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(a) General framework of change detection
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Fig. 1

VT AR A A DG ZR IR A AR T IR BE 2 2] A 18 IR AR
A H 1 3K 2 SCEE DA 2 2 A | B TR
il MBS A TG W B A5 A R [ JB R B 2 > 1) 2 A A
Tid, R AR S BRBE A B R R AR
FIEEME T B RTR B R 2 2T 4 D T Y Pk B
AT 5% (Shi %, 2020b; Khelifi Fl Mignotte, 2020;
Shafique 55, 2022) . SIA LB AN, A SCHEAE
T A SCER T RO AT L LS R S BT
MR AT . 2E it IS REARY | K0 5 A
GUE L, DR WA AR o3 B 4 i TR 2T Y
28 AR ARG I BAE 5 AR AR R 5 AR R 2 2]
ZRAPREATTANE], MRER . XS RN 3 Fh o ok
JE X A e TR A 2] (0 T SRS ARSI T 125 43 A
A5 I REERE 7 I TE 2 ARG I T e A Bk, 3o
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(b) FETHREE 2] (19722 fA Nl

(b) Deep learning—based change detection

T2 B A RGN BEAS R K B TR B 27 o i A AG I i A

Flowchart of general and deep learning—based remote sensing change detection
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DS o A ke i BRI B 5 E S 2%
2 SCERIHE T

ASHB a3 o o3 A 40 A B SCECE B WOS
(Web of Science) #Z.0&REHEE, KREIER .
it B F B A& (“remote sensing” ¥ “remotely
sensed”) Fl “change detection” F1 (“deep learning”
B “network”); SCHRZEHIIESE “C7. LA
WO C“TEZ &R 5l SCER Tk SCI-
EXPANDED HISSCI, 1 3CHi % CNKI, 58 5%
W FEREE R A CHEEAT B
R ) s SCHRSERLERE CoE AR ) A



1990 National Remote Sensing Bulletin i & 54k 2023, 27(9)

BRI 200041 H 1 HE20214E 12 31 H, 78
WAL ARG R Sk, s S e, AIERAER
FKICHK, FLAAT 258 Fif e 3 94 J h 3CIR ST (X
B S S L E 28 5% - hups: Jgithub.
com/thebinyang/ChangeDetectionReview| 2022-04-07]).,

2.1 XEk&EH

211 EXE

R S A L TR R A ) A B SR A A
WEoT I A8 bR . e SCE AF BRAZ fk an 1 2 Jir
R, 20164 LI, [ BR A SCTREE 2% o) 1Y 18
ARG AIF 50 2 I AF S PR 3G KB 3, K
AN 99.05% , K SCHEAE 2021 4F 1K B 125 F .
TR EE 27 > © 28 WA 18 %08 Ak A6 T 1Y) BIF 9 34 R
K W 58 F 45 LR 28 M 46 CNN - (Convolutional
Neural Network) (Shi%§, 2021b). H#h4ilS4s AR
(Autoencoder) (Geng 55, 2019) FlA:= il =8 x4t [
2% GAN (Generative Adversarial Network ) (Hou %%,
2020) A2 I e A S R RS ARASI . IX 2R T L
71N Y 7 B 90 e L A A I T VA R PERE (Shi 4%
2020b) . ENBFFEIRT 2017 4, 5 [ BROFSE #a3
FEARRFF—H

20 1
11114 e

ole—a = ‘
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Fig. 2 Published articles on deep learning—based

change detection

212 HFIFNMES T

X SCRFMRIG T ir &3, ik 258 f ot
SCESCEFRAE 3200 L, HdkscE w2 n 100
W)k 86.05%, W 1 FTR . MHLK & SCHE Kk
F, A 140 ZHK KRB SC, 4514 28,
38 FHLA B — RS 18 SN 2020 4F | 2021 4R FF IR &
e, UL I TR B 2 2] 119 3 JR AR Ak A I A 3T AR
ZHTHEZHIMKE ., B CERZHMANES (a)
JiaR, H 10 HUAS 2y i 2 SO ) 66.28% ., X 1
KM A 8 ok A, F A b DX 3 B AR fh s
WA R R T, R R .

