E-mail: jig@aircas.ac.cn EPEI%%H???E 1

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRIFE

FEGES S TP391  XERFRIRAEE: A XEHS: 1006-8961(XXXX)XX-0001-17

#3235 A#&3 : Xing Yinan, Liu Bo, Zhang Yunfeng, Ren Yuehe. A spatial-frequency strongly-sparse guided diffusion model for S20 image translation
[J/OL]. Journal of Image and Graphics, XXXX:1-17. DOI: 10. 11834/jig. 260188. (F&HH, X1, Tk =i, (FFHE . 18 S20 FIZ FHEEAY 28 58
Wi | Sy BRI /oL ). FPEESEE IR, XXXX:1-17. DOI: 10, 11834/jig. 260188. )[ DOI: 10. 11834/jig. 260188 ]

[ [ S20 BGEFR =5 e k5| S B

Hode A, X K = 14, £ A

IR 2R LS N TR REABE LR TFRI T 250014

# E. BB 4 MILRTE A (Synthetic Aperture Radar, SAR) ZE 2% 1% (SAR-to-Optical , $20 ) Bl i 2 52 4 Kok
X 3 UL ) DG SRR AR o WA 75 T 7 KO8 - — 2 A BB AU R SAR SV AH T B 75 5 W 155, S B RS
TERLE 5 FRIBEE A s ZJ2 T Y Bl UL A M v B L e LA il Je 7 9% 5 52 BR80T 5 R i S AR BT 5K
X 3 ) L, A SCHRE S — s 505 B % 5 | 2 199 HIOBE Y (Spatial-Frequency Strongly-Sparse Guided Diffusion Model ,
SFSG-Diff) , & 7£ 52 B0 B AR {d = ALY S20 Fe e o 3k it 22 RO 2 90 25 W 4t 1% (Multi-scale Spatial-Frequency
Denoising Encoder, MDE) , F F 28 SHUsURAAE B AMA: 8 2000 B M 75 5 A R8U5 5, I e s b i b 45 K 30k 5 B2 i i
AL A SR 57 1 SRl A (Strong-Sparse Semantic Fusion, SIF ) , U520 HRAE 3L 2R &, MR S8l £ 4%
TERGHES |5 5 SR PR BE N 2Rk s, fil A B R S X it R A itk . 85R 78 SEN1-2,QXS-SAROPT FlI
WHU-OPT-SAR = A~ $ 48 4 b (1 9250 e B, AR 7 IK A W4 {EL{7 1% LE (Peak Signal-to-Noise Ratio, PSNR) | 45 #4) AH {1 &
(Structural Similarity Index, SSIM) 2% >J JB AT E{Z B AH U (Learned Perceptual Image Patch Similarity , LPIPS ) Fl 3§ 35
HRHI 4R BE B (Fréchet Inception Distance, FID) b3S e R 945 5, Jo e SEN1-2 8R4 b 5 kL85 48 L PSNR
L5 SSIM 43 42Tt 0. 77dB 5 17. 8%, LPIPS 5 FID 435I FEAIK 8. 0% H1 17. 6% #EHISHm /> T 2 BEAR , BRI
PRI 0. 21 FD B W24 IS B e I 25 SR A 24 69. 1% , AR AL G A BN Pi MG . 4518 SFSG-Diff i 45 %4
i SAR B M7 | SN B v o i PRV A L SR RE S T AT AR, 38 T P IR 2 BR Y 18 OT- 5, S SERT SAR
FEHGAL SR AT 5

KT SAR MR EIE P B AL FRIE AL A 5 1R IEUR s 2 R Gt s iR i 5 |
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Abstract: Objective Synthetic Aperture Radar (SAR) to optical image translation (SAR-to-Optical, S20) is essential for
full-time and all-weather earth observation. Optical images provide rich texture information and intuitive visual representa-
tions, which are important to a wide range of downstream tasks such as land-cover classification and urban monitoring.
However, optical sensors are highly vulnerable to clouds, fog, and illumination changes, limiting continuous data acquisi-

