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Abstract: Single-image super-resolution is a challenging ill-posed problem. Current methods based on
convolutional neural networks face performance bottlenecks, while Transformer models, though capable of
improving performance through global modeling, struggle to achieve computational efficiency due to their high
computational complexity. Therefore, we propose a progressive Cross-Learning Network (CLNet) that
integrates ultra-dense dilated residual blocks (UD2B) with enhanced Transformer blocks (ETB) to construct a
synergistic progressive architecture. UD2B aggregates high- and low-frequency features through multi-scale
dilated convolutions to enhance local representations, while ETB establishes long-range dependencies via
cross-channel self-attention to capture global context. We also introduce a Cross-Feature and Cross-Level
Attention Fusion Block (C2AFB) that achieves effective fusion of multi-level features through adaptive
learning. Experiments on multiple benchmark datasets demonstrate that CLNet outperforms existing methods
in both objective metrics and visual perceptual quality, achieving a favorable balance between performance and
efficiency.
Key words: Transformer; feature fusion; cross-learning; attention mechanism

MG #E% (SISR, Single Image Super-Resolution) 1 4 EG I8 5 Al ) R8T 55, BIEMNK
oy P UG rh E g B TR M SO B o MR MR TR, T 2 R MR AR S B U T
B, SISR FEL SIS Z R 2 Krk, RN T ISR, BRI s 2 A9
ik

BEARATE I MR, 3T BN FIZ 1 SISR IR T SEME. HI1, Dong 4 A1 H i
HAEH =2 BB PR N G BEE ResNet[2](HEH, FRZESMME 2 5 NBIE A HER(T5, IF

ks HER: 2025-11-26
EEWH: ERARFHAIEETE No. 62501237, 62462033, 62163016) 5 LI HARHF#IE ST H (No.20252BAC200016, 20242BAB25092);

TLPE A BRI FR AA R FR B U0 H  (No.20244BCES2163)



IR K AR

Journal of East China Jiaotong University

T Z ARk, 2R, B CNN 7k EERAE T R AR, U RER, SEEERIE
Sy BN RS 1) R o RIS 52 SR T AR AR I Jm B B 32 B, IR e T VR AE I e 5 2 2% B 2 ) of DABRAS~F 48T
IT4ESK, Transformer 57 PR L9 KR 42 o) AL RE ) 32 BRI, BeWIAE H ARG 5 A3 P R B (3], BE
SRS AL S U . B4, Wang 55 A [S14 H S %G8 7) Transformer, i 5 0 45 H RIRFAIE 73 29
WS AR AW RE: AR FE[4,5,6 s B Tl 25 S 1 — B SR THAR AU M B o L5 Transformer (1% Cr R0 3
12T B R R L e AR WA 5 m b 2 (A A2 1., AB et H S AR B AT A2 88 o e AT 55 i) 32 2
Pk o

BRI, ASCEN RIS CNN 5 Transformer FRAE, #9741 SR B 56 (1) W 2% LA42 T} SISR PERE. #2
H—FELA CNN 5 Transformer 58 X5 2] %% (CLNet) , ZMEA S AVUANYE, B—MrBImE &
54 RRHEAT A R B ). Bk, ot 1S i E SRS (UD2B) , H T2 =
GRUFIE, FF51 NIBIE T AU TREE N, UD2B HHa& £ MZE Y ikikZH (D2B) , @il
AR SR 2 DY R B Y I I WSk, 1At Transformer 8l 2 M558 4! Transformer R
(ETB) ZRARG, W Bodid 5 3 200 k80 =801 K 2040 R i gk SRR A L, 78 2042 40
W28 IR B 5 50 IR B A5 R o T8I A8 A S 8 R s IRl G, Fril A Re RN @4 R 5
FORFER &R, (EY B ET R RN 1Y 5 B R SCRAE, MR T Ed i .

