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single low-resolution (LR) input by recovering the texture and structural details that are often lost during image degrada-

tion. In recent years, SISR has been widely applied in various domains, including computer vision, image processing, and

public surveillance. Current SISR methods include traditional approaches such as interpolation, reconstruction, and

example-based techniques that rely on prior knowledge but often struggle to recover fine details and textures. By con-
trast, deep learning-based methods, particularly convolutional neural networks, have made significant progress. However,
many of these methods improve performance primarily by increasing network depth, which introduces feature redundancy
and inefficient utilization of multilayer features, thereby resulting in artifacts such as texture distortion and edge inconsis-
tency. This work addresses these challenges by proposing an adaptive feature fusion recursive network (AFFRN) , which
incorporates an adaptive feature fusion module (AFFM) consisting of three specialized branches. AFFRN facilitates effi-
cient information propagation and progressive feature enhancement by employing a recursive refinement mechanism thus,
it can significantly improve texture reconstruction quality. Method The proposed AFFRN consists of three main stages.
First, the input LR image is processed by several convolutional layers to extract initial low-level representations, which pri-
marily capture basic edge and texture information. These feature maps are passed through AFFM, which performs dynamic
and depth-aware fusion of multilevel features. Within AFFM, three specialized branches work in parallel to extract and
integrate complementary feature representations: 1) The detail attention branch (DAB) , which focuses on enhancing
shallow-layer features using attention mechanisms to preserve fine textures and edges; 2) The detail exploration branch
(DEB), which captures deep contextual information through densely connected blocks combined with downsampling and
upsampling to enable modeling of long-range dependencies and global structures; 3) The weight assignment branch
(WAB), which, as the core innovation, adaptively assigns weights to features from DAB and DEB based on their relative
importance to facilitate selective fusion that suppresses redundancy and emphasizes discriminative information. Moreover,
AFFM is integrated into a recursive framework , where the fused features from each iteration are fed back into the module
for subsequent refinement. This recursive refinement, which is critical for accurate super-resolution reconstruction, facili-
tates coarse-to-fine structural recovery and gradual enhancement of hierarchical features. Finally, the aggregated and
enhanced feature representations are passed through convolutional and transposed convolutional layers to restore spatial
resolution and reconstruct the output HR image. This design allows AFFRN to balance depth, efficiency, and representa-
tional power effectively, thereby resulting in superior performance on texture-rich and structurally complex image regions.
Result AFFRN is trained on 900 images selected from the DIV2K dataset, with data augmentation being performed through
random horizontal and vertical {lips to enhance data diversity. Training is performed using the Adam optimizer, with LI
loss serving as the loss function. Performance is evaluated on five public benchmark datasets: Set5, Set14, BSD100,
Urban100, and Mangal09. HR images are downsampled using bicubic interpolation with scale factors of X2, X3, and X4
to simulate LR inputs. The Y channel of the YCbhCr color space is used for evaluation, with peak signal-to-noise ratio
(PSNR) and structural similarity index (SSIM) serving as the assessment metrics. AFFRN is compared with 19 representa-
tive SISR methods. Experimental results demonstrate that AFFRN achieves the highest average PSNR and SSIM values
across all scaling factors. Moreover, it recovers highly accurate textures and fine structural details. On the Urban100 data-
set, AFFRN achieves PSNR gains of 0. 75 dB, 0. 53 dB, and 0. 54 dB over AFSMNet at scaling factors of X2, X3, and
x4, respectively. On the Mangal09 dataset, the proposed method also outperforms AFSMNet by 0. 11 dB, 0. 17 dB, and
0. 38 dB at the same scales. Ablation studies further validate the effectiveness and necessity of each module within the pro-
posed network. Removing the core WAB from AFFM results in a PSNR decrease of 0. 24 dB, thereby emphasizing the criti-
cal role of the proposed WAB in performance improvement. Conclusion This study proposes AFFRN, a network specifi-
cally designed for the SISR task. The architecture integrates a recursive learning strategy with an AFFM, which plays a
critical role in progressively enhancing feature representations across multiple depths. Within the AFFM, the DAB is
responsible for refining shallow features to preserve high-frequency textures, whereas the DEB captures deep semantic
information by modeling global contextual dependencies. WAB adaptively allocates importance weights to merge these
complementary features effectively, thereby promoting informative feature integration while suppressing redundancy. The
recursive framework further strengthens feature propagation by enabling iterative refinement, thereby allowing the model to

improve detail recovery progressively over multiple stages. Comprehensive evaluations on five benchmark datasets demon-



