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Abstract: The advent of new infrastructure construction and the era of intelligent photogrammetry have facilitated the rapid
development of global aerospace and aviation remote sensing technology. Numerous multi-sensors integrating stereoscopic
observation facilities have been launched from spaceborne, airborne, and terrestrial platforms, and the types of sensors
have also developed from traditional single-mode sensors (e. g. , optical sensors) to a new generation of multimodal sensors
(e. g. , multispectral, hyperspectral, light detection and ranging (LiDAR) , and synthetic aperture radar (SAR) sensors).
These advanced sensor devices can dynamically provide multimodal remote sensing images with different spatial, tempo-
ral, and spectral resolutions. They can obtain more reliable, comprehensive, and accurate observation results than single-
modal sensors through joint processing of spaceborne, airborne, and terrestrial multimodal data. Therefore, investigating
multimodal remote sensing image registration has great scientific significance. Multi-level and multi-perspective Earth
observation can be effectively achieved only by fully integrating and utilizing various multimodal remote sensing images. In

order to promote the development of multimodal remote sensing image registration research technology, we systematically
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sort out, analyze, introduce, and summarize the current mainstream registration methods for multimodal remote sensing
images. We first sort out the research development and evolution process from single-modal to multimodal remote sensing
image registration. We then analyze the core ideas of representative algorithms among area-based, feature-based, and
deep-learning-based pipelines, while the contribution of the author team in the field of multimodal remote sensing image
registration is introduced. Area-based registration (template matching) pipeline mainly includes two types: information
theory-based and structural feature-based registration methods. The structural feature-based method consists of sparse
structural features and dense structural features. From the perspective of the robustness and efficiency of comprehensive
registration, dense-structure-feature-based methods have obvious effectiveness and advantages in handling significant non-
linear radiation differences between multimodal remote sensing images and can meet many current application needs. By
contrast, area-based registration pipeline generally relies on geo-referencing of remote sensing images to predict the rough
range of template matching. Feature-based registration methods can be refined into three categories: feature registration
based on gradient optimization, local self-similarity (LSS), and phase consistency. The feature registration of gradient opti-
mization usually designs consistent gradients for specific multimodal images. The generalization of this type of method
based on gradient optimization is generally poor, and it has difficulty maintaining the same performance on other types of
multimodal images. The feature registration of LSS also has limitations, given that the relatively low discriminative power of
LSS descriptors may result in the inability to maintain robust matching performance in the presence of complex nonlinear
radiation differences. The feature registration of phase consistency has high computational complexity, and the registration
process is generally time consuming. Feature-based registration pipeline utilizes the local spatial relationship between adja-
cent pixels to construct a high-dimensional information feature vector for each feature point. Compared with template match-
ing methods, they usually face a heavy computational burden, and inevitable serious outliers are prone to occur in match-
ing, especially in multimodal registration situations where scale, rotation, and radiation differences exist simultaneously.
In general, the registration robustness of feature-based methods is not as stable as that of area-based methods. The deep-
learning-based pipeline can be divided into modular and end-to-end registration methods. The most common strategy for
modular registration methods is to embed deep networks into feature-based or region-based methods. This approach takes
advantage of the complete data-driven and high-dimensional deep feature extraction capability of deep learning to generate
more robust features or more effective descriptors or similarity measures, which improves the robustness of image registra-
tion. Modular registration methods can be subdivided into three categories: learning-based template matching, learning-
based feature matching, and style transfer-based modal unification. Modular registration methods are easy to train and have
strong flexibility, but it has difficulty avoiding the error accumulation problem that easily occurs in multi-stage tasks and
may fall into local optimality. The end-to-end registration methods directly estimate the geometric transformation param-
eters or deformation field to achieve image registration by directly constructing an end-to-end neural network structure. The
training objectives of the end-to-end network are consistent and can obtain the global optimal solution. However, some
problems arise, such as high training difficulty and poor interpretability. Moreover, no complete and comprehensive data-
base containing all types of multimodal remote sensing image pairs is available to date, and the lack of training and testing
data greatly limits the development of deep learning-based registration methods. Furthermore, we share existing public reg-
istration datasets of multimodal remote sensing images, as well as supplement by a small number of registration datasets in the
field of computer vision. Finally, the existing problems and challenges in the current research on high-precision registration of
multimodal remote sensing images are analyzed. A forward-looking outlook on the development trend of future research is given,
which aims to promote further breakthroughs and innovations in the field of multimodal remote sensing image registration.
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Fig. 1 Multimodal remote sensing images
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Fig. 2 The challenge of multimodal remote sensing images registration
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Table 1 Overview and summary of region-based multimodal remote sensing image registration methods
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IR S HC M F2 (Ye 55,2019 Fan 45, 2021 ; Xiang 5%,
2023),

Ye %A (2019) B ScH it 72 AR AR BT 1f]
i 18 %F fE (channel features of orientated gradients,
CFOG) , # Hi — P a1 1 12 M5 AR T B HE AL,
SR 5 ) P i A B 0p AR 6 (fast Fourier transform,
FET) £ AR A5 05 SSD AR B BE g DT . -
HAZVCBCHEZE T DUAE il 22 B R A AR R i e
fEFE 7R o WM HOG, LSS( local self-similar) 1 SURF
(speeded-up robust features) ., Xiang % A (2020a) %}
X AL AR ST A RO T AR e MR 22 5 35 L
JUAR] 22 5 B8R 1) 205285 1o R R TC T 1 ) R, 3531
FIH] Sobel 5~ F48 BN AL A {H L (ratio of exponen-
tial weighted average, ROEWA) 5 1 & i1 T YE 2% Fl
SAR BRI AN [F) 2 18 38 FRAE 3R, BE— 2B 0F 58 T
T2 1) i DR 7 58, 8 1 — R AR AN A DG 76 253 (] RN AL
A VT E TR RE -

Fan 45 A (2021) M FH A B2 AY 5K s el ik 1
CFOG , 8 1 K5 46fs B2 1 7 A1 21 W > B AH SC Y 5 1)
DA THILDE et fE . Xiang %5 A (2022) #EH) 1—Fh
FE TR A BURFAE IR [0 AR AL AH 5 A BT ASEAR DL I5E 757
£ DCF-EPW (dilated convolutional feature-epipolar
oriented matching window) . DCF F HA7 2238 18 B
TR BE T 2 B sk B AU R, R B 2 25 (5 B
A BRI R 8 11 22 W BB PR AR A8, I Rk
BRI IERSZ BFAR T o B ] AR S AF DG DU 4 3 7B 2k S
A HEACASAR , il 3) L7 AR A B 22 Y T 28 X, DA
T AE DG R SAR L] DL I H B8 22 w4 BE 1 /) 44
Mo Ye 5N (2022a) 7 23] bR 5L T2 L 450 FRAE
(07 2 2 T BRI R R B SC & iz 2 R
TR I ELBCA I MR B BE A5 2, T A
JEE AR R 20 {5 B 05 R PEREAL T — BB
1, A AT 38 S 5 S — B R B R R A T SFOC
(steerable filters of first- and second- order channels)

FOAFT, AP P 4 8] S B E R 2R A . O
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AT FET FIFR I RGOS AL G NCC HEAT Ik, 71k
BERl BT AT — b bR B A 242 T SR R T 1
RO IR TIZER G AT . Xiang FF A
(2023) ¥t 1 —Ff 2275 1) 45 1) S e 307 40 (-
directional anisotropic Gaussian derivatives, MAGD)
FRAE, 1K oAt A B HAT TLAR AN A2 #8521 45 SRR
JRITRVE AT, BE SE A R AT LT 28 57 B2 ) 5 [ 1)
DR T — ML EEA D RS EGXT RPHG R .

