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Abstract: Objective Synthetic Aperture Radar (SAR), as an active microwave remote sensing technology, is capable of
all-weather and day-and-night data acquisition of the Earth’s surface. However, due to its coherent imaging principle, the
SAR receiver inevitably introduces significant speckle noise when processing the backscattered signals. Furthermore, SAR
imagery primarily reflects the dielectric properties and geometrical structures of targets, rather than the spectral characteris=
tics familiar to the human visual system. This leads to fundamental differences between SAR and optical images in terms of
imaging mechanisms, physical properties, and image characteristics. Such differences severely limit their joint application
and analysis in subsequent tasks. SAR-to-optical image translation, as a data processing technique capable of converting
heterogeneous remote sensing images into data with homogeneous image characteristics, can effectively address the modal-
ity gap between SAR and optical imagery. It provides crucial technical support for subsequent applications and analyses
such as SAR and optical image matching and SAR and optical image change detection. Therefore, research on SAR-to-
optical image translation is of significant importance. However, existing SAR-to-optical image translation methods typically
employ a single generator structure, which struggles to simultaneously maintain global semantic consistency and local
textural-structural details. This often leads to generated images with semantic distortions and blurred details, consequently
limiting their reliability and practical utility in real-world applications. To address this issue, this paper proposes a unidi-
rectional knowledge transfer generative adversarial network (UKT-GAN) for dual-fidelity SAR-to-optical image translation.
The model aims to achieve dual fidelity in both global and local dimensions of the generated imagery through unidirectional
knowledge transfer between its dual-branch network architecture. Method The proposed method employs a dual-branch
generation framework that allocates two fundamentally distinct tasks of local texture-structure detail reconstruction and
global semantic information preservation to a Detail Reconstruction Subnetwork and a Semantic Preservation Subnetwork,
respectively. This architectural design structurally overcomes the inherent limitation of single-branch generative adversarial
networks in simultaneously maintaining global semantic consistency and local textural-structural fidelity. The detail recon-
struction branch consists of a generator and a discriminator. The generator employs a Unet architecture embedded with
CBAM modules, which utilizes skip connections to achieve multi-scale fusion of feature maps from the encoder and
decoder, thereby preserving richer spatial details. The discriminator adopts a shallow two-layer convolutional structure to
focus on assessing the authenticity of local textural and structural details, while pixel-level loss constraints are applied to
ensure the fidelity of local detail reconstruction. Similarly, the semantic preservation branch-also comprises a generator and
a discriminator. Its generator utilizes a ResNet framework integrated with PE-Transformer modules, leveraging the multi-
head attention mechanisms and residual blocks within the PE-Transformer to perform multi-dimensional and deep extraction
and integration of semantic features from the imagery. This ensures the complete and accurate retention of semantic infor-
mation throughout the feature extraction and transmission process. The discriminator employs a deeper four-layer convolu-
tional network to evaluate the overall structural rationality and global semantic consistency of the generated images , supple-
mented by a combined pixel-level and feature-level loss constraint to maintain global semantic information consistency.
Finally, a unidirectional consistency loss transfers the detail capture capability from the detail reconstruction branch to the
semantic preservation branch. This process optimizes and refines the local textural and structural details of the optical
images generated by the Semantic Preservation Subnetwork , ensuring that these generated images can simultaneously main-
tain both global semantic consistency and local textural-structural fidelity, thereby enhancing the overall quality of the
imagery produced by the Semantic Preservation Subnetwork. Result To validate the effectiveness of UKT-GAN in SAR-to-
optical image translation, this paper conducts comparative analysis with six mainstream image translation methods, includ-
ing Pix2pix, DCLGAN, Parallel-GAN, Conditional Diffusion, StegoGAN and HVT-cGAN , on two public datasets: SEN1-
2 and WHU-OPT-SAR. The evaluation employs four metrics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index (SSIM), Learned Perceptual Image Patch Similarity (LPIPS), and Root Mean Square Error (RMSE ), assessing the
quality of generated images from four aspects: global quality, structural similarity, deep feature fidelity, and pixel-level
accuracy. On the farmland and mountain subsets of SEN1-2 and the WHU-OPT-SAR dataset, the optical images generated
by UKT-GAN achieved optimal results across all four metrics: PSNR, SSIM, LPIPS, and RMSE. Particularly notable
improvements were observed in the LPIPS metric, with an accuracy improvement of at least 2. 3% compared to the second-