tion. In contrast, SAR sensors operate in the microwave spectrum and can acquire images under all-weather and all-time
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conditions. Consequently, S20 translation can significantly enhance the interpretability of SAR data and facilitate multi-
modal remote sensing applications. Despite recent progress in cross-modal image translation, achieving high-quality S20
translation remains challenging. First, SAR images inevitably contain multiplicative speckle noise that is strongly coupled
with structural information, and together with the substantial semantic gap caused by fundamentally distinct imaging mecha-
nisms between SAR and optical sensors, this leads to insufficient cross-modal feature fusion and representation capability.
Second, although diffusion models have recently demonstrated impressive performance in image generation tasks; their
high computational overhead and inefficient conditional fusion mechanisms limit their applicability for real-time processing
on resource-limited remote sensing platforms. To address these issues, we propose a Spatial-Frequency Strongly-Sparse
Guided Diffusion Model (SFSG-Diff) for efficient and high-quality SAR-to-optical image translation. Method The proposed
SFSG-Diff framework follows the standard diffusion generation paradigm, consisting of a forward diffusion process and a
reverse denoising process. In the forward process, Gaussian noise is progressively added to a clean optical image until the
data distribution approaches pure noise. During the reverse process, a conditional denoising network iteratively removes
the noise to reconstruct the target optical image. To improve both generation quality and computational efficiency, SFSG-
Diff introduces spatial-frequency guided feature extraction and a strongly sparse conditional fusion mechanism. To effec-
tively suppress SAR speckle noise and enhance structural representation, a Multi-scale Spatial-Frequency Denoising
Encoder (MDE) is designed to extract robust conditional features from the input SAR image. The encoder adopts a dual-
branch architecture composed of a spatial feature extraction branch and a frequency feature extraction branch. The spatial
branch focuses on capturing local textures and contextual information through multi-scale convolutional operations, while
the frequency branch transforms SAR images into the frequency domain to capture global structural information that is less
sensitive to speckle noise. Since speckle noise is mainly concentrated in high-frequency components, whereas meaningful
structural information is typically distributed in low and mid-frequency regions, the spatial-frequency joint representation
enables effective separation of noise and structural features. The outputs of both branches are fused across multiple scales
to produce robust conditional representations that guide the diffusion model during image generation. To further improve
conditional guidance efficiency, we introduce a lightweight Strong-Sparse Semantic Fusion (SIF) pattern. Instead of
densely integrating conditional features into all feature channels, the SIF module performs channel-wise selection and adap-
tive attention-based modulation to identify and fuse the most informative feature components. This sparse guidance mecha-
nism not only reduces computational overhead but also improves cross-modal semantic alignment by emphasizing the most
relevant structural cues. Furthermore, to enhance training stability and generation quality, we adopt a two-stage training
strategy, leveraging a joint loss, including a simplified mean squared error loss, perceptual loss, focus frequency loss, and
adversarial loss. Result To evaluate the performance of the proposed framework, extensive experiments are conducted on
three publicly available datasets, including SEN1-2, QXS-SAROPT, and WHU-OPT-SAR. The experimental results dem-
onstrate that SFSG-Diff consistently outperforms several state-of-the-art GAN-based and diffusion-based image translation
models. Quantitative evaluation results demonstrate that SFSG-Diff consistently outperforms existing state-of-the-art meth-
ods across multiple evaluation metrics. On the SEN1-2 dataset, the proposed SFSG-Diff achieves a PSNR improvement of
0.77 dB over the best competing method, while the Structural Similarity Index (SSIM) improves by 17. 8%. In addition,
the perceptual quality metrics show substantial improvements, with LPIPS and Fréchet Inception Distance (FID) reduced
by 8. 0% and 17. 6%, respectively. These results indicate that the proposed model not only improves reconstruction fidelity
but also produces images with higher perceptual realism. Similar performance gains are observed on the QXS-SAROPT and
WHU-OPT-SAR datasets, which include more complex urban structures and higher spatial resolution imagery. The pro-
posed SFSG-Diff demonstrates strong robustness across diverse scenes and maintains consistent advantages in both struc-
tural similarity and perceptual quality. Visual comparisons further confirm the superiority of SFSG-Diff. Compared with
existing methods, the SFSG-Diff generates optical images with clearer structural boundaries , more realistic textures, and
fewer noise artifacts. In particular, the model exhibits improved performance in challenging regions such as dense urban
areas and vegetation-rich scenes. In addition to generation quality, the computational efficiency of the proposed framework
is also evaluated. Owing to the lightweight SIF pattern and the two-stage training strategy, SFSG-Diff achieves significantly

faster inference compared with conventional diffusion models. The average inference time per image is approximately 0. 21
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seconds, which represents a 69. 1% reduction in computation time compared with representative diffusion-based baselines.
Conclusion We presents SFSG-Diff, a novel framework for one-step S20 translation, which addresses key challenges in
cross-modal image generation by leveraging spatial-frequency joint feature modeling and lightweight Strong-Sparse condi-
tional guidance. The MDE effectively suppresses speckle noise and enhances structural feature representation, while the
SIF pattern improves cross-modal alignment and reduces computational complexity. Extensive experiments on multiple
benchmark datasets demonstrate that the proposed method significantly outperforms existing approaches in both quantitative
metrics and visual quality. Moreover, the framework achieves substantial improvements in inference efficiency, making it
more suitable for practical remote sensing applications with limited computational resources. Overall, the proposed SFSG-
Diff framework provides an effective solution for robust and efficient SAR-to-optical image translation and offers new
insights into the integration of spatial-frequency modeling and sparse conditional guidance within diffusion-based generative
models.