1 EF CNN F0 Transformer BYAE X F S M 4%

1.1 RfAHELE

CLNet L AREZL AN B R, EBH A R R JRERAE TR R 2R M WL 2% 2] Btk
FE AR JESME U 2 ST DU ANB B, AN B R B R IR 27 2 R 4 R RPALE 27 ST S 2
Beo NEERAN, £ FHRASH, Xiry YoM Yur75 03 RRIGLREA . CLNetf ) SR H F1E SCHR
K.

HEER BN ﬂiﬁ@tﬁ%ﬁ BEEBHMEER  Transformer  BELMET
BhmE

BB RRERR Sm A
(UD2B)

1 CLNet B AHESRREE
Fig.1 Overall framework diagram of CLNet

TE VSR SR, e 13 X 3B O X PRI AR, Fy = S (S (00 ))

Hrl foppy Bm— DGR3 XIMERERIE, 6 FRReLURGE R 4. Dyt SR L 2% 51 A IR BE T 2%



IR K AR

Journal of East China Jiaotong University

U PR RARALAESE , REFORI N A AN SR Z2 257 21 73 SC ST CIEERVERRST B 7932, BEXIE 2]
9335 RPIEE RS SCBLB BRI 1 X1 93 3¢, SR DY 2 200k 45 4 128 25 ey 3 B I B 5 1) I 4 2844

= S ([ Fobon (F)- it (1o ()]

F = 1 [ f3n (B S5 (fias (R)) ]

F = S ([ fi3a0 (B2 £330 (13320 ()] )
F2 = (b [ Sison (). S350 (0 ()]

ef: B 3ORBIZG=1S 20 30 A Fpyp B F o, 53 B3R 12 I CNNAI Transformer i 4 . [e]
FORPHEIRIE, FQ s TR BN C2AFBREL. ARG, 1500 ZRHE F)* FFLIRRHIE F, bRAE S RRFIE 3

ﬁﬁ%ﬁﬁﬁ%ﬁ&%%ﬁ*%%ﬂ%ﬁ%%&%w%%,yW:@JK@h%?»,ﬁ¢ﬁm%%

JE—E3X3EM, k X TRERE.
1.2 ETEBREY KRERNEHEHFEF S

AR R R R SRR AL AE ST 2R (R SRES A #8228 I B AR, ARSCHIN T UD2BR AR L
AMIERIEE R ) B R SCRF AR, ASEBL A R RO SRELE . R, UD2BELE A . =38y ik
PRIERGYD2B)MI — NI RIEZ o X TD2B, XA LA AR Y Kk = B, 55iZ DR H

eSS

P - (fm( ( (F 1)))+F;;‘) >0 o
F i=0

input >

s fp Ay 73NN EE DR A S — A RIEE AN kG F,,, RoRD2BHIFIARHIE, & Fom

Rﬂﬂﬁ%m%o@ﬁ%ﬁﬁﬁ,Dmmmmﬁfﬁfnﬁﬁxagpwg+~++E;),E¢,f;%

Ba — DRI ZE — A ik EBFUZ,  n RANDRIEEL ) EAEL.
AT PR ECE RRIERAE, A HD2BRE 2 FI IR DR, FF7E i 240 H A ERBE — MliEE = /)
RIS BNV . I, Fe R ) B R R

Fupan = CA(S(fe (Fian )+ Fiin ++--+ Fiy ) (3)
X CARBHEEENE. F),, ToRBHiADBIIHIH . [ RGP D2BHSE B ERE. Wit
TRZE S S RN B AR TN 2%, W LA RS BRI BT 2 GRFAIE



IR K AR

Journal of East China Jiaotong University

1050 EDRB mD2B
900
iE\<750 -
) 600 |
2]

450

300

150 f

[ 2 DRB #1 D2B H9RESZ BFig b 45
Fig.2 Receptive field comparison of DRB and D2B

AL TABEEKER, Hh s =1DR. A | B HMHE S, XN MEKER Y KR
UG E AL, 1, 2, 2, 5, 5]. fER2, LE# T DRBFID2BIESZ BF4 K AR L %h . 7T LA A 3,
(DBEHE P4 JZ B sEn, BB, Qe K77, D2BA RBhIR1G 1 3 KT .
1.3 E-TF Transformer L FR4FEF S

