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Multi-modal Remote Sensing Image Matching Algorithms: A Survey
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Abstract: The goal of multimodal remote sensing image matching is to identify the corresponding relationship between pixels from different
sensors or images under different imaging conditions. However, due to issues such as nonlinear radiation distortion, lighting variations, and
noise interference, traditional matching algorithms often have shortcomings in accuracy and robustness. In recent years, the development of
deep learning technology has provided new solutions for image matching.Methods based on deep neural networks can automatically learn deep
level features, reduce reliance on prior knowledge, and improve matching accuracy, especially when dealing with nonlinear radiometric differ-
ences in multimodal images, showing significant advantages. Summarize various traditional algorithms and deep learning algorithms, and
quantitatively evaluate their representative algorithms. The results show that compared with traditional algorithms, deep learning algorithms
perform outstandingly in terms of matching accuracy and the number of matching points. Deep learning algorithms such as LoFTR, RDFM,
and LightGlue have achieved a good balance between matching accuracy and running time, demonstrating high practical value. Finally, look-
ing ahead to the potential of deep learning technology in optimizing algorithms and enhancing computing power, it is predicted that it will play
an increasingly important role in multimodal remote sensing image matching, providing more efficient and accurate technical support for practi-
cal applications.
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Fig. 1 The classification of image matching algorithms
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Table 1 Comparison of region—based matching algorithms
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Table 2 Comparison of different image features
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Table 3 Comparison of point feature extraction algorithms
F3 AFERNEELER
Jitk SRR
SCER[25 171 AT S, ToIE S k2 07 [ RHiE a3, TEIE RS i B AR R

Mo VISR A, (R R
arris >5- ngz:/fitr¢

SCHk[27 7 — R AT Harris RS , 22 1725, DR RGN 452 )
SCHik[ 28 177 W T Harris 553508 £ 2915 50
SCHk[29 1051k PETFT Harris B35 09 07 525 30 65 e b
SCHR[30]75 % T T Harris S0 M FRAE SRS
SUSAND! TV MR BA I RSO X S R 22 AR A T
15
SCiik[32) 751 B SUSAN B To 75 A L B
FAST!® PR R e 22
e WO FASTRL R G R SRR, B T ek
AGAST
RAEPE
J— FasE G e 3l PO T A e, RS A St
1
SURF'! PR R, B AN I SIFT
HAPCG"! B8 T Harris SEIBCRHIE £ A0 B85 FLE R M
RMLGL AT R —Bebk s 1) £ SR I 1) B, T A s i
U, 20 AR
Lo BT AR RURRIE S BEACRRIE I (RIS , ST RRAE A5
MMPC-Lap

b

4345 Roberts B T, Prewitt 2. T~ . Sobel 2. 1~ FlI Canny BT,
Horp Roberts 5738 1 8 2x2 B B BRI — B 22
53 X R X A 265 [ i 2 e 0 BUER B2 ) 28 /K
AR B [0 AR 20 . R T 5 G — ) B3, Prewitt 57 -9k
P, HOR H 3x3 4 U, Al HE Roberts 5578 M A5 1) i) 7
TR R 6 Sobel FF7E Prewitt 55 19 3L filf_L- X
BHEWE NS L E ST T INALE 3, DR s T30 %0
(AR RE ORI, LA D5 YA AR 59 30 2 M R T AR A
. Canny 58 +7F Sobel 5.+ By FEAly 15 [ AR A AE 00 i1
BORFXUS (L, B2 1G4 RS ol 2, JOF ol
TGS

Etemadi ' ]\ 25 5 1) 14 2 6 A A 3 6% , O3k 7 3 26
DL R Be VIR, 1207 1 TC 7 AT S 800 %, SR H:
TEAD PR 2 548 1) R N gy 77 A a1 A, DA T 52 12 H
ZESLI MR M S TR . BT X L3RI, GIOT A 4R
LSD (Line Segment Detector) )55 3% , F T % i (19 2 FR1IE
FEHL, 5 1L GE T IR MO SR B AN ), LSD 512 DA R
R A6 B2 T i) Sy i, 368 e 35ROk ) 43 1) S A
DI, 75— 25 22 0 BN 203 ) DX 4K 5 i 5 O
2 P X I, I AR AT AR B9 2 A P 50 . Akinlar %51+
$2 1Y EDLines 535 B0 1 —Fvsn 2 n9 3 A6 5 2 ED
(Edge Drawing) , i 3 A= il e e HL%E 220 i AR R 65, ik
— I /D A I AT HLR AU I T AR S %
I i N T R R BR A, B R 1 s AR
JEE NI PP o SRS S L T T TR T B 1 M A 7 T R B R
4, JE A6 U T ROR 3 (HAE SAR UG h AU B¢
25, EERH TR BMELUARBAN HI e EME S . A, Guo
SESUR N ROA ST, B 8 5 A7 55 b R B SAR FEHR b 1934




5% 4

Le I ST IR R MG L 7k 255k -+ 203 -

GG R . RANMITLFE IR L 1 LA
Table 4 Comparison of line feature extraction algorithms
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Table 5 Comparison of surface feature extraction algorithms
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Table 6 Comparison of point feature description methods
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Table 8 Comparison of surface feature description algorithms
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Table 9 Comparison of single-link deep network methods

R BUWREMETELE

Tk LT
e TV BRI A A RO B 1
SR8 K
SCHRUTT i Uit NN 5 R ABAFAERGE , BT T P RORARE
S Stamese 4t (0 AL B8 P AL 350 e,
KT8 L7k TR ROk
o SR R AR i S B

18 8] AR5
AR FFAETT AT ARSI SR I E] — 1 Sia-

k(8017
SR80 ik mese %% St T 4K AOFERE
- LT Siamese P45 H SfeNet, 1EG27 ITLLA LA
o el
SAR S5 EURVC L Hh A ANHE I RCR
RotNel!™! REA WAL SAR MG b B BE SRR KR AR LR v dm 5
0l el ™~

Wi 25 285 PR 2% 1) 52 )
{87 FH GNN SRR PR BE B, & 7 T DE RS 2
AL T SuperGlue Hi 1552 24 8 | S8 T T8 i &4 DT e
Sha ATERIAUN 760 S a8 R I DERCAT: 55 th

SuperGlue!**
LightGlue'™!