®1 ETREZIMERZUARNGS HWEHZHT10 AT

Table 1 Top ten journals publishing papers on deep learning—based change detection

Hi4 LURIEAS RO S H% ST (2021-06 K ATEURE)
1 Remote Sensing 70 27.13 4.848
2 IEEE Transactions on Geoscience and Remote Sensing 38 14.73 5.600
3 IEEE Geoscience and Remote Sensing Letters 37 14.34 3.966
4 IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing 26 10.08 3.784
5 ISPRS Journal of Photogrammetry and Remote Sensing 13 5.04 8.979
6 Journal of Applied Remote Sensing 10 3.88 1.530
7 International Journal of Remote Sensing 9 3.49 3.151
8 IEEE ACCESS 7 2.71 3.367
9 International Journal of Applied Earth Observation and Geoinformation 6 2.33 5.933
10 Remote Sensing Letters 6 2.33 2.583
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FHEAEMZ (E3 (b)) R T ARG
BRop B MM EZ R EERR, K3 (b) i
WA A, W/ MURIZ A 1 A
R D PR ik B AN R VA o e T RE N (B
KA. W3 (b) AJLIFE I, ARG EY
FH RS, AR B KRS IEE,

JEHIER T 24 DL E B3 R AR B,
PSR J7 1) b A S sk, an vy s R
FE T2 0 A P A S 1 10 WA B 1 = b o) /7
AR A R A, A 75 R AT BN A
AE. GAN. CNN %512 5 o [R5 B 20 B3 T
B KGR FRIE (Gong %5, 2017a; Zhan 55,
2020; Wu%§, 2022b), M2 A Z 51 CNN
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(Li%, 2019b; Yang, 2022), ilIUKZAMTK R
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Hu 45, 2021; Shi %%, 2022) . FF&F6 K%M
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(b) Scholar cooperation network
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(d) Networks used in deep learning—based change detection
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Fig. 3 Bibliometric analysis of research on deep learning—based change detection (Data source from WOS)
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TREE 272 M 2%, B2 /b A B )2 1Y 1) 4%
(Voulodimos %%, 2018; Dargan %%, 2020; Dong %,
2021), i3 (d). H - CapsNet Hi5 & % ) 2%
(Capsule Network) . H Al 3= i F (1 /) 2% 4% 771 4
ffi: CNN (68.89%). AE (10.00%). GAN (8.52%) .
G 1 # 22 B 4% RNN  (Recurrent Neural Network)
(4.07%) FRPEE(S M2 DBN (Deep Belief Network )
(3.71%) % (K13 (d) ). CNNRZEH U-Net (Peng
45, 2019) . PCANet (Li %, 2019a) F1 ResNet
(Qian %5, 2020) %% ; AE LW F h %05
#r (Khan?f, 2017). 22453 A 8hZilh e (Zerrouki5F,
2021) FIE A Zh4I54E (Mesquitads, 2020) 45
H e AN, GAN 4% 3 B T84 1t o DL Je
B (Niu%%, 2019; Chen%, 2021a), RNNAH
R TR Z 0 445 5, DBN M 25 1] 7 JC i &
FEAE 4 B o f T 10 I 28 A5 7Y e, 5 4y 1 FH T 2 JK
ASAR RGN, 0. Transformer (Chen4%, 2022a)
FI &R 2 M 2% GCN  (Graph Convolutional Network )
(Tang 5%, 2022),
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JE T IR B 2 ) 1Y e JR AR Ak A DN S
Tz ) R A AR (74.22% ), #E5
(8.59%) (Ji %5, 2019a) . #F MK (3.52%) (Khan
45 02017) . B (3.13%) (I 45, 2020;
Papadomanolaki 5%, 2021) ZRfLKGIN, DA KUK A4
FE (3.13%) (Sublime £ Kalinicheva, 2019) FI{F
Pk (2.73%) (Chen 5§, 2018) “F&kk, 7E1
AR L 3ok T A RN PP AN A5 T AR AR
I, ABAT 5 BR7E A% G0 o FH 403k HLAE BE U8 . PR4E Al
RORAEN D o BRIz B A R 8 55 AR AR
WLAAN, SR AR AT A A
3 WREE 2 I 3 S Al Ky

