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W, 2RISR AR AR . AR A ) S5 A
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AR 525D B 2 25 P R AR BT SRR A AR
P, PR S O A SR R R A 2,
FRARLPAE 00 32 5k B AR B, B 2 S B RAAR R b
X5 Ja# (EEHEMRAET, 2009; 2 55,
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2001) 2 PO 4w A R R I B (Ma %5,
2021), (HIEFHIToHr 9P 48 b5 To 7k i K 4ot
ZIMZE A E SRR, YR B KL
JEAR S TC B AR AE I, M2 Ty e L S v A
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— T, MR B IURNE T E ;. 55—,
M T AREAR . B %, BB G
FEIRE A, T DA DXk 1) e B AR T o T A
FEAESERIME2E | AR SRR, Lok, et
TR H7) 5 P b 5 WA, ™ 52 ) 0k 288 59k 1 T
RO TR AR A TC 1 3k DR S AR TP
LT A Ot CIPIRCIE ST (O 8 Y/ 35 8- A SUZNEE 3
Pk, ARANH TR EIUATNE, G805 508 &L
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HABAAEDE 22 B FOERG FER 2SE mlit . (1) %
22 SR, ST RRE Y BLAE T VR R 2 B B R AR AR
HI— BB iR 25 H s S S B RS . (2) i
WERS R 25 . — 51, 0T vk M LIk iR 22 B
TR 55—, @ G AR AN [R) X 38 1) LA B
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W GOEEVE 45, 2021). N T o 1R kAT
TER R, F224% (Gong%5, 2014; Ye #Shan,
2014; AL 4, 2015; FengZs, 2019) 214
THENE—E, T MR AR,
E— 3R TR R B o (H R 3 T IR A B AR A T o
DR RN S o N7 Il o =T o < Y (o A I B
(5%, 2020).

BEFE R UL, ARG HE Ty AR AE A E 2 n)
(1) BEad@E b2, (2) LB MINEG A%
iR G E . Ak, WIESE AR (Li
4502021 wUN A, 2021) . MM EE (Niu %,
2020) S BN AU T AR R, HAE iR

AR UZ IR IE E e R I — RS 1 T AT
Bz K. — AR, T EOE R B i UR A
S RENSIE T 2 )RR AR B B, BRI A S
Paryze s . BARMEAIMERE (Schmidhuber,
2015; LeCun%¥, 2015; Lee f10h, 2021), EA
RAREHME . B L, W) B2 R 42
WU SRR AR 7 AT LUOR b 2 RRAE AR 1 B

PRI EMEAL S (YeSE, 2018),
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B, B T DR IR S A2 (1) R
TR B 2 ) A6 S AH R B, 38 B sk 2= T 1
SRR 5 b 4 1) o 39) i D) 286 i 5. 5
B, (2) WGUREE 2% fix A 2% 58 5 TR 1E
BCHEREZE N, (2 B LG A4 L. ik S
VR k. SR ECHE A L, A X K A
AR, FETUREE S ) BT E 7 L RE W L B
BIIRIZE UG . 22 AR 2= 25 (R LS 56
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AR SCAE ] 0] B A% G 3 B AR L 1 T 1k 1 i
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FESLIERE b, A SCHE SIS TIRE 2= ER T X
I8 AR B v 7 1 S B TR AE A E T SRR R, O
TEA AT T AR BT . A, R T ZATF
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TR AR I ST L 5 BRI T T R,

2 EIEGARECHE R T M 28 251

T T R R IRZ M W 4%, TR JZ 248 ) 2%
BAEZHERZE . —BIAN, MEKEREZE 8L,
HON 52 2% pR B B 005 ROR B, RIDVER T2 4 242 1 2%
A%~ ) BB B A AL o BEE TR
TR BY A K JiE , 80k Bl 22 i 258 1) 2% i i T
B AR LB (Ma %5, 2019a) . Hoh, %
T 22 X 2% CNN - (Convolutional Neural Networks)
(LeCun %%, 1998) . 24 UM Z M4 FCN (Fully
Convolutional Networks) (Shelhamer %, 2017), 28
HERZE 2% (Siamese Networks) (Chopra%s, 2005)
Je TR G AR T B P A I 45 454
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ANZAW; (2) SIAFEERZ, W LN RS 5
AURFAE L EAT FoRAE, HEOREE RS, RIS xS
AR ABIC 2. T RRCHET , FCN ¥ H]
TRHESE IR A RS Al 25 40

Siamese Networks J&—F XU53 32 #1258 R 45 HE SR
H A5 0 — B H AU L S 0 25k 1, T8
O A 8 P g A B 2 TR AR B2 . 5 2R
B8 A P28 4 W 4% (Pseudo—Siamese Networks) .
PRZE A 9 28 iy P A A [ 5 40 18 1Y) 4 PRI AL, 35X
A HHA )2 A3 A, (e 2ok
YIZRFEA Y [R)

R IR IER R A1, AT 22 R R B A T M 4%
DBN (Deep Belief Networks) (Hinton F1 Salakhuadinov,
2006) . A AT HT 45 GAN  (Generative Adversarial
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NEFG— HERE AR
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| s
[ wwem

Nets) (Goodfellow ZF, 2014) 25/ 28w T 1% B
RBCHESTR, FHEAT T 875 MR .

3 T XHRAYBCHEDS %

1% 48 5 T DI ) T 9 07 12— RO 4 T T I
WA — Al RIS AR . AL A
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S8, LA AR I HE o G el Ay e R gt 1y AR RL 1
W B 2 I ST 5T 1) S B ] i 22— (Simonovsky 55,
20165 Kuppala %, 2020). H4E 27 Bt
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Fig. 1 Area—based registration methods based on deep learning
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AR ZE SURHESE W AR, B LU TR B 2
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(2016) FIH 2D & bn 2 K ds % CNN 247 1B 2%
DU 2 A58 3D AR BC I R . SEBRIERH, X T
TUART 728 AR A 100 55 Ay 7 o ) B, A R D

YIZFEA RN AT SE I 25 . Cheng 55 (2018) KfAHAL
PEAGTHR P BOAE 55 - FRAESE IR S AR UPEAS 3T,
I I 2 2 B W A 4 % &5 X DNN - (Deep
Neural Networks) #EF7#IIZ%, PUEIIIZEEARA
JERYMRIE, AN, Haskins %5 (2019) 4 CNN i
T 2B AR A T8 . SERUER, AT
ST, T EI AL A B
etk fe izl T AN RO

BT IR 22 21 AR UM A ST I R ol AR 1% 4t %
T DX B T o R AR, TR TR A 2 I % i
ANHFCAERESL N, FI IR BE 2% > 1 58 4 8040 3K 51
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SWIZRAER LS, LUK B R Bkl S
WA H R EAE R, TR A
PERYRTSE T, A = 22l T s Ak 22 ~) 1 J7 X