Xf T T AR AR 9 D7 v | B T B 45 R AR
(8 7 AR BT R B RAE A T AT 5 X
PR B AT H RE A S TR1 s A AR AL B2 R Ak AR B
PRV [] 44 A5, T A3 a0 R AL e B DA 1 497
WARRLAE G o 53 Ak T B AR S5 R R NiE ) J7 i 7] LA
JH 23 [ RN ARU R A AR B2 R EAT UL . 275 %
JEC T B PRV E AR B T AR A5 R kA 7 1k
AL P 22 B2 18 R PRI (] 4 35 1 AR P A 22 S )
F I B RO R A, e 2 H RTVE 20
K
1.2 ETHEMEET X

b SCER I T XY 5 1 H BB T2
Fg 2z ) LA ILME R BUL MR R A RIS DL,
I HAZ fighl AR B AR A S A AR . AR IS
A5 1R R PR [E A RRAE , 7T L ok T Ak 1
DX 358 7512 R A G T DX I8, (EL 20 SR PRTAR 1) 3 3 25 2%
5 Bk sE frik 22 g R (B LE sLT5RER) ,
) DXl g 12 A R A P AR XE LRI

5T XA I AN ) B TR A 5 0
A G PS5 15 B IR A i
BT T8 S A PEIR 2 8] 2 A RRAE (I RURRAE |
RFHEATANRFAE ) , 8 38 Ao il R G I 1) A T R TR
S IE) 44 Ao PRI , R ARG I VR AR i 34 2 2 RS
AEVC 7 12 vh fi g SR A 26 9, AR SC 32 B [l st
AT LA R SR SRR MR C T 22 J vh G TR A T RS
AEF A FB 53 1 AH A ST

TE 18 S B R AR DR TC D vk v S5 WL O vk
Je e UHA v B 02 A )RR AIE A T 3 g A ) S A 7
IR IR R IR R S R I AR 2R Ty vk
rh BT PRAR 5iR BE BORE AR L A RRALE S A I A A
SETHE AL R B )77 . Moravee (Moravec,
1980) . Harris (Harris I Stephens , 1988 ) .DoG (Lowe,
2004 ) Fll FAST (features from accelerated segment test)
(Rosten 55, 2010) J2 i HLA ML MR AE SR 37

JRI TR AN AR RAAE A 3 v e BRI S22 1 T 1Y
SIFT (scale-invariant feature transform) (Lowe, 2004 ) .
GLOH (gradient location and orientation histogram)
(Mikolajczyk 1 Schmid, 2005) . SURF (Bay %5 , 2008 )
FIDAISY (Tola % ,2010) o

TR BRI 7T N B 38 R 4 A1 B R B RRAE X
R R RS DU A IR S T A Tk . AR
45 N (2006) 3 e B0 GIEKE SIFT F T 32 Jak P 4 T 7 1)
ALAT P, Yu 48 A (2008) U ] H Harris F1 SIFT 7£
Quickbird . SPOT I TM i J& KGR I 455 /N 4 3%
{14 52 SV PC 5 W AN R DN = I 3647 DEC AN 2Y 1
Sedaghat 5 A (2011) % FH2 R P A1t 35 1k 29 U
UR (uniform robust)-SIFT, BE % 78 ] F1 &5 45 (7] 1
BY o3 A B e B R R Y SIFT 43AE . 45811
AF N (2014) £ 1 2 T4 B RIS AL ) SG (signal
gridding ) -SIFT, BEA% 315 Lt SIFT 1 UR-SIFT 5% 43
A3 BE I 5 B R AE ORI = B EC VRS B2 . Sedaghat
1 Ebadi(2015a) #E— 28R 1] A 3 N EL 7 AL S
TRy BB A A AR A 1 X Jey P8 LA g 7 Ay
1) R R AE H 38 1 AB (adaptive binning )-SIFT,

H T b AR A A I -l AR 55 R T R B
JEAF B B B AR SR A Y, DR xE DL 7R [R) i A7 7 B
38 TUART W25 N 2 4 S 22 e 1) A2 SR R
AR R UEECMERE . AR MO AE 2
AT SR HE U AT T R BB, IR T
— R 0975 12k 5 ik 22 2 1 TR RS 2 1) Y R
JE e AR A AR R

Horp 205 R A PR B B2 LA ik
TR AR M AR S 22 S AR @ P (Dellinger 55 , 2015
Xiang % ,2018; Yao % ,2022) . 3 4h—K kT
J S AR FH X Aot 2 () S5 A BT HRRAE F AR 7
3 3o 2 I PR Jay PR AR P ALY PN S L ART AR ALE
PUBRTHE R AT X AR L 4 5 22 7 AR (Sedaghat
F1 Ebadi, 2015b; Sedaghat 1 Mohammadi, 2019 ; Hong
45 ,2022) o A — I T7IE R HIAR L — Bovk A R
(phase consistency, PC)XJ G IR L BE AR AL AN Rk
MR T — RN AL T PC ) Z RS RHIE R HE
Bk (Ye 55, 2018a; Wk kf 47,2021 Zhu 55,2023) .

e 20 BE TR Y 22 RS T R LR I AR SR
DR N e AP S R UL 23T
B C A 0 B4 . T R BB 3R T
FEOE Y 7 AT R4 816
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Table 2 Overview and summary of feature-based multimodal remote sensing image registration methods

it

(NSRS

WU AR 518 AR U B

SAR-SIFT(Dellinger %, 2015)

PSO-SIFT(Ma %, 2017)

FETRAE (A5 A (2018)

N4

0S-SIFT(Xiang 5%, 2018)

CoFSM(Yao %, 2022)

i ROEWA B3 T 150 LU B $1E ot SAR A BCBRERR 74 AOIRHLE 5
ISFEARAGEE$ < https://github.com/ZeLianWen/Image-Registration

v ST RUPE 223 (1] P A 1 OB B2 9 S O ST R 6 32, 1850 o i 2 AR AL )
Tt 5

ITERAGEESE : hitps://github.com/ZeLianW en/Image-Registration

Canny Fll Ratio of Averages % F 43 IR IBOGA-HI SAR BB i, 355 0] LRk
FR S 2 S B R

2 N ) Sobel A ROEWA 51y 0t22 il SAR B R i+ — BB I il A 22
FRUBE A5 I R T Y B 1 5

SIS 553  hitps://github.com/xym2009/0S-SIFT

S Pty RURE A ], I8 i AR IE B AR U A RSB E | 1 0 A
PG AR i B

ISFEARAGEE S « https://skyearth.org/publication/project/CoFSM/

DOBSS(Sedaghat 1 Ebadi, 2015b)

HOSS(Sedaghat #1 Mohammadi, 2019)

H T R
A AL

0SS(Xiong 5, 2021)
ASS(Xiong %, 2022)

MLSS(Hong %5, 2022)

HE AR AU 2 ke A= 1 BT TR 1 R ABA P SR 25 A 25 1 45 180 PN R T LA
Aii )5, FE TR AT B R 1

B55 I I B0 2 A1 25 R B R AR TR R 51 18 5

IS FEARRDHEE
https://www.researchgate.net/publication/328733655_HOSS_Descriptor

FET AR X BRAE , 1P O B 22 (ELE Dl DR 31530 AR (BMRFAIE

DA B 5 (IR s A AR AR TSR B, OF R R 3 e A 22 43 i
SR AM A T 5
INFARISEERE  https://gitee.com/xxin08/ASS

SEE RRIAEZ T A LSS R AR TR A JBE AN [ 42 ) 18] B A9 LSS ] £t A A

LHOPC(Ye 5%, 2018a)*

RIFT(Li %, 2020)

ST ML
— &tk

HAPCG(Hk 7k #f 4§, 2021)