1046

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 4,Apr. 2026

strate that, compared with existing state-of-the-art methods, AFFRN achieves competitive performance in quantitative met-

rics and visual quality. Ablation studies further validate the necessity and effectiveness of each component, especially high-

lighting the critical role of the WAB in enhancing reconstruction accuracy. These results confirm that the proposed adaptive

multibranch fusion combined with recursive refinement can effectively alleviate feature redundancy and inefficiency issues,

thereby leading to rich texture recovery and highly accurate super-resolution results.
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Overall framework of the AFFRN

((a) network architecture; (b) detail attention branch; (c¢) detail exploration branch; (d) weight assignment branch )

4 1 AFFRN B0 e

By ARG HEREUR o

iy AR PERER Y.

1) WIHAHEF IR

Fo = C(C(Ca(1)) ) /PR HI 3 U 35 AT 45 iF
PEHL

Fo = Fo AL IR A

2) A F & N AR A B (AFFM) #1716 26
FRAE Rl 5 3

forn=0to N-1 do;

(1) F} = [Fo, Fi, VI 0IRERIE S E—K

TR BRI 1A 5

(2) F!' = Conw, . (F}) IIFHIERES SRR ;
(3) Y EEJ15r X (DAB) ;
Fi, = DAB(F") //HEHUCN T H-AE 5
(4) 4 %R 53X (DEB) 5
F;, = DEB(F!) /HEBURIZFFAE ;
(5) FLE SR/ (WAB) ;
(W w;] = WAB(F!) 1540 ;
(6) FFAFML A
Fio, = W) s Fi, + W Fh, [[IIARGRAE
end for,
3) EgE
F ... = Reconstruct (F:Hm) J/EE A R



$31%5 /FE 485 /2026 F£4 B

X|Z£PH, B, BN, THE
BiE MAHER S RB Y PR ER RN %

Lo = foo( L) 11 ERFES

Y= Lo + F o /00 AUAS 3] f2 228 5
K&

4) Kt EEER Y.

J T UL AFFM B TR R ERE S22 B T
IECEEAR T, LA Urban100(Huang 45,2015 ) $ 5 4
Img_092 MG HEAT K 4 F5 0 52 30 45 5 Ry f51), G &1 2
. B 28R T AFFM B8 FR UKL n B4R R B
F 1~ 4B AT AL EE S . B AT LU 3 B
%Lﬁ?ﬁt%&ﬂﬁihu A JE Y HR BHR AL i 88

BEFEE  BinihgEaifh, Hig 2808 55 HR

T
NERE

S
P2 AFFRN Xﬂ‘ﬁ?#}#%xﬁl o v ] 2 2R T A
Fig. 2 AFFRN visualization of intermediate results for X 4 SR

gy e

\

L™

\u

1.2 HEMFFHEREER

FE SISR A 551, 380 F FHAS [R] R BE A R X T
PRI EE TS CHEE, &}:‘%EIW PN,
R A 2 SR T U R G5 B TR 2 R AR %
HPEE R, Bl A A KR 2 R A5 S5 LN AR .
AT 225005 1538 2 R 9 2 4% 36 v J2 A1 LA S B
HRE M HEZ AR AL, 25 5 S BURETT
g%, BRI T IRIEZ 5 B A B EE T, DA 52 e e 24 1)
FARCR . A, LR B I R Nt ok T I ZodE
FERPET . PRI, A SCH R — b 3 38 W RRAE fil AR
YL AFFM, B 76 S0 30R 2 5 IR 2 R AIE 19 22 5 b At
Al f o B B2 E 34003, R DAB,
DEB f1WAB,

£ AFFM H1, DAB £ TR JZRHIE 15k, 1 B
TR AL 2 H 40T S0 RS B, DEB WX PR 2 R AiF
PEAT AL il A TR AR R R RS2 B, N

TR U 5 IS PEARIE . O T A R R A R
507 SCHEURRFIE T D TUAY , WAB FE 38 8 4k B -
it HL AT A S IA, DA T S AN 5 S5 F 1
B R A EUR EEACR . IeAh L e AFFM
H B AAE R ML , 0T 32 25 180 58 1 2% 3 S (4 R AIE 12 B
BT, I S A Z 0GR AR ol T, M7 S B
FoE KA ERL G . R BRI

Fi, =B, (C/(F})) (4)

F,, = Bdcl)(CI(FI")) (5)
(wow;) =B, (C(F})) (6)
F., :MII(FI"):W"*F’;})+WH*FSI; (7)

KA, By B, B, 773135 DAB .DEB \WAB iX 34~
S SCEAE S FL, R F), 4 513278 DAB FI DEB B> 43
WAE B REAE IR, Wi W WAB 22 2] AL,
Ay AAECS Fr, R« 2 AUERAE .