best results (where lower LPIPS values indicate better performance). On the building and forest subsets of SEN1-2, the
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optical images generated by UKT-GAN achieved optimal results on SSIM and LPIPS. These findings demonstrate that the
proposed UKT-GAN can generate higher-quality optical images compared to six mainstream image translation methods.
Conclusion This paper proposes a Unidirectional Knowledge Transfer Generative Adversarial Network (UKT-GAN) for
dual-fidelity SAR-to-optical image translation. Through unidirectional consistency loss, the model effectively transfers the
local textural-structural reconstruction capability from the Detail Reconstruction Subnetwork to the Semantic Preservation
Subnetwork. This enables the generation of optical images that simultaneously maintain both global semantic information
and local textural-structural details during testing, while requiring only the single Semantic Preservation Subnetwork to be
deployed. Furthermore, experimental results demonstrate that compared to other methods, the proposed UKT-GAN can
generate optical images with clearer structures and superior overall quality when processing different land cover types.
Moreover, when confronted with data distribution shifts caused by varying sensor characteristics and imaging configura-
tions, UKT-GAN maintains stable translation performance, exhibiting strong generalization capability. The open source
code for this paper is available at: https : //www. scidb. en/s/YNjqlf.

Key words: image translation; generative adversarial network; SAR image; optical image; knowledge transfer; dual-
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Fig. 1 Schematic diagram of the conditioned generative adversarial network framework for SAR-to-optical image translation. (a) The

network framework based on generator optimization; (b) The network framework incorporating a multi-scale discriminator; (c¢) The

network framework of the dual-branch feature fusion method. (d)The network framework of the proposed method. All methods operate

under a supervised learning paradigm, where L, denotes the image similarity loss and L, denotes the image consistency loss
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2022) WA FFECHE 4R FoRFEAT X L S5 . X T
SEN1-2 884  FRATEEI T A H RS 1L H AR
VAR ] e L TR il ) SR f - R A (A 6 (a) BT 7R )
KT UE I 2 H UKT-GAN FEAS 5] s 491 26 U A9 5 e
RO, X T WHU-OPT-SAR %04 82 (o Hb 4y 285 70 4y
A UL 6 (b)), FRATTHE FLAE Ay 5 2 Skt 39k (1) b 72
Bl (5 SENT-2 Bl 4 1 22 1R WL 1), I L5

ARG 50— BTy 256%256 FRifE R F, M dE i T

BRI 25 5 M0 A BE E RO, APEAS UKT-GANAE
TR0 AN ) T A SRt A R 2 S if, 2 A T e
R Rz i S 5 a8k

IEAE, R T VAR BT 4 H UKT-GAN A %5tk , 7
AT LRI BHRE R T 6 FhEG 40071k
HEAT X He 2 AT, K IR 2 Pix2pix (Isola 4§, 2017) .
DCLGAN (Han %5 , 2021) . Parallel-GAN (Wang % ,
2022) .Conditional Diffusion(Bai %% ,2024) StegoGAN
(Wu%5,2024) F1 HVT-¢GAN(Zhao %5 ,2025) .
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Table 1 Comparison of parameters between the SEN1-2 and WHU-OPT-SAR datasets

e e SAR F& I ARG RS DRSIEIE N 23 (8153 HER
SEN1-2 Sentinel-2 Sentinel—1 256%256 256%X256 10m
WHU-OPT-SAR GF-1 GF-3 5556x3704 256%256 5m
) 2/"’»/“" ;’ + cl
Wyy) = — 5 (12)
I"L}‘ + /"L . Cl

WHU-OPT-SAR
(@) (b)

K6  SEN1-2 KM WHU-OPT-SAR ¥l 4 A [ s )
FR G R (a) 2R SEN1-2 $E 4 A B 54 L1
HFNARAR DY o 280 Py 2 0 ) P 4915 (b) 267 WHU-
OPT-SAR $fii 4 h b4 JE U [ 5
Fig. 6 Image examples of different land cover types from the
SEN1-2 and WHU-OPT-SAR datasets. (a) shows examples of
four typical land cover types (farmland, mountain, building,
and forest) in the SEN1-2 dataset; (b) presents examples of
land cover types in the WHU-OPT-SAR dataset
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(IR LA ), UKT-GAN 7E4 T AL M 75 4
AR I LS5 R A SRR AR T R 4R
UKT-GAN 7E SSIM F1 LPIPS BT 45 b5 I S f AL (il
AR s PEREIE S . X R T I [
FLUR WA 7 1« 15 58, UKT-GAN SR T 3% T3 1)
TR B (053 SN ZRHE S K 201 75 2 7 I 45 )
UG s iR SRS A AT i AR AN T e e ) 8 5 &l
SCURFET IS B0 R T 38 SCORERE 7 0 46 A6 i) LA
TE42 e A B 5 SR s e A Ay ) B
PR LR . LR, UKT-GAN R T 2 2 A AL HL
XA T D 2 A SO T I 45 UEA T T 4 Xk
etk , $ s 7 40 T LS ANE SR RE T M 2% A
EMG R R . AN, T8 X H SENT-2 (1) 4 4~ T4
i 5 1) 5 45 R AL AT A& B, Pix2pix , Parallel-GAN

