) (2)
AP, Hy () R R JZFFE SR OB S,y M A4 )= Al
Je A5 EL IR B (global and local information extrac-
tion groups, GLEIG) I 1 />4 F122 HE & 1117 /i , GLEIG

: N=6
— |
: |é >~ N
I
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Fig. 1  Overall architecture of the SRTSA network
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FRERHE B 40 RCB 25 A1 SR EME o Hgers, ()3
JREEAS SRTSA RIS
1.2 £FEMEHBESRIER
4 J AR A B PR BURBE R (GLELB ) 45 44 4 5] 2
IR IZREER B 3 3B A -
D)4 R fE Bt . E2E T A EE
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S O(W?H?) K HoR, HF SR AT 55 v 8802 143 IR HfE
#9 . SwinlR & FH i Swin Transformer 5 9% i i ¥ 43
T FAR RS (HR R A R TR A -
T SCHTE R, ASREA ROE SR BURRE . T SR X
AN AL, SR FH Zamir 55 A (2022) 42 H 05 & F R
WIbIK ] SEaw abe e = WA
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| 1 | ] VR l v =
PR g = i o 2R
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Fig. 2 Architecture of the global and local information extraction block (GLEIB)
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V=Ww,W'Y (7)
b, w,(OFRREFRRN R x TRIER, W, ()&
7R3 % 3R,

B245 3852 Reshape 2 /E H 5 Q ALK, il HoA: ik
ANR RO BT AR/ R
IR E . AR LIRR N

Xoi = Wi frwmin(QKV) + X, (8)
AP W, (OFRR T X 1T RNIER s ponien N FE E AT
B IIHLE

Li %5 A (2023) #7 i 28 31 softmax IH— 16 A= B A
HIEE & M IE R A o R IE ReLU (rectified lin-
ear unit) 0 PRI B4 0, 1T DLFE R BE X MG

R B A TR L T LR

K- Q'
I
ot [d, e AT MRS R ReLU ()
ReLU W% B4

B 1 ) LR L 2R X 4 2
PR B R A M e T+ 0 S
P15 T2 2~ WUy G 26 L (LR % I 5 L7
S 20 v KR B AR B 20— B4 )
B2 TR SRS 4 55 2, B35 00 A 5 T it
UG T L PR AE S B ) B

(9)

f/\llenli(m(Q? K7 V) =V - RelLU

S URRE SR A AR 0 [ Bk 25 B 6 TR AIE L SR, BN RR AR R AT ] R 5C AR A LR A B s ) 4
RHFETH T 8RR A R A PERE . R A SCH IS
ik
=
X, | i Y N =
g g
I
@ swiahge ® Restape | bl |wpionamen RN A8 < RERR
K3 B F R PLR 25 15
Fig. 3 Architecture of transposed self-attention
Chen 5% A (2022) i i # /5 GELU (Gaussian X,.. = MBConv(LN(X,,)) + X, (10)
error linear unit ) .GLU(gated linear unit) A3 18 3 = X, = FFN(LN(X,,)) + X,., (11)

JIZ [ IR 2R Ao B R s il e BT e i (451
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AEI 4
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FFN H12R A 1E 4K (dropout) 45 A B HL 2 57356 434 22
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Fig. 4  Architecture of nonlinear activation free block
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A, o () F R GELU 3G PREL, W () 7R 3 x 3K/
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Fig. 5 Architecture of channel attention block
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(16)
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Fig. 6 Architecture of double gated-dconv feed-forward network
1.3 kEH F R EEE R L A M 2% (batch size = 16) , {f H]

IR L R R L, 35 RS B K DA BT
Uit AR & Z A BB AL A 1T AR v T RHA Y
PLBE R BN T 965 3IE SRTSA W25 19 A b , A 3¢
KT 5 R S TAEM R 935 2% sRB——L, #5155
PRECHEA TRk o AR AT AR 2R pR B, L, B2 PR AR
PRAL T RUE MR B JT A B TRTRI S S R L,
PG pRETHEA T U0 AR 5041 SR 28 P RE Al T 5205 =X
A“”’FJAN/\LR HR GRS I GREE (1, L )

i e/ ME L R A SRTSA BB 2244

:Nz"HSRTS\(Il{R)_I{{R "1 (17)
=1
o, 075 SRTSA W 48R () 28

2 EWAERKSH
2.1 HEERIIEGHET

AR SCAd FH DIV2K 4 £ (Agustsson il Timofte,
2017) 1 800 W I 2k 15 %} SRTSA 45 HEAT 11145, %
FIW = R A {E 1 (Bicubic) 8 £ x2  x3 x4 34> 1
B F AR B R . R T S 2R R 0 B s
ZREME KX 800 M I 5 -G K - B0 5 Rl ML JiE
$90°,180°,270° , ERUGE A 16148 x 4814