M R FRAE T WAB 38 o 1 2 B IS N
DAB 1 DEB 73 AN F 55, 2078 4 8 &3l 18 FRAE AR
FA B TIER . AL TCARRHE TR
[, 358 T OCHEE B RAERE ), LB T2 5K
JEARFIE Z 8] () S A R R, DT B T T 8145 o At
ROR
12,1 4iEENL

R T A R BRI 2 R AR I R L 58
R ARG TR 153 X DAB, %41
SR L FEARRRIE BB RS 37 RSB A2 BT, DA
REBCE F= 5 (2 RS AE S . [FIE, DAB @ i fil &
i AT 2 R A AR (BT, X9 2 SRR A T
FUALEE DA T3 5 200 15 REAE A R IR fiE

DAB S5 W& 1 (b) s o HAKTI 7, i A B4
W FriE gl —A 3 x 3BT, MG 4
KA Z AT T RFE, LI KR 825 B 1 1% E’*
Hrp WA RS R 7, 0K 3. #E  FIHI3AS
3 x 3G HEHE— PP BUEUR 18 SURHIE , Z 58 i
R SEK A R AE B RS I 4R U 3 SURRIE S
g AR AR, DAARAS 401 50 =F & AR 1A
Bl T B2 A PR e 1 x 1 3 FR 2 S 300 1 G R 4
22 sigmoid PRACKHFFIEME A —4L 3] [0,1] XA], A=
S BER T E . a0 B S s A RRE
EIIA Rl G, 75 20 4015 55 5 v JZ FREEL . DAB ()
75353171‘5_}%%/3“7(7

1049



1050

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 4,Apr. 2026

Fr =fUl,(C373(¢(Cs(Fj")))) + B (8)
Fi,=0(C(F;))*F: (9)
X, Fr g DAB . DEB #l WAB (1) % A FRAE &, B
F!=C\(F} ) Fmi Kb eEfE, ¢, ;FRR343%3
BRUZ, Fi 18 SCRFAE 1 550 AR AE 1 ) il
FRIEIE], o 2R sigmoid PREL
1.2.2 TR ED L

F T RASEE EG IR 2 FEE A ST T —
TR ER D SLDEB, %45 3 B el i i 2 I ML
HATE A A RRIE 1 2R IK 8 7, 5 30 2 1 Jin X £ 2 5k
Ko 2 G IR IZFRE . BLAh, DEB 5] A LRk
T RAEAAE , IS EHRAEAS A 20 HE 3 T iR 1k
HEA R, NI 5 AR R . iz
R, BIA T 2 45k BRI $2 A S BRARRAIE 19 2 [ 4% 326
SEERM ARG TR R, R g T
BRI 2R e e 5%

DEB B &5/ W& 1 (c) firas o AR &, A
FHIEE Fr g Seeat — IR 6 B4 DL R 1A
T A RRIE R 2 — VR T R S IR A 3
o IR R IR A B AN E R ) 3,
i — A3 S A f R AR 1 x 1B B AR AR
TR, F 2R A A B 5 05— 23 SR P 243t
FREC A 1 x 1S FAR OMABCREAE &, 0 2 3 5 {0
FEAE o 3K PRAS IR ] 23 591 5 5 AR T2 7
RO , ARAF 1G58 )5 A RRAE 1] o 38 5985 (R AIE (B4
W23t 3 x 3R 1 x 1 BREAE , #1725 [ FER
S SIEE R B ROR, RBREEM3 x3 1 x 1
)4 FARAE R 2 IR P T, R X Fl b —T SRR
AR IRZRFIEE S . o TSR &
WO, E—TF RIFFIRAE M T B % K
S A ] ROBE R ik A% 32 31 5 S /R 2 b, O 54
[F) RUBE PR AREAE TR A 732 42, DT S5 B0 B R S22 AR A1 1Y
) a1 x VB R AL R A 7

Fede At Fl,o DEB IS MRIERT RN
L =F" (10)
H! (C[L Li Ly L ]) (D)
so(C(e ) ( (w(n))) (12)
=C (C SH) O (13)
Fl, = Cl([L;’,LZ,L3,---,LX:|) (14)