MABPC(Fan %, 2022)*

R,FD,(Zhu %, 2023)*

1478 MMPC-Lap K60 25 F1 LHOPC R A , 76 52 4 5 2 5 B 1 O T DR R
JE BB HEVERE

T f5e /IR K P43 SRS 453 R 2% i3, K s B R 25 | 6D MM, 4
RS I PSR M TR U1 38 A 8 SR AN AR s A TR B
https://github.com/L]Y-RS/RIFT-multimodal-image-matching

Y S A5 1) S5 PR IS ) R 16 P AR A s A 0, 455 246 ) A L — B0 T 1) 6 B2
RS B AL bt IR BEA T AR IE A3 5 AT AU 4 -
https://skyearth.org/publication/project/ HAPCG/

AL 7 0% 12— S A B0 LI — B RO 28 e, R
P OS2 45 BT 2 RS AR — B R A ST A AT, B
T REILAT AR P 1% 00 5 e

A A LA A0 log-Gabor 114545, LUK FUAY 5052 PN £9 2944
FUAFAE AL SO EUR R R RO %31 B RMIM 5 DAISY (07l e
B A, SO IO R A

T " FORA SR A AR TAE

1.2. 1 EETH AR IR ECE ik

SAR EIZ L i (SAR-SIFT) , S P T ARl #1 Ff SAR [

Dellinger 55 A (2015) 5 A — Tl 0 86 2 S,
il 3 R BOMALIIE e ROEW A 58T U LA B 11
S22 53 J7 3 AR IBOGT HICRENG: 75 1L A BN iR 1)
Tl FVE 2, I8 SIFT 35 3% 1 JL A2 JUAS 285 B 1 FH -F

RBYBLHE . Ma 558 A (2017) T8 by 307 RO 245 [f]
R A B B LB A b B2 S S (RO T ) FOR )
UGG R L RUBEFTT 6] 48 5 R AiE DL FC
777 PSO (position scale orientation )-SIFT ., fi] 454 4%
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A (2018) MR 24 5 0 SR BOR IR Y AN ], Bt A
Ivi] B4 5 I 45 BT 9 (Canny i1 20 42 U F 4R BOG#
FEIZ R 1E | Ratio of Averages B F #2 U SAR 14 4%
fiE) UG T ARG 05 0 B s O PO RS B . 2R3t
Xiang 25 A (2018) 42 tH ) OS-SIFT #2 5 )¢ 24 Fl SAR
AR A [ A7 e 1 L 20 00 1 ] 22 U2 9 Sobel A
ROEWA 55 ot 2% Fil SAR MG B v+ — B B B2
JFAS 2 Harris RUEE 238 [A] R $2 BURFAE £ A1 25l GLOH
23 [ S5 AR B AR AT AR U R 44 10 Yao 55 A (2022)
$& i 19 CoFSM (co-occurrence filter space matching)
D ) ] R e e e B RUBE 2 ) [m] P e ek 2 AR
Hr ISP AR DU GRS B2 LY o 22 B S R A 1 &
B, D AR MRS 22 S 0 T
1.2.2 HET )Ryl A ARl A AR A FC v 5 12

Sedaghat F1 Ebadi (2015b ) FH A & {5 84 s 52
Az BT VR B 32 05 T, A A Y R R AR A
DOBSS (distinctive order based self-similarity ) i i3 ]
FHAHOCAE AR W P 5 1 N R 5 A4 e ik, i B T v 22 Fh
&84 DR EIEXT . Sedaghat 1 Mohammadi (2019)
i A T5 B A AUE, B T HOSS (his-
togram of oriented self-similarity) iR, I H42H T
— G IR O A% 1) 45 R4 Y e RORH e 2%
5| RIMC (rotation index of the maximal correlation) [&]
ok SRR AN, i — D iR T 2 RS BCTE R RS
o Xiong % A (2021) 36 A ABRLAY X BRI , A
Fo BB 8 e PR 58 A ARAURRAE , 32 41 T — o i )
FAH BL ) 48 AIE 3 38 F 0SS (oriented self-similarity ) ;
ATTE— 2B 1 A i B 24 (L0 i ik e o ik
AR S A, IR R TR g L 22 7318
SRS A TRAH - BOE , AT 42 B ASS (adjacent self-
similarity) - iF (Xiong 55 , 2022 ) , 5 56 Uk B 7F Bt i &
BEIE KRN ACR T AT IR K42 T o Hong 55 A
(2022) 455 e KAEZ 51 EUFI LSS, 44 A1 7] 1 AN [+)
A 180 18] B B9 LSS [ 5 A0 0, 44 E MLSS (max-index
based local self-similarity ) f§ iR £, SC L T 24 5 %
SRS & B AL T
1.2.3  FETARAL— B n Rk B vy i

Ye A (2018a) 15 A AT EAT SEREFIXT HEJEEA
P )RR S — PR ASE R R AT AR AG I AR AR 34
R IR A I By B A4 #HE B9 MMPC (minimum moment of
phase congruency ) -Lap o 0 #4545 G AR A — S0 eIy
TR [ 2l RO T 7 R ARG I 11 45 R 23 [1] P R E 1Y

FRAE A FRIE RS IR 4 LHOPC (local histogram of orien-
tated phase congruency ) FI| AR {57 — 0 H: (1) i (5. F1 7
], JFfi 48 DAISY 114 2% ] e & 31550 Ja A 742 P e
fiE, 7252 AR 5 22 S i T D0 T PRI RRE RO BCHEVE RE
Li 45 A (2020) 42 Hy 1§ 5 A 48 4 4 42 #e RIFT
(radiation-variation insensitive feature transform) , T
FEAEARA — B0 fre/ N P AR KRR 43 i) s i 45
UM S 55 SR 5 R T log-Gabor 45 F1 5 47 #4) 1 e K
5| & MIM (maximum index map) , $& 5 T FRAE K
R T VR AE i 38 1) SR AN S 1 o kR R AN
(2021) $2 H 255 4 10) S PR 50 -5 28 % AH A3 77 119
T BE R AE 7 ] (histogram of absolute phase consis-
tency gradients, HAPCG ) VT L 77 3% , 1 S 1o 44 4t
TR 3 6 7 R AR A% [ e P AR T 66 BT T AR
I, 9K I 45 G 240 R RH A, — B0 T ) A5 B8 AR X AR
A b3 23 [R]85 AG A TR AR 34, DT A 2804 DR TBE 1Y
Rtk . Fan 25 A (2022) 1 0K AE Lk 9 RO 25 1]
— B M 25 B e B — R A DU 2% b, A
U8 3553 A 285 728 ARG R E AR I ) 52 0], 9K 0 R P H i
V7 53 A 25 1) 45 K %) 22 RO AR ASE — B PR AR 54T 2
%, %11 T MABPC (multiscale adaptive binning phase
consistency ) {38 7, #7551 XS JUA] FIAE LM 48 ) 22
SN, B IEBE T AR AL — B R N B R
FE ARG % 1] RE 2> B 7 1) RRAE R4 R L DR R HG
SE AL —BCETEAN W) 75 ) B (8 A e B, Zha 55 A
(2023) 2 Hi B9 R,FD, K 22 38 38 A A5G 1% 5 log-
Gabor /NEAHZE S, M8 T MALG (multichannel auto-
correlation of the log-Gabor) &l %% , LAAS I ELA & 8
SEVERIE 51 o0 A B R AE R i — 2D 3R — i B AT e
e AN R Y B K AH 2R 51 ] RMIM (rotation-invariant
maximum index map) , 3B RMIM 5 DAISY f#) %5 [8] Bic
BRGSO AT (0 4R SRR AN

BETRR LA 0 07 130 R R e B 2 RS K
Bt — B ISR E R AT AR 22 X
DI HAB SR ) 2 B RS R AS R RE PR RE 5 26 T R
AL J5 AR AF A Jmy FR A, A R LSS il iR 745 AH
X BRI 531 BE ) 7T e 3 B 52 A AR LM R 25 5
T 00 J0 i PR A At i) DE ST 14 RE 5 B T AR — 2t
AT R 2R 2 2 AR &, T i R B A L B
FET o
L3 ETREZFINEETE

bt & & T 28 M 4% (convolutional neural net-
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S, MitE
ZIEDIE R B G E A F R R SR

wor, CNN) , 4=4& f é’él@éﬁ(fmlly convolutional net-
works, FCN) | Az B XT 4T M 4% (generative adversarial
network,, GAN) \ZE A #f1 25 X 2% (siamese networks ) £l
Transformer 55 V8 B 2% 2] AR 1Y & i | X LR 2 )
BT BRI R 2 R AEA A U0 Y 27 > Rk Gk BE
1, B &) N TR R I A 23 2T bR
S5 22 A U (R A HE A 22 T, 20185 47 G 45,
2023; ML 5 ,2021) .