Adam fEALAS BEATIINZR, Hob B, = 0.9,B8, = 0. 999,
e=1x10", IR 22T %1 =5 x 10, G4k 1% AR
500 000 UK , A% £ 200 000 IR A 27 > Ryl 2

el AT S TR RE M 9 5 A s v 0 42 360 00F o 2%
()45 B « SetS (Bevilacqua %5 , 2012) | Set14 (Zeyde
%, 2012)
100) (Martin %5, 2002 ) , Urban100 (Huang 5% , 2015) |
Mangal09 (Matsui %5 ,2017) , I 7€ 4 H KL ) YCbCr
23 6] Y JH 8 b5 47 M L (peak signal-to-noise
ratio, PSNR) Fl1 45 ¥4 A1 L [ (structural similarity,
SSIM) #8 F5 PFA SR 45 e o fifi JH] PyTorch E 42 75 I 5K
NVIDIA GeForce RTX 3090 & Ll A A, 7 3%
AL SR RS SwindR AR Y FET 28 X L, %
B GLEIGHIM = 6,GLEIBEURH N = 6, CAB i H 4 i
U « = 0.05, 5 8 A 18 RIS E BE O 120,
2 BE R 6.
2.2 LWHERSW

T E7R SRTSA 8 B S k4 , 78 3¢5 Bicubic
7% .SRCNN, VDSR ,EDSR (enhanced deep residual
. RCAN,

. BSD100 (Berkeley segmentation dataset

network for single image super-resolution)

SAN (second-order attention network for single image
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super-resolution) (Dai %5 , 2019) , HAN (single image
super-resolution via a holistic attention network ) (Niu
2,2020) \NLSA SwinlR S5 BRI 7EX2 x3 x4 3£ 34>
LA A 5~ X PSNR #545FI SSIM AR bR EA T L o 4%
195 14 PSNR i 3% 713 T B 20CR B4, SSIMUBR LT 138
71N SR &5 HR EHR LS54 L 3 g A

Chu % A (2022) 4 H 7R RS I T AR i T3t
S BT IR PR ], — BB Hr A8 52 11 PRI BT it/ Bk
(Patch) & A BRI Fh b AT Il 25 0 i7ESfE LI A, —
JBC B HRE 5 EAE B A0 TEIEOE A B 2% gt AT
J5to XA A G I 255 HE B R A AN — Bk,
XA JR A B AR RS 25 7 A ST ] o PR IR A
T i PR T Ch 258 A (2022) 482 Hi A0 3 8] f5 5
4% (test-time local converter, TLC) 4EFF I 25 5 4
P R A — 2k

e B 20179 Y ST A X AR AL AT o8 R )1 2
T EI X2 x3, x4 36 3 A A LA T 19 PSNR Al
SSIM, 73 Sl FE/RFER 1— 3. W LIR B, 7Ex4 4%

SR 1% % ', SRTSA %5 SwinIR 7E Set5 . Set14 . BSD100
F1 Urban100 I, PSNR 43 | & F} 0. 07 dB.0. 01 dB,
0.03 dB 1 0. 08 dB, SSIM 4 # K4 T+ . 7EX3 f5
SR AT 45 "', SRTSA #¢ SwinlR 7£ Set5. BSD100,
Urban100 Fll Mangal09 =, PSNR 4351 #2 7+ 0. 02 dB .
0.04 dB.0. 15 dB F10. 02 dB, SSIM 7£ 5 4~k 4 |
HBAR AT I AEHE R o TEX2 4% SR AT 55t , SRTSA 48
SwinlR 7E Set5 .Set14 .BSD100 , Urban100 F1 Manga109
|, PSNR 43 % 4 F+ 0. 03 dB.0.21 dB.0.05 dB.
0.29 dB#10. 10 dB, SSIM 7ER Mangal09 LAY 44~
k4 b, 43 9142 7F0.000 4.0.001 6.0.000 9 Fi
0.002 7, JE LLUERH SRTSA A3 +4300 &k