FIHVT-cGAN [ A B 45 R, X 245 45
FIX SRR R T — Ry W B 0 R e 405 1% 1
SR B I Zeed i v 3 e LS A 1 RO A L O
PRI N T MG ARAUME 205, 42 8 T 0 28 24 A 5]
BRE R M2, 0B W AR e 7 ik
(DCLGAN Fil StegoGAN ) 38 ‘& - HE 4 i 1 24 — B ik
PR AT MR TR R 22 5 N A 5 1 4Ty
TR 1 SR LTS TR A 45 () A, S S5O AE s PR
FE SR RS 1 4 FRIA 3k b € T A W A R e iy
o R, 36T BB R () 4 W B 5 5 Conditional
Diffusion , F T/7 1R (4 i % 55 7] &8, 75 SAR #0625
PG 2 4 v 1y PG A BT i S (I T At AT W
TR eV & 50 WY Ak = R

&2 SENI2HHRHEASEFYMFHEELARFTENEEER
Table 2 Quantitative results of different methods on the farmland and building subdatasets of the SEN1-2

e jEi%iikY]
e (ﬂsl;]j? SSIMT LPIPS! RMSE/ (2?31?1; SSIMT LPIPS! RMSE |
Pix2pix (2017,CVPR)  17.1571  0.4197  0.4882  35.0384  17.9074  0.3487  0.4653  32.8678
DCLGAN (2021,CVPR)  15.2554  0.3400  0.4750 457139 162268  0.1970  0.5061  39.2062
Parallel-GAN (2022,TGRS) ~ 18.0499  0.4428  0.4565  31.9261  18.4061  0.3615  0.4897  30.3080
Conditional Diffusion (2024,GRSL)  12.0829  0.1969  0.6102  66.6022  11.3224" . 0.1559  0.5312  69.4884
StegoGAN (2024,CVPR)  13.9877 02759 . 0.4977  51.8477  15.8222  0.1504 05464  41.5423
HVT-cGAN (2025,TGRS)  18.1783  0.4486  0.4484  31.8978  18.5018  0.3645  0.4378  30.1665
UKT-GAN 182613  0.4592  0.4345 31.8672 183970  0.3654 04359  30.3278

TE IR A BT IR (E, BRI R BUR IR (EL
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Table 3 Quantitative results of different methods on the mountain and forest subdatasets of the SEN1-2

113, FEN
ik (131?31?? SSiIM T LPIPS| RMSE | (l;iljl;‘ SSIMT LPIPS| “RMSE |
Pix2pix (2017,CVPR) 155418  0.2659  0.4928  43.5106  16.0789  0.1776  0.4865  40.2478
DCLGAN (2021,CVPR)  12.1411  0.1369  0.5500  58.2652  13.4435  0.1020  0.5701  55.4445
Parallel-GAN (2022,TGRS) ~ 16.0706 ~ 0.2733  0.4889  39.5872  16.5887  0.1843  0.4818  37.6306
Conditional Diffusion (2024,GRSL) ~ 13.7014  0.2646 04812  52.9071 9.2248  0.1318  0.6886  91.8559
StegoGAN (2024,CVPR)  11.6078  0.0920 - 0.5340  67.9221  13.0321 0.1187  0.5658  59.1558
HVT-cGAN (2025,TGRS)  16.1592  0.2858 = 0.4645  39.5563  16.3655  0.1854  0.4678  38.0885
UKT-GAN 16.1979  0.2889 04498  39.5325  16.3714  0.1860  0.4565  38.0755

T ML P AR BT R LR, T ISR AR U

j2:2387)

2

SAR K%

P17 SEN1-2 H H ST | LU FARbR DO b 37 b 0 IR B b AR [ 7 3R A ) e e PR FE A

TR

Pixtopix

DCLGAN

Parallel-GAN

Conditional
Diffusion

StegoGAN

AY

HTV-cGAN

UKT-GAN

Fig. 7 Transformed image samples obtained by different methods on the test datasets of four typical land cover types (Farmland,