XHEGETT WAL R AT Bt (Liao 55, 20165
W] A, 2020), BE— B ERTE T ECHERTE S
LR

®1 ETREZFIHEMEMG T

Table 1 Similarity estimation based on deep learning

275 3CHK ZES U EVE:N AR A IR [] ERTTHL / ik
Simonovsky 45,2016 WGEIECNN Wil ZHESEEERAR MR S TARBESRAG RORL T 46 THA5 B A B ik
Cheng % ,2018 DNN W ZEEEZEA MO R TET NCC 5 Rl EAN I B 57 ik

Haskins %,2019  XGHIECNN W 3D MR-TRUS

LiaoZ5,2016 CNN W SRR
} CNN ] » N
Wk A, 2020 s E2 B -

LSTM

T CNN BYAR LA b HATIZ 38 I 5 a0 B T e ik
T DI A 2 5 X B A R A0 U L FA 8 5 P
AR KT R, 22 R ARy =T AT T3 5%
tofesens  HAZEHE
ARG T by SR s P 205 55 0 (L P 45 V9 340 - LIRSS 281 5 B A TG o L]
fesns BRI

ARLPEAG T

BE TR 2 W B RS o I 2R T Bl
B P IR S R B[R] 8 (Jiang %, 2021a),
T o 3] i DO 2% 42 ST AR B PR B S 4
SRR R B OC R . — T, MR IETT
ARG, e TR AT Rk
AL, &7 TGRS e 5 —Jr
I, MSARAEAE ™ R LA B AR ), 5 5 A2
5 2o R T ik i B HE RS 0T, i
B AT L 42 200 ) B A5 52 AR AR T 22 [] 119 253 i)
XSGR, IS bl LS = ) FCERS

B XL GERE SR O VA8 B AR e ARG
A, GMatchNet (Lee:, 2021) FJJf] CNN
HENT B A SRS 5 05 AR e S AR G R
FEXF PR B AR AT LA IE LA i3 R AIE U LA
JE. ZampieriZF (2018) 5 Girard%E (2019) FFHZK
K FON i th s R 00 8 37, SEBDG 5218 5 Hh T4
it ) RS BE T 5 o 2 B R 2 AR T v T bR 2 A
AHELL AR B ] @1, DLIR (Deep Learning Image
Registrtion) (de Vos%§, 2019) #2177 —FhAEWEI
SRAESE, R CNNAGTTEE 2= e AR O i A4 28k, 76
BCHERE I b SRS B R, BRI T
BCAERCR . IeAh, A i 3R I sl Jr =0
YIZE GAN 55 CNN, 3 AR AR LASEBLAR
BrfE (Yang%, 20215 Luo%¥, 20215 Ni%E, 2021).
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5T 8B

fege i Al i B TP B AR (S
W AR, 2021): (1) SEPEfEGE . ASEINARSE GO R
FARB) S B AR FF AL s (2) /Nsdh: AFRHH
AR S RSB o ABAE S BRICHE R HI v, 1
FEXMELLG I BRI o BT XF 28 2% i, SPyNet
(Spatial Pyramid Network ) (Ranjan #l1 Black, 2017)
B A% 4 7 5 CNN A4S & DS 50 . H
ot AR s AR T2 R & 36, Jhd
w2 U bR RS, SCEL LB T RDETA .
LiteFlowNet (Hui 5%, 2018) i &3EF il 5
ka7 RSN, e gk R 2% 2 B AR AN I .
LiteFlowNet2 (HuiZE, 2021) 5 LiteFlowNet3 (Hui
Ml Loy, 2020) WI7E LiteFlowNet iy KLl b 4% &5
FeFAL TR E 580K o LiteFlowNet2 X 18 i A 5
R SR TR BEAT 00 . By, b T REAR G
FIEWEEC, B AE Netk h 5] A — AT 51y
R 2%, AR T VI RACR S AT R .
LiteFlowNet3 5| AJ& G — B2, #E— 204k
f TOLAR IR . 5 EIR I A ) O AN T
DDFlow (Liu#%, 2019a) &} 1 —FhFRAEIChR %
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¥, DDFlow 78 Z AN 53 4 394 0 4 1o
VAt . 5 DDFlow 2500, 1H SelFlow (Liu%%,

2019b) & TR IIZRREA A T, gE—20
P LR AR o

R2 ETREFINEHRERMGT

Table 2 Transformation modal estimation based on deep learning

E= DTN CIE | 7y AGBAR Aol St ) A FE TR / it
Lee fil Oh,2021 CNN B HEBIBGEAR BT ] GMatchNet A 3165 350 250 12 i 0 00F 15 (000 B
e - I SUPVSNERAIN FIH FON 2 BUY AR R AR ASREAE , 30 28 006 o 28 Ak T 42 =)
Zampieri 55,2018 FCN o FREEBLR fras st 17 F63 ; ACHS E TR < hitps : //www.Iri.fr/~gcharpia/alignment/
R I ZBK FCN B 1 AN TEET BUA M IR, RSB IN& oM TR A s 3
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S

DLIR(de Vos%:,2019) CNN %4k E2 BN S

YR R
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185 IR CNN A T2 R 35, k3 A (AR P 3 5 T8 A8 4

& -CT5% ez 2o X .
MANet(Yang%,2021) CNN  ##fk 4D-CT 1% hRE 277 TN e B3 T MRS e %
B UK UNet++ 0 FH TR AR BOUE , 455 ResNet $2 = e HERT FE 5
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Table 3 Optical flow estimation based on deep learning

E=PUN Mg Mg H= IIEEE WA FET / 4518
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(Ranjan 1 Black,2017)
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Flying Chairs AH#¢ T LiteFlowNet, /N T 4 T8 2805 R TR EE 51 A PO

LiteFlowNet (Hui%,2018) CNN = Things3D
LiteFlowNet2 (Hui%$,2021) CNN W Things3D

LiteFlowNet3

CNN
(Hui Fl Loy, 2020) i

MPI-Sintel AL RS B SRS AL T LiteFlowNet; fURS E R
KITTI %

https : //github.com/twhui/LiteFlowNet2

Flying Chairs 7EJG IR AR A% 2 HT, 138 17 81 AR 1) dk AR DO T S
Flying Chairs ~ MPI-Sintel {4 i3 ; 4% B 558 R IG4 F LiteFLowNet2 s {0A% . T : htps -/
KITTI 45

github.com/twhui/LiteFlowNet3
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DDFlow (Liu%,2019a) CNN e —
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KITTI 2012 %} DDFlow 9% 2818 07 ST 7 V84 < 38 40 78 in Rl LI 7 1)

