gﬁ }i*mm @ | NEW TECHNOLOGY APPLICATION

DOI: 10.3969/5.issn.1006-348X.2026.03.014

—HEFERNRMNENBRANIERRBNEEH
B RE D RTRE

Frgk hT =R,

==

4

U AN

(1 HIFERFALGRFRE(ESF S LFRE) I B4 334000;2. B MITE 48 AR RN O ARFHRE,LH &8 330096)

AT B I AL A G g A AR A TR, i ) — 5 T A OGS 47 190 485 £ SR 5 2 R 5 A% £ A1 R
808 73 FE AR T A il i B R R B AR Rl 5 T ) A TR LR 20 R 5 T R AR 2 SO R TR I RUBE AR, 45 &
KRR 225K (residual in residual dense block , RRDB) 855 5% 22 3, S 42 JR 2 -5 J) A0 240 1 () PP ) 3 A 740 1) g
St A4 ] 5 A7 B 3 1 - 25 [1] (gated fine—grained channel—spatial , GFCS) |5l #% , £ U—Net BRER % 422 i A Z10KE 2 38
i —%5 [A] 73 & 1 (fine—grained channel—spatial attention , FCSA ) B 5 73 2 TR | 38 0 IR A7 A% 42 ey — Jy b i
AR5 7 T U )BT S, SIRAR XS 28 i A DX O BEARRAIE 1) 0 S50 BE ) 5 S e v R F A 5 A HRIZERT) NIQE 11
LPIPS #6845 , 76 H 1 B PR (L M RIS b TT JR I A5 38 70 BE AR e . 258K, I A 284 1% NIQE 7 LPIPS 457
B3k %) 5.568 F10.054 1, I Al SR 7t — LB UE 1 & MR S

KRR  LLHMENG ;S PR E 3 2R UL I 285 5 38 R R

FRESZES TP 727; TP 391  XEkEREAD: A

X E 4= 1006-348X(2026)03-0076-06

0 3

IEAEAR AR HL RS A B3 IR A AL A M LR
AT PR 2 R 3 PR, A R o) R 1)
ok T B A R B B KA. I, AR
H G X 4% (super-resolution generative adversarial
network, SRGAN) ¥ 4= 5 X} 11 [ 4% (generative adver-
sarial network, GAN) , 5| A HERAT 55 M3 T A AL
fr S HER AT S HESE A AR LU B G
A R PGS A A I 7 T U P PR R
G35 NI |5 E Al S LS R,

X SRGAN AYA LI £8 F11 51 0 265 K 4t % pRER
SADT A T SR 3 HEEEE N2 (en-
hanced super-resolution generative adversarial network,

ESRGAN) A &858 1 UMY BRI BE ST, e Tt

Wr#s B E5:2026—02-10

MR EE Y LS TP R SR AR O3 R AR AL
X471 /9 2% (further improving enhanced super-resolution
generative adversarial network, ESRGAN+) |5 HR T4
ARSI , FARSRmG JEAE R AR P iR B SR R 2%
BEER , %F ESRGAN #EAT 1 #T XL AR s KL T16 EE 45
HYZERA R BE 8 43 HER (structure-preserving super resolu-
tion with gradient guidance, SPSR) /7 ikt —2 5| A T
RSN IR NN S R | VAN N (15 2 S
B3 w7 PR R B BE R AE RS HLAR Y s 5 A R
He AT T I 4% (blind super-resolution generative adver-
sarial network, BSRGAN) #5211 T T3 1Ay i B/ 2
PR AR FEROR] FERAE 5 M (0 BE Al B IR
SIEX eI

BEXTHL IS LU MEMSR R BT GAN 45
SO T — U AR R T A A 2R
P 20T 3 T - R 1) 45 D 2%

HEUB:BRaAHFELMB (62362040) ;7294 A KA A 2@ L3R B (20242BAB25080) ;3T % 4 3 F /T AP A1 #7 A 4

A B (Y]S2025067)