5%

R TRE o7 ) SIS, - LT
O 328 SRR PR R A, T PR B 3 ) 2% o R 245 46
WUV KT 22 Fh e T IR 7 ~) 1 i B A A I 7%
X BETT AR X G AN [RDRLJE AL )
Rk 22 5%, SRl aod Jm 2 0 465 Ak B — 5 i HOR
FERHEIF AN AR AL . 4 PR BB TR R X
SMGE 3 MG T R SCES, KRBT AR FTT
LIRS IO . 25 F 8 TR 4T .
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Fig. 4 Classification of deep learning—based remote sensing

change detection methods (Data source from WOS)
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FETAR R A8 B AR LA 7 vk AR R
MERIA (Bahdd 1) REURERE, B%E
FIWT AL TE N (Lyu %, 2016; Shu?, 2021), &
B 4 2] o T AR AR I 5 L i vk o T — 4
BRI A ML (5 (a) ), BFE SRR URE
A W EE Ak 1) B S i A AE (Zhang 2%, 2016b;
Geng %%, 2019) . DBN (Zhang%%, 2016a). RNN
DL S U JE 28 W 2% DNN - (Deep Neural Network )
(Cao %, 2017; Geng %%, 2019) Z54b® ., X T
CNN X2k A "R AER N4 (5 (b) ), 14
R IE I 38 2 A 6 1 AR A R RAE S H 4%
HIWr R R AR AIEB (Gao 5, 20165 LidE,
2019b) .

FEFBREN LT W, (2R KA
BORBAR, IFH B TR E S, K
RO A MR (Han %5, 2020) ., @i shsE
P12 IR Jmy 5 R AE 1T 2 i W 7 S ), [] A AT
JUARTBC RS B2 A 22k, SRS s H ik K nT B
ORI i 28 Ak 1 B (Zhang 25, 2016b) . 7EIY
HFZEEKEE (Mous, 2019). SAR (Planinsic
M Gleich, 2018) FiE GIEEME (Huang%s, 2019)
AR A PRGBS R R I, TR E A k4
BOMWERG, JF HIEH TR MBS 5, B an s il i
VKAEAL (Gao &, 2019) . FEdAk (Zerrouki 55,
2021) FIFMEE (Adarme %, 2020), X T &5
5 T R PR A5 00 e LA ke B AN (] 000 A B B e 4
TR AR AL (Xu%E, 2019; Zhang%, 2021b)
5N . X e 2R — o R BRRH TR TR R
TR IE 2% ) 3 A ARG I % .
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(a) —HERFAERT AR 2%

(a) Network with one—dimensional feature input

K L
(b) —HERFHIEH A 4%

(b) Network with two—dimensional feature input

=

KI5 JETRER BRI 7 ) 1B B ARG 7 vk
Fig. 5 Pixel-based deep learning methods
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X G AR X N T — o SR L B A X AT
BEMHE (ChenZs, 2012), HAEA RS GG
M SCHRRIE (5 45, 2016), $EHLEORSHH
HPE B (Lei%s, 2019b). JEFXF5R 0 L4 Bt
I T 5% SO 2% A A R ) 1 25 TR RRAE O R
2SR R AR ), NI s 8 B ML P LA & 25 A8 1k
XA A 25 S 2 (Lu %%, 20165 Bueno 55,
2019; Jing %%, 2020), 750 PR g & &G4 1k
K B — e, I HLBl A TG 0 A s P
SAAAEAL (Timilsina%, 20205 ZhangE, 2021b).