SelFlow (Liu%,2019b) CNN R —
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PRSI, (BT B 22 S50 Rk 7 3 S
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1717 35 500 B gl B R FE 2 2] D7 ik BE B IS TN A
Bl BORHRDKRE , T IRIE S ) B X
T3 1 ME LR T T R [ i B AR e v, [Hoh T it
FITEAE /N RS AR BCHE B A R A 5T B

T LABE X IR TT iR T S8 ATI 98 BA B S
4 FETFRERECIE T %

HE TR A TC 1 7 o R 5 4 40 s
O H IR — 2R IC DTV o 2R T 1 B T T R R
HH TR AN B RAIESRI . RAIEDCAC . A
RURAgE . AB bR SR (RSB 4, 2013;
Feng 5%, 2021).
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Fig.2 Feature—based registration methods based on deep learning

4.1 ETREZFSMNFERNSH#EIA

FE T RRAE B T E 7 1k 35 R RS 00 LA 4
IE 55 90 52 8L ME A0 45 T RF AR (Rahaghi 55
2019; Lu%¥, 2021). FeiE ()7 55, 2020a)
S HIE (Lee 58, 2021). 5 4EmfsiE . —4
LFFEA L, FYE SRR Gy THEE . o 54
W, R OE WL —ZRE (R, 2020). FF

fE SR ICRE ST 8 AR JEE BRI 0 3 2 R A 2 B
3SR, RER AR MR AU IE . T L
3 A 8 5] B R AR R R A AR HOR 1 A DU T
F o bRiE, IR E ARG R ) L R i T RS
T AR A A R 7 P L R B AR I 5C - 2]
R AIE DT JC B R 5 RO o AR G R AR 4R BODT I
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C

Nucleus) S H#2HUA T (Smith Hl Brady, 1997) .
SIFT (Scale Invariant Feature Transform) (Lowe,
2004) . RIFT (Radiation—variation Insensitive Feature
Transform) (Li%§¥, 2020a) 4%, KRR &
A G BT RHE SRS A (Fan 55, 2021)
o TR G AR B R R B e
. 2B GG W KSR AL, AR
IREAESL B IR, A% 58 07 W XE LLRIE R AE 1 5
FRIE R AR BOAG B N R e (Wang &2 2018; Lee
8, 2021) IRIES ] BA BRBUEARIRZ T UE B
MIRES), ML T IKE . BEESRZER, WIEE
SAFBIURD, REME R AR RIE, HEMS
NEX T AR B . REZUTFRRY], BT RE
2 20 B REAE S BTy 2 TT DA 4t BURS A AR i A LA B TR
THHIE A B B BA R AR IE AT o
FRAEFRIR ., IR P I 5 SRR E— R BE T U
TSRS (1) FET Score Map B 15 42 5,
2T v M CNN $i Y Score Map, 541 Ht
Score Map F J&y A Al I AEL A R s A 9 RFAIE A . TILDE
(Temporally Invariant Learned DEtector) (Verdie %5 ,
2015). SuperPoint (DeTone %, 2018). KeyNet
(Barroso—Laguna 55, 2019) & 28 J7 v w1 i 7Y
B TILDE X6 & F e Rk s A2 A il 25
FEAS, XF LA g AT W B U2, AR A0 A9 ARk
Wi )57 588 BE AT, SRIBGASURFAE . TILDE 7EA 4 4R
W, FE%E 7O RAERR N, JfiE
B N e PR B T I GRAEAS i S0, i A 7
EXE TR OIS BAA TR S . {H TILDE

A7 TE R TUAR W A2 25 O 58 53 . afE LU M
B R A A5 1) T BF X TILDE A7 76 1Y ] B
SuperPoint, Quad-networks (SavinovZg, 2017) 5
Zhang 25 (2018) 41 18 i & R 4R 19 75 200 19
ZREAT ISR, ) BEDIL AR B % AT 0] A7 A
AT, P TR 8] B 23 Ta) X B G 28 A 1
PR KA, FRIETIEE T T AR B AS B A
TE IR TSR [, KeyNet BS540 Harris £f 45
FHIES CNNIRJZRHIE, A2 O Rl& A [ ROE AR
(%) Score Map, i ZSEIFFIESEHL. KeyNet 53 7%
IETRERFE, HEKE TRBKREZESTIZRE,
PR T TRME SO B . (2) TR
DCTC A4 HRAE BRI I 2 07 12 4 AR E 42 Ji 5 DL T
VER— AR, BEME GRS T T i, 4R
T —HMETAE)Z (correlation—layer) % CHE 5 0%
(Rocco 2, 2017; KimZE, 2019; Zengfff, 2020) :
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BEHAEEREAEN T RRAS B Ma 5
(2019b) J& T H ML 2 1 SR, BRFE )2 2 7 52
AR, RS- THRAIE SUE SO B YRR B, A%
WNT R

HARFEERE, T EIET Score Map HIFFIF
R IO M I8 2 i T DX DG I ) AR A5 A SRR S
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Table 4 Feature detection based on deep learning
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Rocco%,2017 CNN f Proposal FION e w011 NN S BB 5 51
Kim % 2019 Siamese W o ] ISPRS iF'Jﬁﬁ Si/a\m?se Nelwox'kiﬁ (:orfelalion layer #EH VLA
CNN Google Earth  fiF; T [ B Al - 0045 180 S 4
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Group NetWork) (Simonyan Fl Zisserman, 2015)
JERER IR TP AL Z 19— 2K NN, RZ WP
BH (Yang4¥, 2018; Ye%¥, 2018; Dong4¥, 2019),
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Table 5 Feature description based on deep learning
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Table 6 Feature matching of monomodal remote sensing images based on deep learning
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Table 7 Feature matching of multi-modal remote sensing images based on deep learning
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Table 8 Registration datasets
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HERCR . AN, AT LAZ % Feng 55 (2019) $21H
MY REAE K B BC A B ME ik i S, UG ST
FROE DT BCHE 2 e AR, R IR BE 2% ) 7 i
AR AT JRFAE R IE . — 7, IRE AU
KGR IE SR &R /N RTS8, T DL R R AT ) 2%
YIGRMERE s 3 — O, RS AERESR PRI TY)
PRASRY  GROIE T Sk 0 Ee v S ] iR

FE AN [R) 0 245 B R 1) 3 TR AR B HE vk . AE
BIEGEAR F SR, CNNJE B R BT 2
) — 2 (Kuppala %58, 2020) X Ho A A5
YA FEATI AR XT38 20, RO AT DA 2% 3 L At ) 48 45
RN T3 B AR eI, Hen . 7E S TR R
AR e d ] GAN, DLW 58 S5 RS2 AR 2 IA] il 22
55 {#iH Transformer (VaswaniZ£, 2017) 0% CNN
DISEIRRRAEVC B SE o e Ak, 356 T ity 1) g ) 6% 119 22
TS AG TC M 7 5 A 2 8 B AR T o 1Y) T B
W] o FHXS T 2B BOsmy i 21 v ) 45 H A AR 22 4k
FERT, W ANEERZE BT, NEBA
Ja R E A, IR R B4 . 78 H AR SE AR
HEATIER ,  H ETE A AR 22 X i 2 v ) 2% 1 T 5T
AR T ok Fr R (Yi%, 20165 Liu 5,
2019a, 2019b).

