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Abstract: As a fundamental and critical task in remote sensing image processing, image registration has consistently been
a hot research topic among scholars both domestically and internationally, holding significant theoretical and practical
value. This task aims to geometrically align two or more images of the same scene that were acquired at different times, by
different sensors, or from different viewpoints, thereby providing a reliable data foundation for subsequent applications
such as image mosaicking, image fusion, object detection, change detection, and guidance matching. However, remote
sensing images often face significant challenges such as geometric distortion, nonlinear radiometric differences, complex
object occlusion, and various types of noise interference. These factors interact with one another, making it difficult to
accurately extract and match corresponding features between images. This severely hinders the achievement of high-

precision, robust registration and poses greater challenges to the adaptability and robustness of existing registration meth-
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ods in complex scenes. This paper systematically reviews remote sensing image registration algorithms. First, it outlines
the basic concepts and technical framework of remote sensing image registration. Second, existing registration methods are
categorized into two major groups for systematic analysis: knowledge-driven expert design methods and data-driven deep
learning methods. Knowledge-driven, expert-designed methods rely on manually designed features and transformation mod-
els. Through explicit feature extraction and iterative optimization, they achieve interpretable registration in traditional sce-
narios. These methods can be further subdivided into template-based registration methods, feature-based registration meth-
ods, and hybrid registration methods. Template-based registration methods select a template window on the reference
image, use its center as the point to be matched, and search for matches on the target image based on similarity criteria to
identify corresponding points. These points are then used to solve for geometric transformation parameters, thereby com-
pleting remote sensing image registration. Feature-based registration methods identify and effectively describe salient fea-
tures in remote sensing images. These features are used to establish correspondences between them and, subsequently, to
construct geometric transformation relationships between the images. Hybrid registration methods leverage the advantages
of multiple techniques to perform remote sensing image registration, thereby compensating for the shortcomings of single-
method approaches. Most of these methods integrate various types of image information, such as gradient and phase infor-
mation, to improve upon classical methods—such as scale-invariant feature transformation—in either the spatial domain or
the transform domain, or to enhance registration accuracy by integrating multiple registration strategies. However,
knowledge-driven, expert-designed methods suffer from issues such as heavy reliance on specialized knowledge, poor
adaptability to complex scenes, and significant limitations in feature selection, making it difficult to meet the registration
demands of large-scale, diverse remote sensing images. In recent years, with the continuous advancement of deep learning
technology, numerous deep learning network architectures have become increasingly prevalent in the field of image process-
ing, presenting new opportunities for remote sensing image registration methods. Consequently, data-driven deep learning
registration methods have emerged. These methods can be further categorized into ensemble learning methods, end-to-end
learning methods, style transfer methods, and large-model-driven methods. Ensemble learning methods integrate deep
learning networks into template-based or feature-based registration frameworks to generate more robust and efficient feature
representations or similarity metrics, thereby facilitating subsequent registration. End-to-end learning methods utilize deep
learning networks to perform end-to-end learning from image pair inputs to target outputs, employing joint optimization to
accomplish feature extraction, matching, or direct prediction of geometric transformation parameters between images. Style
transfer methods use deep learning models, such as generative adversarial networks, to perform style transfer on remote
sensing images, significantly reducing radiometric or textural differences between multimodal remote sensing images and
creating more consistent image characteristics for subsequent registration operations. Large-model-driven methods leverage
the powerful feature representation capabilities and cross-modal generalization abilities of pre-trained large models, provid-
ing a novel solution path for addressing challenges such as complex geometric distortions and nonlinear radiometric differ-
ences in remote sensing images. By learning directly from the data, these methods can solve image matching and registra-
tion problems more efficiently. They utilize deep learning networks to automatically learn feature or mapping relationships
between image pairs, extract high-level features for registration, or directly predict transformation models end-to-end,
thereby effectively addressing complex scenarios such as significant geometric distortion and nonlinear radiometric differ-
ences. Furthermore, this paper systematically reviews and analyzes datasets for multimodal image registration tasks. By
summarizing representative datasets in the field of multimodal registration and focusing on their modal composition, data
scale, spatial resolution, covered scenarios, and applicability, it provides an effective reference for researchers to select
appropriate datasets for registration tasks, thereby facilitating systematic analysis and fair comparison of different methods
under unified conditions in future research. Finally, based on the aforementioned review of methods in the field of remote
sensing image registration ; this paper outlines future development trends in the field.
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Fig. 1  Main flow chart of remote sensing image registration
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Table 1 Classification and characteristics of remote sensing image registration methods
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Fig. 3 Flowchart of the template-based registration method and the feature-based registration method
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B W LB A 554 , Roberts , Prewitt , Sobel |
Canny (Canny, 1986) . Hough 78 # 55 , 3% 26 3/1 25 £6; 0l
BT 1E TG i G AR (H R0 et e 4
& A F B T 25 IS0 10 P S LA
D25 A HRATT I 1A M 75 s 2R (1) 520, 41 ROA (Touzi 46
1988) £ ROEW A (Fjortoft %5, 1998) 45 , % )12 )it H
T SAR BIMR B A o 7572 4 3 v 3w Ad
WA 4y BN R S AT I A . F IR LA
I R R RE D AR R AR A AR AT,
1 B I SR RTINS A5 52 A IR AT o I HIZR AR
AT 3 R AR ME 1Y S5 9] 40 Habib A1 Alruzouq
(Habib and Alruzouq, 2004 ) F) F 2t #f 49 1% 18 Hough
AR 7 v R B IR TR B AR, SR B T 22 YR SR
AR H ST HE s Juan 55 (Juan % ,2015) 38 52 71540
L DX I 1Y) 2 S A — oI R A 1 4 B AR, O
22 B A E RAR 0 SAR 35 UG R A7 v kL 2]
A0 B VC L ; Zhang %5 (Zhang 55,2017 ) F1] F A ] 26 Bt
G I 25 A5 I O SAR IR 30 2%, 4T VEIE J5 A= 1 vor-
onoi [&], T AR JER A2 SC R[] Y 000 B 9 2R 5 Liu 1
Jiang(Liu and Jiang;2019) 3& T2 5¢ R 4544 150 11 2R 4%
TEXUHEE Joy A IR AT R Ak 125 1) 56 2/ ) S (B B
SREWE , SR T R SR PRGOS RS FE T I o

1 T R 280 G I B kAR T UG A 5, T
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V00 BT A 2R B 1 [RGB B IR AR L 2% S S 7
AR GERE B RE AL, IR R AR SR A 72 R PR
Peo WAL, 22 RS FRICHE B R R 43 PR3 22 S
BRI, — sk G b v b AR B T BETE 75— 1K 1A
B AAFAE , SE—B3n T R R MERE

Bl E AT AL A A WTIR A 38 9
TR 22 855 I 30 G R A ARG I R R AR A I )
o WTMa % (Ma W 45,2018 ) 76 A0 057 F7AE &1 1 IR EL
SAR-SIFTRFIE , Jf-ie 3o o7 8 A o 5 S 5 8 ] 24
W, SR BSAZ H L s Li 55 (Li 55,2020) 42 1
T RIFT (radiation-variation insensitive feature trans-
form) , 1% 77 75 A EHZ A7 — Pk (phase congru-
ency, PC)f&E B RO BE 2 55 5 B A5 B T A
FRAEAGIN | 2 J5 385 A Jay R A — A 8 i i i/ 22
AR Z A 4 50 22 5, i T FAST A 25 14 2 [1]
FFAE, 3 RIFT 2B (Li J 4% ,2022) ; Hu 55 (Hu M
§5,2023) ff FHEE T PC A Y DoG KGR 47 55 K
R RFAE A5

3)HERHE . THRFIE 2 B h e E TR ER R E
FELE A R FIITEAR R ERRAEE AT
LU RTINS N B Y R ) T e O A N
P [ X Bt AL P R 32 722 Sl R B T R R 1Y
R e o B LA PR 23 1 SR LA B 0 3k 34
Gy BN XK 5 A 008 SR KLY
(Markov Random Field, MRF) 433k | 437K I 43 8.
5 2 R ENE: BB o ENESE . X287k
1 H 22 R FHASZEFE (40 - Ho0 B Hu % | Zernike
85 ) (AR RS T BE R B SRR R A AR R T
Fic IR DX 38 (A2 2 1] 45 ,2013) o 0 FH T HRAIE 2047 328
TR EME B ) S5 4N Cheng %5 (Cheng 55,2008 ) i 13
93 V2 DB R W 2 R A BRI S =3 1) oA A Y
MSER (maximally stable extremal regions) (Matas i
2004) FEAE X 3 - 254 SIFT 4 38 £F , 34 5 R AIF b 21
175 55 A2 e I 1Y B2 7 5 Zhang 55 (Zhang 55 ,2007) i JH
5300 2% R A DX A A AR PR AT L B
X 3l A R AN AR ARV E s Wang 5 (Wang 45,2014 ) Fl]
FH /N 722 45 RO 5% 22 7 244 SAR EIHR K 73y i
FVE DB, 3 3 2R A o )RR DL AR 25 R
T8 2 RICHE , A ROH R T 22 AL X S T4 5
E ISR AL; R 55 (IR 55, 2016) 1 2 RUZ AL
PRI L PG BRI SAR PG ) 5 A1 24 2 X, JF44
B 7 S AR PR Y DCBRURRAE , T T SAR R T

