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Abstract: Objective Synthetic aperture radar (SAR) and optical remote sensing represent two complementary Earth obser-
vation modalities. SAR imagery enables all-weather, all-day observation due to its active imaging mechanism, while opti-
cal imagery provides higher spatial resolution and more intuitive visual details. Cross-modal translation between SAR and
optical images not only compensates for missing data in either modality but also enhances downstream applications, such as
image matching and semantic segmentation, through multi-modal information fusion. However, current methods encounter
notable challenges. Approaches based on cycle-consistent generative adversarial networks (CycleGAN) predominantly
emphasize macroscopic structural reconstruction and fail to exploit deep semantic correlations across source and target
domains. In particular, traditional contrastive learning techniques are limited in remote sensing due to the high spatial auto-
correlation of similar land-cover features, which blurs the distinction between positive and negative samples and causes the
contrastive mechanism to underperform. This study addresses these challenges by proposing a semantic-guided contrastive
learning method for SAR and optical image translation, which effectively mitigates feature homogenization in remote sens-
ing image translation and significantly improves semantic fidelity and downstream task performance. Method The proposed
framework comprises three core components: 1) a semantic feature extraction module, 2) a semantic-guided contrastive
learning module, and 3) a joint optimization scheme combining cyclic generation and contrastive learning. Initially, this
approach utilizes pre-trained SAR and optical semantic segmentation models (DeepLabV3) to extract pixel-level semantic
features from real and reconstructed images. Subsequently, the semantic-guided contrastive learning module implements a
class-consistency-based positive-negative sample selection strategy: In each query patch in the generated image, patches
sharing the same semantic class in the real image serve as positive samples, while those from differing classes are treated as
negatives. This strategy effectively mitigates the feature homogenization problem that challenges traditional contrastive
learning in remote sensing contexts. Contrastive loss is computed within a shared feature space projected by a lightweight
perceptron. Finally, the joint optimization framework integrates cyclic consistency losses at pixel and semantic levels with
adversarial losses. The cyclic semantic segmentation loss enforces consistency in structure, texture, and semantics
between generated and real images, while adversarial losses enhance image realism. The overall loss function balances
these components via weighted hyperparameters. Result Comprehensive experiments on two public datasets—WHU-OPT-
SAR and DDHRNet—evaluate the proposed method against state-of-the-art approaches, including CycleGAN, contrastive
unpaired translation, query-selected attention, and conditional diffusion, across image translation quality and downstream
tasks. Regarding image translation, our method consistently achieves superior performance. On WHU-OPT-SAR, SAR-to-
optical translation yielded a peak signal-to-noise ratio (PSNR) improvement of 11. 9% and a mean absolute error (MAE)
reduction of 31. 1% over the second-best method; optical-to-SAR translation achieved gains of 3. 8% in PSNR, 5. 6% in
structural similarity index measure (SSIM), and a 5. 2% reduction in MAE. On DDHRNet, our method sustained leading
performance across diverse geographical contexts. In downstream tasks, the semantic segmentation and feature matching
results confirm marked gains. The semantic segmentation pixel accuracy improved by 49. 26% for optical image generation
and 10. 60% for SAR image generation on WHU-OPT-SAR, outperforming all baselines. In feature matching tasks, the
inlier ratio (IR) and Euclidean distance-based inlier ratio improved by up to 1% and 0. 49%, respectively. Qualitative
comparisons reveal superior visual quality with enhanced detail preservation and grayscale consistency. Ablation studies
demonstrate the necessity of each component: removal of the semantic-guided contrastive learning module caused a
10. 75% drop in pixel accuracy for optical images, while omitting the cyclic semantic segmentation loss reduced PSNR by
7. 0% in optical-to-SAR translation. These findings validate the critical role of our innovations in overcoming remote sens-
ing translation challenges. Conclusion The proposed semantic-guided contrastive learning method for SAR and optical
image translation effectively addresses the prevalent issue of feature homogenization in remote sensing image translation.
Our method substantially enhances the semantic fidelity and downstream utility of generated images by integrating semantic
segmentation guidance with contrastive learning within a cyclic generative framework , offering a novel solution for unsuper-
vised SAR and optical image translation. Extensive experiments demonstrate that this approach provides a robust and effec-
tive solution for unpaired SAR-optical image translation with notable advantages in semantic consistency and cross-modal
feature alignment. Our main contributions include: 1) identifying the feature homogenization problem inherent in tradi-

tional contrastive learning for remote sensing translation; 2) proposing a novel semantic-guided contrastive learning frame-
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work with category-consistent sample selection; and 3) developing a unified architecture combining cyclic generation and

contrastive learning. Future work will explore self-supervised semantic guidance to improve applicability in scenarios lack-

ing semantic annotations, thereby enhancing generalizability and robustness across diverse remote sensing applications.

