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Fig.2  The matching network framework based on deep feature reconstruction enhancement
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Fig. 5 Comparing different matching methods on heatmaps in various land feature scenes (Red dots represent label positions,

black dots represent predicted positions)

MIELS Al A, FEARIEF 5 AR A SBOOI A T A — B T LR AL T
IR K, DCRCRE I RERBUER RO LACAS R . BUARYEREE S I D7k 4 DDFN W Z 40 1 22 ROEE IR
SR, AT XF SARSEARAE I AF R MO AR XA HFAE, T/ RURE TR Jay AR il B 728 5 SR Py R 0 2 i
TE Y Jay #0 JLARD Wy A2 () 8, AR SRR T U5k FRAR. A SOFEAMUE IR T 2 RERERHE,
CFOG, fESETI7 MM ERRERB N RS I TR AR Ao ARk, X K&



2624 National Remote Sensing Bulletin i & 54k 2025, 29(8)

AR LA S 2 S R g S e B A O i R BEAE
ARSI RAE 5 AR L3152 T 1R85 D BC4S
SHAMTTEAEE , R 05 ik A Y ARy I fE Y
IR /N . AR, X A IAAS SO 3% RE VB il i 141
BFHE, TEW X IETUREA, 7R R a8
Hdndl LAREORFFE R R VT FEPEBE .

3.3 HERSRIS
TEARTT R, BRE T Fr$e i vk vh B 1 A 3K

1.0

09} e ——
08t //;/
/

0.7 %
:i‘ 0.6+ s
2l 0.5}F ///

Zo04t
03r «
0.2
0.1F

2 3 4 s
1R ZEET

(a) SEN1-2 {4 L 5
(a) The ablation results of SEN1-2

0 1

baseline —e— J7%1

e iRl 6 s, ASCTE M A Eds ikt 744
SEEy, B AESUEA SCT AR 22 RBEREAE £ U RE
fiF T 55 e X T B DG TC 3R 09 52 M) o S R 1 A
5. Baseline, HIRFHfhZEAZ U-Net M2%; HE1,
£ Baseline JEfill 35 22 ROEE A fiE $2 i 8 5
%22, 7F Baseline JLil MR IE B A RIEL ; AR
7%, BIAE Baseline SEAil b 38 hn 1 By 48t (% 9 1>
Bk,

R UNGES
s o
W ~

o 1 2 3 4 s
1R ZE AT
(b) GE-GF3 ji4 il 45 5

(b) The ablation results of GE-GF3

J7%2 —<—O0S_DFRENet

K6 Pt 7 d HE AR A I Rl S 56

Fig. 6 The ablation experiment

MIEL6 Xt LR AT LA Y, T AL g 1
AR SO 5 ARERIA R o 22 N R AL £ UL B
e 1o 1) 2% fi 1 PR ) 22 ROBERRAIE SR TR IR AN
(A JUBE RO 45 R AT I o T o 5 — U R S
HEZRAR EL, A R m] A Z0CHR T 9 265 1) A 4 L E
J7 o iR F A S SO R R Ak e O 25 2R |
e 2o 0 PR A0 ek A B IR IR, AT
2o o) IR EHR RO SL PR AR . SR 4 R B s R T
PRy SCAS R A RO SR R RS AR A,
e R A IERR L O AR . ARSOTERE A T L LW
BB, FEMR SEIR A5 OF R ARAT T A Y IE A DL
L8 98

AN, ARSCIRZE T i R RHIE 4R B2 28 C YT
BLSCE, WET TR AR AT LR, il
o0 24 i L1 A T 4 2 ) R D (BN 8. AEFEBCE A/
i, BRI B RS, SEEGICA R IE
ANFESr, IEFVCHCR R TR, R RO A 7E
BEZRIURER, —ERE L TRHER 251,

0.94
o
/ \o
0.93} - T
§ —
=~ 0921
N
m
8
= 091} y
H
0.90 |-
[ ]
0A89 1 1 1 1
2 4 6 8 10
HeECHE

BT R 2 B2 R i S

Fig. 7 The ablation experiment of feature dimension parameter

T AN [F) 453 2% o B0 =2 8] 1) e S 800 B 2 T
2 1 P 288 AN [) 43 S 25 R B RCERD (RS TR oA 22 R
RRAIE 22 38 FURRAE T4 22 )36 2Py, DA S0 5 4
MR R . M L2 MBS EOREE, A, &
P SH R &0 0.6, 03, 0.1F10.5,