S, HY 3RS 55 n AR B A 585 S 2 R A RUE

(RRAE R, HY, 68 S 55 n IRIG IR IG5 1 IR B
B A B R R RS I SR AR 1 L R n
ARG RS o0 R BRI RS B ARRAE 18], R
AL ERAE
1.2.3 AEHSBLT L

FE DAB 7R 2 4R MEAS 2] T 58 1 DEB I 42
BT AL R 2RI R G B IR R . AR B
B FE K PRI ARRAE 1], U] 25 R ATk 6 b A7 76 5 22 1
TETCAR . PR, Ry T Z8OR FH X P A ARRAE , A SR
T A A BC 4y 32 WAB 8 1o 3 18 v 2 7 ML) 3
M4 DAB F1 DEB £ B FRRAE 18] 43 B A R 4L, 52
T FIRPFAE A AR T

WAB ) BARZER I E 1 () s . i ARFAEE
F! i a2 it 5 DEB 25 #4940 [] 14 7 2 1 A e L 5
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TEERE s, 2R 2% HR BAREE T L1,
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2 LI5S H

e B 4 07 VR B A BN, AR S0 Z R ST
SISR H 77 ik #E A7 1 X I, £14 : Bicubic, VDSR
(Kim % , 2016a) . DRCN (Kim % , 2016b) | LapSRN
(Laplacian pyramid super-resolution network ) (Lai 55 ,
2017) . CARN (cascading residual network) (Ahn 5% ,
2018) .SRFBN-S(image super-resolution feedback net-
work) (Li 4%, 2019) . LAPAR-A (linearly-assembled
pixel-adaptive regression network) (Li % , 2020) .
SMSR (sparse mask super-resolution network) (Wang
2 2021) \ESRT(Lu%,2022) . ShuffleMixer(Sun £,
2022) . SAFMN (spatially-adaptive feature modulation
network) (Sun Z£ , 2023) . LSRN-AED (lightweight
super-resolution network based on asymmetric encoder-
decoder) (Huang 55 , 2024a) . SPAN (Wan 55 , 2024) |
AFSMNet (adaptive feature selection modulation net-
work ) (Wu £ ,2025) .MemNet (Tai %, 2017) .EDSR
(Lim %% ,2017) . MSLapSRN (deep Laplacian pyramid
super-resolution network based on multi-scale training
strategy) (Lai %% , 2019) . MSRN (multi-scale residual
network ) (Li %, 2018) 1 MFSN (multi-scale feature
selection network ) (Li %5 ,2024) . R T S 4f M [ 30 4%
T E AR RE , A SRR T 2RO T A I W
PLBERCR AN W E TG AR , TF T BT $2 A5 14 2% 4 hl
R P AT T il 2 6, DA 6 T A5 A5 B R (A 1 RE 1Y
BTk
2.1 HRESIERE

FESEI T, AR SO 2 BT T SISR AE: 55 Y
DIV2K %45 4E (Agustsson Fl Timofte , 2017 ) /E Ry il 25
AL 1000 i 2 K73 B3 19 8 it ik RGB LR A0
B TSI FARKE SR 2L 5t TEARITS
oG Liang 55 A (2021) A9 95 J7 8k, 3 BOH:
900 I HR PR, IR FH A= 4 B3 31 A <2\ x3 Al
x4 B A5 BOHEAT T RAE A UM LAY LR R, T
&0 265 143z A, AU EDSR (Lim 25, 2017) Fp R
FH A 530 A 1 i Ty 008 BB R E AT 1 Kl 1 o, 4
REHLEERE 90° . 180° 270" HUK-F-BHEL %5 . 1T AF
b L EAS Bl 7 12 B PERE , 4% Fh 5 V5 7E SISR FRifE A TF
BAEE FIEFTIR : Set5 (Bevilacqua 4§ ,2012) , Set14
(Zeyde & 2012) , BSD100 (Berkeley segmentation

dataset 100) (Martin %5, 2001) , UrbanlOO(Huang A
2015) Al Manga109 (Matsui %5 ,2017) , 32K JH W (5 15
I 1 (peak signal-to-noise ratio, PSNR ) 145 ¥4 AL 14
¥8 %4 (structure similarity index measure , SSIM ) (Wang
85 ,2004) XSS SR ST 2 OWE BT, 8 AR
PresE B (Y) il bt b Tk — i
SRR ) 5 B 1, 7 historical (Lai %5, 2017) BLS2 8
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1 x 107, FFLEEE 2007 epoch J5 V82 . dam I Ak #% FH
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PES G B A SCETT T AT L SE 5, JE X S g 2
RIEFT 53T