Key words: SAR-to-optical image translation; diffusion model; feature fusion; remote sensing imagery; multi-scale

encoder; strongly sparse guidance
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man, 1976) , 3X A1 5 S0H5E AL M L30T 25 Mg R 5 45
LR BES

BEXS b3 IR, A SCHR HH — b 23 Jot o s i 5 |
i P HL AL 7 (Spatial-Frequency Strongly-Sparse
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Sl AT W 2N SR AARTE S E S S
Mg P (10 v AR, S ) R e R R T R 1 2R
RS . it — PR THTIRROR Ik 2 A5
AR RS 5 T0AR T, AR SO A i 1 5 i
i Rl B (Strong-Sparse Semantic Fusion, SIF) o
TZM R G e AR T AR A R R, A 35 1K
FEE & LR SN NG S L A S R I S (T i B ey
XU B ML S A PR Al G AR 78 R IR A 1
ST I R, S 3 P TS AR T SO SR .
Hb BT EOSE RS BT O T, B Bl gk
W, (A5 A A JHR [ B AN B2 SR BRI AT A ol v Jo
RGN 4 P R T & GAN R4 /K7, n] 3 il
AN ZBRNEETE .

ARSCEBTTHRUN T < 1) 4 23 SR AR i 5 | 5 1Y
P BB RY (SFSG-Diff) , A1l Y™ s B i £ A il A
775 23 B P R B 43 5 S 04 R B ok S IR AR A = Ak
S20 B 2) it 2 R 2 4 2 M 4 i (MDE ) L 3 3xf
Z R ZS WA T RAAE S S Al G, U IR) B SAR (5]
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Fig. 1  Overall framework diagram of the SFSG-Diff model
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Fig.2 Sample images from the datasets
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Table 1 Experimental parameters configuration

Tic & it S BB
P ZAERE 4 1000/50(DDIM) 1000/1(DDIM)
RN 11 10
ARV 140000 160000
I A L, ML + Ay Ly + Ay Ly
- BIE 5x107 3x10°

1 : DDIM A X3 8 F DDIM SRAEEZS A A%

1.4.2 B

E o e =g i R e e D PN T 2 o
WAL , 4 Sk B T B L, AT S 30 e R A 2
3 2o [P W 7 i 4 T, LA D DDIMCRAE A X BT
AR AR IS B RUG R R, (i I 254
SEHE ) S 1) 5 OB 8] R — UK AT 1) AL 4%

FLREY , 245 58 27 2, ~N(0, T) RIS €,
B 45 R DDIM — 25 55 s A )
2, = %=1 =o€, (%,CT) (15)

Ja,

Ao, ORI 2] T RIS 5 22 0 AR

v ] I (] 2D R AR ARG — YT 1) B AT i i B
G 5,0 TR — B BEE AR 25 0 pR B AR AR s
(] 25 18] i B — B0, AR 0 A5 T 5 ) AT 2P R Bk G
PEAk , BIAT 1 FH I 2 2 o o 2 2 M e B o ik
B R, XS — B (Song 45, 2023) TR FE
FEA TN 7 29 ORH SR HHRH S R AOE AS [], TE
LT B HORMS BRI ZR 2R
Shy A S BB A P 0 () B B R i SRR
PO L RE S — Sk o IR | AR SR
Lo=L+ AL + ALy + ALy (16)
AP R BRI L BB E N A, =10,A,=5F
A, = 0.3, DIPA 25 0 2% Y 5Tk
TR L s i FH FUI 25 A9 VGG-16 (Visual
Geometry Group 16-layer network ) (X 2% & $i£ U 22 )2
TR AR R NA L2 BE S, LA 5 A A PR 15 1)
J s SRR — B FIALSE R B
Lips = BLI (%) = d(x,)l 3] (17)
K a, R ILIOEF UL, 25 ki
BRI L WEFXT SAR EMGA P15
T, 38 33 B A5 A A R A B CR A Ok 5 3%
BEA B KAB I — 4k ) XoF 5 42 PR e %) v v A3 2 it
R A, 2 AR R R S S R A A S
[i] B — 5P, AT A A5 ) SAR PG Sfe P e 75 o
A% B R R -