EEET: F=5%(1972), %, M+, 818 AN FRGR S HETERARRT .,

76



1 &

1.1 BB SRR

SCH AR T[] L 7 AL A 2 A W PR g S
SV R R A3 AR (LA 1), feff 3 T X B2k
W2k AT RGO s P d . Ho AR AR RN
—ANBUES A B T M4 il R R AT
FAEIT ST T AR A TR, TR R 2 R
FRRAASAE B 5 b F ARy 1] 45 DAL 3 3 -
75 8] (gated fine-grained channel-spatial, GFCS) [ 2% ,
3 7E U-Net F) 0 a4 1 Bk R 34 42 Hh i A GFCS M 4%,
SEHLF e T B RE A AL AR T . GFCS M 2843 75
Kt LA 2 1) 4k 38 18 - %5 (W] 3 2 JJ (fine-grained
channel-spatial attention, FCSA) , Jf-47 A% 4 &y - Jo) 38
T A O OC R 5 T U 23 TR] 1R S 2) T
Pk AT 2 2] (4 TR AIL G Rl A e T2 R, 3 5 0
SCHEE T IE A FeRs

L]
g g

AL
asimg ]

124
38 -2 (6 5 8

BHBAEN
E1 BoPEmEENE

BLARUL, 1 Jeb o BE 3 s 2 208 R B
A B s W 2 2805 22 22 () 32 5% 26 5 46 ROVt
AlA TR IBH I RRE 2 2]t = I L A L
AMEMG S B FS  Az i s MR 5 S i R =2 )
THER pREL, XA BLAF R TO0AL s B i B A B v
T U5 B i BR — [F A GFCS M 45, 5 )
) P 285 A gt I 2 A TS I R S B A AL
1.2 WA EENERRME

SRy B 5 B A R D 28 XIS 43 B 3 (RG R A T 4
PERE AR, Pt T M EE S E TR
RRT RS, Bl G T2 )m A EE IR E~H
FEAE A AE B AS 25, 28 2540 1 th 2D HES U2
Wk 2225 (residual in residual dense block, RRDB) @l
X% Rl 5 3 A 0 B P B, R 2% 45 A A5 R R 2
J7s

iIFaERJ7-2026

Conv

WEERL &

’E%ﬁ%ﬁ
BA o]
B ¥ ” ’RRDB&B&
’ LR

B2 BouRmMEERIEEN

R A R BT SO R A A B DM RLEN , S
HRIE T R 5 B A AR (attention and convolu-
tion fusion module, ACFM)'®, 51 T — /N XU Rl & 1
BEIRHL(WE3) . 7E ACFM FRIFAT B I—A~ T 2%
O (22— HEE8) T R0 S5 R g AR A
T HERE IS, A R, D7 T PR
[\], =1 AR O BEOAG A 2 [ 45y DoE S i N BAw, B2k
FEGF S I R 40 3 B RSS2 B MR 3,
AR ARSI R L A e R 3R

LSBAX \ SIS
2x2AvgPool2d 1x1(l:onv
!
[EPEF=wak oS

J BIERAHEE

Upsample

L

3x3x3Conv

47+4—+4—.

B3 WEEmMAESNER

HLATIT A6 5053 S A A AR A A e 1R
B, LASE DR R AR 4R 30, 7 2R 23 SR (Ol P A%
TR AR, B A (R 0 B30 5 F Rk
IS Z = HER) o TR HER R A R
PR B S8 BE RS ARRAE , BT B AL, AR IR R
FARFRA, F ORI B R OS5 52 LA 2 T R T
o5 5 MRS, IFATIs 4T B R R S 2 — 1
P AR AE 1 HEAT e R4 B E A S A QKV 5
JEARBUZ LR SCE S, PR R A3 0 i 7L
SRAE ] J5Ud RUST, DA b 2R A 12 (R RUBE (4 7
SC3AE o PR A 2 B AR BT AN URE S T — JRK
32 HF R IR RE S, T 1k ] E AL, k2 R
Th T BRI PRSE /I H b -5 8 B o A A X ) 53

XU il 45 T R IR 4 7 ST R

20265 S£3HI/ BB 2798 77



gﬁ ;i*mm @ | NEW TECHNOLOGY APPLICATION

f.=W,. Attention(Y)+D+Y (1)

D=Upsample( W,,,Attention( AvgPool(Y))) (2)
A £ RN ARy o3 SCI L W, RoR Ix LB B D
FOR T R FEAR A BVRRE ; Y FROR i A BURE 5 At-
tention , Upsample , AvgPool ] 7% & 27 ) H 12 B bR
B, Ho, Attention 678 H 1 B I AR, Upsample 32
7 FSRFE, AvgPool R V- It A48

XU Rl 10 B IRy 8 3 S 3RoR T

Seom= W3 (CS(W,,(Y))) (3)