SCHG 1 % AFFM H ) DAB . DEB Al WAB 3% 3
B 4 RO [ 20 G 2E AT 7 5280, JF 45 T AE
£E Urban100 I RUJE A F x4 119 5 & 25 2L 1 °F 34
PSNR/SSIM A, W& 1 frzm . Horp B 1 2R A
r DAB RYBLAY #5080 2 S {41 7 DEB BYBLAY , #5570 3
AL DAB F DEB 1B AL, #5140 4 S A SCABEAY , J)
AL 3B AR

PN T AT AR 2 AR 1 3R AR T 4
b, B EUE N DAB O ¥R 2 FRAE 45 T X 1, DEB
WIFRR T 2 BT IZ FRAE 30 6F 9 28 i B e i o
TN, LR 34545 T DAB M DEB T4 2 AR
IR BERRAE, SCB T 3 =E 5 DRRE R RS T
FREAY T FIRERY 2 (R PR . R4 TP i T WAB, 3%
#5 S0 DAB A1 DEB 2% 2] 2 A REAE , 52 31 im0 25014
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%1 7EUrbanl00(x4)EE&E N=4TH
AFFM HIiE RESKIR 45 R
Table 1 The ablation experiment results of AFFM with
N =4 on the Urban100 (x4) dataset

WIReS DAB DEB WAB PSNR/IB SSIM
il N x x 24.86  0.7409
i 2 x N x 2628  0.7912
B3 N N x 2637 0.7954
B4V N N 26.61  0.8007

Y IR PR 2205 45 B R D 45 58 N 43 5l 3R R LA
ARFKH o

U PR P e sl AT DX 3, (a3 Js ) A TR X3 ) v g
o B, R AR T AR A R 1 TE LA S5 IR R
B FILAT UL, DAB A3 B T35 R i 2 5 4 R
fiE, 1 DEB B ] T e A AL AAIE L 5245 5 2 . ™
HE AR STV L B AN SR R T AR
AFFM H 4 1% 1 DAB 5 DEB B9 4 B 5 A 201k
F AT, A S i ARFM 2544 1 ke , 3 B
= ST T RE R X 4 ) E A AR AR Tk, A5
T HEAFEE R

S 2 S B E AFFM BT ST 40 PR UKl NV AR 7
PERERY SR . A6 ER A B AFFM R4 7 H5 A 452 B H
() e %A SE AR IR ) A MM T . 7ESE80 2, X
T G R B N BUAS [ B S R A7 1 5
FEAE S AFREREE S L% RO IR x4 i B 25 SRk
17 PSNR A1 SSIM B X L, ané 2 s . M2 ] LA
BEL YN LG E] 4 88,5004 ) PSNR/
SSIM {H 44 T f& It , 22 W3 B 38 G AR B A B 7
HEORERAE FIRRE ST o 2 NIGIINE] 50, M RE SR AR

DAB DEB
K3 AFFM " DAB 5 DEB 43 SCfi AR 9 nl 845 5
Fig. 3 Visualization of feature maps from DAB and
DEB in AFFM

BT B, AT e SR Rt Z IR G AT TUAR R
5B, B A  A 80F BT, s me 8 A
o N T AETERE SRR Z RSP, AR SR
LARPEN N ANVER PG REE . HLAh 1% S5 A
IH IS UE T BT i B9 PR HL IR A0 b 8 I o 5]
G5 5 THT A A8CME AT AFFM & 4% 1 55 K1Y
PERE
2.3 KWERRSH

Ry S TE BT SR A (PR RE , AR SCHE 5 A PR E R R
£ o ROEE R F-x2 3 x4 x8 T I HEREHEAT T
MH, I 5 — 2 e R4 SISR 5 B AT 2 W48 b Al 32
SRR L X EE
2.3.1 FFEbR L

F3I—FS5HIR T &M BT IETE S A ifE
ISR AE b RJE %2  x3 x4 F & TG
Pl . INFE A LIE S, AR SO kB IR R il T
AT L i o H T AR SRS A TN 3 o 6 AR
FREAE A8 58 5 R B AR S0 BE Z 2% 1Y Urban100
B LRI 6 M Tz E T HEA
27 TR AL Y £ TS AR PR T 0. 14~