Lo = %Wl;[@(u,v)||f(u,v) - F(uw) ”i (18)
veW

O H AW 53 530 27 TEIAR 8g BE RN S8 L 5 F (w, v) o1
TERARALER (w, v) AR T A GEAH B 2848 500 (u, v)
FENIIE AL (w, v) A0 A T AR K, T 5 4]
AL PRI XE A A8 S i
XFHUHR R L T Z G sigmoid F 2, F 51 45 LA
CLIP (Contrastive Language-Image Pre-training) A7 fil
v T 2 ROEE R LSS PR AR 8T e e 2E i 2
D 5525 BRI Rtk — 2B A A A R | 2
D HERL S S
Low =B, [logD(x,) ]+ B, [log(1 - D(x,)) I(19)
R R IR S v ] Z M B, X
e 2 i LN N 0, KA ) 460 B A 25 M BE ) IR 4
YT o 5T EREE ISk AT SO R A
#FZE 18 (Salimans 1 Ho, 2022) # H , SFSG-Diff 1) 1%
B Bell 2Rt Ao h 51 A 27 Az 0 26 s A8 Bl (o 2% 454
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Fig. 3 Visual comparison results of different methods on the SEN1-2 test set
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7K NVIDIA V100 GPU(32GB), 3% F Adam 1AL 25
IR TP B B W < 50— B Be A 134 7 152 22 41 %
(2R (14))UNZR 140K 22 HEA/IN A 11,24 ) R 3%
FEPHIN S X 10 &2 1 x 107°; 25 — [ Ex{f FH 56 5 3
2 (R (15)) HE— Ak 160K 4, 41t K /NJE % M 10,
PR3 X 107 RIXEW R 1 x 10, FRAHNSEL
fic B AN 1 iR o
2.1.2 HBEsE

4 T PEAR AR AL RE S T2 AL RE T AR SCHE 2R
FRIE A S A T B R 4 T IT X L S5, B
FEA 7R 1 W B 2 FF 78 o QXS-SAROPT (Huang %%
2021) 4155 20, 000 X AL Xt (1 SAR- 624 S, LA E A4
W 5 RS5O 3 A 3 I T A T B
7SR I T . AR SO P BEH 4900 X R R I
YRAE 400 XHVE AL . SENT-2(Schmitt %, 2018)
R AR 22 I AH 1 BRI AR TR T 2228 3= AR Ak b
FR GG RE S AF XA 137 AL RE 1 A s B Pk
BB % M B A SCIE L 5200 X R T
2 400 X F F il . WHU-OPT-SAR (Li 4, 2022)

A5 100 ZH R T = p HER KR B RIS B R
REHIE 55 2 N850 i@ FH T IPA LR WL
R[4 K 5 s SRS AN 1 1) T A RE ), AR SCA IE 4900
X HI TR (400 % T3 S50 R 4 48— T
Ak BR g 256%256 53 BRI IEATIH— A Ab B 6 O i
A2t AR R o3 R I BEALR AL, SRAUETT
ECE SINE-SUR ST/ o
2.1.3  iTfhifEdR

S R DU e Y 3 B PEM e b, 2 4E
JE Al AR R B 255 BT 5 A AR Rl PR TR A
(Structural Similarity Index , SSIM ) {8 9 i <1 {3 7E 55
JE N FERE G AF B B A AR UM B R 1
PR PRIZR 45 48 R L ROR B 5 08 15 M L (Peak
Signal-to-Noise Ratio, PSNR) & k4= il K115 5 B 52 K]
BACAR R IR B RiR2E BB R R RN
R 5 2 ] O B AR L2 (Learned Perceptual
Image Patch Similarity , LPIPS ) 3& F %% & ¢ fiF %5 8] 1
SEARRLEE i AR A58 PR AL, A5 B s AR A
B HVROR B 3 B BOW) 46 B 2 (Fréchet Incep-
tion Distance, FID ) i 2 11554 i 5 5 B 52 KR 1)
FRAE S A BE S | S I A AR AS 1 B SE M 5 40 A 24
P, BB BTG BT A R P4 A N 5 LS PRI o
2.2 FEEXEE
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Fig. 4  Comparison of pixel-level error heat maps for different methods on the SEN1-2 dataset

2017) .SPADE (Park % ,2019) il CSHNet (Yang &
2026) ; LA Je " BB B 26 T5 1 - SR3(Qin 55, 2024b) |
CDPM (Bai 5% , 2023) . ControlNet (Zhang %5 , 2023) |
ResShift (Yue %5 , 2023) , Uni-ControlNet (Zhao % ,
2023) Fi1 cBBDM (Kim 1 Chung, 2025) ., M #fi{# %+
(2, BT L 7 v SR B 7 T IR AR AR AR
Ay g — e g B EHTUIZRIA

*2 SENI2HEE EARRAEHEEILE
Table 2 Quantitative comparison of different methods on
the SEN1-2 dataset

TEEAY PSNR?T ssiM?  LPIPS|  FID|
Pix2Pix 15.24 0.201 0.595  155.35
SPADE 16.35 0.272 0.498  119.44
CSHNet 16.37 0.289 0.635  90.51
SR3 15.85 0.365%%%  0.463 89.07
CDPM 16.65 0.352 0.455 82.76
ControlNet 16.15 0.285 0.485  105.41
ResShift 16.75%%  0.345 0.467 97.85
Uni—ControlNet  16.05 0.278 0.493  103.73
¢BBDM 16.66 0.351 0.424% 8331
SFSG-Diff 17.52 0.430 0.390 68.23