5 Sui 2 (Sui 45,2017 ) i1 22 N7 A0 PR R
B PG I 5 D TRLBON B, I3 T 36 BE R G A AR AL
DABRAR L0 X Ik 5 22 g 45 (220 25, 2018) 5% FH he ik
9 MRF 553 73 5 SAR RIS E 7Y 1 2 PE DX d8
B J5 T S 2 P DR ) 320 5 BT I 42 MR STFT R Ak 25H
F ML VT EL BCHE ; Zhao %5 (Zhao 45, 2024a) $2H T —
FhEICHHE Y 1% MSER (salinet MSER, SMSER) F#1iF K
W92, A 5 35 P AT MSER 25, 40 P 4 S AN ]
T3 AR IR DX SRR 7R B BT SMSER $i Ji X Js
Bt B /D H e 2 ) DE E A X 38 5 A 3% e BE
B, RUNZOIT R A S E R ITCARRHE R B8 A i (E Y T
RIS

T RFAE AR FE AR IE A SRR AL & 25
A AT DA 3R e PR 3 5% i ARSI A B T 5 0 T o 45
R, A TR A S RO T 25 8 R R
b P R BLAT E AR E AR RE A BR T 20 R Y
A RCE K AIE B SRR BT A T
YA RE 08 7E 22 I8 2 K 5 0 BT v i 2 A
ROR
2.2.2 FRfEHA

Aeh 1R R EER Y 0 RRAE 5, T 0 X e A
HEATHGIAR | LARAEAG DU 3] B 4 1E 54 HA AT X 4
PERE RV . HHTRAT IR AR R R A v 520
PUR L2 BT 00 B AR AT T R vl o B2 LU Ay
FIRFT BET R R IUT (0 AT T AR — 2
P Al I8 A5 LA JR B8 8 AR AU 6 34 75 55 (Sedaghat
and Mohammadi,2019)

DE TR EWHRAF. SIFT 2 —Fh 2 1 5
FHEMHGRTT, AHEH LORB T 2 (555242 2
B BT R AT R LT SIFT BEAT 9 B 10 . Ak,
Jo L 0 FE R IR AT TE AR 7K SIFT HEAHE SR (1 B fily |
FEIWE AT AT TR, R E
T3 KIGETT 250 LS T 9 3 BE 1 F0E& H 1 , 201 Miiko-
lajezyk F Schmid (Mikolajczyk and Schmid, 2005) $2
it % GLOH (gradient location and orientation histo-
gram ) , 1) 105 B0 AR A [0 (81 G2 3146 BE 45 B B 7
Kl s Tola 2 (Tola %5, 2010) $2 i i DAISY , FI| AN [+]
F18 % 1] [vi) P o S0 o 265 o 085 AR TH R T L 1L O
38 1 5] JE A% B i A3 i URE P 5 Sedaghat 55 (Sed-
aghat and Ebadi, 2015a) #& {1} 1) AB-SIFT (adaptive

binning scale-invariant feature transform) , KA EEN

Sy BRI T RARHIE AR R AL IR AT o LA LA
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BT, TiE, SSR, Lag
R EGEER ARG AFIRIKEN 2 BIRIRE)

(¢) FMSER

(d) SMSER

K4 ERAARKSARBOTETER —ESR N K I RS R BB (Zhao 55,2024a)

Fig4 Schematic representation of the matching results in the same block using different region extraction methods. (a)

MSER. (b) EMSER. (c) fMSER. (d) SMSER. (Zhao %,2024a)

TR (S BB R ge it 45 s s rs . — 2
[ Eiina s R ]
(a) SIFT (b) GLOH

A
c.:

(¢) DAISY (d) AB-SIFT

FI5 i UL SIFT R R Ge 454
Fig5 Common SIFT-like descriptor statistical structures. (a)
SIFT; (b) GLOH; (¢) DAISY; (d) AB-SIFT.

AT 4 THIT BLROR , G Bay 55 (Bay 45,
2006) #i2 ti 15 SURF 1| F B3 145 A1 Haar /1N i fi7
B H#E E ; Ke A Sukthankar(Ke and Sukthankar,
2004) & H ) PCA-SIFT (principal component analysis
SIFT) , Duan %% (Duan 4%, 2008) & i i ICA-SIFT
(independent component analysis SIFT) , Liu 5% (Liu
5%,2010) 2 H ) KICA-SIFT (kernel independent com-
ponent analysis SIFT) , 43 5 ) FH 32 54323 T k57 i,
O T R SE S 53 BT 25 BR AR AT TTAR , $R THIT

MR o =R R R AT A9 15 5 L 0 Abdel-
Hakim 1 Farag (Abdel-Hakim and Farag, 2006) $2
C-SIFT (colored STFT )££I J5E 25 ] H (1 iR 4345
e R FE AR RS R AT AL 58 SIFT 75T A
Ji£ AR AL 1 B/ 5 ; Chen 55 (Chen %5, 2010) 42 i
PIIFD (partial intensity invariant feature descriptor) AJ
LA 204 i it ke 22 A5 28 PRI v ) B G5 £ A A e i
JEZESIAIRR IR SO B R T B R A T HE AL
INER AL AL , SR TR BE A FF A B AF e T R AR
B A 2R AR A URR X 2 A PR DT L T
PEA 45 Ry BR
2)FET R BE LR . T S R RrAIE
VL FE 3R B AR, AR W 50 4 B T G s x 1]
4 5 G AR ok A T 9E 4 3R ¥ (Sedaghat and
Mohammadi, 2019) . 1l Calonder Z¢ (Calonder 4f ,
2010) #£ # B9 BRIEF (binary robust independent
elementary features ) 7E4FAIE 5 4R 38 7 11 P Bifi #IL 56 B
KON AR R A T e A L — R G Atk . {H
BRIEF A% 5 AN B4 J5 [ 1 | J5 SE0 98 2 51 A
Jid B IRUJRE A 728 P R T SR AR S e A 7 1) 2R 4T 124
#E , 4 Rublee 45 (Rublee %5 ,2011) 2 Hi 1) ORB # ]
24 (9 BRIEF @1 sl — 2 1 4 38 4, A T R dn
BRIEF £ T ek A28 Leutenegger % (Leuteneg-
ger 25,201 1) 42 H A9 BRISK gieak 1T — i il 4 18 45 4
FRERLEL, LURRIE R */L\W@Klﬂ*éﬂ’ﬂ [0 4]
HEAFTHY 5] S T B RAE 5 117 Alahi %5 (Alahi % ,2012) 2
H B9 FREAK (fast retina keypoint) 52 2] A\ IR WL 5¢ 22 48
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BRI A, SR FHAL I JBE R AR 5, T — AR 2 S SRAR G
T AR A X R AUE o DX SRy 45 ) B A R
&) B PR 5 T A0 B X A 22 4 f5 B . Yang il Cheng
(Yang and Cheng,2012)$2 1} i LDB (local difference
binary ) W™ Ji& 1Rk FEASEWE , 2 T 0] 97 R Y 2 K
&SR, 38 T IO A S 2 ) 14 57 B 5 e 22 e R
15— JE R AR A s 2 )5 Alcantarilla ( Alcantarilla 25,
2013) 45 2t B9 LDB i 3845 M-LDB (modified LDB)
AR 3 P B SR Y LU O X B {2
) F8 LA S I T T AR A8 M o — i R 4
P BAR R T H A B, 3 DATUYI R 25 20 AR TG B 3
T AR B2 o, AR RE S 10 35 W A A7 T i O DR
$e THICBCE L, (H AR TR 0RO H LR
—EFEE RPN VE S B AU, PRI S 3
SAEAE SR R A IR AT LE A

3)ZET R BT R AT . e E Rk &
31 PR Ry X S 5y 5| ATT Il Al i 22 , BE
FECRIESS AL 5 URVEHES P I R o322 S i T AT
18 3R 55 B RH RS TP 140 e 5 S 742 i 38 445 49 3 O 12
(Sedaghat and Mohammadi, 2019) . Ul Wang i
(Wang %5, 2011) £ i % LIOP (local intensity order
pattern ) 1| JH 15 52 56 JB 0 PP {5 BRF Ak X 4k 3l 23 o
JRrT DX, 7 P 8 SR A DA J) S A A 2 ) K >
FE R R ZOR T 1 XA RRAE O i BB IBR AR B LIOP
RPAE , P OS2 B A A P o B35 12 X0 M P A5y
HUR . Wang 55 (Wang %5, 2016) 7 2 B B9 57 ZE Ak
42 i OIOP (overall intensity order pattern) , X} Jaj i
PR DX SR 54 IR B P AT A A A,
RAAE S BT X RIS P B BT o WA A B T
ST G ZAVRAESEATVCAC , 40 Fan 55 (Fan 45,
2012) #£ tH A% MROGH (multisupport region order-
based gradient histogram) FI MRRID (multisupport
region rotation and  intensity monotonic invariant
descriptor ) 7351 A FH 6 FE Ao B2 {5 B 7E 22 345 X 45
AR AERGAST . Yang % (Yang 55 ,2018) 2 H Y
MIOP (multi-neighborhood intensity order pattern) I
MIROP (multi-neighborhood intensity relative order
pattern) A F > RAE 1 G 5 2 A R AR 4R e 3
PP St . SR T R U R AT 7 —E
JE B RRAR T X 3207 ) A TR BE B4R, 158 B AT
TE BT JRI R 122 H R A AR T ) v DX 8 1 3R K
JEHERY M ER R A: B R AR L AR S AR AL, HE P

5 G R ZVAE B DR AR 5 R R AR A S 5 R Y
AR A REER T

) FEFHN—BHENHRAF . 28O0 T84 L
QRS R A A B R R R A 2 T £
PS8 B EGO T LAGE FH (Ma 45,2017a) o JT4F
KB FE R, RS B Z ) e 2 AE AL L AT 45
PRI AR, 38 28 45 512 35 L0 REAE A9 AH (L1 mT 5 30
B FEVCHD . Q& 6 Fr i, i 3k % H B T A o7
—EPERL, BT LA RS AR A X T B R AT O
TN RS UG Z [ AR v R i 22 5