Wil 45« JET UREEARAE EAN S IR 1027 F SAR {58 FR L TC 2625

4 %5 B

A SCEF XL 5 SAR R Y B Sl i DL AL 7]
A, T O AR R AR SR IR A HE SRR U=Net B 45
B, $RH T — MRS 2 RO RRIE S O FRAE T A
R AU EC Dy . FEASIRWT . Frdd i py I
T 5 12 BE A ALARHTOL 7 I SAR AR 0] 12 2 Y AR 4&
VAR 22 5, 1 TRE B AR SR O
SCHLRRN], PR B OL A S A Ot R T T
BREIIPERE, ELAS SCT5 i A4 DT FOORS B 29408 T HoAt L
i HA AR A L BC 5 125

SR, AR SCH A9 DL 506 A — 2 1Y SR R
PE, JEiEA A B EAT B3 LTI AE (U ie e Al
REARAL) 85 IREAR . FEDC RS2 fi, 18 5 & 2
AR RGBS BT VIR IE . DI ER IR
] B e U 22 5% 0 IR, RRATTORE 2t — 45
TR A JLT AR 56 5% FT SAR [EI{R 7 RE DL T
TIEFEAR

5 3k (References)

Cheng F F, Fu Z T, Huang L, Niu B S, Chen P D, Wang L G and Ji X
R. 2022. Review of deep learning in optical and SAR image fu-
sion. National Remote Sensing Bulletin, 26(9): 1744-1756 (A &
AP, s, RN, BRI, TR, WA L 2022, R
2GS R SAR AR R A B ST RS . 3B B4, 26(9): 1744-
1756) [DOI: 10.11834/jrs.20211136]

FanZ L, Zhang L, Liu Y X, Wang Q D and Zlatanova S. 2021. Exploit-
ing high geopositioning accuracy of SAR data to obtain accurate
geometric orientation of optical satellite images. Remote Sensing,
13(17): 3535 [DOI: 10.3390/rs13173535]

Fang Y'Y, Hu J, Du C, Liu Z B and Zhang L. 2022. SAR-optical image
matching by integrating siamese U-Net with FFT correlation.
IEEE Geoscience and Remote Sensing Letters, 19: 4016505 [DOI:
10.1109/LGRS.2021.3100531]

Gao C Z, Li W, Tao R and Du Q. 2022. MS-HLMO: multiscale histo-
gram of local main orientation for remote sensing image registra-
tion. IEEE Transactions on Geoscience and Remote Sensing, 60:
5626714 [DOI: 10.1109/TGRS.2022.3193109]

Gazzea M, Sommervold O and Arghandeh R. 2023. MARU-Net: multi-
scale attention gated residual U-Net with contrastive loss for SAR-
optical image matching. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 16: 4891-4899
[DOL: 10.1109/JSTARS.2023.3277550]

He M M, Guo Q, Li A, Chen J, Chen B and Feng X X. 2018. Automat-
ic fast feature-level image registration for high-resolution remote
sensing images. Journal of Remote Sensing (in Chinese), 22(2):
277-292 (A8 &F, BREE, 2522, AR, BRgh, I TEAE . 2018. FFEZL
1R 7 WE R RS O B S . IR R R, 22(2): 277-292)
[DOL: 10.11834/jrs.20186420]

Isola P, Zhu J Y, Zhou T H and Efros A A. 2017. Image-to-image trans-
lation with conditional adversarial networks//2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR). Hono-
lulu: IEEE: 5967-5976 [DOI: 10.1109/CVPR.2017.632]

LiJJ, Zhang J C, Yang C, Liu HY, Zhao Y G and Ye Y X. 2023. Com-
parative analysis of pixel-level fusion algorithms and a new high-
resolution dataset for SAR and optical image fusion. Remote
Sensing, 15(23): 5514 [DOI: 10.3390/rs15235514]

LiJY, Hu Q W and Ai M Y. 2020. RIFT: multi-modal image matching
based on radiation-variation insensitive feature transform. IEEE
Transactions on Image Processing, 29: 3296-3310 [DOI: 10.1109/
TIP.2019.2959244]

LiJY, Xu WY, Shi P C, Zhang Y J and Hu Q W. 2022. LNIFT: locally
normalized image for rotation invariant multimodal feature match-
ing. IEEE Transactions on Geoscience and Remote Sensing, 60:
5621314 [DOI: 10.1109/TGRS.2022.3165940]