Our codes are available at https://www.scidb.cn/s/VVVBnu.

Key words: image-to-image translation; synthetic aperture radar (SAR) ; remote sensing image; contrastive learning;

semantic segmentation

0 35l

][l

éﬁia‘m%%’ﬁi(synthetic aperture radar, SAR) 5
G2 R S P AR 0T O F-BE . SAR PR AE
BB, BB 8 =55 A 32O IRBR ]
Pt R A RBEAINEE T . 5Z A, Ot EEl
G LA T o 1) 5 [ 23 AR A A R B
AP BRI 15 BB B, RLIG, BIF9E SAR 5O
PG 2 (] 1) 5 B A e B pe R, AN A RETEAT — RS 4K
P BRI TAN ST, SRR Rl G 2 RS R LA
RICRL 3 o MR 55 (Wang 45, 2025) Al H A5
R (Hu 45, 2025) 55 1 i S s G4 B
AR RS ST FF

I — e A BT M 2% (cycle-consistent gen-
erative adversarial network, CycleGAN) (Zhu A
2017) E G I ATEIR— R 2% | fif ok 1 AR Es
T R O [, SR, 12 T TR A B AR A A X
6 25 5 0 2 B B AT S5 B, A AEASE S T8 A XU o
AT RS e A e YT S5 2 Jm M b [R) e ik
U X {8 A2 OO T 0 4 (RN 45, 2020) 2 3 it
AN 8 R 0] P X i R S B AR 5 A 1 XL
JE VP R 4, IR 5L TR 45 2% pR R DR e i L — 3
o Torbunov %5 A (2023) 7E CycleGAN ZE 44 H ik A
PLGE Transformer A2 , 455 6 AR 5 A WE
WIGRGE =X ot 1) R, 7E 38 SR, il 5 % 2% I
2% 55 R A T B A TR 28 1 IR A7 A B R 2% (R e
85,2021 $1& Hh a1 X3 3003 Ak B A S5
BT T IS ) 0 A A 75 SR s I A B
R RS 1) P 8 S A BT T 20 SRS Y
B RUE ;s Yang 28 A (2022) LA CycleGAN Sy FERY , £
X TG M B SAR B2y (RS e e b AR RS A0 AN
JERIRIR, 6 TR AR AR G 22 RUBE A 6
EEE I — AL R ARLE P25, 35 32 T 1 A Al
8B 4TS T £ 5 ) B ERAE — B0 5 Guo 55 AN (2024)

DB XF BRAT J7 1 3 i A e S 350 DIt 3 A2
JEFNGE s e T ) R, et 1 2 RO R A i ds
PLSEEE SAR BUS S s R R e 2 ROBE Rl G SR L 1
A 2 2 B ) e AR SR AN [ 35 8 7 i i A2 S5 4R
BT, I 51T WO 25 WA R AT 2500 i 3R e
FERIEEN o SRTT, 24 HTHET CycleGAN Y J7 ik =244
T EUR A R R W, R RE ST 42 4 R 4G B S
H PRIz 8] B B2 1 SCCHK