F T /INFEAS 1) Jih 22 285 U1 SR W o 7 BB 4R
BEZRNOT, TR RS | PR
AEgg W B T (Zhou, 2018) X W9 2% #E 4T I 45,
W] LUE o B e (SRR 48, 2021) M,
XTI /IMEABIREFHATY T BT BRIk,
AL RLFE A R A R0, AR AR 7= B 4 T 75 22
AIRFE] . AT RAS .

7 45 i

WEHE L AR BRI AW K i, 3 B R W
MR BSOS A, B (s B s miE A, i
TR R IR A PR S £ ) S A () A 2
FIFEIN (WY 55, 2021), REFERNBEE B



280 National Remote Sensing Bulletin i & 54k 2023,27(2)

BB HE S R RCR AR S le e i, JFARIE
FHT /N 18 SRS AR Rk B T

UTSEAENR , IR 2 ) B G R Rt T
BT STy ] o AR TSR B By 1) A% S IO 12
BT BRI S IR A ) Tk BV 2 AL
HOE, WEEIATEN LI E SR FHIE,
T R YIZRBUE B2~ T DR IRGB AR
RJZTE SRR . TERFESR L . DEfC S5 v, IR
JE S Ir s WAs TR 2005 MR (Zhang Fl
Rusinkiewicz, 2018; Wang %, 2018; Hughes 55,
2018; Zhang%, 2019b). Hk, WE¥JHAH
U3 R PR o PR R 2% Hy AR 2 /NP2 JC L L,
Yot ph o0 A B B AR AT IR L, ] — R 2% A]
DIAR AR AT S5 (Yang %5, 20185 U5 wihi 45,
2021). WAk, @R T, REESE T
2T LA S = A A

AR SCAE 87 B A 20 A 5 18 SRS AR 7 v R AR
R A5 R R AR Y v LR R UL I 2% B Al |
HANA TR TR TR IR R O L B
T O VA W 5 T R, R4 T LA
N TF I R B AR O HE R IE 2R I X i B AR
WERORIEAT T, T, T IR ) i 18 K
SLAG L T 1 I 0 S8 B 5 TG TR AE 20 v R . (H
AR, T3S R B R T
VEAE TSRS HE | T RS LR ] LTk 3 2 i
Y HAL G FCHE DT 1 B IR Ko AT AL, ST
TREE 2% > W 18 B R e Ty s 2 R A0 L ks
JEE T R B E B 1) o i R 1 o

2% 30k (References)

Balntas V, Lenc K, Vedaldi A and Mikolajczyk K. 2017. HPatches: a
benchmark and evaluation of handcrafted and learned local de-
scriptors//2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Hawaii: IEEE: 3852-3861 [DOI: 10.1109/
CVPR.2017.410]

Barroso-Laguna A, Riba E, Ponsa D and Mikolajczyk K. 2019. Key.
Net: keypoint detection by handcrafted and learned CNN filters.
arXiv: 1904.00889v3

Blendowski M and Heinrich M P. 2019. Combining MRF-based de-
formable registration and deep binary 3D-CNN descriptors for
large lung motion estimation in COPD patients. International Jour-
nal of Computer Assisted Radiology and Surgery, 14(1): 43-52
[DOI: 10.1007/s11548-018-1888-2]

Chen H M, Varshney P K and Arora M K. 2003. Performance of mutu-

al information similarity measure for registration of multitempo-
ral remote sensing images. IEEE Transactions on Geoscience and
Remote Sensing, 41(11): 2445-2454 [DOI: 10.1109/TGRS.2003.
817664]

Cheng X, Zhang L and Zheng Y F. 2018. Deep similarity learning for
multimodal medical images. Computer Methods in Biomechanics
and Biomedical Engineering: Imaging and Visualization, 6(3):
248-252 [DOI: 10.1080/21681163.2015.1135299]

Chopra S, Hadsell R and LeCun Y. 2005. Learning a similarity metric
discriminatively, with application to face verification//2005 IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition. San Diego: IEEE: 539-546 [DOI: 10.1109/CVPR.
2005.202]

de Vos B D, Berendsen F F, Viergever M A, Sokooti H, Staring M and
Isgum 1. 2019. A deep learning framework for unsupervised affine
and deformable image registration. Medical Image Analysis, 52:
128-143 [DOI: 10.1016/j.media.2018.11.010]

DeTone D, Malisiewicz T and Rabinovich A. 2018. SuperPoint: self-
supervised interest point detection and description. arXiv: 1712.
07629v4

Dong Y'Y, Jiao W L, Long T F, Liu L F, He G J, Gong C J and Guo Y
T. 2019. Local deep descriptor for remote sensing image feature
matching. Remote Sensing, 11(4): 430 [DOI: 10.3390/rs11040430]

Fan R B, Hou B C, Liu J B, Yang J H and Hong Z L. 2021. Registra-
tion of multiresolution remote sensing images based on L2-Sia-
mese model. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 14: 237-248 [DOI: 10.1109/
JSTARS.2020.3038922]

Feng R T, DuQY, Li X H and Shen H F. 2019. Robust registration for
remote sensing images by combining and localizing feature- and
area-based methods. ISPRS Journal of Photogrammetry and Re-
mote Sensing, 151: 15-26 [DOI: 10.1016/j.isprsjprs.2019.03.002]

Feng R T. 2020. The Registration Algorithm for Remote Sensing Imag-
es Covering the Complex Terrain by Multi-Model Union. Wuhan:
Wuhan University: 1-122 (3% . 2020. & 2% HJE 45 144 F 19 i
RS R LB G RO 75 . DG DU 1-122)

Feng R T, Shen H F, Bai J J and Li X H. 2021. Advances and opportu-
nities in remote sensing image geometric registration: a systemat-
ic review of state-of-the-art approaches and future research direc-
tions. IEEE Geoscience and Remote Sensing Magazine, 9(4): 120-
142 [DOI: 10.1109/MGRS.2021.3081763]