52 B SCHR[4,5,6]1 1 )5 K, AR SCAE A 2 Sk B T & 70 B H (MSB) AN B 7] 428 B 8 (SGB) 41 B 1)
Transformer. 1EI3HTR, ERMEIZFIEREIR—1k, JFHAER NI 5 R Yo t 4l k2=

e BRI, T, W TR N T, = fi6 (1), T, = foop (T,) » Fen T FI T, 43 512275 Transformer

(RSN FTR R 2H o fs (0) T figs (@) 23 HIF2RMSBRISGBER 4.
1.3.1 ZLBFETRR

g
"l " g
(5]
"y
;
~l— Z
[ 8]
- MSB SGB
8 8 0 0 0% D ®
BEA—1k EiBER ﬁl‘}%ifuﬁ% GELU JEFEIRTR JTHRAEM JTEAAE

3 Transformer £5#7RE &

Fig.3 Illustration of the structure of Escalated Transformer
P8 0 I T B A S B 2 3 P Bl T 1T AN 2 [ 12, BV SR R T Dl 22 DA A AR 259
f 4 ey bR SO . B ICERSIRL, AT m R A E A S A LN SUE R, FFIREE A 2 B RS R



IR K AR

Journal of East China Jiaotong University

REIEER, EOVE RN L IE T BT R 8L SR BMATT S, MSBUARE Y-
)?:WpAttention(Q KV )

Attention(QA,I% ) VSoft max(KQ/a) W

s O,K,V & Q, K,V & fe G M3k B . o BTSN LBIZH, I T7ER I Softmax B 52

Al K RO S AR IR

1.3.2 XHHRIERER

BB PR, A AR PR 142 GELU SR 93 55 AH S R RFAE M I P8 55 AH SS PR AL, AR5 6 FH e R 3
PRREEHTEEMNEZRE L. A, EMSBERIT—FE, KH1X BRI X3IRE R 7 S G HRE E
JAERME R . ik, SGBWLARRA

F, = DWConv,, (Conle1 (LN (F, ))) F, =DWConv,, (Conle1 (LN(FM )))
F,..=GELU(F) F,,,=GELU (F,) (5)
F :Convll(FC)F )"‘Fm

out gate2

gate2

+F,OF,

gatel

X F MF

HTE 2, SGBRVHE BB 2 28, MIMER:— 2 AR RENS L T HADZ R ALARE AT, JFE
JRIINESNIE R . AT, SGBIBI AR E XS B E I E . SEGRATHIMSMELL, prig
i AISGBR TR FREOXU T AL, T SRAG SR (5 B
14 BHHEMBERIEIME

N T RIS AN F R B A A ST B, ARG T B R OO T AN R A
JRER IR AR (C2AFB) HASHANEARTR . KRR BRI T A AR Z 18] RO 6 220K 1 o
FRAE, M H VB B ESIPRERIRR AR ERAE AR SSE, X2 BN R 2 B30 x4 2 18 U5 B
A3 AN [F] BRI W 8 o

-

SRR, O FFTEMTE, LN (o) &Rk,

) b X N X hwc

N XN

B[] f
[]II out
[

J (

> fi23

bXhxwXNc

b X N X hwc

J

-

bXNXhXwXc

b X N X hwc

—

[E 4 C2AFB &R EE
Fig.4 Illustration of the structure of C2AFB



IR K AR

Journal of East China Jiaotong University

HMSB—#f, C2AFBAEI1 X 1GR3 X 3R LA 73 B . ehh, IR J2 UCRHIE T L K PR i
BRATA R BARK, W TRMARINNESLZRE CCRN=3) , Sont R T g £ 5

N fray > BEJEIE B S AL B RE S 2 5 % RE
f‘out = I/lelijZAFB (Qa K) V) + 123 (6)
A Qv Ko VA RMHINRHER 1X1 BHF 3X3 REEF AR SR, BIE. W, 2 1