T2 £ BN SR TR 20 SR 5 W, R 3x3x3 4
P CS Rl IE TR VEARAF
1.3 R4 R IR 1E - =5 8] F 5 25 M 2%

LANEMR A Z YGRS R R & Kt s M
B SRR BIPELE B A& 58 U-Net J 51 25 xF Bk R 12
o RHIE B AR R IR T S SRR, Tk X o I
FARE 8 05 50 B, S B8O B A B DG TR
FEOETT 28 S A AR . STHR R T — i 4R Ak
R 3 - () ) 531 25 X 24 (DL IT 4) 43 B U-Net 9 26 71
FROEEE B 2 — 2D AR 1AL TR R 24
JHfdFH FCS A BEHU AR RG22 [ FE A 5 B

Wi o |
_;\51:::"::‘}

> data flow
Sigmoid

Spectral norm
' GFCS-Modul

le
y

B4 R - BB W

1) FEEIT R

AR 38 2o 1 ) 3B o W RRAE
WA 738 T0 2 AL, T8 R A 6 328 8500« v 1 A T IXC
B A5 DL e B B e i IR 3y X 4
I 1 0 2 U o K B R R A SR W A A8 D
3 22 H B 28 DSR2 MR 75 il oy e D 2R R AR T
ELA e U P AR A i/ INES A S 1 O B DX, 7
N 15 28 e o SR A R

WA 25 56 1 24 DR AR B R £, Rt #8 XT

78

R TR A g, B8 F PR R
F=C(f)+C,(g) (4)
a=0,(C,(c,(F"))) (5)
Kb C5 Ca il 1B, TX b 5
i 25 RP AR LR 5 o, (- ) SR 8 TE 2 Pk B 0 TS eR K
(rectified linear unit, ReLU ) B 1 R ; 0, (+ )l s B A
K 20T bR %K (sigmoid) pRES, B PR T3 2215048 e
(0,1);C, 20 1x1x1 45 B RREL, A= iU 2 0E B IR .
T TRl S AL R 2 SR R v 7RI %k
I TP T A A e A DXl e AR T S DX T

P, BETEH ) i X6 BRI Y BRRE
2) PR i 1 2 [A) 13 7 ) FCSA iR

FCSABLH (VLA 5) /2 ST 51 g I 28 i A O
iF B2 EBL B, FCSA B8R 95 X 4 45 X (pinwheel-
shaped convolution, PConv)" 1 [ 17 1 24 3 18 1 7
71 (adaptive fine-grained channel attention, FCA)®% i1
T8, JH B R R A s [y ) P 4 5 3 0 1 A
HRAFICFR , SEIRTLL AR rh s TR BB BE S5 5 NAS 8
SR NRIOE A e L P Y e Y L I DI R K Y S B ]

B EVREE IR I S AR Al A LT 78 BRETEREHR

Moo
l ©am
Miiay

b ®
® 0
HE
1t
i

B 5 FCSA#EHR

R ARG h 5 5 SO T a1 R AE 7]
L i A RRE B S 28 Dy AR X PRI FE SR I, BV 41
BIZE A7 b R A 5 it n 25 A SE SR 28, P
(1,0,0,3) RIRTERHE IR 22 AR 7 43 5 58 14
3L E AL P(0,1,3,0) R TERHE E A A Al
Ji 53 HSE LA A 3AMEER i, LA e, Bl , 4ot
P2 B G A KT 5 a1 0 1x3 B B L T4
BRI LR ) L B 5 A8 5 T SR R G, T L5 I 1)
3x1 B FUZ SR B ] (I 5 F 4k S SR AR fb . 7
LS 49— 1 F it 19— 1k (Batch Normalization, BN)
H1 sigmoid Z¢ M L0 T PRER (sigmoid linear unit, Si-
LU) S0 pR AR, BARPATANF -

X" = SiILU (BN (X, (i0ss) @ W) (6)



X = SILU (BN (X,siy © WEM) - (7)

X = SILU (BN (X, h1h) ® W) (8)

X{) = SiLU (BN (X, 5510 @ WE) - (9)
EVPVIRTNIE N NCL ST S Sl OF 7 8 s
P K ® Fe/m 4 BUS S W) For i 430838 5
My 3 ERIG . FeLiidIA— RIS BREUS , it
ERPRRAE 0 R/ IV

h w c
h'=—l+1,w’=—]+1,c’=f2 (10)
s s 4

2 BT w s SRR P 1) 15 R B 5 s RS A B
VERIAEAK 5 ¢, T 25 [R5 2 S BB HR Ay i 11 R P51 1)
WA il p sk 2 PR (Cat)  THRS AT -
XD = Cat (X X ) (11)
e RNy w2 BB PRI K
PEAT & BUERAE B D B 2R I y ) T R
mr:

1=, =w - 1= — (12)
S

Yy = SILU (BN (X" @ W**)) (13)

T T8 4 B PR IR , 4 2x2 B RUZ IEATHRRAE
A5 R, R s R R e R R
SRR BT 2 IS B A A R, Pt X R A
e 15, A0 B X RIS LR AL R X A i 1S
/N EVBR R I b7 BN v, SIEBR R AR A Y S 4 R i
BE AU .