Li X H, Ai W H, Feng R T and Luo S J. 2023. Survey of remote sens-
ing image registration based on deep learning. National Remote
Sensing Bulletin, 27(2): 267-284 (Z= B 4E, W30y, i, % /b
7. 2023, B EGEAR IR E = S BOAME T 14508 BB, 27(2):
267-284) [DOI: 10.11834/jrs.20235012]

Merkle N, Luo W J, Auer S, Miiller R and Urtasun R. 2017. Exploiting
deep matching and SAR data for the geo-localization accuracy im-
provement of optical satellite images. Remote Sensing, 9(6): 586
[DOL: 10.3390/rs9060586]

Ronneberger O, Fischer P and Brox T. 2015. U-Net: convolutional net-
works for biomedical image segmentation//18th International
Conference on Medical Image Computing and Computer-Assisted
Intervention. Munich: Springer: 234-241 [DOI: 10.1007/978-3-
319-24574-4 28]

Schmitt M, Hughes L H and Zhu X X. 2018. The senl-2 dataset for
deep learning in SAR-optical data fusion. ISPRS Annals of the
Photogrammetry. Remote Sensing and Spatial Information Scienc-
es, IV-1: 141-146 [DOI: 10.5194/isprs-annals-IV-1-141-2018]

Suri S and Reinartz P. 2010. Mutual-information-based registration of
TerraSAR-X and Ikonos imagery in urban areas. IEEE Transac-
tions on Geoscience and Remote Sensing, 48(2): 939-949 [DOI:
10.1109/TGRS.2009.2034842]

Wang N, Li B, Wei X X, Wang Y H and Yan H Q. 2021. Ship detection
in spaceborne infrared image based on lightweight CNN and mul-
tisource feature cascade decision. IEEE Transactions on Geosci-
ence and Remote Sensing, 59(5): 4324-4339 [DOI: 10.1109/
TGRS.2020.3008993]

Xiang D L, Xie Y Z, Cheng J D, Xu Y H, Zhang H and Zheng Y P.
2022. Optical and SAR image registration based on feature decou-
pling network. IEEE Transactions on Geoscience and Remote
Sensing, 60: 5235913 [DOI: 10.1109/TGRS.2022.3211858]

Xiang Y M, Wang X Q, Wang F, You H J, Qiu X L and Fu K. 2023. A
global-to-local algorithm for high-resolution optical and SAR im-
age registration. IEEE Transactions on Geoscience and Remote
Sensing, 61: 5215320 [DOI: 10.1109/TGRS.2023.3309855]

Xu WY, Yuan X H, Hu Q W and Li J Y. 2023. SAR-optical feature
matching: a large-scale patch dataset and a deep local descriptor.
International Journal of Applied Earth Observation and Geoinfor-
mation, 122: 103433 [DOI: 10.1016/j.jag.2023.103433]

Ye Y X, Bruzzone L, Shan J, Bovolo F and Zhu Q. 2019. Fast and ro-

bust matching for multimodal remote sensing image registration.



2626 National Remote Sensing Bulletin i & 54k 2025, 29(8)

IEEE Transactions on Geoscience and Remote Sensing, 57(11):
9059-9070 [DOI: 10.1109/TGRS.2019.2924684]

Ye Y X and Shen L. 2016. HOPC: a novel similarity metric based on
geometric structural properties for multi-modal remote sensing
image matching. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, III-1: 9-16 [DOI: 10.
5194/isprs-annals-111-1-9-2016]

Ye Y X, Sun M M, Zhou L, Yang C, Liu T Y and Hao S Y. 2023. Main
body, edge decomposition and reorganization network for build-
ing change detection. Acta Geodaetica et Cartographica Sinica,
52(1): 71-81 (HH DT R, FhE E, s, A, XK, SR
2023. T [v) S S 72 AR A I £ 0 00 % 4 ik 5 o 20 2 T 2%
M 22244], 52(1): 71-81) [DOI: 10.11947/j.AGCS.2023.20210350]

Ye Y X, Yang C, Gong G Q, Yang P Z, Quan D and Li J Y. 2024. Ro-
bust optical and SAR image matching using attention-enhanced
structural features. IEEE Transactions on Geoscience and Remote
Sensing, 62: 5610212 [DOI: 10.1109/TGRS.2024.3366247]