YT, T L T B 46 7 15 (contrastive
unpaired translation, CUT) ¥ 32 H (Park 2% ,2020) , 18
1 GRS L2 ST B, 5803 1) s R -5 Az
B Ry BB T SUAE L L 38 3 fe R AR IR {5 Bk (Patch ) 1] FY
AT BRI — B LA, 7E A AR ER AT 55
HHCAS PERE$E TE . 2 T CUT HE 42, Kang il Park
(2020) 255 % LA R 5 26 10 MG, 32 T+ 46 o
SR ENE. e DR EACR , Wang 55
N (2021) 4 H 52451 25 RXE B R AR A= T ¥, A AR
FHA T 1 6 5 Han %5 A (2021) 38 12 XU 25 A 75 235 44 434
SRAETC X RG] (SR RE ) o RS it — 20 G
TREAR B 5 1 SCAS R A, T A i) e PRV R
(query-selected attention, QS-Attn) (Hu %, 2022) 3
PEOCHER s AT SOXF 5% 3 Zhan 55 A (2022) 56 T A
S LB B 25 U B SRR A KL, 2 fift D2 [R5 Jung
SN (2022) 85 5 T LR FR IE WAL 5 i XS e ]
AR THEUGR N ER 5 B i L FRIRRE ) S 2+
Yo X o 2 B L AR R T i R IE AR AR Z 1]
AEAF B, R R/ ME TR X Z M B BAE B . 4R
M, 3 SR R R R TEAE T < RIS ) e R ik 25 18]
18 43 A H e B — 2 () an A AR RN R AR ) | 2 3] —
T SCRI A SRR A 5 TEAEAS TR 2 ) A AH (LR
e L 2 [R] , DA TRl £ G 0 L 2 ) e A BEAR [R] 1
SCRFAE BOREACIN R 250, 7 1) 2 1 AR 28 S (R R
HAT S5 AREE . WAL 1 R i SR FTZIAE 53 04K
RATU IEFEAR M AREA G, 7ELL CUT AR
(I GExE 2 > Dy ik, A if) KR S 5 IEREAR KR

3047



3048

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 8,Aug. 2026

A xF o s 1] v i R i S m] REARAL , T 45 kAR
AR AE DU R A REIX 73 o HAER 1P, A — 16 2k
B IEREAR 5 SRR A B R AR AR N 3T, A AR 2R
FGEns s > Hems K- S ouk U ML R R

PRI, AR SCHR I L5 | SR s ST HE SR R e
BT 43 HIME R (Jiang 45, 2025) , 7EXS LL 27 ) =5
(] v 8 R A T 2 51— B ) 1E R A G BIL
CHNTEL 1), DGR3 I PRAR AR A [R] S A ) A2 e %) L
I WL TR it — A RO T S B
SRR SO 0 Az T HER AT CycleGAN AR
B PAE IR A ES A, FE T SR BR B[RRS54
B Z IR o FR

HX 1SR )

FrEA EFEAR

i3 Hijl
A S R L
- B B [Py

WEAECEEET

P
g Ty
SAR
e Y Y|
J5| .
—
DAl 2

A

P
REA

query

LRt )
1 ARGER Lo 2] i G G e 2] 7R

Fig. 1 Schematic diagram of traditional contrastive learning

and semantic-guided contrastive learning
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MAE GEUAE s ) FEAR T 0. 034 5(31. 1%) ; i 7 SSIM

Sh% b, AR SO CyeleGAN FEAK 0. 045(10. 6%) -

TG B SAR UG A AT 55 AR SO i AE TG
3T MG AN T b L AR R A R, AR AL
J7¥EFE PSNR I SSIM 433|482 F 17 0. 477 1 dB(3. 8%)
F10. 003(5. 6%) , 7E MAE %A T 0. 009 4(5. 2%) .
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SSIM \MAE) I %] JA5 5 A0 2 B0, AH A T IR A 5 ¥
CycleGAN,PSNR #£7t 7 0. 252 4 dB(1. 6%) , SSIM #
F+70.021 6(8.9%) , MAE [&{X T 0. 007 1(5.5%) .
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b BIR R B R AR T S5 R (PA) FIURRAE DL i
(PMR IR F1IR-ED) i~ R AL 55 B SE B 45 1 . A
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T H 1S4 8 45 5 A T v 4 il 0. 162 9
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FEFRAE VE AL R U AE 55 v, 0w 7E MG AR T i
PP I 5 55 1Y Con-Diffusion J7 &, 7£ PMR 845
AR T A R . X B A R R R T
BREYAPE 5 LG K2 I e RE
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FEBUS T A0 S5 A0 5 A0F DT L 25 31 - CUT J5 % B AR 7
PMR #5 ¥ I I Con-Diffusion 757 ¥EBEAIK 1. 78% , {H 1
K UC BE HE 451 He Con-Diffusion 77 5 55 2. 73% (IR ) il
0.49% (TR-ED) . 5 Z MX}, 78 1% A= ml i 2 3%
R B B9 CycleGAN, 7E B AiE VT Bt 52 56 v 2% 1
T 22 AH 12% B FRAE 5 AT VR AL D FC , HLAE X 46
FLUCEL 1, 1A 2% (TR) Fi10. 2% (TR-ED ) A HEAE A5 fiE
%38 2 RANSAC J7 72 5 W G B 25 0 36 B A 4 DC IBE o
AT LT PMR $8 45 LS TR ARES 3 IR TEAE T
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Table 1 Quantitative experimental results of image translation using various methods on the WHU-OPT-SAR dataset