BT HE IR 3l r R EE 2 2] AT L N s
Hh R 2 2] — R Wt — I R A SRS R R v SR
T SUAR S DR MG TR 32 2 > e 22 A 285 0 TR KT A T v 40
b G Tz B CTE (RETERI 45, 2022), VR4
G O A2 HN T A R R T
i PRI AE G T TARAE (R 2 ARAE ) BORS 41 114 3
() REAE LA G b 35 7 22 A5 28 0 S P PR ) LA S
72 S IR 7 25 LR SR R SR

AR SR BT R0 B Sl TR B 27 > BCHE DT VR 7
PR : — PR A A A T D7 1% 3l e R R B 2
2 H AR R AL GE FE HE R A S — B Be VAT 55, B
F A2 2% (CNN (GAN Fl Siamese 55 ) BRI F X
Il B KL THRRAE D5 v Y R — R R Y T R
T 5 53— SR g i 390 s ) 9 1 3 o A A
)3t 14l 25 00 2 45 4 4 S B LR L

32 30 H TR 2 2] 1Y) A5 o R PRGC vfE 1Y)
REMETTIE AT T 255 b, 2= h 9 A b 07 ik 1Y
Pt AR B IR IRARI (42 . T TR X iR
BT IR 2 > W TC o 7 bk AT 440 1 Joit
1.3, 1 BB EC T ik

TSR A 1) T HE 7 V5 B i DL 1) SR W 4 R B ) 2%
A BN L TARRAE sl T DX 5 i, R IR B 2
> 58 A B K S AR v R 2 AR B DI A ke B
EERVRRIE A R R IERE IR AT SO B 5, A
M2 e PR BE v AR AR A v

DT 22 ] BB VE R T . REBIE T2 2]
AR AR DG IE 5 2 A 2 ik T () 2 A i 28 ) 2% R Ay
(Merkle %5, 2017; Zhang 45 2022¢; Liu &, 2023),
XS T7 ik B FE AR AR 8 i I 25—~ (Fh) Siamese
O 268 A ARAT R J3E R A A T DI 94 7 vk v i iR
FEAR B EOR 2S5 RRIE , SR 5 PG i 0 R E S 2
Vi) ) K L 32 Dk S B R DE T, A7k AR B2 7T LA 3 2o
M2 P2 AR A AR B A 8 )R D) A 5
L. Merkle % A (2017) 1 Zhang %5 A (2019a) %

Siamese 4= 45 PR X 48 $2 HUOR B2 AL R RRAE , E AT 3222
DO T e e o RO B I RS2 B KN, 9
i3 A AR SR A AL o T A 2 Y Y SFeNet
(siamese fully convolutional network ) | fifi ] & iz 54
o FE i I RFAEXT o Hughes 55 A (2018) #5311 —
ANRRRR B0 D 2R A 19 258 e HG rp 35 P S B
6] 1946 B, T IEAT A0 38 SAR FOE 22 G, i A
SR AR e (Y AR A I 2% D A [R] LG Y S A
Jio Zhang 5F N (2022¢) it — 2L H T —Fp I T Sia-
mese [T 7% i % 45 F¢ 1E W 45 2245 DDFN (deep dense
feature network ) > £ UK B FRAIE , B 0% 78 = 215 5
TG GAR B R AT 22 ] B B P10

7 18 2 Ak R AR AT RE 3 R B S T AE Bk
Fa AT 28 N (2019) il Zhou 55 A (2022) e Fil 42 45 FA AL
A A 8 i A PRI DR/ IR ) ) R A PRT DA T e A6 8
SEIBUCRFAE A 23 8] 5 2 N oE % , & R W sy, JF HL
Jo 5 R R T PR 2R AR T 45 1 22 RUBE 4 BB B RRAE
MCGFs (multiscale convolutional gradient features) RJ
DASE G4 35 B AR 2 PEAR S 22 5% 0 Zhang 55 A (2022a)
& Hi 1) OSMNet (optical and SAR image matching net-
work ) TE TR 2R AE W 28 0 R 255 1 2 )2 R Rl G
Z2 W0 T8 DG, IR 3 AR 2K R 4 Dl
FISAR FEMBUERLHDRE BE . Cao 55 A (2023) 4 1) T 2
T 22 A I 2% U1 25 7 AR 6 — B0 W 28 PCNet (phase
congruency network ) A 14 58 22 510 3% 5 2 2 (KT A Y
S5 A AR AL | SR )5 IR SSD AR Sy A RLPE B o E A
PCNet i fil: (61 ) AR AR SC BB HE . Liu 25 A (2023)
16 1 Tog-Gabor I8 i 5 2 UG 1) 22 5[] A3 45 44
5L AR R A 9 22 N & MSF SiamUNet-7
(multiscale fusion SiamUNet-7 ) %] 2% £ BUAH 137 25 44 45
FURRAIE , 52 B0 R RUBE SRy iR S B B A/ N RUBE 4 JRy 245
5 B FE ARl G , SE B T SRR L DG A% Fl SAR
ESEEUNIGH

FRIRIX BT 2 o] R AR DT I5C 05 V8 A TR 2
2T BRI IR )2 R AE B ORI 4E AR R AR RE T 4 v T
Xof 22 25 1 J PRI A ) A ek i o 22 S O IR B 12 L L
U T 5 3 W 22 RS TRIR 22 1) S 35 1) RUBE g s %
5

2) BT I IAFIEDEC 7 v o BT ST R
D JE 5 ¥ R 22 AT R T AR AR A T8 B8 2R A 1
A2 B AR AG: D0 45 A IR A LA S i B HE P BE (Ye
25,2018b; Wi FIMT 55,2021 ; Quan %5, 2023) .
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Table 3 Overview and summary of learning-based multimodal remote sensing image registration methods

T T W0 AR /25 AR BUR TE
Merkle £ A (2017) Siamese 445 FH ) 25 & BURFAE RN 8 BURHRURE B2 A3 5625 R SAR R Z 81 4 i £%
Hughes % A (2018) PN ST AR AR ] A R, T AS SR AN o 52 Yy 28 A W 2%, LA O [ A S F P It
FaRIAE N (2019)* F2B% Siamese [ 265 (1430 Ak 2 RN BURRAE S AR EFRRAE 5 B 10 58 2 AN 7 B B

SFcNet (Zhang 55 ,2019a)
HTF2E Zhang 55 A (2022¢)

THIBE MCGF (Zhou 2, 2022)*
M VE L
OSMNet (Zhang ZE 2022a)

PCNet (Cao % ,2023)
MSF SiamUNet-7
(Liu%g,2023)

Siamese 445 R L5 14 > 43 3G i A BUS T HE , A4 TR RE 24 145 2% R AR
FT Siamese AR JE 25 4L RFAE X 25 4844 DDFN $2 BOR BERRE

o BT Pl A I 2% 114 22 RUBE B BB B AR i MCGFs, - F FET il D g
TEANZELE P2 A0 T 255 22 R RAE Rl 5 A 2 R0E TE DG T, IR B 38 B AR
U s INTHAC I S 42 . https://github.com/zhanghan9718/0OSMNet