R2 FEEEBIRSE (x4) EXHEIRBIFRE NHHBMSKEER

Table 2 The ablation experiment results for the recursive depth N on benchmark datasets (x4)

Set5 Set14 BSD100 Urban100 Mangal09
N PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
1 32.18 0.894 5 28.56 0.781 4 27.55 0.7354 26.04 0.7839 30.33 0.906 8
2 32.30 0.8957 28.65 0.782 4 27.58 0.736 4 26.24 0.789 5 30.57 0.909 7
3 32.30 0.896 0 28.65 0.7827 27.59 0.7370 26.30 0.792 1 30.68 0.9109
4 (A30) 32.47 0.897 6 28.78 0.786 3 27.68 0.739 7 26.61 0.800 7 31.08 09153
5 32.32 0.896 7 28.71 0.784 3 27.63 0.737 4 26.41 0.794 8 30.79 09121
6 32.27 0.895 6 28.64 0.783 1 27.56 0.736 8 26.34 0.7930 30.67 09110

T L P SRR 25 8 B A2 2R
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Table 3 The average PSNR/SSIM results of different methods on benchmark datasets for x2 SR

Set5 Setl4 BSD100 Urban100 Mangal09
Jrik A0y
PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB ~ SSIM
Bicubic - 33.66 09299  30.24  0.868 8 2956 0.8431 26.88 0.840 3 30.80 0.9339
VDSR 2016 3753 09590 33.05 09130 3190 0.8960 30.77 0.914 0 37.22 0.9750
DRCN 2016 37.63 09588 33.04 09118 31.85 0.894 2 30.75 09133 37.57 0.973 0
LapSRN 2017 3778 09600 3328 09150  32.05 0.898 0 31.15 0.9190 37.78 0.976 0
CARN 2018 3776 09590 3352 09166 32.09 0.8978 31.92 0.9256 38.36 0.976 4
SRFBN-S 2019 3778 09597 3335 09156 32.00 0.8970 31.41 0.920 7 38.06 0.9757
LAPAR-A 2020  38.01 09605 33.62 09183 3219 0.8999 32.10 0.928 3 38.67 0.9772
SMSR 2021 38.00  0.960 1 33.64 09179 32.17 0.899 0 32.19 0.928 4 38.76 09771
ESRT 2022 38.03 09600 33.75 09184 3225 0.9001 32.58 0.9318 39.12 0.977 4

ShuffleMixer 2022 38.01 09606 33,63 09180  32.17 0.899 5 31.89 0.9257 38.83 0.977 4
SAFMN 2023  38.00 09605 3354 09177 32.16  0.8995 31.84 0.9256 38.71 09771
LSRN-AED 2024 38.06 09607 3368 09194  32.25 0.900 6 32.33 0.930 8 38.67 0.9772
SPAN 2024  38.08 09608 3371 09183 3222  0.9002 32.24 0.929 4 38.94 0.9777
AFSMNet 2025  38.03 09610 3357 09177 32.18 0.899 8 31.97 0.926 2 38.85 0.9775
AFFRN (4&3C) 2025 38.08 0.9609 3386 0.9208 3225 0.9003 32.72 0.9333 38.96 0.9777
T L R R AR IR & 5 Bl A2 2R

F4 AEFEEEEHIEE FREEFH x3 THPSNR #1SSIM K FH 4R
Table 4 The average PSNR/SSIM results of different methods on benchmark datasets for x3 SR

Set5 Set14 BSD100 Urban100 Mangal09
Jrik Ey
PSNR/dB  SSIM  PSNR/dB ~ SSIM  PSNR/dB  SSIM  PSNR/dB ~ SSIM  PSNR/dB  SSIM
Bicubic - 30.39 0.8682  27.55 0.774 2 27.21 0.738 5 2446  0.7349 26.95 0.8556
VDSR 2016 3366 09213 29.77 0.8314  28.82 07976  27.14  0.8279 32.01 0.9340
DRCN 2016 3382 09226 29.76  0.8311 28.80  0.796 3 27.15 0.827 6 32.31 0.936 0
LapSRN 2017 3406 09240 2997 0.836 0  28.93 0.8020  27.47 0.8370  32.68 0.9390
CARN 2018  34.29 0.9255 30.29  0.8407 29.06 0.8034  28.06 0.8493 33.49 0.944 0
SRFBN-S 2019 3420 09255 30.10  0.8372 28.96 0.8010 27.66 0.8415 33.02 0.940 4
LAPAR-A 2020 3436 09267 30.34 0.8421 29.11 0.8054  28.15 0.8523 33.51 0.944 1
SMSR 2021 3440 09270 30.33 0.841 2 29.10 0.8050  28.25 0.853 6 33.68 0.944 5
ESRT 2022 3442 09268 3043 0.8433 29.15 0.8063 2846 0.8574 3395 09455