VE <0, 001, #4p<0. 01, *p<0. 05 (5 UCHE T HHEA TIEREAS
) Wilcoxon 755 BRER ) s VLA 12849 AL Fe Ao 5
DRGE G, IR (015558 A SCRIRIZE B, 4 3 (OB 21 X
AR

2.2.1 fESEN1-2%t#i4E I

SEN12 84l 5t 28 W 274, vl B 56
TR N 7 5 o M 5 AR TS G SR R R, T LA X e 4
R 3 Fron . T LDWER R, SESG-Diff 764H + HEHD
il Hh A PR R S AT S A R AR T A
X o AN, ZEAE BRI DX 8, AR 5 ik e B o
T 3t T G 2R 5 15 B SRR B 4 B A 3
HE DL ZS AR R A AR IR . B4R R
i 22 AT Kk — 20 A i 22 Ly R 2%
FERE B B R ik g v T A5 i 2, SFSG-Diff Y
TS AN RN E B = W N = s FI o i G g
55 )R R o G SR I B EIR

E B A R (GR2) A I 3% T iR 5 WL
FZ. SFSG-Diff 76 Fr 7 e br b IS 1 e fEE
fie ,PSNR $2 71245 0. 77dB, SSIM #£ T+ #) 17. 8%, LPIPS
5 FID 5 5 FAR 2 8. 0% FT 17. 6%, M 56 3iE 1 fiE 42
FE Gt AR A SCHE— 20 SESG-Diff 5 Ik 77
EAE SEN1-2 LA 64T T Wilcoxon 7475 BEA 56
SER LM, A S AE PSNR (p=0. 0012) SSIM (p<
0.001) .LPIPS(p<0. 05) ¥4 & 20t TR A 712 , i
B4R TH IR th BEAL I 35 T

SR3.CDPM 454 HUib BUAR FL Ao 19 A i A
FID $5 AR 3R LT GAN R AV Bkt T GAN ik
F7AE A5 =X T8t < I 5 0 9 B s, EL7E 25 A0 DR L
(SSIM) 5 AHR & %1 40 75 (LPIPS) b AT5 A7 75 %6 A o
SFSG-Diff W38 32 K5 40 Ak 2% 18 5 | 5 5 W b 55 1 3R ik
b, S54RIl Ak o BT 5, MDE B4k 58

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

#3 QXS-SAROPT 5 WHU-OPT-SAR#[#E5 F REIFEHNEELLE
Table 3 Quantitative comparison of different methods on the QXS-SAROPT and WHU-OPT-SAR datasets

QXS-SAROPT WHU-OPT-SAR
A
PSNR?T SSIMT LPIPS) FID) PSNR?T SSIMT LPIPS] FID|
Pix2Pix 14.65 0.246 0.498 195.51 16.15 0.302 0.526 101.26
SPADE 15.23 0.336 0.551 186.77 17.26 0.356 0.510 98.15
CSHNet 15.35 0.354 0.580 120.32 17.76 0.365 0.531 106.42
SR3 15.92 0.358 0.463 103.95 19.85 0.368 0.489 85.49
CDPM 15.88 0.369 0.501 112.84 19.63 0.352 0.496 79.64
ControlNet 15.52 0.365 0.467 95.24 22.83 0.396 0.468 65.64
ResShift 15.66 0.355 0.450 108.42 22.95 0.401 0.492 64.29
Uni~ControlNet 15.45 0.332 0.483 101.55 21.16 0.372 0.484 55.12
¢BBDM 16.15 0.305 0.461 79.47 19.98 0.415 0.472 68.22
SFSG-Diff 17.78 0.404 0.438 62.30 25.44 0.436 0.444 36.21

1l A 23S SR S AN A ) 4 JR T MR 2 A L DT
SKAMHIE A T4, $2 7 PSNR 15 SSIM ; 55 SR3 Hfij 5
FHFAE P2 B ControlNet Hi B B RUBE 451451 A ]
SIF BEH ST RS Ak 1) 2 ROBE S5k 1 5 i Ok T B85

SPADE CSHNet SR3 CDPM

ControlNet

RS TE SO HE X 5%, 3¢ T H2 ) B AE LPIPS 847 1)
e L I B S B G c E— 20k T
Az LG A58 A AR BE 5 0 — Bk SRR L T
FID 730 KR4

ResShift  Uni-ControlNet c¢BBDM IrSFPG—Diff Egroundtruth
i

K5 1EQXS-SAROPT 44k b4 77 1 iy Al WAL X L2525
Fig. 5 Visual comparison results of different methods on the QXS-SAROPT dataset