FETARA: L5 LRI PCNet 34 58 Z A5 38 ER G A5 A4 A8 (L1 , T FH SSD DE fic

145 22 JUEE il MSF SiamUNet-7 [ 258 8 RO 7 45 #4 45 FRARRAIE , SE 3R RS Ry 48
SOAME BN RE 2R 45k 5 A

Ye A (2018h) I NI T 4 FER i AR 135 2 K /I S BT , 45 4 SIFT B f
Dong 55 A (2019) JH DescNet 926 25 J8GUR 2 FRAE ) 42, SR REAIE SR A i T 6508 ) R )
Ma %5 A (2019) L EE RN B (] 31| ol W (S B v A1 (T UYL o e A Ty W et TR 5
n CMM-Net TE CNN $E Y A5 12 IR UG 5 A R iE ]t EA TR AR s 0 A 3 5
)F’%ij%ﬂf‘ (¥ BT 45 ,2021) IS FFARES 4% < https://github.com/lan-cz/enn-matching
3,;5;& I MAP-Net (Cui 55,2022) SPAPHRHLAE B 4 JRy AR T SO B, 1 R LIS 90 28 A B 10 8 AL AIE AL
; s Li % A (2022b)* R S ARG T R 25 AN v B A SRRARRIE 8, 38 LR DT TE X 2 257 7 B A v AT g
fiEDERL (Sl‘%ggg‘fzozz) HOFE Sim-CSPNet (914 , HOsHE R 6 £ TR 2RI A O A5 (R A AE
(“;flmglf#t . P CNN BRI ST RIS MR 4 AR 205 55 DEGENSAC AT TGRS
Cnet (Quan % ,2022) Cnet A FHH: 2127 S BEHOC A 78 AR SR B B fiF 1
Quan 4 A (2023) FETFURIEA [0 5 27 25 10 e A IF RN IR B AR A 27 20 IORS 2 5 I o
MatcherTF (Liang % ,2023) FFHEAT H EE S HIAE TR B Transformer F4 8 JRy B RFAE VE L X 2% Matcher TF
Merkle 25 A (2018) FIFH cGANZE 0l SAR FG L , If-siith 56 FEJZ FHE A NCC AT SIFT S54Z 48 DT i
Zhang % A\.(2019b) X UG DE S P By S A T R Rl B Ui U S5 R NSO T BRI S 22 5
%TM REALEEN(2021) FTF VGG IZEATENG Y RS REAEFT P BARAAE SEA T IO T2 & A A — 3
e BRI A (2022) Sl GAN /NI R PRI 2 0K B 11 M1 S B B e
g . Zhao 25N (2022) TR R — B SO BT 2%, FEA RS BT A pR A, B2 1A G A ) o
Mrfl 4 N (2022) X CycleGAN S5 AR RECTEE S , 5 | AR5 26 S B0 B a5 B A 2R
vk S N (2022) FIFH GAN K AT DG A A P LT A S, P45 & SURF A1 PILFD S50 52 SURHAIE il i
S A T 5 LB 4322 2 5 W PR M 2 P 5 DR R b
Wang %5 A (2018) Z (RIS B A 2 2T T i i RS I 25 5 N A G RS 2 20 Dl il )1 2
e
b Denseet (116 20220 I D-DenseNet et SIS B RAORFIE A4 81RAUA I P2
HEBCHE EUS L 44 SR 225 BUR RS S8, 2B 3 i o] Y11 2 2%
Hughes %5 A\ (2020) P AR PRI 22 RUBE DC e R 22 SR R 246 3 A0 Ao 2 X 245 2 e P 32 it T 4
it 21 35t 11 P H TR 2 20 U SRR DG O AE 2 3 2 A AR 7 225 IR 1 ) 25 [T o7 1 MO R et
iR IRES Li%F A (2021) RS AN TR BE 4z -

MU-Net (Ye 55 ,2022b)*

Li%F A (2023)

https://github.com/liliangzhil 10/semantictemplatematching

P TG 9 2% MU-Net, L 22 RUBE 5 X B #227 ~ AR e S B, RS T 25 AR
BETF R BRE; 2 TR DA% < https://github.com/yeyuanxin110/MU-Net

Bt FTE R ARG HE 2R MR A 5 B 2 R 27, K o 2 SO T [T
TR ) 288 R AL S5 B 38) g D A 5 2 A QR B«
https://github.com/liliangzhi1 10/E2EIR

L " FORA SN EE AR TAE
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S, MitE
ZIEDIE R B G E A F R R SR

Ye 55 A (2018b) Xf CNN H7 18 42 2 45 2 R i HIRN
[F) 5 A R/ B BUZFREAAT TS, SR 5 # CNN
FHES SIFT &84, I 2 T 22 1% 8t i TR R 4 i
#fE. Dong 5% A (2019) FIIH DescNet TR i 45 FH ) £ 1
JRHY TR JZ R 1) AU L 48 T BT R JZ 4RI
R R IR AR S LX) BE AR ) A, R
Y 3 S AR E A 55 TP R B DL G R R B . R
FE, Ma 55 N (2019) 48 5 T 08 B2 FUR i RRAIE (19 DR
FIRE 20 B HE DT v, 1SS AR T R AR A TR
ZH (VGG-16) R Rl 25 1] 56 52 o TR BE A AT LUIAE
/SR i 1150 N R o < 11 L € 3 1
S5 TR RN T A A Y SR R ik R A 5K 4
REAE DG P RO AR 0 T DASRE o T VRS

IR N (2021) 1R 25 T D2-Net 7 fil 2 JUE
U, 7E CNN HE I Z2 B8 08 S R 4 m 4 R AR ] 1 3
FTRHE AR A A T —Fh RS (a1 2 A T
JREMZ T L7 (cross modality matching net, CMM-
Net) o Cui %A (2022) 2 H T — Bl 258 0] & 7 5%
F4E b fk SPAP (spatial pyramid aggregated pooling)
FE AL ) SAR 5 5677 Bl R DL L Jr 3% MAP-Net,
SPAPREHAR i 42 JR AR B R SCAR B, i EpL
PR 9 265 A il 1) 28 4R R AE EAT AR, S B X AN
[Fi) 285 PR 18] 9 LA R S 22 A EAT B i 7 1 1
1o P SCRHE A R TS RS R A ILIC . Li 58 A
(2022b) 2 Hi “Hailll + VCECHEZE, Bt T —M A
ARG 00 255, 7 22 B2 IRIR 2 T] A AH AL AR
Wik, T ARG v A R AR IE L AR R B T —
A Sl DG C I 2%, 12 199 26 i ok 4 Jm Dt A ANl 515
ST B R AE R AR RIS T, 5250k B B A
B PR YRR TR AGE I DG PR BE

AR RSN (2022) BE3F T — il Sim-CSPNet
(siamese cross stage partial network ) 224 PR o 12 B
AL TR 2 R JZ AL B R AE R A AT, 1A R A4 s
FIAS ] 73 B A SAR PEIR L R s H AR R A8 FE 1L
. Zhang 5 A (2022b) $2 1 ) M2DT-Net B 56 51 H
T CNN RS 272 o] HAT w8 SRR IR A AN SRR AIE SRS
SR H FLIE R AR AE 3R 5 B 20 5 DEGENSAC 4
EARZE B W ITE X 13 B A U L g AT 0k, e 17 &2
5T A Rl SR A R R RS EE DL . Quan 55 A
(2022) $H T — Pl T 2 B 25 S PR AR I PO A

FAE A 27 2] M 2% (deep feature correlation learning
network, Cnet) , Cnet F 1 1 55 7 27 > i 8, 72 R i