HAA—H BB

R v
W AR e
= p 42} o i
— T (.
e Re TR
% R\ £ ,:._"~"/
\
ijé
R
7

6 MM —ZHEE SRR (Ye Y 45,2018)
Fig6 Comparison of phase congruency with gradient(Ye Y
4F,2018)

W, —Su 2 B 5| APC IR B R Y JLART 45 A4 45
fif o Ye %5 (Ye % ,2017) {5 % HOG (histogram of
oriented gradient) (Dalal and Triggs, 2005 VHEZR T
AHAE — S5ME A7 E 18 A7 0] #49 2 HOPC (histogram of
orientated phase congruency) #ﬁi&kféf s ﬁlé @5 % :]:)T 5”3 é;%
PEK B 22 57, Z J5 30 3 T 97 R 14 PCASE B 0 2 {0
DAISY f73 [H] Z5 44 42 1} T LHOPC (local HOPC) (Ye
Y %,2018) . Fan %% (Fan 55 ,2018)$2 H T AHAL —3X
‘@ é:Fil: *@ -ﬁ}ﬁ iR %ﬁ (phase congruency structural descrip—
tor, PCSD) , 7& PC &5 ¥ 141 = LA 73 41 75 Uk PCSD,
P T SAR FIRPCHERSEE o Li % (Li 4%,2020) $2
HH B RIFT DU 75 PRI A AR 57— SO IR B2 A e KRR 5 |
&l (maximum index map , MIM) || FH 2 SIFT Gt 114
AT 7 E ST AR A, W 7 & MIM SR B
K. 2l

B $#f iR 5 18 45 HAPCG (histogram of absolute
phase consistency gradients) (B 7K +E 45,2021) \LPSO
(local phase sharpness orientation) (Yang 55, 2022) |

© [ KR KL AR



BT, T, ESN, L4
1R ERELER AR R SRR NEIRIES) B E R IR 3h

B

[ log-Gabor &ilFFEE |

-~ 7’ 1 1 ~ ~
L 30° 60° 90° 1200 150°
Ir'a '] N ¥ b ~
1 2 3 4 5 6
4 Ay A Ay 45 4
L J

T
| SHEAENEEEREDGRE |

@max

K7 MIMEGFERER

Fig7 MIM diagram calculation schematic

HOWP (histogram of the orientation of weighted phase)
(Zhang Y 5 ,2023) 4% . 3X A F R A B AR 2k
PR S 22 S BAT B0 )3 1 L 1B PC RSB T334 7%
FERS R, JUHAE R R B AR B HE h 23 R R
AT T, ELHAERE e B AR T P15 4544
5)JRER B AR RIMERERAF o SR H AR PR R AT
(local self-similarity, LSS) (Shechtman and Irani,
2007 )4 5 bk 5 J] FRNESOR X B EA T AR DG LU, A
AR AR TS B AR AT, 104 1 A
P Jes il A AR Y T UART A o, 00 T4 BRUJR) F 40
BONTEEAFER E MRS . Qi 8 = A A AHIE
B B PR KRR Ay JLAS X 2 LA BB AT TR B AR AL
TIRFT o LSS AL AR R AT A /2 LR — 2657
AROEARVC AT 55 . itk , Z2 T AN [] £ X
LSS #EAT 7 Mt 54 & o i Sedaghat W 57 141 BA #4
LSS iR 73 9 e Ry 5 T 22 5 v 1) F AR ABLE (dis-
tinctive order based self-similarity, DOBSS) i i £7F
(Sedaghat and Ebadi, 2015b) | 22 [a] 4 AU HL7E
(histogram of oriented self-similarity, HOSS) £ i& £7F
(Sedaghat and Mohammadi, 2019 ) DA M Jié ¥ AN 78 H AH

L #5 & £F (rotation invariant self-similarity, RISS)
(Mohammadi 45 ,2022) , 3 AL R4 B9 Al 4514 | 56 R
AU DL e B AN UM o Chen 45 (Chen 4,
2017) $ 1 T — R T A AR AL R R A (1 Sy i
Jit 7 %5 74 (local order pattern based self-similarity,
LOPSS) . Xiong

'8
Fig 8 LSS descriptor presentation (Shechtman and Irani,
2007)

% (Xiong 45 ,2020) $2 11 1 5 TR A9 Jm & A AH
L IR ST (rank-based local self-similarity , RLSS )
Tt 5 SAR S A VCIC , 38 o) 42 p 381 25 4 SR A 1)
1% 173 3] DRLSS (dense , RLSS) #i R 445 , iff — 25 42 15
TR AT ] A 50 M, B 2 S B T AR R T 2
T8 H ARRLIE B2 BOE W) 3 ARUPE R R T (oriented self-
similarity , 0SS) (Xiong 2 2021), Yang %(Yang e
2024) F| H J= # A 48 B A L (adjacent self-
similarity, ASS) F TR L) 58 22 E AR, AL T 3D
G TR AESE SR A QR R R IR . S48 LSS K-
P AR Z B AE T 2 S EUR B AT
55 AELIX U AR AT 19 40 501 3 A5 SR AR AR (Fan 45,
2018)

2.2.3 FFAEDCHC

AR VG A R B A BT E R AR e s ) v G
AR i pR B T I R AT 55 o R DR LSk 7T LA
B4 A WA AZ 0 A0 B 1 e R W — A R AR AR
PERE AR UE, R B m R R SR

ARARUAE 0 B8 B 5 TR A AR AR T A AL P A 1Y
SETRAR o AR DT IC P A AR DL B2 A R TR
B DUV B 2 R R B AR SR AR BT X A
(] ROEE SR AT I S Ak, 2= A TR T 2R SR s

11
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TTRHERVERCE R - WIL KR . W LA R L
JE 5 A 2 ) R VL LA 32 (brute force, BF) , PR IH
fiz 11 4P % 2R JF (fast library for approximate nearest
neighbors, FLLANN) (Muja and Lowe, 2009)%:, BF&
VT AL B A R 4 s ), (H R BAIR, Hg
TIHEAE . FLANN J7 32 I & S 80 48 A 4
SRR Wby VUML) 1 Su N SIPRSES VAR ¢
B R AEVC FC AR (A AR AL BB S 5 ORI T B
A W LR EE ST AT D R I OGRS 45 [
SE BB B AT 4B AR L 5 48 R 5 SR B 2 L (Ma
85,2021 5 5 ik

AR LSS v S R B B RURRRETE
BEERG b He BORG 0 00 B0 A, BRIE X BB DT
XF RS N AT R, S PR DT C i R e DL s
PRAEUIRZS , S B AR VT IC o & A iR L, X 2
BRVC IE KR X 5 252 014 ) L] 28 SR R SR fige 7 A= AN )
AL IS N A I B U il = s WAL S UM S
HP R R DG B R

RANSAC (random sample consensus ) &5 it 17 1Y
SRRV EC A R HA (Li 45,2017) . H1 T RANSAC
R AFPERE, a2t T 280 1] T i B B R B HE Y
AR AS o Li f Ye(Li and Ye,2012) £ RANSAC 1
RN T B4 FE AR LK BT (robust sample consensus
judging, RSCJ) H.3% , B 3R i AR . Wu %E
(Wu 55, 2015) 42 1 7 PR3 FE A LR (fast sample
consensus, FSC) , B RANSAC ' 19 5038 4 43 MREAS
AR RN LR AT LA A 3R AR B . Wu 55 (Wu 4F
2018) B4 TR REC AR A —BhE Sk %
BB HEOL LS A RANSAC Y, XIS AR i 5
AT RAE AR T B HLIE PR DR IE , A A5 7E AR
IEHR T SEBLE A DL

SR , RANSAC 1AL 3 52 22 37 557 19 Z B 25 VB D
IR, TR R A AP AR AR AR PE R, 4R IT
Tie 77 7E HE A9 45 2 i, RANSAC Jy AR 7T g £ 4 o
R T RANSAC Ji LAk, E A Shp 3 it il T 2 Fh
A TRIC SR T . I Ma 5 (Ma 55, 2014) 2 Hy
Y VFC (vector field consensus )i i3 [7] & 37— EMEAG
THIEAEE SR L] A2 48 14 O 0 O 2R 1 e 3
TR A AT RY A ST PRI () A2 405 Y, 30 3ok 4 i 2t 30T o
AR 2. TEZ G 82 1 T Jay &8 4 1 A2 4
(locally linear transforming,, LLT) (Ma %5 ,2015) , Fll4&-
¥ 5] T Jm 7 & B VL I (guided locality preserving

matching, GLPM) (Ma J 45,2018 ) 4 &4 4k 2 5 {8 .
Sedaghat Fll Ebadi(Sedaghat and Ebadi,2015¢)#]H] K-
means 5 S PRI FMMBR A VL AT £1. Li 55 (Li 5%,
2017) K I 2E T2 A 1 B o0 A BE B 7 I SCRF 46
FRAT FEAT B S DR S A, IR DA AR R
AALVECAS R o Jiang 55 (Jiang 45 ,2021) $2 H £tk A
8TV | 8 e I T LA — SO AN i 2 e B
8, LI HERERR.