2.2.2  F£ QXS-SAROPT 1 WHU-OPT-SAR % 5 4
e,

QXS-SAROPT il WHU-OPT-SAR 3 4 #1744 47 7%
Yyse WA 1 L T A e ) 5 3 A PR SR TR

TE QXS-SAROPT %45 4 I, SFSG-Diff Jfs 1 42
AT 400 1 22 25 1 (2 3) : PSNR £ ¥K A1 5 7% cBBDM
(16. 15dB) #& 7+ 15 1. 63dB; SSIM 2 F+ 9. 5%; LPIPS
5 FID 43 B BEAK 2. 7% F12. 2%, XKL T MDE #5
AR PSS A RUPE . ARy SR iy 4
RSB eI AT B TSR AR 5 AR KA

PR ARG BER , 11 25 [] 43 S U ek A2 i Sk (RS 55 B b
(R ZRTET AT, P A O [ M T R e 1 A il MG A
5 R — Bk

7E WHU-OPT-SAR % 4i £ I, SFSG-Diff i ¥ g
et hy 3% (6 3) : PSNR 553K 25. 44dB, KA
% ResShift (22. 95dB) # F} 2. 49dB; SSIM 4 0. 436,
FETF5. 1%; LPIPS [ 5. 1% FID X % 36. 21, 1K
77 5 Uni-ControlNet (55. 12) FAK 24 34. 3%, %3
HE T SIF B AE KR I 2 HE 18 O 555 T 1)
FRRE ) o B K 2 RO SR AR B A A g b i A
1| R T O A e S NP W e L L A
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Fig. 6 Visual comparison results of different methods on the WHU-OPT-SAR dataset

i HE A SAR BB IS I 4R, A e 3l AR
LT RS 4= e SRR R R 55

AR S SR O R T BRI 1 QXS-
SAROPT 373 5 v (&1 5) , 7 J7 ¥ A2 G H) A 4 J5

A EERTE T, HF SO M RO I . A

WHU-OPT-SAR ¥ 5+ (K 6) , A Ty vk 11 2 ) RO R
WS XS HES 3L 55 SO T, e L T H A ik rT R
H B S5 AL FH il sl e PRI B2

x4 REGRESHERYRSNT

Table 4 Analysis of model complexity and inference efficiency

FeAl TR A KT ZHRIM FLOPs/G Memory/MB Time/s
Pix2Pix CVPR 2017 54.41 24.22 464.12 0.06
GANs SPADE CVPR 2019 102.42 187.21 1024.12 0.09
CSHNet TCSVT 2026 30.60 55.56 1232.15 0.13
SR3 RADAR 2024 869.46 1964.86 4485.61 1.52
CDPM ICCV 2023 1312.72 2231.03 7567.83 4.50
ControlNet NeurIPS 2023 459.49 792.16 2963.64 0.68
oS ResShift NeurlPS 2023 1519.18 2295.20 8382.00 4.95
Uni—ControlNet NeurlPS 2023 756.23 1562.34 4215.28 1.81
¢BBDM GRSL 2025 949.58 2122.49 6147.93 3.15
AR5k SFSG-Diff - 249.34 223.93 2211.84 0.21

2.3 WESWH

S L AR T Y[R B, SFSG-Diff e 1155
SR T R B R, B A T S AL
RIPTEANRT N2 4 iR M T B0 Je b ot
K, SFSG-Diff A2 0 (249. 34M) Fili145 & (FLOPs
223.93G) ¥ 4b AR, A7 5 (2211, 84 MB)
. EEZE S TR BOIZR R AT R
B R AREHEFER: , SESG-Diff 5 & FRAE Y 0. 21
Fb, AT 546 58 GAN B 5 AR 55 , 78 A4 T 1
BT A G B AT 55 v A R AR, B 25
132 BR 1 18 BT 5 SE R A 3 s B
2.4 HELSCIE

FEAIR 5T SFSG-Diff H A % O BB Y 15 11

A B K TR, FoA 17 SEN1-2 Bl 4 1 kAT 1™
VI RS, DLz A P R B RO AL SR3 AR Ry 7
Al LAy JELk .
2.4.1 ZRJESAMEG Y (MDE) &R 5 Hr

A SCE e B iE MDE mhzs B il A 5 1 Bk
P SR3 FELR SLhl I, BT 433 5 | AAN 55 451 %6 43 S 1)
MDE,, 1 % %5 ] 43 32 (1) MDE, F1 56 % 1) 25 45 A3 2
MDE. {HflSE5G 45 R a3 5 iR, 538 A, Bl
51 AN % 4 3 MDE, J& 5 SSIM 5 FID 43 51l 84 35 24
4. 1% F15. 9%, B5 Uik T 4046k 4 J5) 45 K4 15 80T A Al ot
BB AE R, {5 H PSNR {42 T} 0. 15dB, 1fif LPIPS
FEACRAR EL 2 A7 JUT [l 31, 2 B S 5% d 2 s xf LAk 2
KA 23 18] 5 67 5 Jmy S 407 o 51 A4 8] 43 52 MDE,
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&5 ETSENI-2##E&KH MDE JHFi K18
Table 5 Ablation study of MDE on the SEN1-2 dataset