A R 46 (0 B Al B AR SRR IR 2 2] 2% Sl SC T A
B HYRFIE ARG R R AE R AE . Quan 5 A (2023) i
— PR T TR A e 1] A 2 > e A R L T
TR BE AT 27 > kG AN R BCHEA AL 2 L 2K
AR 5 M BC TR HEZR . AR BC TR B B, B3 17— b
BROGE)EF R R (deep ordinal regression, DOR)
I 28 HEA T HERE A2 1E , DOR I 48 4 e 57 4% 1B AT 55 ik
Sh T A T O gt ) i e e 8 2 T ) v A G
B PERBEFAN T AORE L . TERS AN ECHERT Be , 5L T e
e OE J5 W) KIS, R A DDL (deep descriptor learn-
ing) 0 2% 4k P KB AR S8 4K . Liang 55 A (2023 ) F|
HEA A Mg & 71 Transformer 1)
T JRIERERAE DE L M 2% MatcherTF, Hi T Transformer £L
A R4 SRy TR K A TR BE o~ I RRAIE 4
AR ) 246 4R JRCF R AR VT C Jy ko, AT DR AR SE A I 2%
G 381 ) sl B AL 6 49 14 AR U e A s S EL A S
AR AT , DT 2 e R E DR ) 1R B

FeT o ST W RRAE DE BC 7 a8 ik TR o ) BOR 5k
R B TR S AR B BUR iy 4R IE R AE R ] LABE R
FEAGE I 5% %) B 52 AR AVRFAE R AR T A B e . (EASE
R, H 20 02 SR R AR TG v 40 e JRE Y K 22
BOT R R T IR 27 ) W AR IR, X TR IEAS
D ERF AR D o I H— S5 T2 ) (U RFE DL T
T3 B BT R R 22 S g AT WE 5, DA B
i IR A AN AR TR CHE Wb 45, 2021 TP L 4%
2022),

3 ETHIG IR MBS G — T, N T Z
RS 18 SR PRIMR 22 8] W 25 A E L VR SR 5 22 S i, 2F
JAT BT 2% GAN SFRE LB A, 3% A5 L 38 5 XA
LRSS KR RS e — , PRI G 0 56 T DX dal
R TR 1 IC M T v S B A 4 — MG Y T
(Merkle 55 , 2018; AR & £L 5% , 2021; #% vK#8 5% ,
2022),

X LT VA 1 S il o I G R AT RR B BB Y e
e, (R T 1) 22 B o R L LA AR B e A
SFIESHHFIE . Merkle 55 N (2018) I Z& 4 A2 0
YL 2% cGAN (conditional generative adversarial net-
work ) IO G R AR O SAR RIS B, SR 5 2Tk
JZ 5 AE B NCC AT STFT 45 21 7 5 i i9 VT RS % o
Zhang 55 A (2019b) X R840 58 Ja M 5 7 3300k kA7
P JE I Rl TG R A S5 AL NS, 058 Z2 1S
T SRR 2 TB] A AR L MR S 25 57 A AR R T 4k
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R ML GURRAE 7 VR BEAT UL FC ARG B2 . REALE N
(2021) % F VGG (Visual Geometry Group) [ 2% 22 44
X 52 UG ) AR RAIE LA S A7 B 1 R 1) PN 2R AIE
HEATHBOTFERA S DL BRI S5 — R e
Ao PTR80S S B TR P 2 AR i L
Bl H] SURF 503 2E A7 R L fE

Bt A5 N (2022) £ H— Bl T RS iE RS A A2
FRAE Y6 5 SAR MR FC i35 |, o Sl ot 25
GAN I 25 SAR I8 e 45 4y 512 T 5 ) KUK S % 190
28I A 2 S TR R/ INE 22 ROBE R 14 5 N T
PG e BEAE RGO 22 5 K 1 i 2 X, fie e R
FHEAH SCAE o AR U 2 52 B R4 SAR IR 50t
FIHEME R BRI TCIE . Zhao 55 A (2022) 5 T4
TR 26 1) PG RUAR e 7% R U TP IR R
— B O T R 2% S e A 3SR A ) 2 48 2k
PRIEC, 2 1 S % (RIS AE Y B A, SR A D2-Net
1 LoFTR S S XURS 1L 7% A R 5 JsL b i 5
P4 DG E I 5 2% 7 45 5 2 e S 380 400 B DG R ) L A5 0
W A R R T DR R VR A S . BRIE
SN (2022) A AE ST 0 265 1) JXURS e 48 JE AR, T
bR T AR R PR, BT T A T A R AR A 1Y
A ULEHNLL A AR VEBC J7 %, BEAR T 2R R Y
VERECHERE . Aok 4 N (2022) F A= BT N 45 44
A USGRERE s AR O P LL MRS, #5455 SURF
A PITFD 53 5L BURF i, $ e 1T 20 Ann] Lol
EUGAE RS 22 S B R L T W TC T 65 Mk

3ok KA A S I RGBS 8 — R 5 AR A
JERI T INGR AR YR B AR R R 1R
T i 1 37 5 M AN A 2 5 Wi PRI GO 25 4 1) R
Bo R, 2E XA R 5 RIAS ] 28 8 i) 22 B S
PEATRES AN WOR IR AR 22 5, DL 2 T2
ZEBCHELS R B SRR E AR B
1.3.2 i 2 i ) BCHE DT %

Ok B 22 1 BIFE B R e B A T LA A8 4 24
SR B F N T AL e A B 2 R R
HEATE (de Vos % ,2019; Ma %, 2021) , — 26 fiff 508
X — ARG | A R ER L (Wang 55,2018 ; Hughes
45%,2020; Li %,2023)

Wang 55 A (2018 ) ¥4 14 3ty 2] 3ty 22 44 45 R 111 2
IR IE DL O — A — D R 25 v B 4727 ) il i {5
ST B8t 1 P B B 42 > R ICHE R AN S 5 K

G5 eV ELRRSE 2 18] 1 et R4 —F A
% 3] 07 i SR BRI 2 B0 /N [, IR
IR 21 R ISR BE B RIS, i A
(2022a) J & A AUE LS 1Y D-DenseNet [ 25 L) 58
I3 BRI B MG R RHAE 8 5 B E RS 5 5 2% 7]
G YGHEAT BN G B2 ) R L e R B 4 A4 ff s M
XF T2 2% KR A AR S8, S B v 3] 3 ) AT )1 25
2% . Hughes 58 A (2020) £ 5 —Fh SAR 5t 2= %
i 57 DG T P ity 28] 0 HE 4, T2 HE 2y 3 A 4 It i 1
(R4 26 N 45 2E 0 56 1A I 26 58 s ELAT I SRR 1Y
DXk 55 2 > J2 RIS RRAE 225 ) A G R E50R 1 22 R
JEE VG P P 246 5 55 3 A e 15 2 0 B3 T 4% B A 31 DE i
RO L, IR BR IR ZE KL FLZE SR .