SRTSA M 4 7E BSD100 1 Urban 100 iX 9~ &
F 5 S SEE B H A 2 4 a4
R R . UL SRTSA W2 1T LL7E R 243
SRR R ACE R4 R B RS e ), B
B Y 25 F TR RE 1 Rz AR RE , 1T LASE I AN [R] 2
TP GRS I B A o3 Jo i 1) 0 e o e TR

x1 BFEBEAFBFEELHRIA (x2)

Table 1 Performance of each model on different datasets (scalex2)

SetS Setl4 BSD100 Urban100 Manga109
J7ik
PSNR/B  SSIM  PSNR/IB  SSIM  PSNR/IB  SSIM  PSNR/dB SSIM  PSNR/IB  SSIM
Bicubic 3366 09299 3024 08688 2956 08431 2688  0.8403  30.80  0.9339
SRCNN 36.66 09542 3245 09067 3136 08879 2950 0.8946 3560  0.9663
VDSR 3705 09560 3305 09130  31.90 08960 3077 09140 3722 09750
EDSR 3811 09602 3392 09195 3232 09013 3293 09351  39.10 09773
RCAN 3827 09614 3411 09216 3241 09026 3334 09384 3943 09786
SAN 3831 09620 3407 09213 3242 09028  33.10 09370 3932 09792
HAN 3827 09614 3416 09217 3241 09027 3335 09385 3946 09785
NLSA 3834 09618 3408 09231 3243 09027 3342 09394 3959 09789
SwinIR 3835 09620  34.14 09227 3244 09030 3340 09393  39.60  0.9792
SRTSA(A ) 3838 09624 3435 09243 3249 09039  33.69 09420 3970 09788

T« IDHL 7 AR Rl 27 M0 30 3R B 91 e (L 45 SR AN Al 45

7 75 T Urban100 £ 4 £ 044 _img. png K114
A AN [ B VA A A T AR B R . T LA F
Bicubic 5 ¥ it 5 # K% + 4> W), VDSR . RDN
(Zhang %, 2018b ) 45 N 2% L 8 1 482 1 R 5 A A
(%S R H 40195 B SEARZ L ,RCAN (SAN SwinIR AJ
DA g L A Ry T I A A8 R (ELXT T SO A 1Y) i A

FFEAGEE , SRTSA 2% i 8 A ) PRGN (ELR S35 175 1A
SERY G IR, IF HXF T 40 S0 A K 52 L R Bl HR
E3NE 8

Kl 8 J£ 7 T Urban100 (45 4E 092_img. png K14
28 b A [l R o S A RACR X L o Bicubic i (B
o 2 Y 45 8 52 0 AR O B4R, LT J0 ik A
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®2 BEBEAFBEE LHRI(x3)
Table 2 Performance of each model on different datasets (scalex3)
) Set5 Set14 BSD100 Urban100 Mangal09

ik PSNR/dB ~ SSIM  PSNR/dB  SSIM  PSNR/dB ~ SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 30.39 0.8682 2755 0.7742 27.21 0.738 5 24.46 0.7349 26.95 0.8556
SRCNN 32.75 09090 2930 0.8215 28.41 0.786 3 26.24 0.798 9 30.48 09117
VDSR 33.67 09210 29.78 0.8320 28.83 0.799 0 27.14 0.829 0 32.01 0.9340
EDSR 34.65 09280  30.52 0.8462 29.25 0.809 3 28.80 0.865 3 34.17 0.947 6
RCAN 34.74 0.9299  30.64 0.8481 29.32 0.8111 29.08 0.870 2 34.43 0.949 8
SAN 34.75 09300 3059 0.8476 29.33 0.8112 28.93 0.867 1 34.30 0.949 4
HAN 34.75 09299  30.67 0.8483 29.32 0.8110 29.10 0.870 5 34.48 0.9500
NLSA 34.85 09306 30.70 0.8485 29.34 0.8117 29.25 0.872 6 34.57 0.950 8
SwinlR 34.89 09312 3077 0.8503 29.37 0.812 4 29.29 0.874 4 34.74 0.9518
SRTSA (A3() 34.91 09312 30.75 08504 29.41 0.8136 29.44 0.876 3 34.76 0.9519
T MORLF PR RIZe 50K 03 501 3 7s B 5 B L 4 SR AR A2

x3 BEBEARBIFEE LHRI] (x4)
Table 3 Performance of each model on different datasets (scalex4)
) Set5 Set14 BSD100 Urban100 Mangal09

i PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB ~ SSIM  PSNR/dB  SSIM
Bicubic 28.42 0.8104 26.00 0.702 7 25.96 0.667 5 23.14 0.657 7 24.89 0.786 6
SRCNN 30.48 0.862 8 27.50 0.7513 26.90 0.710 1 24.52 0.722 1 27.58 0.8555
VDSR 31.35 0.883 0 28.02 0.768 0 27.29 0.725 1 25.18 0.754 0 28.83 0.887 0
EDSR 32.46 0.896 8 28.80 0.787 6 27.71 0.742 0 26.64 0.803 3 31.02 0.914 8
RCAN 32.63 0.900 2 28.87 0.788 9 27.77 0.743 6 26.82 0.808 7 31.22 09173
SAN 32.64 0.900 3 28.92 0.788 8 27.78 0.743 6 26.79 0.806 8 31.18 09169
HAN 32.64 0.900 2 28.90 0.789 0 27.80 0.744 2 26.85 0.809 4 31.42 09177
NLSA 32.59 0.900 0 28.87 0.789 1 27.78 0.744 4 26.96 0.8109 31.27 0.918 4
SwinlR 32.72 0.902 1 28.94 0.791 4 27.83 0.745 9 27.07 0.816 4 31.67 0.922 6
SRTSA (A3() 32.79 0.902 1 28.95 0.791 6 27.86 0.747 2 27.15 0.817 1 31.63 0.9222

TE < IORL TR RIZ 50K 53 301 37 3 91 B DL 4 SRR AT 45

MR AT o ST IR 20 (0 HoAth ik A i s
FEr BOROR B T F RS RS B L B AE SRS F Al
AT 5 TN AR W] AL AR o i (T SRTSA
PO 4% 1447 i A 1 PR U LA S0 BV I 30 % B LA
B 6t SRR, K 2 B 2 15 B RS A
HUEE N

[ 8 v, [ 7 vk i A 4 R 25 SRR R R
SR AT 55 J2 — A~ B AL (1) R 38 5 ] 8, LR &5 G T

— iy 52 X4 17 1 HR &% . VDSR \EDSR 45 SR 4574 52
JERAZ B A /N AR ) B A5 S R, Bk e %
IR 42 Jry 5 A VRS2 A0 {5 B, TR AR A SR R I
L B TR AR AR B A RPIR AR B 38 AR Bk
F B AR, AHLZ TR, SRTSA i %
& R e Bl AT @A RS 2 RS R {E B K
LR T ANIE 2 ), H A B Y SR E& 5 HR F
& A AEA
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Fig. 7 Test results of 044_img. png in Urban100 dataset (scalex4)
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Fig. 8 Test results of 092_img. png in Urban100 dataset (scalex4)
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Fig. 9  LAM results for different models
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B R RNEER TR NEGBYBEER
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A5t W 2% (GDFN) [ 42 A A Baseline ; 2) 7£ Base-
line |51 A NAFBlock DABGIF X REAE 54T 04 ] B e
Ey ey ORI N I AN W W= RE = WAl i P N N
25 [H) SCHE RN S5 4947 )2 5 3) 7 Baseline 25| A CAB 5
TN 78 JR 305 75 ml LA o 14044 0 A0 R 5 4) [+l
it 51 A NAFBlock T CAB 56 UF X435 AF 28 47 7 2156 2
AR T 5 X R AR HEAT SR A OC R AL A i A
5) 1 F DGDFN A X4l 57, 78 5256 4) () Fefily 5] A
DGDFN B[V AT 56 31F H 2 75 1T D4 = A 7 i A i ) o
TE T Bl s 36 i B batch size = 8, Ho 2. 175
(R TR 2R 2%

TE Set5 MR AE LAY PSNR AN 4 s, k4
HrSZIG 2) A A, 7E Baseline B (1 LAl 5] A NAF-

AR5 , PSNR AT SSIM 43 1 42 T+ 1 0. 05 dB #l
0.000 7. Hi%E%e5) AT, A L DGDFN (1) PSNR #
SSIM 43 51142 7+ 7 0. 03 dB #1 0. 000 9, i} ] DGDFN
AT DA A ()77 A I R R AL RE T, [ ARE v B
£ Transformer A vt | [ V32 77 ML FI AT 458 ) 45 3
RIEEAA S ERVER o BRI T B 4%
OV A B EIME LA S B 0 R R A AR ERORD A

[, SR 7 B P00 b R 7 45 A BB A SRTSA A5
T B A Y TR, SR LAM T 5L M 8 g S 7
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Fz4 TE Set5 (x4) MK EAYHBLSLIE
Table 4 Ablation study on Set5 (scalex4)
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Fig. 10 Process results display
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