ShuffleMixer 2022 3440 09272 30.37 0.8423 29.12 0.805 1 28.08 0.849 8 33.69 0.944 8
SAFMN 2023 3434 09267 30.33 0.841 8 29.08 0.804 8 27.95 0.847 4 33.52 0.9437
LSRN-AED 2024 3450 09281 3045 0.8440  29.11 0.8059 2832  0.8544 33.36 0.938 5
AFSMNet 2025  34.39 0.927 6 3036 0.8430  29.12 0.805 5 28.08 0.849 6 33.74 09451
AFFRN (A30) 2025  34.60 0.9285  30.45 0.844 6 29.16  0.8063 28.61 08609 3391 09465
FE LN RN PR FRR A R S 2R
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Table 5 The average PSNR/SSIM results of different methods on benchmark datasets for x4 SR

Set5 Setl4 BSD100 Urban100 Mangal09
Trik Ey
PSNR/dB  SSIM PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM
Bicubic - 2842  0.8104  26.00 0.7027 2596  0.667 5 23.14  0.6577 2489  0.786 6
VDSR 2016  31.35 0.883 8 28.01 0.7674  27.29 0.7251 25.18 0.7540  28.83 0.8870
DRCN 2016 31.53 0.8854  28.02 0.7670  27.23 0.723 3 25.14  0.7510  28.97 0.886 0
LapSRN 2017  31.74 08890 2826 0.7740 2743 0.7310  25.51 0.7680  29.54  0.8970
CARN 2018  32.13 0.893 7 28.60  0.7806 27.58 0.7349 26.07 0.783 7 30.40  0.908 2
SRFBN-S 2019 31.98 0.892 3 28.45 0.777 9 2744  0.7313 25.71 0.7719 29.91 0.900 8
LAPAR-A 2020  32.15 0.8944  28.61 0.781 8 27.61 0.736 6 26.14  0.7871 3042 09074
SMSR 2021 3212 0.8932  28.55 0.780 8 27.55 0.7351 26.11 0.786 8 30.54  0.908 5
ESRT 2022 32.19 0.894 7 28.69  0.7833 27.69 0.7379 26.39  0.796 2 30.75 0.9100
ShuffleMixer 2022 3221 0.8953 28.66  0.7827 27.61 0.736 6 26.08 0.783 5 30.65 0.909 3
SAFMN 2023 32.18 0.894 8 28.60 0.7813 27.58 0.7359 25.97 0.7809 30.43 0.906 3
LSRN-AED 2024 32.31 0.896 6  28.72 0.784 6 27.63  0.7381  26.25 0.791 1 30.66 09105
SPAN 2024 3220 0.8953 28.66  0.7834  27.62 0.7374  26.18 0.7879 30.66 09103
AFSMNet 2025  32.03 0.8949 2826 0.7834  27.62  0.7375 26.07 0.783 7 30.70  0.909 7
AFFRN (4&3C) 2025 3247 0.8976  28.78 07863 27.68 0.7397  26.61 0.8007  31.08 09153

T L R RIZ PR IR & 5 Bl A2 2R

0.22 dB. [FET, 76 HoAh B d 4 b Rl AE A T 0 3%
APERESR TE, U — R UE T rE kA sl S
Mo

TE R SISRAFFE Y, REBOTE FERET
X LR EZ 7 x2 x3 x4 R R 7 F 9 EH, Mixs
RBERFF A E @O A RE4R & A8 SCE X8 R
BT R A AT T SRR L, A R SR 6
JEm o N 6 AT UL, JT 41 90 45 15 25 T X A [R) % B A
TEMIA B G, LA AR ML 19 32 28 B S5 0bh 70,
PEREMR 2 T BT, AR SCOOTIETE SR A T 4L
AR R 2% LT A PSNR A1 SSIM 84514 T 31
BTk, I B AT AR PERE o (B AE R o £ 4
|- (41 Manga109) , PSNR 48 b 1) 1 E B Ik T ESRT,
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(GPU memory) [ [ X F o S5 35 7E R AT 5 0 x4
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() AFFRN 7£ /=5 Jiil 8038 o a7 1 R A HL 28 o K A e
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SAARHH Y (R, ST 1 R R PR IR AR (R B
A ARG 55 303 2 T (R ASUA o
2.3.2  EUABERCR LR