Li %N (2021) $& i 17—l ] T8 Jk R B v 1Y)
TR BE 2F > o SURSEHR UG FCAE S, 12 HE 40 AN T8 0 R E 32
BURIPERCAR AL, , A R B A5 R 18 2R UL AL AR fRL
&, 2 B E A B TE 2 % ER b2 S
UL 23 RS R AR A8 5 2 B0, R A TR 5 1) I ) A 52
PRAL R IV CRS B o Ye 58 A (2022b) #2117 —Fh
WEBF M 2% MU-Net, L 2 RUEE 77 X B2 2] B 5
%0, MU-Net 3 134 2 TR BE 4 25 [ 45 (deep neural
network , DNN)BEHRIAE Z AN RUEE &, s — 1> iH
FHEIKS AT HERESR , B 1E S A 4 B AR AR AR, JF
BT 25 R AR T 2% BB, (LS T 2
UG ] B JLAnf R A8 Ak . Li 55 A (2023) 48 T —
Ty 22 455 285 3 o PR A G T P il 5 T 246 322 I 286 7 SE 1
T T BRI HLH A AlAHE S TR A&
B2 7% KR Z 0] (1 B RS RAE R |, SR ) 4 o
SE SO T 1 R B s % pR B, IR TE I 48 N A
E A PG LA 52 By 2] 35 P19 DT T

SR IR I B E T AR S I 2, R
TG PR, A AR S A [a] (9 55 SR e & Ho At & 2Ry
R TEORS B (Y DS RO RBE RY (R X R S R A 5
B N Jm 3B S5 R R R 00, DR A i S 30 i e L, sl 22
W BeAT: 55 h Byt IR R 25 SRR, AR TARLHUL
T3, v 380 By 04 TG 7 750k 3 ok v S i 81 i ) 222 D)
2 S R IR VT TE (9 B8 A B, ARS8 o I st
TR MR T R 5 RE A 15 B AR (1 4 R S A i L ok A
BN SRR  (H SR A AR BRI SRR AR R 5
G 52 2 R R 25 55 ) A
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SKtf, AHinE
SESEBRERE AT AT RGE

2 ZRSEBGEEHTES

AT S T 1 B EMR B H AT LA IR B s
R RANGE T XTI ENTEAE B IR
TR T R . X SRR A LR LT X
() Z B IR, FT T IR BE 2 2] AHOCHIF 5% (R E L fll
A UM ) BB 25 3 43 B AR AR L EUL
RS [F] G sl AN [F) 7 55 5 5 B 1 2B U, AT
FHF AR Bk

1) SARptical $¢ #i& % (Wang Al Zhu, 2018) J2&
TerraSAR-X FIL 25 UltraCAM 12 J8 £ 5 B 1% 7 ] 41
2000 4E—2013 4E 0] 4L 10 108 XiF SAR Fi2 &4
ZH L, D2 U SAR EUZ I 25 8] 73 HE 53 510 0. 2 m
Al m ARZRZEI 112 x 11218 %, K4 E/R T SARp-
tical BE A R 73 S R

2)SEN1-2 (Schmitt ZF,2018) J& i Sentinel £ %]
TR T 2017 4 (R FAHE 7 55 4 BRI DU 2 AN ] s e
X 3 0 36 282 384 X SAR FIDE 24 % 41 AL, Y62 Al

SAR 443 B30 10 m, RS 108 256 x 256 15 % .
&5 7R T SEN1-2 B84 i /v b e i S

3) University-1652 (Zheng %5 , 2020) £, & 3k H 4
Bk 72 it K57 1 652 JAE (50 A L 1 K14 . Google Earth
BLALLAE B TE AL A UG R TR EHR 3 R & 1Y
B o AR R R BRSO A 1R T AR .
1 JC ML EIGORT 3. 38 i 11 5% i s RIS, 500 5 A
BUAGIAEE I HEA SR EFEE . Ko
R T B TR R IR

4) 0S-dataset(XiangZs,2020b)J2&:H1 10 692X 256 x
256 {5 R A HERE2E AT SAR RS AL ) DT B 5
f . PG SRR SRR Al LR X,
SAR MK A T 355 LA, ZRIHERN 1 m, J6F
EUERAE H Google Earth -5, Jf HH RAE R 1 m 43 HF
o E TR T 0S-dataset BHRETE 7 50BN

5) QXS-SAROPT(HuangZF,202 DEESEH1 20 0005}
256 x 256 13 Z 11 fm 43 HER 627 R SAR R AL 1K -
QXS-SAROPT %5 45 £ 73 il A 155 43 3 %5 SAR T & il
Google Earth "1 3545 SAR EIGRFDG2E BIE, 25 18] 73 B

2151

=4 BEBREEATFHIEEAMN
Table 4 Summary of image registration public datasets

- SEEES .

HAnAE % R TR
SARptical W, HI10 108 % 112 x 11242 Z 1 SAR FE2# K% .

G — . N e — https://syncandshare.lrz.de/getlink/figixjRV9idETz-
(Wang *ﬂZhu, j‘ﬁ% éﬂﬂ,j\'ﬁ’?ﬁl SAR @1%ﬁilﬂﬁﬁﬁ$%ﬁljj?02 m ttps://syncands dre. rz.de/get .m 121X 1 Z
SAR PgG689dGB/SARptical_data.zip
2018) 1 m
SEN1-2 Jeg— 1H 282 384 % 256 x 256 1% F 1) Sen-1 F1 2 K14
. N et T o https://medi .ub.tum.de/1436631
(Schmitt%§,2018)  SAR 4L, Y62 M SAR L2 140 B2 10 m Hpsifmeciatum. 1. tum.de
University-1652 LR [ ARER 72 T K2 1652 FE S AY b 1T 52
(Zheng % ,2020) Z G BT A B T ML AR SR R AL A https://github.com/layumi/University 1652-Baseline
IFT-H R EdE
0S-dataset HoF— 10 692 X} 256 x 256 18 R 1 5 43 HEHRSG24H hitps://pan.baidu.com/share/init?surl=4bqaJhM-
(Xiang%,2020b)  SAR  SAREURAIN EFMSAR FUZAS A 038R N I m - SZEYTEXcXVAcT7w (code: vriw)
QXS-SAROPT D e e e Al
A Jet— H1 20 000 X 256 x 256 1% 3 H T 43 BER G2 A
H ,2021 . et 7\ s https://github.com/ 008/QXS-SAROPT
(Huang%5.2021) g\ b AR FHRALH 2 MSAR (Gl 1 MUDs//sithub-com/yaoxu008/Q
Multimodal_Image_ P M BE A G ERITAALALBE 40, 18 AN [A] 28 https://github.com/StaRainJ/Multi-modality-image-
Matching_Datasets ZF B3 164 X 2B RS, v H T 0 R A matching-database-metrics-methods/blob/master/
(Jiang 42 2021) Bk Multimodal_Image_Matching_Datasets/
v, 2ET WHU-SEN-City . OSdatas SEN1-2 4k
SOPatch e — ;/IE;QTE% ﬁﬂ@é%ﬁ ‘q‘dé?%;?m S https://pan.baidu.com/share/init?surl=2ylhe-
Xu %% ,2023 SAR N = Bt GOg6ITTsY AQIX 7Plg&pwd=1234

(Xu%,2023) SAR RS EOITTVAQRTPpue
OSEval Ko BRI RIEFMSARBIRAL | s vl
(Xiang%§,2023)  SAR i, REAS AU B i 7 FLHEwh A LA PRt comiy
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(b) SAR[EIE

514 SARptical Edli 7= 4] (Wang Fl Zhu,2018)
Fig. 4 Examples of SARptical dataset(Wang and Zhu,2018)
((a) visible images; (b) SAR images)

FHM L m, LR S T MOV R S
AU, B 8 R T QXS-SAROPT ##i 4 h
s A .

6) Multimodal_Image_Matching_Datasets (Jiang
85 ,2021) Bdln A o DNBE 27 38 AT B AL AN o 4 4u
H I E AR B v VBRI 20 I PGS 20 A8, 9 K 18 Fif
AR ZEBIRL 164 % ZHEEBAT . B19 7R 128K
PR 18 FhAN [ AL Y Z RIS RN .