FCSA 58 1) 38 18 15 838 Bt #38 id 42 - s
O EENRCRER i E ey S D FAW AN ESH O SRR
AR UE . B ILETRRAE A FeR™™, C . H W 43 5]
FERPRAE P 038 TR = R X LR AT 4 SR 4
TEERAE , BER, 58 n AN IE G E M RR N

1 .
H x Wz:ﬁlz;ﬁan(l:])(lA")

Koo F, (i) 378 R A RRAE B 565 n A 38 38 1 RRAE
& s GAP /R 42 Ji - AL 3R | 4 R F Yt fL B A
FEERAE TR T OxHx W78 Sy Cx1x 1, 3645, fdi FHAlY
ARG B A7 ey 338 38 £ B4R I, 1% B=[b,,b,, "+ ,b,]:
M, =Y. Mb, (15)
o M, R R A B s MR R 8 T A S 1)
T kN MIA T AR b, R HPIR A B AR i
AFEf) o ST ARG A A R AR 4 R A A

M, = GAP(F,) =

iIFAEEJ7-2026

B, D-[d dy,d,]:
Mg, =) . . Md, (16)
s M, 227 42 JRy il 8 15 B ; ¢ 387 38 1 00
d TR KR RE DRSS i SE I B R R
2R E B IR AR B RS B BN & R R iR
B 7E 22 AR PR AR G R
C=Mg, M, (17)
C MRS I, R 20 B e L B R A5 3 AT
H B B FL R B Ry 4 SR RN R SRR A AL i A,
B Bl AT 2 ) DT SE BRI B9 A 36 R A, A AR
M) - N Cie 1,23,k (18)

k k
MbVaVnd = z(Mband.M;ag) ZC;’I € 19273,'“>k<19)
J i

W=0(c(0)xa(M" )+(1-0(0))<a(M”)) (20)

o My FIM R4 IR AT SR 3 1 A
5 5 500 sigmoid 3 i PR ; & Al 38 K 5 0 i) 2
ABH T AR AR . 2 AR T R
e Jafs B A AR, It HLo A A (E 2 il
TSR TUASE B FFAE , 588 T X & BRI 5 AR A0 )
PR EAME . AR W, 525 [ARHE ] F % 38 E A3
it s AR TSI it SIS B A 5 i 3 T -4 (1) L A
W, 15 B IR e i AR IE P
FF=W,®F (21)
WA (el e A T S (R B SR 1 B O RFAIE
M S AS AT , ARAN FR I T (R 07 75 I a TT A )
DU, DA T2 £ B 2 1) T LART 20 4 A ] s, S PR3 1
YeE R ShAS T AL, At AREE PR 1
T2 [ AT R 775 4 o) - Rl b I i 3 A
HHERE ST, R B ZR R RS AU L A LT A NG
LA AN SRR , HAT M 1 S T

2 SLWERSDH

21 ELBRHBEXWELE

SCH A T AR R R 4 L 264 3 039
SKRLTANEG, BT R R /INVER 2 1 024x768 132 K , 4
BT ZRE LA A LU AR TR AR A B
DT A s M S e TR 72 20 1A F R A i
WEAE AR P IR EE A 2 127 5K R IR IESE

20265 S3HA/ 2827988 79



gﬁ ;i*mm @ | NEW TECHNOLOGY APPLICATION

H 607 3K & -, MR AE A 305 5K [ Ao

SCH T A S5 34 7E BiC 45 NVIDIA GeForce RTX
4090 &< 1Y PERETT SR IR 5548 L ov . SER AR JE
T windows 10 ¥ 1E & G ¥y 2 , i '] Anaconda %f Yl 2k
o) Python £ FIFREEAT B, B 08 T S50 o R Hh A 10
BRI TR T A AR M . S80S #2 R Py Torch
VTR 24 > HEZRIE L B CUDA T. B AU LU 32 4% GPU
I AR 2Rt FE b BB T Adam fEALES