Feng R T, DuQY, Luo H, Shen HF, Li X H and Liu B. 2021. A regis-
tration algorithm based on optical flow modification for multi-
temporal remote sensing images covering the complex-terrain re-
gion. National Remote Sensing Bulletin, 25(2): 630-640 (1% &5 ¥,
igis, B, WM, R, X1k 2021, TR IER
A4 WY X 2 i T8 B AR 0 . 1B R IR, 25(2): 630-640)
[DOTI: 10.11834/jrs.20209280]

Fischler M A and Bolles R C. 1981. Random sample consensus: a para-
digm for model fitting with applications to image analysis and au-

tomated cartography. Communications of the ACM, 24(6): 381-



AR AR IR BGUAR TR 2 ST T ik gk 281

395 [DOI: 10.1145/358669.358692]

Girard N, Charpiat G and Tarabalka Y. 2019. Aligning and updating ca-
daster maps with aerial images by multi-task, multi-resolution
deep learning//14th Asian Conference on Computer Vision. Perth:
Springer: 675-690 [DOI: 10.1007/978-3-030-20873-8_43]

Gong M G, Zhao S M, Jiao L C, Tian D Y and Wang S. 2014. A novel
coarse-to-fine scheme for automatic image registration based on
SIFT and mutual information. IEEE Transactions on Geoscience
and Remote Sensing, 52(7): 4328-4338 [DOI: 10.1109/TGRS.
2013.2281391]

Goodfellow I J, Pouget-Abadie J, Mirza M, Xu B, Warde-Faley D,
Ozair S, Courville A and Bengio Y. 2014. Generative adversarial
networks. arXiv: 1406.2661v1

Harris C and Stephens M. 1988. A combined corner and edge detector//
Proceedings of the Alvey Vision Conference. Manchester: AVC:
147-151 [DOI: 10.5244/C.2.23]

Haskins G, Kruecker J, Kruger U, Xu S, Pinto P A, Wood B J and Yan
P K. 2019. Learning deep similarity metric for 3D MR - TRUS
image registration. International Journal of Computer Assisted Ra-
diology and Surgery, 14(3): 417-425 [DOI: 10.1007/s11548-018-
1875-7]

He H Q, Chen M, Chen T and Li D J. 2018. Matching of remote sens-
ing images with complex background variations via Siamese con-
volutional neural network. Remote Sensing, 10(2): 355 [DOI: 10.
3390/rs10020355]

He H Q, Chen M, Chen T, Li D J and Cheng P G. 2019. Learning to
match multitemporal optical satellite images using multi-support-
patches Siamese networks. Remote Sensing Letters, 10(6): 516-
525 [DOI: 10.1080/2150704x.2019.1577572]

Hinton G E and Salakhutdinov R R. 2006. Reducing the dimensionali-
ty of data with neural networks. Science, 313(5786): 504-507
[DOL: 10.1126/science.1127647]

Holland P W and Welsch R E. 1977. Robust regression using iterative-
ly reweighted least-squares. Communications in Statistics-Theory
and Methods, 6(9): 813-827 [DOI: 10.1080/03610927708827533]

Hughes L H, Schmitt M, Mou L C, Wang Y Y and Zhu X X. 2018.
Identifying corresponding patches in SAR and optical images
with a Pseudo-Siamese CNN. IEEE Geoscience and Remote Sens-
ing Letters, 15(5): 784-788 [DOI: 10.1109/LGRS.2018.2799232]

Hui T W, Tang X O and Loy C C. 2018. LiteFlowNet: a lightweight
convolutional neural network for optical flow estimation//2018
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Salt Lake City: IEEE: 8981-8989 [DOI: 10.1109/CVPR.
2018.00936]

Hui T W and Loy C C. 2020. LiteFlowNet3: resolving correspondence
ambiguity for more accurate optical flow estimation//16th Europe-
an Conference on Computer Vision. Glasgow: Springer: 169-184
[DOI: 10.1007/978-3-030-58565-5_11]

Hui T W, Tang X O and Loy C C. 2021. A lightweight optical flow
CNN—revisiting data fidelity and regularization. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 43(8): 2555-

2569 [DOI: 10.1109/TPAMI.2020.2976928]

Jiang X Y, Ma J Y, Xiao G B, Shao Z F and Guo X J. 2021a. A review
of multimodal image matching: methods and applications. Infor-
mation Fusion, 73: 22-71 [DOI: 10.1016/j.inffus.2021.02.012]

Jiang X Y, Ma ] Y, Fan A X, Xu H P, Lin G, Lu T and Tian X. 2021b.
Robust feature matching for remote sensing image registration via
linear adaptive filtering. IEEE Transactions on Geoscience and
Remote Sensing, 59(2): 1577-1591 [DOI: 10.1109/TGRS. 2020.
3001089]

Johnson K, Cole-Rhodes A, Zavorin I and Le Moigne J. 2001. Mutual
information as a similarity measure for remote sensing image reg-
istration//Proceedings Volume 4383, Geo-Spatial Image and Data
Exploitation II. Orlando: SPIE: 51-61 [DOI: 10.1117/12.428251]

Kim D G, Nam W J and Lee S W. 2019. A robust matching network
for gradually estimating geometric transformation on remote sens-
ing imagery//2019 IEEE International Conference on Systems,
Man and Cybernetics (SMC). Bari: IEEE: 3889-3894 [DOI: 10.
1109/SMC.2019.8913881]

Kuppala K, Banda S and Barige T R. 2020. An overview of deep learn-
ing methods for image registration with focus on feature-based ap-
proaches. International Journal of Image and Data Fusion, 11(2):
113-135 [DOI: 10.1080/19479832.2019.1707720]

LanCZ, Lu W J, YuJ M and Xu Q. 2021. Deep learning algorithm for
feature matching of cross modality remote sensing images. Acta
Geodaetica et Cartographica Sinica, 50(2): 189-202 (i ®i, /57
A, THEWL RV . 2021, S IR BGE RAFMEVEBC A TR B 2 ) 512
L2237, 50(2): 189-202) [DOL: 10.11947/j.AGCS.2021.20200048]

LeCun Y, Bottou L, Bengio Y and Haffner P. 1998. Gradient-based
learning applied to document recognition. Proceedings of the
IEEE, 86(11): 2278-2324 [DOI: 10.1109/5.726791]

LeCun Y, Bengio Y and Hinton G. 2015. Deep learning. Nature, 521
(7553): 436-444 [DOI: 10.1038/nature14539]

Lee W, Sim D and Oh S J. 2021. A CNN-based high-accuracy registra-
tion for remote sensing images. Remote Sensing, 13(8): 1482
[DOTI: 10.3390/rs13081482]