(o) ELIE AL

K16 University-1652 #4575 51 (Zheng % ,2020)
Fig. 6 Examples of University-1652 dataset (Zheng et al. ,2020) ((a) ground-view images;

(o) TR

K5 SENT-2 i 44 (Schmit 45,2018 )
Fig. 5 Examples of SEN1-2 dataset(Schmitt et al. , 2018)
((a) visible images; (b) SAR images)

7) SOPatch (Xu &5 , 2023) % 4 /& 3£ F WHU-
SEN-City(Wang%,2019) ,0Sdataset 1 SEN1-2 X 3
s A i L mh SR T — 2D RS B, A
3 65 T3 6 G4 HT SAR RIS v B i 4 . %8
PitE th 2 Fh TR [K11% (Sentinel-1 . Sentinel-2 | 543 35
S AR AL T s (L ik e R Ak
MRS ) | BRI 2R ik B R Az A Pk i A
P10 JE 7R T iz dioin 48 mh o s i A

(d) AW AP LAl

(b) satellite-view images; (¢) real drone-view images; (d) synthetic drone-view images)

8)OSEval 4 4 (Xiang %5, 2023) fu & i B E
XV K 9% 43 B SR (1) 6 % A0 SAR ER 4 % 10 P Al

Wi  RASAMAAFHBREE NS, 0
FEHL A DR Tl X, AR % 4R i T b X
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(a) AT UWGIEIR (b) SAR[EIE

€17  0S-dataset £04f5 573 ] (Xiang 55, 2020b)
Fig. 7 Examples of OS-dataset dataset(Xiang et al. , 2020b) ((a) visible images; (b) SAR images)

(b) SAR[EIE

K18 QXS-SAROPT A5 4E /< 4] (Huang % ,2021)
Fig. 8 Examples of QXS-SAROPT dataset(Huang et al. , 2021) ((a) visible images; (b) SAR images)

Depth-Opti. IR-Opti.

3 a-
VIS-IR VIS-NIR Day-Night Cross-Season Image-Paint

9 Multimodal_Image_Matching_Datasets {45 5 7~ 5 (Jiang 55, 2021)
Fig. 9 Examples of Multimodal_Image_Matching_Datasets dataset (Jiang et al. , 2021)

(a) AT WOEEIR (b) SAR[EI%

10 SOPatch Hda SR il (Xu 55, 2023)
Fig. 10 Examples of SOPatch dataset(Xu et al. , 2023) ((a) visible images; (b) SAR images)
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VA RO A i AR DG 2 A SAR 8 b B AT i
AT 45 A4 114 3 AR O b i A O S PP AG Dl S A
SAR ME S %, RE A8 32 1 0F 15 G2 30k 2% °F ELUE

r I
v

B He &, DL R TR B 2 ) BE o 4% 14 92 Ak 1 BT
fli o B 11 &5 T OSEval 4 45 P 35 4> 3 5t 19

Pl 15

: 13 AT
o e S
4

~ g
Vo «
s ‘%
7
v -

Bl 11 OSEval #4475~ 6 (Xiang 55 ,2023)
Fig. 11 Examples of OSEval dataset(Xiang et al. , 2023)

3 ZSESERBRBEGHRAESENREE

2SR [EIG VC i B e 74 A 328 JR 0 3 114 45 o 5 e
o7 FH (R 465 MG G AR ARG AN R 904255 ) Hh ke
HEXHEBMEM. FEd LML THER, 28R
SR PG eI I AR AR RE R I f ke 1 A S 22 575
e Y AR L PR ) 22 5 RN 45 Fh R 5 ke 1) J L AT g A%
BCE TR P P SCRAE RN R . AR SCER BRI T
WA W 2B UG ECHE 715 I o BT Xl
FHREAE AL T IR 24 ) W FCAE ik 328 . ARGl
X 3 A [ 2R AU e o i i FRIS HE AL AR e M B 1k
AT R, WHZ S B IE E AT T A TR
5 A AR S S IR AR IE T 20 T 2RI
EREHMRBCHE RS B 2%, R SCaliE— 20 B 22 il
BB A

3 A 6T RV 1 22 B S 32 S PR T oAy 3k 1 T
JB5E , B SR AN [R] 2 AU (1% F vy i A MR BE L AR U T
AL RS [R) A L 7 9 A8 St AR A — Y
JRI B AN TE F T A A1 0 1 2 1 R R
TRECHE . PRI, AR SO £ AN ) 28 28 7 TiE v 7 K
YIS X S )

FEF DI 7 vk ) JRy B 2 B A A T
Mfilo B 5C, BT A XS )7 WL AR T — 2L S 06 25 1 73
U3 fRL ) VG E 78 R, (58 i — 20 S 3L fS 4 A A Al DG
Boid i XS 45 1T DR B2 SR S ) b
S5 B (RPC . POS 4l 55 ) , (AT LUZ— - KL
(1) B S ARSI (5] 40 < 7 S A5 52 AR A ) | il i ik
TRk IS Ak A SRS . 7 — A
F1R) B T 32 X sk A O 12 6 g A U S % R 2

[ ) B XA 20K . Wit AR 5 275 K& 1)
F1%) FE A DX I /0N, DUV PR M 2 R e 52 BAR Y5,
EFHERW.

FE TR A4 T HE 5 95 38 1 A AR SRR3R Z [ Y
SRyt AS A1 G 2R, O AR A s A A o A0 5 B AR AR 1]
T, 0K 2 i AL [ 0 BT BT A A A T O E
BREE [HL, FFAEDE B T5 1A b TR AR VT e J7
T8 I A DUE AR A, O HLAE (B B DT L
HR R By 7 HE AN ATl G B4 7 B S (L (URDETE ), 4531
JEAE R A A U e 2 R AR S 22 S Y 2 8 T
MO o — MR UL, B THRHIE 977 15 BCE & FR A
UNE T XS T AR o

T UREE 5 > 71k 56 4 th VI ZR80die Bk sl , 1]
P RERS PR MRS IR)= 18 SUAH BRI BE 1T U 250
P v R BCHERIPERE . SR, O 20 2 J P AR
HESR B L T2 T B D7 IR F AR T S L e 0 B
FOIBREE T, KA ORI 1A T HEIEAG
AR IR . 2B e 2R IR R R T
SR RTERT AL S A SRR A AR A
PRop R O 2 A LU i — e o H R A UER
P 0 B S BEAT RN Al e Sh, il TR
F8 3R B AS AN T e ) o R, A /D s I
PR IR SRR A TT Y o R, 18 R A [ L
BRI EEA R, A ATE A e 8 2w
JIr AT 24 10 2o A 283 R P800 ) B, U1 Al 3k
K Bk = AR R L BR A 12 T IR 2 ) BT ik 1Y
K.

TEARR MW T, BB K 25 b 2 15 s — R4k
SR A B AN W A, K R REAL RS HiEAL (5
I A ) 2 A 2 T P PR T 17 2 2 X4 i [l P AR
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S, MitE
ZIEDIE R B G E A F R R SR

FERI TP R BT R o 2R TR IR P AR AT
A VFZ AR DRI TR, X 3 TR R R E A 52 05
AL T IRIZ AL B 7 ) O ok U, WP e &
PR 1 22 M2 I 9 3 ] D7 9E AT SR S — AN FF LAY )
R, R B R R 2 E AR AR LT LA T I

BT DX IR T B T T RS Z [A]E
5 BRSSP AL, X [ B A 7 T A A W
A AN (75 AT ) B 2R AR T BC A 52 A
XEE A o R R W5 T LU S 4R - AL T AR A S
B RSN SR R RS, GOk, ST E AR Y
R I T 2SR R Gl S . 7
A, AT LS TE B 3 LR 42 3 A 7 2 S A B, 45
R AL IR A R AR R R R I PR R — 1A
A T VDT 3 FIIRE B, G J 0 A 9 0 28 M 0 55 7
AIE O SERER R

ST RHIE AT S ) TR E I3 T2 T
ARSI AR , AR R ieRe AR 22 5% 1
WA EE AR 24 8o AR BIBTZE AT U ELR P4 J7
AT IR o — 07 I, BEFEN B AT DL TR
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