A O = AL T SRAE A 8 2 A7 R 4 A8 P A RO 11
TPBERREAR IR SEREAR 5 R 0 B R — R R 1 T

YNZRAE LA BRI 25 S 2R ARUECH 500 000,
2.2 XfEbsREE

FioMivauy Tl SR DO it pe s iR E IR N ) /NS e
PN T 5 2 F% S A A B AR, Sl S
B 55 IAT 3 I 53 HE B (0 DGR R FR br A 0T
Lt , DA SBT3 8 PERE R A R TIE . X LA dE 5k
THRE I PSR PR B A Bicubic, S TAERMIZE
) £ 114 [ {508 43 R T 3301 (residual channel atten-
tion network, RCAN)™, J&F Transformer 1% KIS 539
HH AL (permuted self-attention for single image su-
per-resolution, SRFormer)""" % 4E 5% 22% 4% Transformal
(dense-residual-connected transformer, DRCT) ", K-
PR Y [R5 3 3 37 (efficient diffusion
model for image restoration, DiffIR)"* (diffusion-based
image super-resolution in a single step, SinSR)"/ I3 F
A U I 285 1) L5 73 o Ei 5303 (real-woorld en-
hanced super-resdution generative adversarial network,
Real-ESRGAN)!,

FI—2TEAAN I T 5 BIAVE H I & 4L A BIR
E 2% K AR A R KR BT & PTAG 2% (natural image
quality evaluator, NIQE ) Fll 2 > J8& 1 & 45 B AH L]
(learned perceptual image patch similarity, LPIPS) $§
BRUTAS S T it , NIQE A1 LPIPS FEARBUE A , /R
I EPERE AL o FE T2 BURT L I 2% 8 53 28 05
VETENIQE #I LPIPS #8465 LIy 7 —EMi# . % T
X IR A T PR  ONHR R i R ) 2
G RE L IXUESE TR BE REA SR TR B v
ROR . BEAh, SO B D AR R TE R S B R AT 55 R B
TR R R B X O e R s B R RS
PR, V1SRG T MG R0 BT i

80

®1 2EBABETHITEMIEEIRGR

e T NIQE LPIPS
Bicubic | 6.912 0.186 4
RCAN | 6.846 0.044 8

SRFormer | 6.851 0.046 4
DRCT | 7.036 0.047 0
DiffIR ‘ 5.465 0.044 5
SinSR ‘ 5.295 0.061 6

Real-ESRGAN ‘ 5.289 0.039 4

Ik | 5.194 0.0357
T2 AGEBIYPETHIEMIERER

[EE:Z %A NIQE LPIPS
Bicubic | 7.206 0273 8
RCAN | 7.045 0.064 1

SRFormer ‘ 7.031 0.066 1
DRCT | 7.404 0.065 6
DiffIR | 5.810 0.064 8
SinSR ‘ 5.685 0.091 6

Real-ESRGAN | 5.670 0.059 4

ek 5.568 0.054 1

K 6—7 4 il 7 SC P BRI AE L ) i 2041 RR 4

R BRI LSRR o
H E

a)Bicubic (b)RCAN (c)SwinIR
d)SRFormer (e)DRCT (NDIffIR
g)SinSR (h)Real-ESRGAN (i)Ours

6 41%5@&5(%% BT X L

. » | |
(a)Bicubic (b)RCAN (c)SwinIR
- - - -
|} . |
(d)SRFormer (e)DRCT (HDIffIR
] . .
i - . .-
B " | |
(9)SinSR (h)Real-ESRGAN (i)Ours

E7 4EERRREEmEIttE
2.3 HRRSCIE
ST VA SC AR H R L0 D 45 RN A R I 2%
X GAN BERLYE BE A4 7 FH A2 ), SC R A8CT A 2C T
SR, SRR I MR 4 PR
F3 HIBIBEML YRR (415)

LR AR AR NIQE LPIPS

VGG19 | 5.736 0.059 0

U-Net | 5.651 0.057 1

U-net+7E & /)1 4% | 5.628 0.056 3
U-net+FCSA ik | 5.582 0.055 7
U-netHE B0 45+ FCSAMRH | 5.568 0.054 1




x4 EHRFMEHRLE(46F)