LTFormer'**

B RLAT

DOR( SE Ao REL DG TR A (G o 2 B S PR VE TR 5 2 3R T
I i R

o O T PG SRR ARG AR5 9550 T LI Sy IR
R A

— G — BB B R S8 A 358, AN B 8 b ) 2D B
SRR B, Ma S0 SR Y E 3 A B2 I8 45 4 BT
245 25 R (% VE T AE 22 LMR (Learning for Mismatch Remov-
al) , 73 5l FH T¢I 2 ) £ B RR AIE DR TC R 58 DG FE AR 25 B
HESLAE 2 5 SAR R VL L b R I 5+ o Sun %50 41
H B9 LoFTR (Detector—Free lLocal Feature Matching with
Transformers ) 5315 1 56 7 R SURLEE T 52 81 EME K 28 5 T
B, R AE A URL R T BEAT ARG A0 B DE I o Ry $i ey D O RS
JEZE G B IR B R LS, DL AR T Ay
MVRHIES IR o IAh AR BT TR E i R & T
TEAR SO X AR I 65 8 75 B2 (9 RFAE 2 . Zhang 5517 42
o — Fh 42 -5 RSOMNet (Robust SAR-Optical image Match-
ing Network ) i) Z2 0L FFAEXS 55 I 28 2548, i 2ok 78 22 8
O B RFAE P L SE BURRAE X 55 S TG, R R X RS
I PR G . SR ZE R R T, RSOMNet 765
KI5 5 SAR MR Z [8] 1Y VT FLAT: 55 vh R 90t B 4F iy M Re Al
ZACRE ST o Li %R — R 3t 2R R Al
HEZE i 8 1 2 LRI 22 R AR E R A R AE 3R
IRHEAT G, JF R ] 4 3 4 )2 T AR AE 00 62 B S8, K
T T3t P50 1) F 3 R A8 8 4 B, S92 36 S0 1 3 HE 2R A
RGB &M% 5638 KL F SAR RZ DI A4 24P . Shen
Zlo4] g it RF—Net, Bl £ LF—Net (Learning—based Feature
Network ) (1) FE Al I #4) 52 8% 37 YRR AR 6], I 5| A SR SHE RS 1
A A R, AR AL RRAE B S DR G R . S A
HPatches $(#l8 4 RIS A R T T VR RC A HERR 1 5
Fadde vk o B G 251 42 i DFL~Net ( Distinguishable Feature
Learning Network ) PEJiC [ 4% , il 1f DFL—-Det ( Distinguishable
Feature Learning Detector) 5 fE ¥ ‘R #5 5 DFL-Des ( Distin-



5% 4

Ly RS TR R R VLA R 2R i -+ 207 -

guishable Feature Learning Descriptor)##?ﬁ%ﬁ%%ifﬂ?%
TG 22 ROBE DG SERRAE A A HERT R H VT L o 7E Pots-
dam . Toronto FI Vaihingen (4% £ I, DFL-Net [%) VT i ¥ 6E
YT SIFT 5 RF-Net 535, & 20 11 B o () Fo (1 5 02 fk g
F1 o PB4y HE R T SAR UG A A (i 85
F i) VT C VR M ) R, £ 1 —Fh 2 0 A SAR IR DT 9 2%
T 46 T Ry PR 2R i B A Y S I UG L DR dd i A o
O 8 A A% ) SR AFE L R AR AL R AE R R , S AR T DT
Bead B b P 58 22 ST T URECRS BE S B iR . NS
G LTV — b Z A DT P 190 2%, 30 3 A 7 — S A 1R R i
SFAE , DT U /D 2285 22 S B S I, O 2565 28 S 3 I WL
i B R AE A R AT o 1% M 4 7E Landsat8 22 M8 45 42
BRI, BT TSRS AR Y DT RO B S R
TE Mk o AR GGG S S BR H —Rl A R 7 T AL A R )
26,38 3 B0 B JE G R T R S A I 5 e L RE T
[ B 235 5 i) A DG IB S0 1 RS B o 7RI Rl 1 X
O 248 30 5 | NP0 R P T )22, S R T MR ) A2 5 2450 L
PETOUN , A B TE T DSORGB SRR AR R
T O 2 25 X 255, 43 ) 3 AN [ 1) B 2 0 2 X Ol 2 KR S
SAR FGBEATAb B, SR 5 1 4 AR EL AR SC 5 i S P # 2
(] B AR DG L, A AR T T VEFOREJE o Cao 250 fili F 1)
251 VGG (Visual Geometry Group ) % 4% $2 BURIMZ 1Y R 45
fiE, IR 455 4-D WA RHAE SR IO B 20 T 8 Ry e 1 18 Jk
FURICHC . 3 10 S 4wt 1) it I8 85 099 265 07 5 19 LU o

Table 10 Comparison of end—to—end deep learning network methods
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Table 11 Experimental data information Table 12 Comparison test result of image matching algorithms
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