TERET XG0k, X G A il e B Y
W —, EERZ WL R B (Song 45,
2020) o %A IR T EARUEAS [A] AR B R S A
—H (YuqE, 2021). XfZnlad 3 #0720k
(1) ETHEDE (K6 (a) ), $rZmf A KA
B B EE (Wang 58, 2020b) o & RHL 2 7+
K14 DI (Difference Image) (Lei ZE  2019b; Zhan
&, 2020) JEArEIAE RS (2) FTFH—AH
srEILE (K6 (b) ), ¥R—mAR 5 FI AR5
BC 25 Fr A A (Zhang %, 2020b; Liu%, 2021);
(3) ST 2 aE (Ble (¢) ), #it&m
AR AR 3 EIT S (Gong %5, 2017¢) .

(b) FETF H— M R 23330 5 9 % G2 A2 T 35X

(b) Object generation method based on single temporal segmentation boundary

(c) FETF Z MR 7 23 H A X G A 7 3K

(¢) Object generation method based on multi—temporal independent segmentation

Ko TR0 G BT 7 ) 1B B A G 7 vk
Fig. 6 Change detection with object—based deep learning methods
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TEMRZ R G A, R etk R AR
ZESLIC (Simple Linear Iterative Clustering) £l F 4
R R ey A=A EINER VS EPOE SUR N OF i
(Gong%§, 2017¢; EiHald &5, 2020), 2fx) Zff
BB Z — o Aok oy 8 2ok 43 FRR 43
FA, Xu%$¥ (2019) 1 Zhang 55 (2023) #Eil
BEBARF RN R AR I, Zhan 55 (2020)
I Shi 55 (2021a) WX 22 RUEE 3 31 ) HE AR 3R 43511
Rl A2 4k, R AR AL 2 A2 R 2R 5 . X 2Ty
AR T X R0 ik e, Ah, iR
GMELL EL I AR EE 2 2 W4, HBE X SRR AIE ]
RJa PIE s 5E (Lv 45, 2018; LeiZs, 2019h),
G 3o ) f O DA R 30 SRE A X G e Ry RS B
(Zhang %5, 2020b; Liu%§, 2021),

33 ETHB=RA%E

BT Y5 75k o M s AR 3 Ry ek,
1 22 I AH R R IEGAE S o BT BT, Rl S AR
Oy (7 (a) ), B0E 53l AR 3 2%
(&7 (b)), —WMEH W BT A 15 R A 22 AL DL
(Peng %, 2019), Al EJRMHERMERER, H
AERE, TEMTTE R, S VAl AU 45 HE AR
H (Zhang &5 2019a; de Bem %5, 2020; Shi%%,
2021b) . f%%i T LEVIR-CD (Chen I Shi, 2020) .
WHU building data set (Ji %, 2019b) . OSCD
(ONERA Satellite Change Detection) (Daudt % ,
2018) . SZTAKI AirChange Benchmark set (Benedek
I Szivanyi, 2009) ALK AIFIRIL, TFREM
KEWFFEAWR = T2 BE

R 3] AP
reiall g R

(a) & B3 37 00 2% B AR A A DU

(a) Change detection based on single branch network

(b) T XU3 3 100 285 (9 28 A AG

(b) Change detection based on dual branch network
F7 BT YRR 2 2] D5k A2 A A N

Fig. 7 Change detection with scene—based deep learning methods

LR R R S LN AR R, RS
e T S 5 DT SR ) ] 5 ke B A IR 2% 4 1 T
BHP MR R BTN, RIFEE TR
M5 (Lin %%, 2020) . EHRBA /NG 0 25 £k
R RE AT SRR, W A SE N BRI SE g
WHATIE (Li%E, 2021), Bb4bh, EEHHEIR
Hen] Dyt /b 3 85 i 7 AR Pl 2 B i B R SOfE
BK (de Bem 4§, 2020; Shu%, 2021).