SAR—OPT OPT—SAR
Tk

PSNR/dB 1 SSIM 1 MAE | PSNR/dB 1 SSIM 1 MAE |
CycleGAN(Zhu %,2017) 18.883 5 0.424 3 0.1135 12.439 4 0.0532 0.179 9
CUT(Park %§,2020) 18.594 0 0.3599 0.1110 11.741 8 0.041 6 0.193 3
QS-Attn(Hu%%,2022) 18.434 0 0.368 2 0.1125 11.780 3 0.041 4 0.192 5
Con-Diffusion(Bai %8 ,2024) 14.945 9 0.2455 0.1922 8.1529 0.020 8 0.330 6
AR 21.1299 0.379 3 0.076 5 12.916 5 0.056 2 0.170 5

CEIHL, TR PR IR B IR RS R . T FOREBOCBS , | R (EB N .

#2 KHEAEDDHRNet HIBE F#HITEGERIRNEELRER

Table 2 Quantitative experimental results of image translation using various methods on the DDHRNet dataset

SAR—OPT OPT—SAR
Tk

PSNR/dB 1 SSIM 1 MAE | PSNR/dB 1 SSIM 1 MAE |
CycleGAN(Zhu %,2017) 16.250 1 0.242 3 0.128 5 11.800 8 0.099 8 0.198 1
CUT(Park % ,2020) 15.3855 0.2222 0.1358 11.556 5 0.091 4 0.2039
QS-Attn(Hu %5,2022) 15.4356 0.2251 0.134 6 11.622 7 0.090 6 0.202 1
Con-Diffusion(Bai 55,2024 ) 10.188 8 0.121 8 0.293 5 9.862 4 0.081 4 0.259 5
AL 16.502 5 0.263 9 0.121 4 11.5337 0.083 7 0.202 5

T IHL, FRIZ PR FOR B IR RS R . T FOR OGBS, | FoR(EB N .
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Table 3 Experimental results of semantic segmentation and feature matching for various methods
on the WHU-OPT-SAR dataset

1k PA(SAR—OPT) 1 PA(OPT—SAR) T PMR 1 IR T IR-ED 1
CycleGAN(Zhu%,2017) 0.2477 0.404 2 0.1200 0.020 6 0.002 0
CUT(Park %5,2020) 0.268 8 0.436 7 0.5809 03172 0.1350
QS-Atin(Hu%,2022) 0.3307 0.441 0 0.508 6 03137 0.077 5
Con-Diffusion(Bai % ,2024) 0.1849 0.457 6 0.598 7 0.2899 0.130 1
A3 0.493 6 0.506 1 0.588 6 0.3271 0.1390

E IR R R TR IR AR AL A4S

Con-
Diffusion

AR CycleGAN

(a) SAR FRICAE (%

QS-Attn

FORMEBR MG, | FoR (/ML o

CuT

Con-
Diffusion

e AL CycleGAN QS-Attn

(b) JEAIEIGHEAS ) SAR

K4 47546 WHU-OPT-SAR i 8 b A5 3 R
Fig. 4 Qualitative comparison of different methods on the WHU-OPT-SAR dataset

((a) SAR-to-optical image translation results ;

(b) optical-to-SAR image translation results)
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Fig. 5 Segmentation results of different methods after image translation on the WHU-OPT-SAR dataset

((a) SAR-to-optical image translation; (b) optical-to-SAR image translation)
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Fig. 6 Registration performance of various methods on the

WHU-OPT-SAR dataset
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Table 4 Module ablation experiment results