SR TR U G N [ 5 1 R A SR AT L
B RBIR T 3 PR xa Fixs H 45 L il = W0k R 14



$31%5 /FE 485 /2026 F£4 B

X|Z£PH, B, BN, THE
BiE MAHER S RB Y PR ER RN %

®6 AEATEESHEE LREETHA x 8 THIPSNR/SSIM FH 4R
Table 6 The average PSNR/SSIM results of different methods on benchmark datasets for x 8 SR
Set5 Set14 BSD100 Urban100 Mangal09
Trik E0y
PSNR/dB  SSIM PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM
Bicubic - 2440  0.6580 23.10 05660  23.67 05480 20.74 05160 2147  0.6500
VDSR 2016 2593 0.7240 2426 0.6140 2449 05830 21.70 05710 23.16 0.7250
DRCN 2016 2593 0.674 3 2425 05510 2449 05168  21.71 0.5289 2320 0.6686
LapSRN 2017 26.15 0.7380  24.35 0.6200 2454 05860  21.81 05810 2339 0.7350
MemNet 2017  26.16 0.7414 2438 0.6199 2458 05842 21.89 0.5825 23.56  0.738 7
EDSR 2017 2696  0.7762 2491 0.6420  24.81 0.598 5 22.51 0.622 1 24.69  0.784 1
MSLapSRN 2018 2634  0.7558 2457  0.6273 2465 0.5895 2206 05963 2390 0.7564
MSRN 2018 2659 0.7254 2488  0.596 1 2470 05410 2237 05977 2428  0.7517
MFSN 2024 2697 0.7738  25.00 0.6413 2480 05967  22.45 0.616 1 24.51 0.776 5
AFFRN (A&3C) 2025 2727 07855 2513 0.6465 2490 0.6006 2275 0.6300 2495 0.7912

TE L R RN AR IR % 5 Bl AR 2R

R7 FARERBESHEMITEELLE (Urban 100 x4)
Table 7 Comparison of parameters and FLOPs of
different methods(Urban 100 x4)

*8 AREB BTFEFEIEITHIE L% (Urban 100 x4)

Table 8 Comparison of runtime and GPU memory

consumption of different methods(Urban 100 x4)

i Params/M FLOPs/G PSNR/AB  SSIM
VDSR 0.7 6126 2518  0.7540
DRCN 1.8 97887 2514  0.7510
CARN 1.6 90.9 2607 0.7837
SRFBN-S 0.5 8529 2571  0.7719
LapSRN 0.8 149.4 2551  0.7680
LAPAR-A 0.7 940 2614 07871
MemNet 0.7 623.9 2550 0.7630
SMSR 1.0 572 2611  0.786 8
ESRT 0.8 677 2639  0.7962
ShuffleMixer 0.4 280 2608 0.7835
SAFMN 0.2 140 2597  0.7809
LSRN-AED 0.6 33.6 2625 07911
SPAN 0.5 245 2618  0.7879
AFSMNet 0.3 130 2607 07837
AFFRN (4 X) 1.9 86.4  26.61  0.8007

A R RIS AR F2 7% PSNR FTSSIM B4t IRATEE 5 .

M AL S LG, AT LR A Y AR SO A A
LUk D i G Dl R et S0 B il T TR A R
P

Kl 4 JE s 1 P de 503 5 HoAlh 10 M HL BT 1

SZ AT ; p
WIRFS E{/Tm: g‘g G Zl\];R SSIM
ESRT 197.1 148 2639  0.7962
ShuffleMixer 32.2 14 2608  0.7835
SAFMN 17.3 1.0 2597  0.7809
LSRN-AED 14478 6.0 2625  0.7911
SPAN 37.5 1.7 2618  0.7879
AFFRN (A 30) 370.1 40 2661  0.8007

A A R AR 2R PSNR 1 SSIM B IRALSS 5.

Urban100 405 £ 7 1 3 I8 G 3517 x4 #8 5 & 22 1Y)
g3t

R T BT LR A SO HE A B P SR X
PEAT KR o Bicubic 4% S 2 SR F 1) B0 A9 X =
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