Mountain, Building, and Forest) in SEN1-2
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TP T HE— L X HSC I 5 00T . AN TR IZ
B e g R B G T Ak 2 SRR ik 25

CIE R
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UKT-GAN: T e SAR E 35 El & W R B FE i 8 o) RN IR T 75 4 j 3 1 P 4%

Conditional

e Eg Pixtopix DCLGAN  Parallel-GAN Diffusion

StegoGAN HTV-cGAN UKT-GAN

K18 N[5 i (e e PR REARTE 1] 7 £0HE DX Jma R R0 LE

Fig. 8 Local magnified comparison of image translation results by different methods in the red box area of Fig. 7

*4 WHU-SAR-OPTHEE L ARFENEELHER
Table 4 Quantitative results of different methods on the WHU-SAR-OPT dataset

MR bR
PSNR(dB) 1 SSIM 1 LPIPS | RMSE |
Pix2pix (2017,CVPR) 15.2067 0.2682 0.4811 44,0448
DCLGAN (2021,CVPR) 14.6328 0.2286 0.4678 46.4971
Parallel-GAN (2022,TGRS) 15.3623 0.2878 0.4651 42.4781
Conditional Diffusion (2024,GRSL) 13.5861 0.2699 0.4556 53.7643
StegoGAN (2024,CVPR) 14.4419 0.2294 0.4755 47.6507
HVT-cGAN(2025,TGRS) 15.3876 0.2894 04501 42.2106
UKT-GAN 15.4560 0.2904 0.4393 41.8099

T L P MO BT R LR, T IR R AR IR

GAN A= 1 1) 62 R RE 6 1T 4 1 7 B3 5 B SRR
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B R W ILAE R AN T X e 6 R R 4%
i O R AEIR R G0N 5 B GE
R . X EELE LR R, UKT-GAN TE D AN
i) A% gt e M 5 AR T T 5 |/ 1) Bl O A 25 5

I A RE LR EROL S B P RE , HLA A2 kB
3.4 HESEESHRNSH

R T AT VEAR 45 05 1 i S M, AR T AR A
e J3 55 S o e T SR R 4 3 ot T X L O A T
SERIHT . A 7 kB S 80 (Params) LUK T 7]
3% T3 1 (FLOPs ) LA K 78 AH [R5 744 25 358 T (RTX

3090, #EUCK/NH 1) By FAFEAF- B HE R [A] (Times )
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Conditional
Diffusion

K9 SEN1-2 KIS 4 AR J5 vk AR mOG -2 R 5 SOk R FR 22 T AL 45 R
Fig. 9 Visualization of the residuals results between generated optical images and real optical images by different methods on the

SEN1-2 test dataset

SR Pix2pix DCLGAN  Parallel-GAN StegoGAN  HTV-cGAN  UKT-GAN

r175

r 150

F125

100

2 I SAREIE  Pix2pix DCLGAN  Parallel-GAN Dlﬁusmn StegoGAN  HTV-cGAN  UKT-GAN

K10 WHU- OPT- SAR MM iRt 4 b AN [R5 3405 A e 45 PR A Ak 22 ] A5
Fig. 10 Transformed image samples and visualization of the residuals results obtained by different methods on the WHU-OPT-SAR

test dataset
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WS iR . adxf Hen] DU, AT 77 1 UKT-
GAN 7S5 T = SRR 2 (R A T At
(- o AH b T G e 3 3 R AR I 1Y Parallel-GAN
A1 HVT-cGAN, UKT-GAN A BRI [ £4 3% 3155 Al

PAREAR S Y HE RS (] AR T 3, HS 5
{8 F Parallel-GAN, XLbzE 2256 KM UKT-GAN
E A 35 A I A Y A 0 3 1 [) I, L e 2550 ) 4 B

PERE

£S5 TRBEGEGRFENENERELR

Table 5 Model complexity results of different image translation methods

g
Ik

Params(M) | FLOPs(G) | Times(MS) |
Pix2pix (2017,CVPR) 54.4140 18.1522 1.7902
DCLGAN (2021,CVPR) 11.3782 64.1309 32.0899
Parallel-GAN (2022,TGRS) 532.2004 96.1538 12.7068
Conditional Diffusion (2024,GRSL) 164.2259 3322115 11278.2193
StegoGAN (2024,CVPR) 11.3782 56.8643 47.0452
HVT-cGAN (2025,TGRS) 11.1685 55.8875 23.6306
UKT-GAN 21.0930 28.1828 5.3421