SAR—OPT OPT—SAR
4 20 1
PSNR/dB 1 SSIM 1 MAE | PA T PSNR/dB 1 SSIM 1 MAE | PA T

L, 17.418 7 03579 0.138 4 0.116 5 11.4415 0.021 4 0.205 3 0.064 5
L, +L, 18.242 5 03629 0.118 5 0.270 1 11.8556 0.029 0 0.193 1 0.302 6
L,+L, +L, 20.876 5 03720 0.080 6 0.448 0 13.228 4 0.057 8 0.165 8 0.469 4
L,+L, +L, 20.592 1 0.370 4 0.083 1 04923 12.076 8 0.040 1 0.187 3 0.437 3
Lo+L, +L, 19.242 2 0.367 9 0.102 6 0.384 8 12.038 3 0.044 0 0.186 7 04128
L, 21.1299 0.379 3 0.076 5 0.493 6 12.916 5 0.056 2 0.170 5 0.506 1

T IHL, FRIZ PR IR B IR AL RO R . 1 R OGBS, | FoR(EBU ML
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Fig. 7 Training loss curves of the proposed method
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Table 5 Ablation experiment results of different segmentation models

SAR—OPT OPT—SAR
i) PA
PSNR/ABT SSIMT MAE! PAT PA(real)] PSNR/B?T SSIMT MAE| PA? (veal) 1
U-Net(Ronneberger®,2015)  20.6731 0.3523 0.0744 03474 0.6861 123943 0.0532 0.1811 0.3774 0.7822
Segformer(Xie%%,2021) 19.5814 0.4463 0.0955 03991 0.7319  12.0282 0.0325 0.1892 0.3090 0.7853
DeepLabV3(Chen%5,2017)  21.1299 03793 0.0765 0.4936 0.7096  12.9165 0.0562 0.1705 0.5061 0.786 8

T IHL, R RIZ PR IOR B IR RAEE R . T FOREBOGBUS , | R {EB N .
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Table 6 Ablation results of the semantic segmentation weight A,

SAR—OPT OPT—SAR

A PSNR/dB 1 SSIM 1 MAE | PA 1 PSNR/dB 1 SSIM 1 MAE | PA T
0.5 20.426 1 0.389 1 0.086 5 0.486 1 12.158 2 0.046 3 0.1857 0.337 3
1 21.129 9 0.379 3 0.076 5 0.493 6 12.916 5 0.056 2 0.170 5 0.506 1
2 19.915 4 0.403 2 0.089 1 0.511 0 12.736 4 0.056 5 0.173 2 0.378 2
5 19.795 1 0.400 9 0.082 0 0.476 7 12.627 1 0.054 4 0.172 0 0.378 3

Ve IHL, FRIZ PR IR B IR AL LA R . 1 FOR OGBS, | R (EB N .

RT7 BN SRR NEAHHRIEER

Table 7 Ablation results of the semantic-guided contrastive loss weight A,

SAR—OPT OPT—SAR

. PSNR/dB 1 SSIM 1 MAE | PA T PSNR/dB 1 SSIM 1 MAE | PA T
0.5 21.084 9 0.409 8 0.074 0 0.4332 12.256 7 0.050 8 0.184 5 0.383 7
1 21.129 9 0.379 3 0.076 5 0.493 6 12.916 5 0.056 2 0.170 5 0.506 1
2 20.210 1 0.423 9 0.084 7 0.520 6 12.176 8 0.0399 0.186 2 0.309 5
5 21.028 7 0.417 6 0.074 7 05124 11.966 2 0.038 7 0.190 1 03232

T IHL R RIZ PR IR B IR AL R R . 1 R OGBS, | FOR{EBU N .

T AT s
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Fig. 8 Training curves of the semantic segmentation loss and the semantic-guided contrastive
loss under different weight settings
x8 BEBRIRABR/NMERKELER
Table 8 Ablation experiment results with different patch sizes
SAR—OPT OPT—SAR
BRI
PSNR/dB 1 SSIM 1 MAE | PAT PSNR/dB 1 SSIM 1 MAE | PAT
5x5 20.6379 0.433 1 0.078 5 0.5253 11.970 1 0.034 3 0.1909 0.3267
3x3 19.970 0 0.4350 0.088 0 0.450 5 11.954 0 0.034 0 0.191 1 0.294 5
I1x1 21.1299 0.379 3 0.076 5 0.493 6 12.916 5 0.056 2 0.170 5 0.506 1

T IHL R RIZ FIR IR A IR AL LA R . T FREBOOBS , | R (EB N s .
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