AR T 56 T AEAR Y T i, i TR AR A 7 o
T ENAAR A RE T o, B it o B TARIE
FRYTC TR 77 2 A A AR 2 s R R A 15 BAT I
P, REAUE AL BRAS FhAZ S, IR e RUEFDE
BRI BN 2 2 i LA A2 4k (25 fnoT, 2018) o 4R
T, 3 6 77125 o JEE AR A ) PR AR A S JBURI A 3, 5 32
) W PSR (B R S, R AR A B BT AR
WA E K, LA S 2 Dy ot ™ Ei A W 28 I AN i 4L £
ALY RN, 3 B[] R BN ¢ Y (Ma 55 ,2021) .
T H AP S IOT B AR A 2 A0 e — e e e =l
VIR X LT R AT g 3 P 0 A 52 37
% (R 45,2022)

2.3 BAERAERZE

B A A7 MRS Z O AR R L $2 h TAR 25
Xof P B R )R TGV i, DA 7 A% e A 24 ) i SR
Yt IRATCHETT R 2R AU A 2R EoR 1)
P, TRANR— TR R o WY TR & BCHE DT
N2 A AR DG JC AR AR DG JC 19 R 2 40 ) B o
5 Bl Z ARSI AL 2 R RS A IO HE DT 125 45
IEARVETC | DX I3 S 24 o S5 SR s (R TG v 7 1245 . 1
9 JBIR A BCHE T M T A 2n

25 G AR VG AR AR DG E A4 F HEL 380 248 Y TRC
T ) AN () 98 D 12 A REL TRV RO TC o 20
I% _ Ul Teo 1 Chen(Teo and Chen,2011) 455 HAZE
1 Canny 3 ZAFAE | 18 32 MORLSS B2 3 20 3 HF 321
AR R O AL AL e 28 oK A (IR AR,
201 1) FJH = Bh e B 05 20t 28 5 1 R 247 53 %1
PR DA E RV BC , 9K 05 A1 BAR B S 5 2
#; Gong %5 (Gong 45, 2014) 76 F1] F SIFT X} £ 255
QAT AL HE 5, >R ] 20tk 19 Marquardt-Levenberg
PR WS B KA BAF B S I 40 LV 5 Paul 1 Pati
2 (Paul and Pati, 2018) & 55 F I SIFT #EAT FEAik IT
Bie, R 5 fi B — B [5) 25 48 30 Bl AL B (simultaneous

perturbation stochastic approximation, SPSA) Fll — By
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R EGEER ARG AFIRIKEN 2 BIRIRE)

SPSA >f 5 B i A 815 2 8] 1Y B AR RS 40 e o
Xiang 2 ( Xiang 45 2018) 1 S FH SAR-SIFT g4 7KL
T v, SR 5 >R FH Rt 1 AR 07— B P A AL ek I — Ak
HAROCAE R AR MBI EE B &, SN 2% [RGUR B8
PR B RE ICE 5 Ye S5 F ] FAST RLTC/E 5 18 i
254 — By A Bl A 4 TR JE P AR (steerable filters
of first- and second-Order channels, SFOC) (Ye %,
2022b ) ¥ S R A5 A i A A A48 P T 2 A 2 e e
1%, Zhang & (Zhang Yongjun ZE 2024) 1 SR A B AR
RLPEFRFAE OSS HEATHLVC AL , 84 J5 38 120 44 22 4k 7 1)
B AL AE (multi-dimensional oriented self-similarity
features , MOSS ) FEAT = 4EAH A AH GBI VLT , i —
AR DT BCZE SR

~S—— A S A

———— - _ -

EEEAINE, KiFhRARS IR RIRE & \:
! I

I

|

ISIFT. ILS-SIFT, SIFT+Harris+XigiARLRERE

__________________________

————— e e — A N~

K9 G R I IR B
Fig. 9 Schematic diagram of a simple classification of hybrid

registration methods

VP28 G ZRRRIE )y 2 5Tk 2 R 4 i
Jrk G A is IR R 2R B RAAE | S 4 T2 EHR ]
PR T I8 O 28 f 41 v TV P T A P R 8 . 4l Zhu
45 (Zhu %5 ,2016) %24 SAR-SIFT 1 R-SIFT £ A& ,
TALI SAR PR AOES SE R FISCH A, IS5 B0
L) B8R X 245 547 R AIE DT IC 5 Sedaghat F1 Moham-
madi(Sedaghat and Mohammadi,2018) TR
F 4 — 1t J1 (uniform competency UC) %) Ja) S SR AE 42
W7 AT LAAR 25 B My 1 2% 2 FH B8 AT o] ) 3
FEIEAGIN 25 , 4 e DG PO M BB R0 k5 5 1] A Y fiE
U 1025 T UC Y Jm i Ak ey B IR A 5 1L 45 (L
7 % ,2022) 42 T —F [ A X 22 RRAE (Adap-

tive regional multiple features ARMF ) DE g 77 i, 5] A
7 DX SR A8 2 SR, ) e 3 OO A 3
PR DU IC R Al X, SIS b SRR ik 5 3 N 1
PO AR RS .

BE
{E428

BAEIE

T
TSR 55
ALE

¥

3
EF—FHTH
MR R
¥

K10 EEFUC B‘Jﬁﬁ%ﬂlﬁﬂ@edaghat and Mohammadi,
2018)
Fig 10 Outline of UC feature extraction process(Sedaghat
and Mohammadi,2018)

VLARRIC I I T VR 2 45 G2k ARUERC | X B 5t
Yy SRUAE DU I S (TR A e vk o ik e ikl ad
S ARACDE P o A ST PR A T 45 48 23 H R A e T v
KGR o U0 Xu %5 (Xu %5,2015) $2 ) T —Fhak 1043 &
£E STFT (iterative level set and SIFT, ILS-STFT) , i 13
PG SAR FEUE IE PR IE 45 & SIFT #F
FrmCHE , A ROHE S T R IR 43 BN R B0 e il 2k
T, AN AT 25 2 DX R A i 45 22 PR AF B 22 i
T RT3 kA R W R A Ak A R AR T v
7 71 (Xu %5 ,2016) 5 Chen % (Chen S %5, 2021) 2
T —Fl 2 A 3R AR BE AN R R AE 7S 4 (iterative
SIFT, ISIFT) i) J7 12 , % J7 A & — 4> A 34 SIFT &

13
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%, RERSUEATAR [RIR IE , 38 o 225 1 2 4 i J e P 1%
P& 55 07 EORS E 5 Ma 55 (Ma 45, 2017b) F) H SIFT FI
Harris R0 RFAF A5, 25 Al Gk I 5 32 &) 43 RGN
G5 b DX el sl 45 4 DXy S DC E , DA/ AN TE i 1Y)
XK R o

IRA BT L ZE AR H Z R AR B a5,
WA AN FE RN AL , 70 AL FRAR S 22 53 K LTI AR
52 () AR 2 B0 1R T 5 %) DG P A 2 AR E e
SR, B TIRA BT IS & T 2REAR, Hita e
FREERGE , FEO A A A

3 BERMNREFIFE

ZAGASTE B AR AT AR I A1 T LT RN S5 22
S, AR B BN L BB HE T AR A2 BR TR KA
PUEH , i = = G S B ME LA R AE A2 18
VG 2 ] LA v J32 1 AT e P R DX P AR X 6
F, DN R 1 AR 5 Ja J St v i 0 CR: (%
B %,2023)

PTAFA, B E ARTRE 7 A SR AR, AR TR
JEE 2 2] I 2% S5 40 N A B A 28 [ % (CNN) (Lecun 55,
1998) . 25 A= 1 28 /] 2% (siamese networks network ,
SNN) (Chopra 55 ,2005) . 4= 5l % P 9 2% (generative
adversarial

network , GAN) (Goodfellow %5 , 2014) . Trans-
former (Vaswani 45 , 2017) %5 75 K& 4b B b H 25 5%
170 IX BB I [0 265 25 1 Ay T SRR PR R IO HE T vkl o
TR MILIE | T IR R A ) 11 8 SR PR T 1 T vk D
BTA: o B 2 2] |, REAS B AU
PR 1% DT T R 7E ] 85T (Kuppala %5 ,2020) o X 26
o v B SR gl 1R M i A KR bl G o0 A 4
), AL RE RS FE UL 4 YRR B L 30 RE S B 4 Ml ik
INEZL - 7E=w IEA BN 6/

AR B 3l T8 B 2 > B BC v 7 v v DLt — 25
AL LR U6 5 — 2R i I WO T ¥ 12T
12: LUE S8 e HERE R JL il | B R B2 27 ) W 2% 515 45t
ARG A TR IR DG o sl A e A
TS J8CHT BT A5 TG TR SRS, 12 T4 8 53002 A 1 iz
PES A IEE T . 5 2 R B i > ik ST
T 3 TR 2 2 I 26 S 0 DA PG O0 a2 E R SR
AR ), R U S AR Y 77 258 UM B
G PiE 8, 2 000 P ] g T A 722 48 2 850, AR T A

BEE A R E AR A Eh . 5 SR T R
TE % A TV 7 3, 3 e A X B I 4% A5 TR i 2 2 A
X} 3 SR PG AT KAR AT , 0 28 /s 22 M 265 32 Jk
G 4 O 22 S sk s B 22 57 R e S L SR A 1)
T I — B R R . B DU 2SS R AR AR Bl
e, BT U0 SRR R 5 K Y R SR AE B ) A AR
BEZALRE ST ZZE T 1k R b L SRR T &2 SRR R
PEIE AR | Z B R 25 5 S Ml B AL 1 437 1) il L
AR B B R R T .