3.5 HERELI

J T B E UKT-GAN H L F B[] HTHE IR B8 9 AL
O3 32 IHE SR, 207 o A T I 4% A SUORHE T I 2%
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(4201 T 2 X4 A B 1 B ) T RS 41 SR
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B, FE R IR LG R, 47y 4% 518 X
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Table 6 Quantitative comparison of detail reconstruction and semantic preservation subnetworks with different knowledge

transfer loss configurations on the farmland subdataset

T TRAR
i

PSNR(dB) 1 SSIM 1 LPIPS | RMSE |
Eali IR e TS 17.8269 0.4430 0.4614 33.2151
T SRR T P 2% 18.1140 0.4537 0.4353 31.9020
FETF R APTF Ly P A0 T R 45 17.8428 0.4440 0.4600 33.1388
FLTF R AT F Ly o BT AR F R 45 18.0721 0.4514 0.4432 32.2927
FETF LA IR RS Ly A AT TR T 1 255 17.9044 0.4427 0.4555 33.0831
FETF B FIRIE RS Ly OB SARHE TR 265 18.0533 0.4504 0.4453 32.3706
FET B HIRIE RS Ly, HO A5 B2 F RO 25 17.8700 0.4446 0.4531 33.1129
UKT-GAN (FFEL 1 FRERS Ly o HTH LAREFT-RIK) 18.2613 0.4592 0.4345 31.8672

T L P AR BT e LR, T R R AR U

®7 AFEETFMEMERBTMESELMN CBAM £ F1 PE-Transformer #2334 i B1§ B £ 9 %2
Table 7 Impact of integrating CBAM and PE—Transformer modules in the detail reconstruction and semantic preservation

subnetworks on generated image quality

‘ ) VI
Tk S
PSNR(dB) 1 SSIM 1 LPIPS | RMSE |
(w/o CBAM) 17.7135 0.4421 0.4641 33.3293
AT EHET 4
(w/ CBAM) 17.8269 0.4430 0.4614 33.2151
o (w/o PE-Transformer) 17.6899 0.4306 0.4551 34.0015
FERITE ARFF TP 4%
(w/ PE=Transformer) 17.8838 0.4442 0.4606 32.8948
e %8 MUEERTRESREEEANHGT LR

N N R e N Table 8 Comparison results of different attention mecha-
R T 20 R A Y R A 4 e R CBAM
o . nisms in the detail reconstruction subnetwork
()6 BRI, FRATTHE PR 40 19 E - Do 2 LAt i AN

A6
S B L 4 W6 CBAM 3y FE 45 30 19 2% N Ukl
R PSNR LPIPS
(squeeze-and-excitation network , SE) (Hu 4§, 2018) | (dB) 1 SSIM 1 | RMSE |

5 %% 38 38 7 B 7 (efficient channel attention, ECA)
(Wang &5 2020) AR R EE 7 (coordinate attention,

Base(JLIEE 1) 17.7135  0.4421 0.4641  33.3293

SE 17.7010 0.4426 0.4615 33.4040
CA) (Hou 55, 2021) HEAT X LS4 S5 R MF 8 T .\ 178061 04421 04621 332191
TN S ZE R IR, CBAM 7E PSNR \RMSE £l SSIM A R YT N T e
1 ;%J:ﬁtﬂ: SE.ECAAICA, E LPIPS ?Eﬂ%l:ﬁ;ﬁ%?ﬁ( CBAM 17.8269 0.4430 0.4614 33.2151

B . X2 RLEA R Y], CBAM 3@ i I 16 1
B TERT , S T AR 1 A 3 s ) 4
JEE B OUE 3, A EE T SE ECA M CALBERE I TE 35,4 S AF— S5 5.2k ok BIOR B i) — S50 3 % o
SR ER AR R B S 85 AE B TA T BOR A R

TE RO AT SR U E, T RIZ R AR AL

W 26 1A SO A4 2 B, BE— 2R Bk 1 A A R T AR TEE SRR R 2 X TR 2 R E A DR LS R
HE AT R R O R T P 2 X S B AR A0S A R BE )

i
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Table 9 Impact of feature consistency loss and unidirectional consistency loss on generated image quality
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Table 10 Comparison results of feature consistency loss

weight A, with different values
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Table 11 Comparison results of unidirectional consistency

loss weight A, with different values
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