Yin K'Y, Huang G and Huang Z Y. 2021. SAR platform’s scene match-

ing positioning method based on generalized pseud-range. Radar

2021, BT SURBE ALY SAR SRR IC I T 7 ik . FakRbE
54 AR, 19(5): 589-597) [DOI: 10.3969/j. issn. 1672-2337.2021.
05.016]

Zhang H, Lei L, Ni W P, Tang T, Wu J Z, Xiang D L and Kuang G Y.
2022a. Optical and SAR image matching using pixelwise deep
dense features. IEEE Geoscience and Remote Sensing Letters, 19:
6000705 [DOI: 10.1109/LGRS.2020.3039473]

Zhang H, Lei L, Ni W P, Tang T, Wu J Z, Xiang D L and Kuang G Y.
2022b. Explore better network framework for high-resolution op-
tical and SAR image matching. IEEE Transactions on Geoscience
and Remote Sensing, 60: 4704418 [DOL: 10.1109/TGRS.2021.3126939]

Zhou L, Ye Y X, Tang T F, Nan K and Qin Y. 2022. Robust matching
for SAR and optical images using multiscale convolutional gradi-
ent features. IEEE Geoscience and Remote Sensing Letters, 19:
4017605 [DOI: 10.1109/LGRS.2021.3105567]

Zhu B, Yang C, Dai J K, Fan J W, Qin Y and Ye Y X. 2023. R:FD2:
fast and robust matching of multimodal remote sensing images
via repeatable feature detector and rotation-invariant feature de-

scriptor. IEEE Transactions on Geoscience and Remote Sensing,

Science and Technology, 19(5): 589-597 (F+Z= ¥, B e, & MAK . 61: 5606115 [DOI: 10.1109/TGRS.2023.3264610]

Robust matching of optical and SAR images based on deep feature
reconstruction enhancement

YANG Chao,LIU Chang,TANG Tengfeng, YE Yuanxin

Faculty of Geosciences and Engineering,Southwest Jiaotong University, Chengdu 611756,China

Abstract: The automatic precise registration between optical and Synthetic Aperture Radar (SAR) imagery remains a major challenge in
remote sensing due to fundamental differences in their imaging mechanisms. The inherent modality gap manifests as substantial radiometric
discrepancies (speckle noise vs. photometric consistency) and geometric distortions (side-looking geometry vs. nadir projection), which
introduce critical obstacles for conventional feature matching approaches. While existing deep learning-based methods have progressed in
extracting deep features, most architectures inadequately address two crucial aspects: multiscale feature fusion across different imaging
characteristics and cross-modal invariant feature representation. This insufficiency leads to compromised robustness in complex
geographical scenarios. To address this concern, we propose a robust matching method based on deep feature reconstruction for optical and
SAR images. Our method features a pseudo-Siamese network that integrates multiscale deep features and image reconstruction. First, a
multiscale feature extraction architecture efficiently obtains multiscale deep features at the pixel level. This architecture allows the network
to capture detailed information from various scales, which is crucial for understanding the complex patterns present in remote sensing
images. Second, a pseudo-SAR translation branch for optical images is designed to reconstruct images from deep features, which enhances
the ability of the network to learn robust common features. This branch mimics the characteristics of SAR images. This feature enables the
network to find shared features between the two image types more effectively. Through this translation process, the network learns to focus
on the essential elements that are common to optical and SAR images, which improves the matching accuracy. Finally, a joint loss function
based on multilayer feature matching similarity and reconstructed image average error is constructed for robust matching. This loss function
ensures that the network not only matches features accurately across different layers but also maintains a high degree of fidelity in
reconstructing the original images. By combining the two aspects, the network can achieve a balance between feature similarity and image
reconstruction quality, which leads to more reliable matching results. Experiments on two remote sensing image datasets with different
resolutions and diverse terrain scenes (urban, suburban, desert, mountain, and water) show that our method outperforms several state-of-the-
art matching methods in correct matching rate. The proposed method demonstrates superior performance in various environments, which
indicates its versatility and effectiveness in real-world applications. The ability to handle different resolutions and terrain types is particularly
important for practical remote sensing tasks, where conditions can vary widely.

This research advances cross-modal image analysis in two aspects: (1) a new paradigm combining feature learning with cross-domain
translation is provided, and (2) practical solutions for SAR-optical registration in challenging environments are proposed.
Key words: remote sensing, optical image, SAR image, image matching, deep learning
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