Lee W J and Oh S J. 2021. Remote sensing image registration using
equivariance features//2021 International Conference on Informa-
tion Networking (ICOIN). Bangkok: IEEE: 776-781 [DOI: 10.
1109/ICOIN50884.2021.9333861]

LiJY, Hu Q W and Ai M Y. 2020a. RIFT: multi-modal image match-
ing based on radiation-variation insensitive feature transform.
IEEE Transactions on Image Processing, 29: 3296-3310 [DOI: 10.
1109/T1P.2019.2959244]

LiJY, Zhao P C, Hu Q W and Ai M Y. 2020b. Robust point cloud reg-
istration based on topological graph and Cauchy weighted /-
norm. ISPRS Journal of Photogrammetry and Remote Sensing,
160: 244-259 [DOI: 10.1016/j.isprsjprs.2019.12.008]

LiL,Ji S, YuY and Zhang Y S. 2020. A multi-feature-based registra-
tion method adapted to multi-source remote sensing images. Jour-
nal of Geomatics Science and Technology, 37(1): 74-78 (& 11, 42
B, T3, TKOKAE . 2020, —FlRE 20 45 HRAIE Y S UL R 1R T



282 National Remote Sensing Bulletin i & 54k 2023,27(2)

WeT7 ik . M RL2E 8 R 2E 4], 37(1): 74-78) [DOT: 10.3969/j.issn.
1673-6338.2020.01.014]

Li X H, Feng R T, Guan X B, Shen H F and Zhang L P. 2019. Remote
sensing image mosaicking: achievements and challenges. IEEE
Geoscience and Remote Sensing Magazine, 7(4): 8-22 [DOI: 10.
1109/MGRS.2019.2921780]

Li X H, Du Z S, Huang Y Y and Tan Z Y. 2021. A deep translation
(GAN) based change detection network for optical and SAR re-
mote sensing images. ISPRS Journal of Photogrammetry and Re-
mote Sensing, 179: 14-34 [DOI: 10.1016/j.isprsjprs.2021.07.007]

Liang J Y, Liu X P, Huang K N, Li X, Wang D G and Wang X W.
2014. Automatic registration of multisensor images using an inte-
grated spatial and mutual information (SMI) metric. IEEE Trans-
actions on Geoscience and Remote Sensing, 52(1): 603-615
[DOTI: 10.1109/TGRS.2013.2242895]

Liang Y, Sheng Y H, Zhang K and Yang L. 2014. Linear feature match-
ing method based on local affine invariant and Epipolar constraint
for close-range images. Geomatics and Information Science of
Wuhan University, 39(2): 229-233 (424, %l 18, sk, k.
2014, FI T JRy 477 S5 AR B A% e 24 TR 14 30 55 10 B 4 RRAIE DE
e . BBK 22 22 e (fF BB D), 39(2): 229-233) [DOI: 10.
13203/j.whugis20120611]

Liao R, Miao S, de Tournemire P, Grbic S, Kamen A, Mansi T and Co-
maniciu D. 2016. An artificial agent for robust image registration.
arXiv: 1611.10336v1

Liu P P, Irwin K, Lyu M R and Xu J. 2019a. DDFlow: learning optical
flow with unlabeled data distillation. Proceedings of the AAAI
Conference on Artificial Intelligence, 33(1): 8770-8777 [DOI: 10.
1609/aaai.v33i01.33018770]

Liu P P, Lyu M, King I and Xu J. 2019b. SelFlow: self-supervised
learning of optical flow//2019 IEEE/CVF Conference on Comput-
er Vision and Pattern Recognition (CVPR). Long Beach: IEEE:
4571-4580 [DOI: 10.1109/CVPR.2019.00470]

Lowe D G. 2004. Distinctive image features from scale-invariant key-
points. International Journal of Computer Vision, 60(2): 91-110
[DOL: 10.1023/b:visi.0000029664.99615.94]

LulY,JiaHG,LiT,LiZQ,MalJY and Zhu R F. 2021. An instance
segmentation based framework for large-sized high-resolution re-
mote sensing images registration. Remote Sensing, 13(9): 1657
[DOLI: 10.3390/rs13091657]

Luo Y, Cao WM, He Z Q, Zou W L and He Z H. 2021. Deformable ad-
versarial registration network with multiple loss constraints. Com-
puterized Medical Imaging and Graphics, 91: 101931 [DOI: 10.
1016/j.compmedimag.2021.101931]

Ma D A, Tang P, Zhao L J and Zhang Z. 2021. Review of data augmen-
tation for image in deep learning. Journal of Image and Graphics,
26(3): 487-502 (hYR FE, B, B, BRIE . 2021, A A A
{GEAEIE T T ks gk . rh E E R IEIE 4, 26(3): 487-502)
[DOI: 10.11834/jig.200089]

Ma F L. 2018. Research on Color-To-Gray Conversion based on Nor-

malized Cross Correlation. Lanzhou: Lanzhou University: 1-61

(5777 . 2018, J: T I3 — PL R 56 DT FE 19 %2 (5 Pl 450K BE Ak
78 22 22K 1-61)

Ma Y, Jiang X Y, Jiang J J, Zhao J and Guo X J. 2019¢c. LMR: learn-
ing a two-class classifier for mismatch removal. IEEE Transac-
tions on Image Processing, 28(8): 4045-4059 [DOI: 10.1109/TIP.
2019.2906490]

MalY, Jiang X Y, Fan A X, Jiang J J and Yan J C. 2021. Image match-
ing from handcrafted to deep features: a survey. International
Journal of Computer Vision, 129(1): 23-79 [DOI: 10.1007/s11263-
020-01359-2]

Ma L, Liu Y, Zhang X L, Ye Y X, Yin G F and Johnson B A. 2019a.
Deep learning in remote sensing applications: a meta-analysis and
review. ISPRS Journal of Photogrammetry and Remote Sensing,
152: 166-177 [DOI: 10.1016/j.isprsjprs.2019.04.015]

Ma W P, Zhang J, Wu Y, Jiao L C, Zhu H and Zhao W. 2019b. A novel
two-step registration method for remote sensing images based on
deep and local features. IEEE Transactions on Geoscience and Re-
mote Sensing, 57(7): 4834-4843 [DOI: 10.1109/TGRS. 2019.
2893310]

Ni H, Feng Z, Guan Y, Jia X Y, Chen W, Jiang T, Zhong Q Y, Yuan J,
Ren M, Li X N, Gong H, Luo Q M and Li A N. 2021. DeepMapi: a
fully automatic registration method for mesoscopic optical brain im-
ages using convolutional neural networks. Neuroinformatics, 19(2):
267-284 [DOI: 10.1007/s12021-020-09483-7]