X1 M. f

out

2 SLIGER

2.1 HIEEFITEIENR

ARSI ZRANIEAIE B0 ok B 5 BT QK 4 78 R R R DIV2K [ 7], H b T 8005k FE HI Tl 4%,
HABRHTRUE. PR, ASCHH T EAEEENHREE4E, AF6SetS. Setl4. B100. Urban100
HIMangal09[8]. MtAk, RN = UG ER IS R] T LREMR . AT S R LAPSNRAISSIM[91E A &
B AR
22 LWHEREES
221 EEBS

RURSE TR 7 5 1M E R SISRATVETE T BEAEROE 4L L #Hhik. 45K W, CLNet
AT T S B EREVRAS, SRR X TR REZ R F - 4140, CLNet?E LG5 K7 X 4/ IPSNR 43 A4 51 70.21 dB-
0.09 dB. 0.05 dB. 0.10 dB#10.34 dB. {HfFT R M2, CLNetf1thREFR IR T W4~ LB LAY (A AL .
HGSRCNNAHICross-SRN. H:H1, HGSRCNNFHAFEM &5 k5 8, Wit 7 — 0 T BRI #E R 1)
BT LS . Cross-SRNUE T UL 2 RUEERHERL & 1177 IR R ARAELE S B o X T mangal09
M5, HABSISRIIVESZH: 5 5 W2 S5 BIFE I, XPRS 4HIL R SOR 1 S S HL Bk . SRTM,  CLNetF]
F AT AR MK R -7 B UD2B 45 W K AT 2842 At I 32 BT 4k i B 1), IETBI R 4h T 42 Ja {5 BBk = 0 2,
ARSCHRHIIAE X5 ST REETT AR 0 4 4 JR AR FAREAE MR N B0 4 rh Al 1 27 =0 SCR Z IS B

W2, ASCEE T 3T Transformer ) 77 1(LBNetFIESRT). 7] LABH & Hi, CLNetHf8 17 A
AR IR TR bR . EAFERME, RATLBNetREBE AILAH TR A B F SRS, (H ARSI V7E X 3
7 A REA SR T, HerhPSNREETH 70.15 dB, SSIMEZT 170.0041 ., b4k, A ESRTE I ICNN
FTransformer B M SKER R IRZHRFAE, HAE R ZHd8bs EAMERT Frig i i)Jrik. —J7 M, CLNetH A MlE
FRIBLT T4 B [ AR AR A B, o VR SRECSE B 225 B, o 73 —J7 T, CLNet&h & CNNA Transformer {1 BE &R,
FE— TR X 28 SRS RN 1Y, AT 488 e 2 2 R I o

1 AT ON RBRKEIGBOVRTEELGIET R 2 HEBLLER

Tab.1 Quantitative comparison of CNN-based single image super-resolution methods for scale factors X2
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SeaNet-baseline[10] 37.99 0.9607 33.60 09174 32.18 0.8995 32.08 0.9276 38.48 0.9768

MREFN[11] 3798 09611 33.41 09159 32.14 0.8997 31.45 0.9221 3829 0.9759
FilterNet[12] 37.86  0.9610 3334 0.9150 32.09 0.8990 31.24 0.9200 / /
HDN[13] 37.75 09590 33.49 09150 32.03 0.8980 31.87 0.9250 / /
CFSRCNNTJ14] 3779 09591 33.51 009165 32.11 0.8988 32.07 0.9273 / /
ESRGCNNJ15] 37.79 09589 33.48 0.9166 32.08 0.8978 32.02 0.9222 / /
HGSRCNNJ[16] 37.80 09591 3356 09175 32.12 0.8984 3221 0.9292 / /

Cross-SRN[17] 38.03 0.9606 33.62 09180 32.19 0.8997 3228 0.9290 38.75 0.9773

Ours 38.16 0.9612 3372 09200 3232 09016 32.68 0.9336 39.21 0.9782

2 ET ONN Y ESKEIGB MR AL GIE T4 3 MIE B

Tab.2 Quantitative comparison of CNN-based single image super-resolution methods for scale factors X3

Set5 Set14 BSD100 Urban100 Mangal09
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Jiik

SeaNet-baseline[10] 34.36  0.9280 30.34 0.8428 29.09 0.8053 28.17 0.8527 33.40 0.9444