3.1 EWEIFE

BRI 2] 5 B P TR B o > I 248 i A\ AR
M B L TR AE A TEC AEAE SR 2R B4 HL s R4
(A RFAIE & 78 BAFARLE B2 e ML, DA T AR 8 AN [] o2
R A R A EEORG v ) DC O AR (AR 4
2022),

BRI SR B2 2T O R A B R R e S
FEAE $2 BB A a3 AR AR BURY a8 B8 1 AR
F R JE DL S S R o 5 BRURH 56 1) MR B - 2
Tk I IR A 2 2T N 2545 B R A A A B
TREEFRE I . f o il s BT A A U PE (Quan %,
2021), AL ARAG VT B S0 F T b B i AR e S50
B LI ER I 2] T AR IR B 22 ST N 48 R 5 5 H
AEDCHC AT Rl 43 Sk AR B A R A 2% 2 O vk R B o
T LR HER A 2] N 2% 5 i 2 2 [N
25 fa P LR B AL

XTI A 22 2 Ok R 2 > I8 T4
U AR HAR R PR TR A2 iR, 5 22 DL AL
JBC AL B8 R AR B Sk S8 o T B it 2 2 O ik
b R B2 2 AU TAFIE SR I, IR TR 2 5 3|
J&5 S W RFAE DL C S H )25 B 27 2 AH AL B2 s AL )
AT G SEBCE D TR
1) R R )k

F IR AT 07 LB T IR B 2 ) I 5 R HUAMG
RIZFHE R IR AT B8 R Z R, R RRE R A R
D e s VR R AU PRI AR DG i 45 DG B s % FH 1 ]
TRECHE. H A4 2 Siamese W45, F1] T G BB
X E2r 21 O X, e /ME R MG BE B A R AE RE
e R ACAS VG e G BB A 5 AF B 0 . EL RS 3]
Ye 5§ (Ye F 4F,2018) #4 & T CNN FFfiEFI SIFT (421
B FRIE IR A1 A R AR 4R BB PSO-SIFT 53.3% Hp, X
AR PEATRCVE ; Xu %5 (Xu W 25 ,2023) 482 T —Ff
BT R JR S A AIE 4 3R £ SODesceNet, H [0 28 25 44 % (&
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T SAR EHE B9 FEYE , R SE %) ORB FRAEHE1 TRFAIE
PR, #7738 T SAR G2 DG L %) 58 B 4R 1
PEECHEZE ; Zhou 25 (Zhou 25 ,2022) 1t Bh Al 252 [ 2%

s
/

P 2 RO 4 BRUBR B2 AR AL 1 0 KR S e b, 2 05
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ENE S ! PEIRSS ]
S \ I 3 !
5\ o |
S8, 7% e =1
3 S S — I I\ ERNE
hy < < | | ~_ =8| ~ |
N @ | | |
I I !
I I L1 [ — /‘
N ER¥S it

FUIT SR AT ) W0 28 15 B2 ft o > [ 26 ] BT L 7 T 14

Fig. 11 Schematic diagram of a simple comparison between a descriptor learning network and a metric learning network. (a) a

descriptor learning network ; (b) a metric learning network.

Xiang %(Xiang 45,2022 ) FE T RRE i R X 4% 1
176 SAR BG4 BL e, A FH FAST BEAT OCHE Ak
W SRJG AT T — AR BRI 4 — A ik 2=
F M X 248 o 2 ] T SORITE PS5 A3 00 TR B2 R AR 3R
Zhang %5 (Zhang H %5 ,2019) Il %k T —F % F e K IE
AR IR G5 A A R A1 25 5 s 110 T 2 461 2K R BT
Siamese 4= 15 FH X 28 2 ) RRAE 5 A A, 3 1 B Flis 5
THEARUEE 1553 FUE AR A% 1t 5 SR D 2 90k
TR 7 ¥ FN 22 0545 18 TR A A 3 T G 2E A
SAR &4 VT IE [ 2% (OSMNet) (Zhang 45 ,2022) ; Wu
(Wu %5,2022) %5 25 U-Net [ 25 il 954~ 43 S 42
HUSAR FOGA7 EUR VR BEFFAE , I F] ] BAH DG )2 AR
P 3% BB REAE AR B AR T B BT e A P e {1 A
(AR (B 4 E UMW VA=

FEIR A 2 > T i 0 B X 3 AR R R
TEHEATIRZ R 4R 18 4 5 R AF IG5, 7E 48T
AR B )  mBUR T B R, 7R BIE
e v 1) S A i R v LA DA A T K R AR AL St
Tk iz SRR 2 Z B P E AR
2) JEREEIITL

JE 2 2] O B R R R AV OB AR — A% —
(2% 2 AT 55, 38 2o 27 20 FH AR B e L o ofe S I8 (B4
RRAE, 76 ML Al b 58 LS S B HE AL B L (22 B AR
4,2023) o FRAEVCAC BT i AR KRR BE AR TR AR A
WRAF 5 AR BE A B i, PRI, 2 20 8 R R R AR
IPEE AR E . MR TR AT 2 Jr i b i [

JE AR R B I, B Ao T ik rp A AR AR
AR R (Quan 7 ,2021) o 227 ] %L
SRR R VEBCAT: 55 W — ey 2 1, 4 FH A
(BT 20 4R ) 28 B U A AR IR BERRAE L OF A
T A PR [ DL BC AR 2 (R, 2022) 0 7E3T
AL B 4588, K UL Y J7 5 10 MatchNet (Han 45,
2015) .HardNet(Mishchuk %5 ,2017 )45, 1l 75 1% &40
B, B S 2k 2y i R TR R A BTy
£SO Burgmann i (Biirgmann &5 2019) L) SAR A
Brb i GCP 2y b BT EHR e et R T
R sl R 20 7 BE e A 2 HardNet HPH 3 OL
AR BG40 A, DA AR BUDE E 2% 5 Wang 45 (Wang
S5, 2018) B A 7 2 IR I HESE, R
> 3 R AR TR B ) 5 HG DG E A 48 22 T 14 i 1) i e
55, 0 I 27 21 R AR I 25 A ; Quan 55 (Quan
S5, 2021) $E ) T RLG ZAFIESC R I ZARKTER S5
2T 4%, 38 3k G R T A S B 3 N H R R
PEHRDEIS , Z )5 AR 1 T H 2 R AR o~ R 4%
(Quan 45 ,2022) , F| F 55 Z2 AHALPE A 2 04T TR 1)
244 s Fang %5 (Fang 55 ,2022) % Siamese U-net , %
T FFT B9 5 A ¢ )2 Fl softmax2d 432848 45 &, K KM%
VERCHE A5 Ry o3 28 IR , Sk T A% 48 45 DL C v e 2o
FFT ARG HEATFEI 9 W S R4 & T AN Rh i
K15 .

B T AR S s M R ) ik 2 A E
P E AR I T AL S T TGRS S Tk,

15
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1N AE TR PR AE I b PATRRIE SR IR o 0 Xu 45
(Xu 4§ ,2022) 1 CNN A= B TR BERFAE 5] RO
ik 5, S FCRE AR | IF45 A 4 AR Bhh B A5 R A A H
AR IR SRR . BHESS S RE 7w 5T T
BT J7 12 DKL 20 41 10 T 7 12 2 PR 18 . i Ma 55 (Ma
A5, 2019) R FH PR HELE 290 0 1 25 SR8 et S5 B o s 2 I
PR EHE , SR H VCG-16 £ HUTR B2 R IE X 15113
XF HEATRELI X 5, 22 A0 FH Jad 0 A AU A s ) % D i
45

AR > T AR AR 5 AR A ot R AT A AR B
ST T AR T AR P B AR P A D g A A ) G
Flo IXEETT ATy AT R G Y FAL BT A I FAROME T
N AT, S5 (RS YR 7 DG e AT S8 2 TI0 12 3kt o
¥ )& (Hughes 45 ,2020) . i LRHIESRIUSE 5 T
PG 4 Jr 23 1B 2, (SRR ALE i AR AN G T B A/
11 B PN AR5 B0 R TR B (Cui 55,2022) o RIR DL L
W ROCRAEAE A2 BR T Tt a A il 25 v g, K g
O3 RAFREE 22 T W0 J1 o R, 228 T TR BIF 938
1) 4 AR Bk 2 g Y BC A 2
3.2 WmEIREIFIE

I, BE TR 2 2] 1Y o B i 2 ) Oy s E ]
PLoT WIS o — 2805 SR R B D 125 d ik
i 3] i 4 R 88~ > IO 2% S B H B L 58 B R AR R R
PR B S8 URFAE VT FCAIBC TR o 32007 A AR T
TSI A Sh AL S E R . B T
PSS IC R 7 v, ) i 28 g 2 >0 O =X 4 T A5
A AR 28 LRI T5 v, T R RS AT i
ACAFFIEA R 5 VR , P48 BERS I i 58— Y5
I HESE P H I B ) ) J LA A8 e 2 8. [ 1202
PN T v B TR R A
1) GUBRAFE B

VTR AT SR AL A | Bk Bk 22 1 AT
BIRM LT B SR BT TR 2 T D7k . e
5 38 R T CNN ZRECEG B HRFAE , SR 5 d 7 A
L B 157 PR i e A 7 1 i BB 8 i 7 e R
0 &S AE M BR1E & o 40 TILDE (temporally invariant
learned detector) (Verdie % , 2015) . Key. Net
(Barroso-Laguna and Mikolajczyk ,2023) %5 & L 751 &
Vo TR R RS C TR U o e 1] R AS I B Y
W 2% , 1l Zhang %5 (Zhang S %5, 2023) $2 1 T —F
TG SAR G G Bl R I 1) 22 9 B 28k
W25, REAZ Dy S 4 5 DC JC £ A1k B 2 ] i 50 i) G