A A A NIQE \ LPIPS
RRDB 5.572 0.056 3
XU T R A R 5.568 | 0.054 1
4 4518
TET 7] P, g B9 10 M 0 ) PRI o g i o oK, S

HEE T — ST A O BT I 45 0 4 W R S
SUNC QWA b AR Ry AN s SR g 2 A N
QAR 5 s T S O A, AL ORI
FEPRAJZ I« H 5] 3853 R ) GFCS 3¢ &, 7 U-Net Bk
BRI i A FCSA BEE S5V 5 7 17145 , el 1145 4
7 3 T8 -5 [A] A R I BLA SR A X 38 A8 e B IX I G
SRRRIE RN BE T 5 A2 BAS IR A BT R AU AR il 1
B4 R R AR 97 R 5N RS SO T AR B,
454 RRDB B ARGk 2280 5 AR I, S 4 w4
55 Ja s A (1 P )

Sk :

[1] Ledig C, Theis L, Huszar F, et al.Photo-realistic single image
super-resolution using a generative adversarial network[C]/
Proceedings of the IEEE/CVF international conference on
computer vision and pattern recognition. Honolulu, HI, USA.
IEEE/CVF.2017:4681-4690.

[2] Wang X, Yu K, Wu S, et a. ESRGAN : Enhanced super-reso-
lution generative adversarial networks[C]//Proceedings of
the European conference on computer vision workshops.Mu-
nich,Germany.ECVA. 2018:63-79.

[3] Rakotonirina N C, Rasoanaivo A. ESRGAN+ : Further im-
proving enhanced super-resolution generative adversarial net-
work[C] //2020 IEEE international conference on acoustics,
speech and signal processing (ICASSP). Barcelona, Spain.
IEEE.2020:3637-3641.

[4] Ma C,Rao Y,Cheng Y, et al.Structure-preserving super reso-
lution with gradient guidance[C] // Proceedings of the IEEE/
CVF conference on computer vision and pattern recognition.
Seattle, Washington,USA.IEEE/CVF.2020:7769-7778.

[5] Zhang K, Liang J, Van Gool L, et al. Designing a practical

degradation model for deep blind image super-resolution[C]

iIFAEEJ7-2026

//Proceedings of the IEEE/CVF international conference on
computer vision. Montreal, QC, Canada. IEEE/CVF. 2021:
4791-4800.

[6] Chen Z, Lu S.Caf-YOLO: A robust framework for multi-
scale lesion detection in biomedical imagery[C] //2025 IEEE
international cconference on acoustics, speech and signal pro-
cessing (ICASSP).Hyderabad,India.IEEE.2025: 1-5.

[7] Yang J, Liu S, Wu J, et al. Pinwheel-shaped convolution and
scale-based dynamic loss for infrared small target detection
[C]//Proceedings of the AAAI Conference on Artificial Intel-
ligence. Philadelphia, Pennsylvania, USA. AAAIL 2025, 39
(09):9202-9210.

[8] Sun H, Wen Y, Feng H, et al.Unsupervised bidirectional con-
trastive reconstruction and adaptive fine-grained channel at-
tention networks for image dehazing[J]. Neural Networks,
2024,176:106314.

[9] Zhang Y, Li K, Li K, et al. Image super-resolution using very
deep residual channel attention networks [C]//Proceedings of
the European conference on computer vision(ECCV).Munich,
Germany,ECVA.2018:286-301.

[10] Zhou Y, Li Z, Guo C L, et al. SRFormer: Permuted self-at-
tention for single image super-resolution[C]//Proceedings of
the IEEE/CVF international conference on computer vision.
Paris, France.IEEE/CVF.2023:12780-12791.

[11] HsuC C,Lee C M,Chou Y S.DRCT:Saving image super-reso-
lution away from information bottleneck[C]//Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition.Seattle, WA, USA.IEEE/CVF.2024:6133-6142.

[12] Xia B, Zhang Y, Wang S, et al. DiffIR : Efficient diffusion
model for image restoration[C]//Proceedings of the IEEE/
CVF international conference on computer vision. Paris,
France.IEEE/CVF.2023:13095-13105.

[13] Wang Y, Yang W, Chen X, et al.SinSR: diffusion-based im-
age super-resolution in a single step[C]//Proceedings of the
IEEE/CVF conference on computer vision and pattern rec-
ognition.seattle, WA, USA.IEEE/CVF.2024:25796-25805.

[14] Wang X, Xie L,Dong C, et al. Real-ESRGAN : Training real-
world blind super-resolution with pure synthetic data[C]/
Proceedings of the IEEE/CVF international conference on
computer vision. Montreal, QC, Canada. IEEE/CVF. 2021:
1905-1914.

20265 $3H/ 252798 81