25 B2 M 4% FCN  (Fully Convolutional
Network) (Shelhamer 4%, 2017) {F A1%%t CNN iY
SO A SRR B SOfF AR IEE T, Reag

W)
e _’ﬂii
> ) | iy
R
&1

B2 AT B/ MG S A T o B i 25, K AR
A DA Ry 5 B 18 2% 93 2 S LR T4 e i A2 Ak A
W, T FON (1R FH i 45 A #4545 44 1) U-Net
RE A% Rl 22 RUOBE R AR B A s RO ERfR v, 91 ek
HE) U-Net++ P 4% (Peng 25, 2019) DI M H A%
JEA] 5 FRA U-Net (LiuZs, 2020) %5, XSUfF5
AT T4 5 A AR A ARSI R PR K JR 1 73 2 —
PR CNIN ot Ay 28 Ak S 1 de EZEREA (3 (d)
I 4) . BRI, FCON AR R i bm 3 19 1 ik
A, SN RE AR ) A= il FERT 2R T o
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34 EERERE

TERRBUSZ . WM SRHiE IR, 8 R 8at
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Fig. 8 Challenges and development directions on deep learning—based change detection
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Abstract: Remote sensing change detection can provide information on land surface change, which is important for studying man-nature
interactions and facilitating sustainable development. With the advancement of remote sensing imaging technology and the rapid development
of computer technology, extensive remote sensing images with various modes and spectral, spatial, and temporal resolutions have been
collected, enabling the development of massive remote sensing change detection methods based on deep learning and their successful
application in a wide range of fields.

Unlike previous reviews, this work examines remote sensing change detection based on deep learning from the perspectives of
bibliometric analysis, research scale, and critical problem exploration to provide reference materials for future remote sensing change
detection research. The definition and importance of remote sensing change detection as well as the motivation for this review are briefly
presented in the introduction. The literature structure and research hotspot information of existing research, such as the number of publications,
distribution of journals and institutions, main researchers, common data sources, network model, and application field information, are
clarified in the second section, which is combined with bibliometric analysis. In the third section, focus is on deep learning-based remote
sensing change detection algorithms, which are categorized and presented on three scales: pixel, object, and scene. How to extract pixels,
objects, and scenes from remote sensing images as well as how to perform network analysis are also explained. In the fourth section, the
limitations of deep learning-based remote sensing change detection are covered, and the most recent research are presented to address these
issues as well as future development possibilities. Next, a segment dedicated to the finale.

The bibliometric analysis reveals deep learning-based change detection has progressed rapidly in the last three years, with fruitful
research results and domestic institutional scholars dominating. High-resolution images and CNN are the most used data sources and
network model, and extensive land use/coverage and building change detection are hot application fields. As for methods, different research
scales respond to varied data features and network model structures. The object and scene technique have advantages, and they face similar
issues, which are summarized below. First is the problem of detecting changes using multimodal remote sensing data. To address this,
adversarial training, attention mechanisms, and feature deep fusion methods based on feature space transformation appear promising.
Multimodal data fusion and other multimodal learning approaches are among the future’ s emerging directions. Second, change detection
under small sample and imbalanced sample settings is difficult. Semi-supervised schemes must be improved to address the problem of small
sample size, and self-supervised methods are predicted to become a research hotspot. The oversampling technique and ensemble learning in
deep learning models provide a new path for unbalanced samples. The third issue is obtaining diversified change information. Semantic
change detection, which obtains extensive information on change types, and Transformer for time series change detection, which obtains
long-term change information, are the future trends. Furthermore, deep learning-based change detection requires advances in gathering
dynamic information such as time and seasonal pattern of change.

This work systematically compiles and reviews the research status and progress of deep learning-based remote sensing image change
detection. Multimodal heterogeneous change detection, semantic change detection, and time series change detection are future prospects as
application needs and data diversity grow. In the areas of resources, the environment, and disaster relief, practical uses of existing knowledge
are few. Continuously extending the in-depth study of new technologies and methods is required as is promoting wide, in-depth remote
sensing change detection research and application.
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