Ko B DREE S 2 JT VA AR A R R AR 27 >0 R Ry AR
2] 5 T A I 2 0, A P DL IBE A4 0T 5 5
AR 1e1) 3 TR 5 2 ) AT RR AR ARG DU AT 3k . AR SC
PR IR AERCHE 7 v , XM vk B TR R AR A
N5 4 i 22 1) ) % R AR e e o ) e O 29 512 B
SNALRRIE BRI, JEAE SR IO B SRR IE T TS 22 e
(RN WG

THEHLL G S, Kwang 55 (Yi 55 ,2016) 4
TP IR ) 2 2] AN AR RRAE A2 4 (learned invari-
ant feature transform , LIFT) J5 ¥ , 1% 7 I & 55— ity
2 i p AEAG DN AR IR T % 455 T =S CNN 2351 ik
PSS

SR 7 A AV O BT RR DL
DeTone(DeTone 55,2018 ) 42t %) SuperPoint , iy A 4>
RS BT AE— Ui 1) 15 1 T IR B AR R
FUOLEFAHCHATT , DI T 58 2B AL, JFd H]
BAY 2 AR R S B A R A R v A
M, W E 13 J2 SuperPoint 1) B Wi B I 25 15 7
Dusmanu 2% (Dusmanu 45 ,2019) & H T —Fp 4k #6 T
R AF v A 1) 1R SRR 1) G AR I 5 D2-Net,
BTG I T 3 T 2% 2 ) 2L i Ay S8, I Ad i nT
(7] I X PN 55 AT DAL I 5 A 20 28 B4
M2 ATTUARER TV 2R IER I 5 4R R 5 2 )
Jridio A0 Cui % (Cui 55,2022) 11—l 5 A i
) 35 4 A5 R 2%, R 2 0 ML RN 25 ) 4 7 05 2R
B AL 4 RN R TS 5 O SAR R VT FLAT: 55 1 ¢
BERRIE ; Hughes 45 (Hughes 45, 2020) 2 H T —~H
TG SAR EHZ A gt VE C (14 42 I 2l 3 i HE 42 , 3 o
AR A ] 2T AR DEBC Y B B, 1 I
LR PURE R AT 55 A HE R AR A I AR AE DG E A S
s Li 55 (Li L 4§, 2022b) 48 T — i 25 A ) +
DEHC” P2 AESE , 1] T M A o 245 i i g J3E T
S DB L, DT 0 8 R D P A 5 AR (] — D 286 v i
fritte.

Bifi 45 Transformer 2244 19 & J&& , B T 48 09 7
12530 o A B R R B B O OC R |, TR 18 IR R
e R T O RCR . A Liu 45 (Lin 55,2023) 42
th T SIFNet, FI HIRFAE 4 5 B I 25 S IUR) B AR R 2
RERFE , I3 1 Transformer H1 ) B 73 22 ML il 280
FRIESSH. A5G ARRIE 5 1 SCUR T 2K pR gk, f T A
SAR T HEFE AL [ 3 4T 55 5 Zhang %5 (Zhang Yongx-
ian 55 ,2024) $ S TE S — B PEVERC 7 2, WAL A
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B2 Sy > 7 ks K
Fig. 12 Schematic diagram of an end-to-end learning approach. (a) direct transformation registration; (b) cascade feature registra-

tion.

JH CNN F1 Transformer 112 2 J1 ML i BE 1 58 5 %% >
REAE , F BT A5 AE — Z0 P I SR s LRI TE 1 G IR &5
s Wang 55 (Wang 45, 2025) $2 i 19 2 12 i S T
W28 #5122 RO FRIEHE B . Swin-Transformer 71 2.
J3 HL ) A1 43 )2 STN (spatial transformer network ) ¥
2%, 803 M MRS [R) )UBEFIZ G RAAIE , 3B A0 P
TR TN LIRS 55 R A WP R A2

43 ] — Y) A5 #Y (segment anything model, SAM )
(Kirillov 45, 2023) 75 31 5 73 F J5 i AR 1 5 KR
e, HESh T RIS (1 & e, T E

0 T R AR BE B . A Gao BF Y TAE
(Gao %%,2025) B B SAM L FH T 2 45 285 1 & %
DCFC T, i i 3 2 5 | o AR R A 5 Sy AR, B
G- by SRS SRy RE AR A RS G A, O T I AT R
A PRECT
2)  ERASRIAC

PR BE L T 252 ] 7 228 JE I 5 P o 40 el 1 2 2L
7 FH 5 VA R TR B 27 2 I 4 i B R UR E ARRIE 1A T
BCHE . BRI, X L7 kT

Do R T 2R PR E bR kel
: . SuperPoint
bR P ARG ﬂ_,@ Sk
. R PR -_’gﬂﬂﬂg\ R
—> NICT —> jggg - H::;:%;:E:lc e - B * ..................... [li‘ﬂ!i.'\" ELPTERIES

4

i -
W*ﬂﬂﬂﬂg»@ -

K113  SuperPoint B RIS ZHEAR (DeTone 25,2018)
Fig13  SuperPoint Self-Supervised Training Overview (DeTone %,2018)

Al PR A AR N - 1 3 - DE TC 2D R M LS B
el SR i o 2 , 5 22 A9 R R Ak S

o P A 2 o T BEAR R 2 IT SR IR 2 T M)
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FIRFAE DL FC AL B , o 3 A2 AR 35 B 43 1 B 4 i
WETT 10 o B 4G I T 7 3k ok i ) i 2 S HE SR
TR =7~ By 5 RIS R T, B A% TN 14 4 m]
JU 45 280 (Li L % ,2022a) , SCFh B #2275 e i
Tk ARAE I ZRad R v A AR B S A AR S 2R, AT
X 53 A B O S R B O A B T
HCHH B Bl B TN AR 45 2, IR I 2 5 S B
SSHZ B YA R R BN 2R 2%, L2 >) LS
R 5 T T W 5 1 0 LS AR SR, T T 1
J5 MBS 25 AR Z 18 Y 22 5 40 2K ee 8, J ik
IR 2 ) 5 PR 23 () A2 4, ELARSEI 4N Ye
45 (Ye 45, 2022a) I FH G i B TR B2 27 > (4 4% (MU-
Net) B T AHRIPE DL A i B L #2257 1 AR 3
HAR 2 B0 oy 2 S WS, IR BT Tk T 45 AR R
P 12 bR B Li B8 (Li L 4§, 2022a) {8 ] D-
DenseNet (dual DenseNet ) 1 % X PO AN F 5 A FS 547
[T, SR 5 R 4552 A 05 R 153 A AR bR A Bl s
MR R OB AR AR I s Li 2 (Li L 45, 2023)H i
HESE SCR AN SE ASURL RS 1Y) RR R, 3 B 1 R AR AR -
IR - U2y b B (B 232007 k52 FR 5 1 R R
5} 5 Feng & (Feng 85,2022) FF & T —Fh AT KL 3
20 1 TG W B RS R 28 1 ) Bl BRI HES s, 1
Je Al T B 28 I 28 ok 27 o] JRIR 2 8] i) 475 5 S48
RS Py LA AN [ 2 G 3 23 1 2 A6 AR 2 10 G
B g - i A A B R AT AR 4K 5 Xiao 55 (Xiao 45 ,2024)
it 7 el 5 S TG R R AT A8 T P B B 2L A T B
Bt M 2% ADRNet (affine and deformable registration

e ——

—_————— e — — —

—— -

HIFEREE [
T I
|
I ol
N RIS y

I e

networks ) , X AN [G] 0 o5 RN AR T ROBE 1) 228 Jak (51 15 2 3
LS B PERE S

i 80 i ~J 7 15 T8 e 1B 5 2 > R I A ARSI
W, B He ) MR B) ) AR SR A 28, il D T C I
HRDE BT T, X 2807 BAR 3 Tk 1 I
WERE R, $E i 1 A Sh AR EE RIS (HR B AT K
[EY5ie Ra 3 €1 DR T SN T N A s
VRSCRR o b, i 3 g2 > BB (0 i e i 2, ME LA
fifp L AR AR AL R, 3 SRR T PR 3R 52 e 1 3 31 i
S INEAE SR S T2 ]
3.3 RigER7IE

ZAGAS R SR 1) S i 8 2 S 2 TR BC 1
R TP VR 25 A GAN s Al R 3 27 )
W0 25 AT B RS AR, 4 2 B ER GE— hy ] — 4%
& Bos R B E R BRI SET T rkE
H R ) O i A R W B E o A0 Merkle 2
(Merkle %5 ,2018) fil Maggiolo %5 (Maggiolo %5, 2022)
F) &A1 M 28 (conditional adversarial networks ,
cGANs VRO FBEHE 4 O SAR BEER , 2 J id i 1%
G 1Y) kTSR B8R T RR AR 1Y 75 v EAT MOV 5 Zhang
%5 (Zhang J 45 ,2019) F FHHL T CNN 1 RS AL i 553k
Xof A T R RMR AT AL B, R 22 5 Je R A
Gt 1Y Ry FRARRAE 5 15 B EA T VR T ; Hang 55 (Huang 5%,
2019)3i 17 PR CycleGAN H5 SAR PR 3 J B
2 EMG SR 5 AR SIFT #E 47 B 5 Hu 45 (Hu € 55,
2023 )i i ki

/
\

S ——

K14 T GAN fEHG AR LA R K
Fig. 14 Schematic of GAN based image style migration
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Restormer [ 2% ( Zamir 55 , 2022 ) ¥ 6 24 K 1% 5%
B h SAR MR, 4552 T ROEWA 9 22 RUE Harris
%% [H]) Fll MatchosNet #E4THF AEAG I 5 #4414 14 J2
) A 0T BT 0 2% 9 A7 18 J2% P R KUK G #% 1 7
=y