AR PSNR?T SSIMT LPIPS| FID|
Baseline 15.85 0.365 0.463 89.07
+MDE, 16.59 0.386 0.423 75.36
+MDE, 16.01 0.380 0.465 83.78
+MDE 17.20 0412 0.413 70.44

T -+ MDE AUCRAUAERELL 5| AR 32, +MDE AR E
Lk b5l A2 )53 30, + MDE ARRTESEZR 15| A58 8 i1 25 43
I o

Joi s B IR R A T UERA T 25 (AR AEAR KR
SN IRE T A R Y25 A
25BN 32 MDE J& |, BRI RE S B T 4 H i 25 1Y)
KK PSNR #2 T+ 24 0. 61dB, SSIM 2 T+ 24 6. 7%,
LPIPS F&A% 2 2. 4%, FID K249 6. 5%

SSIM(1) PSNR(T)
—~ Baseline
0.3951 @ Best ,:. ~— '°1
Selected | /
0.390 A 16.8 4
0.385 16.6 -
/ o
z i =
a 0.380 p & 16.4
03754/ 16.2 4
0.370 { 16.0
0365 fr=———=—r——t-——r—————1 P i it e i
0.2 04 05 06 0.8 0.2 04 05 0.6 0.8
P
LPIPS(!) FID(!)
_______________________ L e —————————
0.460 -
85
0.455 A
[ 80 4
£ 0.450 4 ]
=
0.445 A 51
0.440 70 ——?
02 04 05 06 0.8 0.2 04 05 0.6 0.8
P P

K7 oIl p rs i
Fig. 7 Effectof Segmentation Ratio (p)
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HA RIRE R B2 BIRT0 09 2 A A7 A5 B
BT A — 23 SO AR W] AR, XUy SRl S e
WRER A —FH 45 AL . MDE il i 45 4 BOF
TR Rl 5 BRI, SE B T RS 545 SRR 2 |

(14 5 AR BRI 5 DT O S B 2 M i AR AR R
T AR HORS B 5 4 R — SO R B e T i
SRR R A TR T AR AR SR A
2.4.2  SRIEIE CRG (SIF) FE R LS 54T
SRR FE SIF HOBUE 7 7 7 AL i HARPE T, R
TXF BT PO AN ) B v AR R R
(SIF,) Y25 18] & 1 (STF,) AGE i 4 & 7 (SIF,) L
RN ET R S(SIF) . HELL a5 R nEko
FIi7R

F6 ETSENI-2HIEERSIFEENERIE
Table 6 Ablation study of attention mechanisms in SIF on
the SEN1-2 dataset

7 it PSNR?T ssim? LPIPS| FID}
Baseline 15.85 0.365 0.463 89.07
+SIF, 16.22 0.364 0.458 80.23
+SIF, 16.95 0.397 0.443 77.81
+SIF, 16.50 0.369 0.452 79.12
+SIF 16.85 0.398 0.437 72.35

1+ SIF AR B AT R 7B AL 5+ SIF AR5 A 28 [l
FIHLH 5+ SIF AU HA 8 I 3 AL 5+ SIF AU 52 B (0
p=waL I

P S 50 45 SR AT D, « JC T R RRAS SIF, 1 R B
FRER A VR G T R AR 8 I fR
FRAE Rl A5 TG 3 55 B 00 B A S 0 SO I 5 S fef
23 [A]VE & /7 SIF, 7£ PSNR (16. 95dB) | HUi5 5 mifi,
& HF HG 3o 5 A SR 2 ) X, 8 TR R Gk
iy B A 5 S foff 3 T VR 7 7 STF 76 45 T 6 b LR 3
A 5 ST BRI RUEE T R U LA SIF 7E SSIM , LPIPS Al
FID 33X = A~ SCHEFR bR B ¥ T e E SR L4 5% |
Jre B H Y i I ) £ B 1

RUAE 23 W] VE R 7 SIF, 7E PSNR _E AT 3, {H
TG 1k HEARRRAE A T8 (7] 1 1 COCHE , B 1 A Ak
FRAE % o T SIF 3 o 3 e 2s () 5 3l e 2 0y, Bk
R T P X S e DX Sl 0 A o 4 T2 A6, B 1 3 7
1 1 5 24 A i P 250 SRR 6 YRR S T, SEE
TR JZ W) B BT O 5F , BRI 7E SSIML LPIPS Al
FID bR, X i — 2L 00k 1 0 7 2 1 ML
Xof i THES S PR P RE A A 21
2.4.3 SRIELE A G 53 E L b