Niu R G, Sun X, Tian Y, Diao W H, Chen K Q and Fu K. 2020. Hybrid
multiple attention network for semantic segmentation in aerial im-
ages. arXiv: 2001.02870v3

Park J H, Nam W J and Lee S W. 2020. A two-stream symmetric net-
work with bidirectional ensemble for aerial image matching. Re-
mote Sensing, 12(3): 465 [DOI: 10.3390/rs12030465]

Rahaghi A I, Lemmin U, Sage D and Barry D A. 2019. Achieving high-
resolution thermal imagery in low-contrast lake surface waters by
aerial remote sensing and image registration. Remote Sensing of
Environment, 221: 773-783 [DOI: 10.1016/j.rse.2018.12.018]

Ranjan A and Black M J. 2017. Optical flow estimation using a spatial
pyramid network//2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Hawaii: IEEE: 2720-2729
[DOI: 10.1109/CVPR.2017.291]

Rocco I, Arandjelovic R and Sivic J. 2017. Convolutional neural net-
work architecture for geometric matching//2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR). Hawaii:
IEEE: 39-48 [DOI: 10.1109/CVPR.2017.12]

Savinov N, Seki A, Ladicky L, Sattler T and Pollefeys M. 2017. Quad-
networks: unsupervised learning to rank for interest point detec-
tion. arXiv: 1611.07571v2

Schmidhuber J. 2015. Deep learning in neural networks: an overview.
Neural Networks, 61: 85-117 [DOI: 10.1016/j.neunet.2014.09.003]

Schmitt M, Hughes L H and Zhu X X. 2018. The SEN1-2 dataset for
deep learning in SAR-optical data fusion. ISPRS Annals of the
Photogrammetry, Remote Sensing and Spatial Information Scienc-

es, IV-1: 141-146 [DOI: 10.5194/isprs-annals-IV-1-141-2018]



ZERAE A IR GRS S S e ik ih 283

Tl

Seo S, Choi J S, Lee J, Kim H H, Seo D, Jeong J and Kim M. 2020.
UPSNet: unsupervised pan-sharpening network with registration
learning between panchromatic and multi-spectral images. IEEE
Access, 8:201199-201217 [DOI: 10.1109/ACCESS.2020.3035802]

Shabanov A, Gladilin S and Shvets E. 2020. Optical-to-SAR image
registration using a combination of CNN descriptors and cross-
correlation coefficient//Twelfth International Conference on Ma-
chine Vision (ICMV). Amsterdam: SPIE: 440-449 [DOI: 10.1117/
12.2558414]

Shelhamer E, Long J and Darrell T. 2017. Fully convolutional net-
works for semantic segmentation. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 39(4): 640-651 [DOI: 10.
1109/TPAMI.2016.2572683]

Simonovsky M, Gutiérrez-Becker B, Mateus D, Navab N and Komo-
dakis N. 2016. A deep metric for multimodal registration//19th In-
ternational Conference on Medical Image Computing and Com-
puter-Assisted Intervention. Athens: Springer: 10-18 [DOI: 10.
1007/978-3-319-46726-9_2]

Simonyan K and Zisserman A. 2015. Very deep convolutional net-
works for large-scale image recognition. arXiv: 1409.1556v6
Smith S M and Brady J M. 1997. SUSAN-a new approach to low level
image processing. International Journal of Computer Vision, 23

(1): 45-78 [DOI: 10.1023/A:1007963824710]

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

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A N,
Kaiser L and Polosukhin I. 2017. Attention is all you need. arXiv:
1706.03762v5

Verdie Y, Yi K M, Fua P and Lepetit V. 2015. TILDE: a temporally in-
variant learned detector//2015 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Boston: IEEE: 5279-5288
[DOI: 10.1109/CVPR.2015.7299165]

Wang S, Quan D, Liang X F, Ning M D, Guo Y H and Jiao L C. 2018.
A deep learning framework for remote sensing image registration.
ISPRS Journal of Photogrammetry and Remote Sensing, 145: 148-
164 [DOI: 10.1016/.isprsjprs.2017.12.012]

Wang Y'Y and Zhu X X. 2018. The SARptical dataset for joint analysis
of SAR and optical image in dense urban area. arXiv: 1801.07532

Wang Z H and Wu F C. 2009. Mean-standard deviation descriptor and
line matching. Pattern Recognition and Artificial Intelligence, 22(1):
32-39 (E G, AR . 2009, Y{E-FRifE2E T 5 H LRI .
AR5 N T8 B, 22(1): 32-39) [DOI: 10.3969/j.issn.1003-
6059.2009.01.006]

Xiang Y M, Tao R S, Wang F, You H J and Han B. 2020. Automatic
registration of optical and SAR images via improved phase con-
gruency model. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 13: 5847-5861 [DOI: 10.1109/
JSTARS.2020.3026162]

Yang J, Yang J H, Zhao F and Zhang W J. 2021. An unsupervised

multi-scale framework with attention-based network (MANet) for
lung 4D-CT registration. Physics in Medicine and Biology, 66(13):
135008 [DOI: 10.1088/1361-6560/ac0afc]

Yang Z Q, Dan T T and Yang Y. 2018. Multi-temporal remote sensing
image registration using deep convolutional features. IEEE Ac-
cess, 6: 38544-38555 [DOI: 10.1109/ACCESS.2018.2853100]

Yao M Q and Hu J. 2020. Robust multimodal medical image registra-
tion using deep recurrent reinforcement learning. Journal of Com-
puter-Aided Design and Computer Graphics, 32(8): 1236-1247
(WEWAT, A% . 2020. J6 TR B2 o A2 > 1) SRS PR~ KR IRE
WE RN BT 5 B 2724417, 32(8): 1236-1247) [DOLI: 10.
3724/SP.J.1089.2020.17847]

Ye F M, SuY F, Xiao H, Zhao X Q and Min W D. 2018. Remote sens-
ing image registration using convolutional neural network fea-
tures. IEEE Geoscience and Remote Sensing Letters, 15(2): 232-
236 [DOI: 10.1109/LGRS.2017.2781741]

Ye Y X and Shan J. 2014. A local descriptor based registration method
for multispectral remote sensing images with non-linear intensity
differences. ISPRS Journal of Photogrammetry and Remote Sens-
ing, 90: 83-95 [DOI: 10.1016/j.isprsjprs.2014.01.009]

Yi K M, Trulls E, Lepetit V and Fua P. 2016. LIFT: learned invariant
feature transform//14th European Conference on Computer Vision
(ECCV). Amsterdam: Springer: 467-483 [DOI: 10.1007/978-3-
319-46466-4_28]