MRFN][11] 3421 09267 30.03 0.8363 28.99 0.8029 27.53 0.8389 32.82 0.9396
FilterNet[12] 34.08 0.9250 30.03 0.8370 28.95 0.8030 27.55 0.8380 / /
HDNJ[13] 3424 0.9240 3023 0.8400 2896 0.8040 27.93 0.8490 / /
CFSRCNNT[14] 3424 09256 30.27 0.8410 29.03 0.8035 28.04 0.8496 / /
GLADSR[18] 3441 09272 3037 0.8418 29.08 0.8050 2824 0.8537 / /
ESRGCNNJ15] 3424 09252 30.29 0.8413 29.05 0.8036 28.14 0.8512 / /
HGSRCNNJ[16] 3435 09260 3032 0.8413 29.09 0.8042 28.29 0.8546 / /

Cross-SRN[17] 3443  0.9275 3033 0.8417 29.09 0.8050 28.23 0.8535 33.65 0.9448
Ours 34.60 09285 30.49 0.8444 29.21 0.8082 28.54 0.8600 33.97 0.9472

3 ET ONN BV ESKEIGB MR EELLGIE T4 4 IEBELE

Tab.3 Quantitative comparison of CNN-based single image super-resolution methods for scale factors X4

Set5 Set14 BSD100 Urban100 Mangal09
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Jii

SeaNet-baseline[10] 32.18 0.8948 28.61 0.7822 27.57 0.7359 26.05 0.7896 30.44 0.9088

MREFN[11] 31.90 0.8916 2831 0.7746 2743 0.7309 2546 0.7654 29.57 0.8962
FilterNet[12] 31.74 0.8900 2827 0.7730 27.39 0.7290 25.53 0.7680 / /
HDNJ[13] 3223 0.8960 28.58 0.7810 27.53 0.7370 29.09 0.7870 / /
CFSRCNNTJ14] 32.06 0.8920 2857 0.7800 27.53 0.7333 26.03 0.7824 / /
GLADSR[18] 32.14 0.8940 28.62 0.7813 27.59 0.7361 26.12 0.7851 / /
ESRGCNNJ15] 32.02 0.8920 2857 0.7801 27.57 0.7348 26.10 0.7850 / /

HGSRCNNJ[16] 32.13  0.8940 28.62 0.7820 27.60 0.7363 26.27 0.7908 / /



IR AT R AR
Journal of East China Jiaotong University

Cross-SRN[17] 32.24 0.8954 2859 0.7817 27.58 0.7364 26.16 0.7881 30.53 0.9081
Ours 32.49 0.8981 28.72 0.7844 27.66 0.7395 26.37 0.7942 3091 0.9129
%4 ET Transformer FiEMEEELE
Tab.4 Quantitative comparison of Transformer-based methods

vk Seale Set5 Setl4 BSD100 Urban100 Mangal09
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
LBNet[6] 3447 09277 30.38 0.8417 29.13 0.8061 2842 0.8559 33.82 0.9460
ESRT([S] x3 3442 09268 3043 0.8433 29.15 0.8063 28.46 0.8574 33.95 0.9455
Ours 3460 09285 3049 0.8444 29.21 0.8082 28.54 0.8600 33.97 0.9475
LBNet[6] 3229  0.8960 28.68 0.7832 27.62 0.7382 26.27 0.7906 30.76 0.9111
ESRT([5] x4 32.19 0.8947 28.69 0.7833 27.69 0.7379 2639 0.7962 30.75 0.9100
Ours 3249 0.8981 28.72 0.7844 27.66 0.7395 2637 0.7942 3091 0.9129

Cross-SEN e ESRT ous R
[ 5 REF5ATE Setl4 F1 Urban100 BiEEE LT 4 FE D PRMATMLLERLER
Fig.5 Visual comparison of different methods on the Set14 and Urban100 datasets with x4
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Tab.5 Comparison of PSNR and SSIM for different configurations on five datasets