WA AL 7 R AE 22 B i SR R R B HE TP IR AP A
— & JR R , A E A28 PRI XU R [ I, 2 59 4 70
P 22 O E RO AR B s X R B A o, B X 2
TLRE 1A IR s TE KA T 58 U | J5 2 i O 20 Rt
SO ARIMREE X LA R 2 T KA T 5 k1
TSR B HE P A S
3.4 KREBRIHFE

B A OB ) PR K B A B AT E Ttk oA
Jee o 1T i SRR HE U, IR R HAEE 50
AIRCHETERE SIZALRE ) . 0T, R B IR B 7 vk &2
B PR AE AT 1]« BE TR B Lo R AL 9 5
WG S RYRAERT 5 o I A1) AL 5 BE RS Y ) i
TRAERE ST, T i Rl b 2 20 3 T B AR AIE
T, LTS S (15 557 VeI A2 A 5 )5 5 )
T A PR AR IR SRR B AT > 75 1 v i
fifBE I T AR HEDLRE , S B LT3R 37 1] “ 1 L5 |
FRE A
1) REEIK ) i 58 AR R AR

AL HAG 58 KRR AE R AE 5 58z L BE
R A% e L Uy VA R BR R AIE T ek s AR s BA
RoMA (Edstedt % ,2024,2025) #51 M AR M5 5
) A8 FL Al 455 Y (visual foundation models, VFMs)
55 I FRAEBE J1 L DINO 22 5145 75 4 Shy Ltk 45 B
Z RUEARAT , SEBL T B IR s AR 1 SR
LT DINO v3 By BEAL R B — 22 B 1 245 Y
REGE ARG 5 T FRAE & B VL BC Y 1 Sl e
REJT o BT R EUE K S W IO 2 =X, TEHE S
YRR A AT 55 i) 3 16 38 FH A5 i .- GIM (Shen 4%,
2024) HE B8 1 7 I ZRAL ) AT it T AR 25 LA A
SR ) vh A7 8 235 0 0 OC &R L fd LightGlue (Linden-
berger 45,2023 ) 45 VG it 350 1551 e A3 RIS W A DLt 19
BTG TRAR Y 1 B MUK Sl Rz A i T 5
MatchAnything(He 45,2025 ) 11 #4 8 22 5 45 P A 1
B VAR ORI 2R 50 H L JF AR B DINO A5 2 i
PRFAE Az AR B ), SE— 20 4 88 1 38 FH DE Be A A
(i) 5 AR 25 35 IV 341 B s MINIMA (Ren 45, 2025) 0] 55 e
BRAR S A R 2 S AT R b T, K

B A YIS JE X S RLSTE X, W R T T SAR-
62 5 S M S AR T T A S R

B 1 OB 5 AR I TR AL B 92 3 B R BALEE
B — AR PR T S AT LAY XoF B i 37 S5 ) Pk
A SR ISR B T AT i A D U 5. RFDifNet
(Diao 45 ,2025) 7EA5 1 H A5 5245 1 [a] B 24 1E TL AT fi
22, IR B P A4 B 3R P 0] I AN A o 2
1w, B R T T~ 2 T E R A A
Yyt T W ECHEAR 2 Tk, SE 3 T AR A R 55 9 9 X
X
2) X B AR S E AR 2R

TESERRRFAE QB Al L B9 IR IR R
] 31 FABE RS 15 Gt PR A RE TR RO E TR o
SAMFeat(Wu J %5 ,2025) # > R Ge 1 H 43 %1— 1)
BRI (SAM) (Kirillov %5 ,2023) /2y A 70 T g )
FRARAE A% > 5 VUL, 8 R AR RO SAM I 15309 5
RN TC AT R TN i 2 A I 24 (s A
TEHESRET JCRT 5 | A KBBR8 R AT SR 4535 LG 5R Y
JE TR ARFAE o WYL T[], SemaGlue (Zhang S 4 ,2025)
F TN 25 VR AE g i SCRFAE IR, 38 RS 179 19
XF SR TUAT AR 5 18 SCRFNEAEFRRAIE 23 1 VR B il
B, SEP AT A VE TS AR e 2, oA A B
AR ERZE I TR 55 1] 3 S5 | S %) 55 1 32

SR ORI e, (H ROBE A A b BRI AT 55
A AT I i B e RS R AE AR 5 A Bk, S SO
DA 422 10 FH T i 0 5 S5 AR B3 5 DistillMatch
(Yang %5 ,2025) U L DINO H Wi B #) 5 Transformer
SO, T PRI ZE RO 8 R B o FE At 45
TSR K 38 T3 SCRE ) 1L 452 25 i i RS A AL
DR AR RS 2 5 5 SO SR R 1 [ o S B T i 8
BN FIR A R Se kD vk 1) SEBR N A A At ]
Friste.

4 EREGRTEEERRESE

>4 722 R PR AR T TR N, R 2 MOT IR I 4%
A 7 R SR SR B T BEAT PFI, B4t e 19
5 G RS AR O T AN R 1 3 5t s LR
PPN IEI X DL B X L . AT R A
O B4 v bl A, XoF T4 g e JR e 4 e I 2 A 1
REVEA SIA BT B R H 2,

UTAF A, Bl TR 2 > (i B AR E 1E U Y )3
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NEH, F 5 220 B B S A 0B )I 25 5 10 £
YER AR GE M o At G OT T, T AL 5 ST
A 2 R B R BE T G0 MegaDepth (L
and Snavely, 2018) . ScanNet (Dai 0 2017) .
HPatches (Balntas 55 ,2017) 4 . AR56 &E S RET
BExt 2R EUR VL B BC AT 55 OB SE b AT i L S

O3MT. L RGeS SRS B s B R
PERVECHE AR | B BT AL 1 B FLAE | 2 [
YRR S Y SOE PSR, RS R XA
RICHEAE 55 B R AR A 2% (R R Lo
PEGE— 45 N AR - T R G0 54 F L
BALEZ W& 2,

R2 EREGIEHES

Table 2 Remote sensing image matching dataset

VI YN AR BT E bR 5 5 37 S ] Hln a4
A BRI X 8, S5 DU, ELA htps:/mediatum.ub.tum.de/
SEN1-2 JG-SAR 282384 % , e e
% L e 1436631
WHU-OPT- J_SAR 100 %5 CRIE IS IL B 245 TN B https://github.com/AmberHen/
SAR 7 T ) IRk e e WHU-OPT-SAR-dataset.git
Bk, D 5 =
XS—- . . https://github.c XS—-
&EESET JE-SAR 20000%F 1 ARAAEHE G s g PP ui;:gzﬁzﬁuoogng S
ST AR AN
476 %t (J& .
0SDataset2.0 J—SAR 6;{37)6+X3—;? W14 ER 6 KMAIMY) ; & https://radars.ac.cn/web/data/get-
oralases LT n(éﬁlﬁ) e 7 7 15 F & My Data?dataType=DatasetinthePaper
]
AR Z A I T L S
. https://github. stterl1l/Multi—
MultiResSAR J-SAR 10850%F AT B A ke MPs/eithub.combetterIUMult
o Resolution—SAR~-dataset—
Y5
SRR M, A 12F 7 hitps:/github.com/PeihaoWu/
SOMA-IM JG-SAR 1300000+X%: s
% X M B 5 SOMA-1M
S PRI 5 T X | S AT https:/github.com/PeihaoWu/Map-
MapDat G- iy % 121781 % s s
aphata - - T T e PR Glue
. . 5 U7 5 GHEALILE  BEey
B ARG e - N - - X g . i—
GLS-MIFT Z B HL S 5 -SAR 1110 % B R IR A T 2 ki https://github.com/Zhongli—Fan/

JerE-LLoh a4

L ZRIX

GLS-MIFT

[ B, 4575 LA MultiResSAR 308 4 2 9], J& 7 e
Ji SCHE 32 B8 4R 4 8 10 T S e fE R LGOHE 42
(Zhang W 45,2025) , 2 W3 3. @R LLpo8 R it
T Ge— o ERMEHEAT I W%t L, DA 3 b b 8 7
AR5 A AR R 244 B A AR 45 B T L

1) SEN1-2 %4 4E (Schmitt 25, 2018) 42 H B
PR T 1Z W64 -SAR P i S MEBOHE 48 . i B
£ IS 15 (Sentinel-1)SAR $44% 5114 1% 2 5 (Sen-
tinel-2) Y6 2% R AR WL X AR B, 240 75 282384 X K4
e, B H RN 256%256 1% &, 45 6] 4y HE R N
10m. HAH R A 1 4Bkl b, A 52 104 F= 0y, B
WU HUE ZREVE R BT 28R PE . (H SENL-2 9%

B BB AR HL AR BRI X LA SO i 73 B R R
ST AR BCHEAT 55

2) WHU-OPT-SAR %#i 4 (Li X 55,2022) 6 &
100 XF K i O 27 -SAR EIZ X, B R 2 5556
370443 2%, 55 W04 2 5 7505 48 BLG DX 3R, b T
RAZHF, Hrph ¥ BokAmas—%(GF-1),
SARSAZ K H 00 =5 (GF-3) , AR H R A5 /0 91
R Sm. IZEE R T 2R IE SRR B
FE MR S HIE R 24t 2R AR e
] = b F) FH o 2 AT 55 M A, 4R 408 T BRI 2t
SAR AL, IR ] 24 H F EUR BT 55