Yi K M, Trulls E, Ono Y, Lepetit V, Salzmann M and Fua P. 2018.
Learning to find good correspondences//2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR). Salt
Lake City: IEEE: 2666-2674 [DOI: 10.1109/CVPR.2018.00282]

Yu X C, Lt Z H and Hu D. 2013. Review of remote sensing image reg-
istration techniques. Optics and Precision Engineering, 21(11):
2960-2972 (4511, B de, B 7). 2013, 3 kR C B AR 25
LGRS % TR, 21(11): 2960-2972) [DOI: 10.3788/OPE.
20132111.2960]

Yuan Z, Guo H T, Lu J, Lu W and Lin Y Z. 2021. High-resolution re-
mote sensing image change detection technology based on UN-
et++ and attention mechanism. Journal of Geomatics Science and
Technology, 38(2): 155-159 (LM, SR, /5182, Bk, MR o
2021, fli 5 UNet-++ [ 25 H133: 58 AL ) =5 70 P38 i 1548
ARG I 303 . 222 B2 R 2741, 38(2): 155-159) [DOL: 10.
3969/j.issn.1673-6338.2021.02.008]

Zampieri A, Charpiat G, Girard N and Tarabalka Y. 2018. Multimodal
image alignment through a multiscale chain of neural networks
with application to remote sensing//15th European Conference on
Computer Vision (ECCV). Munich: Springer: 679-696 [DOI: 10.
1007/978-3-030-01270-0_40]

Zeng L, DuY L, Lin H P, Wang J, Yin J J and Yang J. 2021. A novel re-
gion-based image registration method for multisource remote
sensing images via CNN. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 14: 1821-1831
[DOI: 10.1109/JSTARS.2020.3047656]

Zeng Y, Ning Z H, Liu P, Luo P L, Zhang Y and He G J. 2020. A mosa-



284 National Remote Sensing Bulletin i & 54k 2023,27(2)

ic method for multi-temporal data registration by using convolu-
tional neural networks for forestry remote sensing applications.
Computing, 102(3): 795-811 [DOI: 10.1007/s00607-019-00716-5]

Zhang H, Ni W P, Yan W D, Xiang D L, Wu J Z, Yang X L and Bian
H. 2019a. Registration of multimodal remote sensing image based
on deep fully convolutional neural network. IEEE Journal of Se-
lected Topics in Applied Earth Observations and Remote Sensing,
12(8): 3028-3042 [DOI: 10.1109/JSTARS.2019.2916560]

Zhang J, Ma W P, Wu Y and Jiao L C. 2019b. Multimodal remote sens-
ing image registration based on image transfer and local features.
IEEE Geoscience and Remote Sensing Letters, 16(8): 1210-1214
[DOI: 10.1109/LGRS.2019.2896341]

Zhang L G and Rusinkiewicz S. 2018. Learning to detect features in
texture images//2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Salt Lake City: IEEE: 6325-
6333 [DOI: 10.1109/CVPR.2018.00662]

Zhao LY, Lii BY, Li X R and Chen S H. 2015. Multi-source remote

sensing image registration based on scale-invariant feature trans-
form and optimization of regional mutual information. Acta Physi-
ca Sinica, 64(12): 124204 G IT 9%, H 2 2, J5/NE, BRiBUE .
2015, HF NBERARRRAE AR 0 DX H A5 B A Ak 1 22 Ui g e
G W . MU, 64(12): 124204) [DOL: 10.7498/aps.64.124204]

Zheng Z D, Wei Y C and Yang Y. 2020. University-1652: a multi-view
multi-source benchmark for drone-based geo-localization. arXiv:
2002.12186v2

Zhou Z H. 2018. A brief introduction to weakly supervised learning.
National Science Review, 5(1): 44-53 [DOI: 10.1093/nsr/nwx106]

Zhu H, Jiao L C, Ma W P, Liu F and Zhao W. 2019a. A novel neural
network for remote sensing image matching. IEEE Transactions
on Neural Networks and Learning Systems, 30(9): 2853-2865
[DOI: 10.1109/TNNLS.2018.2888757]

ZhuRJ,Yu D W, Ji S Pand Lu M. 2019b. Matching RGB and infrared
remote sensing images with densely-connected convolutional neural

networks. Remote Sensing, 11(23): 2836 [DOI: 10.3390/rs11232836]

Survey of remote sensing image registration based on deep learning

LI Xinghua',AI Wenhao',FENG Ruitao"?,LUO Shaojie’

1. School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China;
2. School of Geography and Tourism, Shaanxi Normal University, Xi’an 710119, China;
3. State Grid Hangzhou Power Supply Company, Hangzhou 310020, China

Abstract: Remote sensing image registration is the process of spatial alignment of two or more images through geometric transformation.
It is an important preprocessing operation for image fusion, change detection, agricultural monitoring and other remote sensing applications.
Considering that remote sensing images have the characteristics of large-scale changes, complex ground covers and imaging modalities,
although a large number of registration methods have been developed, there is still a lack of methods that can be widely used in different
scenarios. Therefore, research on registration algorithms with high efficiency, high robustness, high precision and wide applicability is of
great significance. In recent years, deep learning, which has achieved great success in the field of natural image and medical image
registration, has provided a new method for remote sensing image registration. First, we introduced two kinds of traditional registration
methods and analyzed the advantages and disadvantages of area-based and feature-based registration methods in detail from the aspects of
registration accuracy, efficiency and algorithm robustness. Generally, there are two main problems in traditional methods: poor applicability
and insufficient utilization of the deep semantic information of the image. Second, we focused on the important progress of deep learning in
area-based registration methods and feature-based registration methods. According to the specific application purpose of deep learning, we
made a more detailed division of the above two methods and summarized the advantages and disadvantages of the existing research. In
addition, considering the importance of datasets for deep learning, we sorted and shared some public datasets for remote sensing image
registration. Due to the great progress of earth observation technology, an increasing number of remote sensing images are being applied.
Image registration is the key step of remote sensing image preprocessing and the basic research content of quantitative remote sensing
analysis. In recent years, research on remote sensing image registration algorithms based on deep learning has shown an increasing trend,
but it is still in the early stage, and the framework is not mature. It mainly includes but is not limited to the following shortcomings: (1) lack
of open source standard datasets; (2) difficult to apply to large-scale remote sensing images; (3) insufficient utilization of geospatial
information and spectral information of remote sensing images; and (4) long training time and the large computing overhead. From the
perspective of data and methods, we looked forward to the application of deep learning in the field of remote sensing image registration and
put forward four main research directions: (1) remote sensing image registration datasets; (2) registration methods based on hybrid models;
(3) registration methods based on different neural networks; and (4) training strategies based on small samples.

Key words: deep learning, image registration, area-based, feature-based, registration datasets
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