Model (x2) Set5 Setl4 B100 Urbanl00 Mangal09
PSNR 3795 3348 32.20 32.17 38.75
RB
SSIM  0.9604 0.9177 0.8998  0.9285 0.9772
PSNR 38.05 3349 3224 32.39 38.92
DRB
SSIM  0.9607 0.9189 0.9005  0.9304 0.9776
PSNR 38.06 33.56 32.26 3243 38.98
D2B
SSIM  0.9607 0.9195 0.9009  0.9310 0.9777
PSNR 38.16 33.72 32.32 32.68 39.21
UD2B(CLNet)

SSIM  0.9612 0.9200 0.9016  0.9336 0.9782

WIERSHIR, Wk Z Mg 5] N3 4EER:, HPSNRIETF 70.01-0.22 dB. 5 LARTHUREAUAHEL, B
Bt ID2BAEPSNRYE R 4 170.06-0.26 dB. il #5245 /2, K= T-UD2BH i 77 S 7E T A 0] B 48
RIS X E B A SRR H Bk s sk B R SRS S B RN 5 1 R U
EAER, X AE AR A RERBUR 88 K2 B, AITOREE T RR 1 5L R I
2.3.2 HINB BB 47
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{[1,1,1,1], [4,4,4,4]}« {[1,1,1,1], [4,6,6,8]} {[4,4,4,4], [4,6,6,8]} L }Z{[1,2,4,8], [4,6,6,8]}. WIE6FT/~, il
itSet5. Urbanl100MImangal09 =/ME#4E b X3 HF R L5, X H 7 A EIAC B N A [ PSNR 5 SSIM .
IR RW], BEAEVER LB BRI, BV RO ETHE S SR, SBONBIR G R AN W] R A
M2 B R, X AR T HL, LRGP AR 5 R0, A U4 H S 80k € 9 Head=[1,2,4,8] H.
Number=[4,6,6,8].
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Fig.6 Comparison of the reconstruction performance of X3 for different configurations of H and N
on the three datasets (Set5, Urban100 and mangal09)
42
40 —e— CLNet 0983 —e— CLNet
—e— Transformer| 0.943
38 -
s | —¢—CN\N 0.903
g
5534 | % 0.863
w2
L3 L 0.823
30 | 0.783
28 0.743
26 0.703 1 1 1 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 1011 12 1 23 45 6 7 8 9101112

7 B100 BiEEE P 12 KA EFERLERAT PSNR 1 SSIM ELER
Fig. 7 Comparison of PSNR and SSIM for Reconstructed Results of 12 Sample Images in the B100 dataset
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Tab.6 Parameter number, PSNR and SSIM comparisons on different model

Model Param.(M) PSNR  SSIM

ViT 5.60 30.66  0.9103

MSB + GCFN 1.44 30.85 09118
MSB + SGB (CLNet) 1.44 3091 09129

RO LE R, A IR WETBELY: (MSB5SGBHIR) HI% T R Transformer /EPSNRAS 7
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2.3.4 C2AFBRIBH 2

T BAEC2AFBRIR G R, 8 i & 4 B R B A Uy sUEAT T RS se, BRI E AR
(1) A C2AFB; () FHEAHM (Add) 5 (3) FHEPHE+HEF (Cat+tConv) ;  (4) 5EHEC2AFB.
FKOJT/NFPSNR 5 SSIMEE K W, C2AFBXHEAIVE G $ETH A B Tubk. R R A R EsC B /g )
(FIC2AFBI, MY REAS 3 535 508 s I a7 SPAR DI A oty Sk ) 1k e 8 e B A PR

7 C2AFB HUiERASILE
Tab.7 Ablation study on C2AFB

Dataset Set5 B100 Urban100
Without 32.05/0.8931 27.52/0.7337 25.92/0.7803
Add 32.13/0.8942 27.57/0.7360 26.09/0.7860
Cat + Conv 32.37/0.8972 27.61/0.7375 26.19/0.7892

With (C2AFB) 32.49/0.8981 27.66/0.7395 26.37/0.7942

2.3.5 i1ig
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Fig. 8 Visualization of the trade-off between PSNR, inference time and trainable parameters for

different methods on the Set5 dataset
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