3) QXS-SAROPT %44 (Huang 5 ,2021) 4 &
20,000 X 25625645 Z (1 2% -SAR EMEXT, 25 8] 4y
BEA N 12K, SAR ¥ ok 1 GF-3; t 2 %l ok A
GoogleEarth, 55 (ik% | B 5E 5 =1, B 5k
M AR HEY) B B S A A R B A, W] B OR B
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BT, T, ESN, L4
B R E R A ERARTRLRIAR . WAIRIR ) B4R IR 3

Vi T 5 A 4 SR R L R A A (e AT 45
2025) , IZE I AL e 08 A AL S A O -SAR EIMRIL I .
SR, 2 H0CH 45 174 1 378 55 90 RSB F =6 138k
7, ELEMGO RSE [ G, e LA e 20 R N 5
BBLHER 7K

4) OSDataset2. 0 ¥t4l5 £€ (17 AT W] 45 ,2025) 2 K
FIAE SAR-JE 22 5 AR VU Be S v B 48 . Ho =il 2k
EUTHEB 4N EK 6 LMAI MY 6,476 Xt
SIZXSI2Q R HERMG L, R 1 m % 4
g 0 38 4 H2 4 — XF Google Earth Y2252 1% 5 GF-3
SARSZE,0. 43 m 73 AR I o 5 1), JF iR 72
X PR B[R] 4 0o I SR AR I 2 5 R S A
SR ALK HARVERG Al o H T3 5000 42 1 1F
R, &R AE 2R 5T 1935 5 MR 22 (root

mean square error, RMSE) ¥ & T 4% %, Rk
JE SAR-GAAVEBCATS AT i — e Pk K o

5) MultiResSAR #{4f % (Zhang W 55, 2025) £
XF 2243 BEFE SAR 5 ot 2 1 IR R BC v i ), A
10850 %f Z it . 2243 P . 27 5% 1 SAR 5ot EI&
XF . SAR KU oK ¥ 75 Sentinel-1,GF-3 HT1-A &
Umbra, Y645 1% ¥ H Google Earth, 73 3 i Fl N
0. 16m % 10m, ¥ 484 5 55 23k 2 A~ E T,
IR S b PR g X R KR A 7S 2 gy
Yrse, HEINFRSAET R 5 T ARF 3%
AT EHES 50, PP SRR AE P 2 7 0 3
KU RS R T AR . SRR
SR T 0. 16m-10m 243 BF3 (AAUA 1.1 7 X HE
A TovE SRR TN Zx

#3 MultiResSAR BEE K F B A% RE T 45 R (Zhang W %,2025)
Table 3 Average registration performance evaluation results for the MultiResSAR dataset(Zhang W £ ,2025)

PRz IERILRC

ERTR (%) (%2) % i 1] (BB
RIFT(Li %,2020) 66.51% 3.58 108.40 5.283
HOWP(Zhang Y %,2023) 52.63% 4.11 115.58 12.420
ASS(Xiong %,2022) 39.34% 3.83 86.31 5717
HRIR BT BT 5k MOSS(Zhang Yongjun 45,2024 ) 17.93% 3.98 114.36 9.666
SRIF(Li J %,2023) 13.28% 5.35 230.06 7.373
SAR-SIFT(Dellinger 4,2012) 1.68% 4.47 38.59 3.569
LNIFT(Li J %,2022) 0.41% 4.71 61.53 1.602
XoFTR(Tuzeuoglu 45 ,2024) 40.58% 3.03 244.26 0.032
RoMa(Edstedt %,2024) 35.26% 3.15 589.70 1.065
XFeat(Potje %5 ,2024) 36.29% 4.94 73.24 0.017
DKM (Edstedt %5 ,2023) 29.85% 3.41 395.96 0.443
B IR SR 2 ] Jr ik SuperGlue(Sarlin % ,2020) 29.02% 3.39 74.03 1.926
LightGlue(Lindenberger % ,2023) 26.41% 3.34 122.85 0.042
Efficient LoFTR(Wang 25,2024 ) 15.71% 3.70 100.17 0.040
LoFTR(Sun %,2021) 9.50% 3.68 80.77 0.037
SGM-NET(Chen H %,2021) 2.05% 3.16 122.15 0.550

6) SOMA-1M HHfa 4k (Wu %5, 2026) & T 2026 4F
TR AT R R A e J P T v O 4 L A
130 J3 X8 3R GO B X 55 14 512x5 12 R R EMEAT .
ZE IR EETL S T Sentinel-1 . PIESAT-1 .Capella Space
J Google Earth % 25 T4, LHO0.5mE 10m

4Bk 22 RO 55 TR o 12 b M A - i A 5 2 )
RERTT T YRR S E M. SOMA-IM
™ 1) Pl R RS T 45 DG P HE 2R A Rl e H I % 5
3, o Z2 S FER Y (AR ST T PR 3t 1 i B A AR
PR B S A5
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7) MapData $t 4 (Wu P 45,2025 ) /& KA L
S L Ml P 5 R DO R R A PRk 121781 X%
X 5% () HL T b P55 R O S EHEOR TR T Google
Earth, I 7 W 2 AL X L £ R SR | 1L M F
T b e SRV DX A 2 Fh M b 5 7 s RV L

8) GLS-MIFT BJi4E (Fan 5, 2024) 1 35 8L
AL | B 2 D R i SRRk iy 12 A2 Al it 111048
LIS TAARXT , B 45 1 LA 45k i) R0 R FH 37 5 o
Horpr, 12 BRI R 0 1 Z A -2 62%-SAR Ot
Sf-21 AL RO A - b IR A B 25 A J2 A w T
KB IX I o 2R B O 3 T e T ) 22 A
SRz B9 3 5 AR, Bl s A XT3N
AT REXE LA R KRR FE 2 ST AR I 275 5K o

5 REREERE

TE 3 22 BT AF P 3 JER A5 T 1 A S e J P
QAL PR T ZEA T AR BT ) RN A L 3
AR LB T BN, Rim, RECERET
—E PR 3 R MR L HEATY SR T I 4 2 Pk N
) R, 2 ] {52 e v 4038 %) O 5 e o A R AR
HFELL LA T o

1) 56 32 J PG A M (R B 2 ) T o < H T
LR P 2 ) L vERSE Y R ) R8s S U A T LR
T, AR T ISR 1 UG AR K
] 2 AR A R P S 22 S, FL i = e b v Bl
SEE AT T 2B B AR BERORAME .
Du % (Du 45, 2025) © 95 Hh 34T VR FE 2% 2] J5 ik Jmy FR
TR, ZA T SAR B9 N FE R, g 42 T
T ] SAR IR FR A B o il AR AY . SAR 4R 1) i
IR /B R I N AT 75 e R VN B
YL 32 S AP G SR AL G FH AT 55 vh IR
V2 AN AT R KRS S R B s 4 (ml T B 45, 2025) .
PRI, AT 5% 0 4 vh 38 £ 22 B 2 TR A 1)
PG I ML 5 2 J 3 2 A R A 1) 4 X
TR PG T o B TR B 27 > B S R 4 IR A Ji 4
TG B 328 18 SUZ R, S8 B RO o (1) 2 RS i
1, DT 22 a5 50 BT A e Ak R .

2) B RS AE S A G o < AR v X i JeR
UG R FC AR A A A R . Bl BB R
ARBEE AR B 35 B, 18 B 58 e 1 R
Koo 50 i Ak A O LA S SR S i v

K, BTG EL TR R R EITE TG, DRI E
B ARTHEE IR, IR S5 LR K Sl i L B bR
K6 %5 451 ( Zhao %5 ,2024b) . IT4ESK, B A WF9T 24
R R ) 2 _E IR &, i ht ik
Fi A (Priyasad 45 ,2026) 552 046 5% 504 % (Zhao
§5,2024b) o BRI, IUAT Tk 22 18] ) 4R AR A 0l AT
B 55, i ol = et o A R e S (IR R T A 1Y
WAL LT . AT R T RS B Y AR
T, 4R e SR MR B 5% AT — A IR AR A R )
[, AR IS B — B fE SRR A S
iy i AT BME] BT , LLSE B EURE A A AR
BC T, Tl A2 S B 2R BILINE FH e Xk S s e 197 5 41 % Y5
BB ZR .

3) KRR T [ MG R B 2 > e o < H i, 1
TRIE 2% > TEAT 1) 18 JER AR O S 56 K 22 3 T B
Pt R MBS T o TR T i R R 7 6 v
EEP NG 2 2 = K7/ K () S SN Ol RPN 1R = R
FS Sl N AE D B2 Hh T B e R . i F AR E i
AR TR R TR TR R e, A P ) A
g BRI A R IR AT R 2RI, DL
5222 AR 5 I 2 R AR AL A B R 2 (Geng
F5,2025) o XA ORI e J PG TE M R — T
BAPRIRAE TS o A TR 2 > e UG A B4R
LA T B A HE R B 1] T ) R 1 R R
BeEAESLATI SR A XS BE = o R, iR 75 AF 2 RE % R A
A 3R O e J PR AR R B 2 2] BC D7 v, ik S
e K T T A P %) 3 5 ) 24 Sy P AL TR A A AL g 1)
YRR A5 T

6 & iE

18 % T 45 T o J PR 5 Ak B 405 11 O i B
W, AR HHOC R B n SRR EL & RS DR
P I A AR AR A Z AN ] o AEad KL 4R
HORZHIFEA G T ZRERBCHETT Ik, 710
WO E R o AR SO BUAT 14 388 I P {4 E v T 3k ik
117 AT TS R I PR, — 2R TR
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