SIF H i) 435 e ] p 45 1 5 25 045 B T A
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5, i 5 B 7 FTAAC S [A) p 1B T BP0 58 0T L4 2R, 3R
TR T 5 SR s S

S W p 1A (A 0. 2) I, A 3 B A7 3 3 %
D SRS B BERINME DL FE 4327 > B
T SCHRSR S 350 B IR 5 A RN | 4ty R 2k |, 4% 30
TP BN A s B p 3, MEREZ DR T . M p=
0.5, A1 7E SSIM 5 FID #5475 I 3k B R ; 24 p=
0. 6 B, 7E PSNR(17. 05dB) 5 LPIPS(0. 438) - B&f1 5
SR, Y p ik ey (4 0. 8) B, Ab B AR I 2t 2, I
A ST E A, W5 5| AW 38 £+ 4F
TEALHE , 51 KR , iR PERE [R17% (PSNR [ 2
16. 81dB), 4k p=0. 6 /£ PSNR(17. 05 dB) 1 LPIPS
(0.438) W& A {#, 1H p=0. 578 SSIM FI FID |- I
HFAE, Hp=0. 5t T p=0. 6 #k— L AR T3 &
HRBE . LRA IR R B 5T RAROR A SO )
L5l p BRINTE R 0. 55
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Table 7 Ablation study on the effect of segmentation ratio

p on model performance

Ak PSNRT SSIMT LPIPS] FID|
Baseline 15.85 0.365 0.463 89.07
p=02 16.11 0.370 0.458 85.01
p=04 16.51 0.385 0.452 75.22
p=05 16.95 0.397 0.443 68.23
p =06 17.05 0.396 0.438 68.50
p =038 16.81 0.393 0.445 70.64
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Fig. 8 Two-Stage Training Metrics Evolution Curves

LRI B R A 0 Al S e i — A e R
TABUR IR DTRR . {UR B Y R 2E UK LB
TR B TR (13, 33 2 B B0 SRR 1 A 2 SR T
B A A SRR I R W R M ARG R Ry
IREMR IO 2L B HUE S5 2 — KA ] o Y
EBRXITHI R Lo I, FID M 36. 21 T} % 78. 53, i}t
WX e X 2B o AT ) LS R O e, 4
FEBR IR L, s » LPIPS 5 FID 235117 2 0. 584 Fl1
75. 28, Bk 1B O AE SR T IR AT AR B TH]
Y CSEAE T o AR, > 25 R R AEMIUR AR Ly BT
LPIPS |7+ 0. 037, [A] s SSIM $8 b5 kg 7 , 1 2 K Sy ke
Z R 2 TR R 2 G BT i — AR BRI
T RAENRIUR AR AT 5 SR VA T R
Wrfe 51 ATERE 2 I R A 155 B B AU L
BT RAFMEE G TERE . BAREE B BE AL RE S 5
— B B E A DL A A LU AEHE A b WA b £, {3
P E S GAN MY, AR50k G T 1 s A AE S20 1T
55 W YRR IS A .

2.6 HEERNGEIRITEITE

SR AT W B B 25 5K g 1) s AR s, 3R AT
TE WHU-OPT-SAR 4 42 1 W 1 G548 A B 1| 25
PERE R AL A 8 R, T B s,

13

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

PSNR 5 LPIPS 15 3 T #3542 H W 2 194 T+, 1 SSIM

WA PRAFRRE

F8 MARY SR SH IR RENTHY I FRL

Table 8 Ablation study on the effect of loss function and inference steps on model performance

YL WIS E Lo Logs Lo PSNRT SSIMT LPIPS| FID]
il 50 1 1 1 14.63 0.463 0.699 168.51
i R iR 50 1 1 1 25.82 0.473 0.427 35.67
TR+ AL B 1 1 ] 1 11.55 0.257 0.824 216.63
T+ B DA B+ R A 1 1 1 1 24.72 0.389 0.469 78.53
TR B LA+ P SR AR 1 1 1 [ 24.96 0.425 0.584 75.28
THYN Lk + 25 PR+ 33 AR AL 1 1 1 I 25.15 0.517 0.481 56.15
T+ B AR B+ 24 A AL 1 1 1 1 25.44 0.436 0.444 36.21
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Table 9 Quantitative comparison of different methods on

the VEDAI dataset

fiz%ill PSNR?T SSIMt LPIPS! FID{
CycleGAN 6.25 0.099 0.854 363.4
MUNIT 18.82 0.565 0.345 138.6
EnCo 13.02 0.516 0.488 209.0
SN-DCR 18.94 0.600 0.373 179.7
PatchGGL 16.20 0.664 0.442 240.3
SFSG-Diff 25.73 0.767 0.234 75.1
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Fig. 9 Comparison of visualization results on the VEDAT
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