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Abstract: Bi-temporal optical remote sensing image change detection constitutes a pivotal domain within
the broader field of Earth observation, aimed at systematically quantifying terrestrial surface dynamics. By
conducting comparative analyses of co-registered imagery acquired over identical geographical coordinates
at distinct temporal intervals, this methodology facilitates critical applications ranging from urban expansion
monitoring and resource management to disaster damage assessment. The exponential expansion of remote
sensing data, coupled with the precipitous maturation of deep learning paradigms, has instigated a
transformative era for this discipline. Consequently, the field is witnessing a phase of rapid algorithmic
iteration and profound evolutionary growth, significantly enhancing the capability to interpret complex
spatiotemporal patterns. Against this backdrop, this manuscript employs a comprehensive chronological
framework to systematically represent deep learning-based change detection architectures established over
the past two decades. Complementing this survey, it rigorously conducts a comparative analysis, explicitly
evaluating both the detection accuracy and computational efficiency of these state-of-the-art methodologies
across mainstream benchmark datasets. Beyond mere algorithmic review, the paper consolidates widely
utilized public datasets and essential evaluation metrics, thereby providing a standardized reference for
benchmarking model performance. Furthermore, this study structurally deconstructs the comprehensive
change detection pipeline into its fundamental components. Subsequently, the specific technological
advancements and methodological innovations driving the evolution of each critical stage are scrutinized in
granular detail to illustrate the workflow’ s maturation. Ultimately, prospective research frontiers are
delineated to forecast the field” s developmental trajectory. This outlook aims to serve as a roadmap,
offering essential reference and guidance to steer subsequent investigations and foster continued innovation
within the domain.

Highlights:

1. Adopting a rigorous chronological framework, this paper systematically surveys the landscape of deep
learning-based change detection methodologies designed for bi-temporal optical remote sensing imagery. It
meticulously maps the algorithmic evolution spanning the past two decades, illustrating the trajectory from
foundational neural networks to complex, contemporary deep learning architectures.

2. This study structurally deconstructs the comprehensive change detection pipeline, dissecting the task
into its fundamental components. It offers a granular analysis of the technological evolution within each key
module, meticulously scrutinizing the specific algorithmic innovations and architectural refinements that
have driven the progressive maturation of the entire processing framework.

3. This manuscript systematically consolidates mainstream public datasets and standard evaluation metrics,
serving as a resource for algorithmic benchmarking. Furthermore, it projects a forward-looking vision of
emerging research hotspots to provide direction for future scholarly inquiries in this domain.
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Fig.3 Representative methods of binary and semantic change detection
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Table 2 Performance comparison of representative semantic change detection methods

SECOND

By} A SR /100 TR AR E/ 107
SeK mloU
HRSCD strd 17.71 71.08 13.71 43.97
. . . SCDNet 23.66 73.06 39.62 116.98
I T R 22 I 4% 10 T 1 )
GCF-SCD-Net 14.10 67.60 25.57 56.10
DEFO-MTLSCD 23.91 73.65 26.02 100.27
ChangeMask 17.89 10.62
SCanNet 23.58 73.43 27.90 264.95
HTF Transformer 14 77 1
CdSCNet 22.60 73.26 33.86 134.80
TaCo 24.73 73.77 23.75 108.57
ChangeMamba 23.93 73.47 89.99 211.55
FoBa 24.61 74.50 86.32 183.68
FEF Mamba 197 ¥ GSTM-SCD 24.18 73.50 52.77 113.81
Mamba-FCS 25.50 74.07 189.54 263.15
AtrousMamaba 24.95 73.66 54.63 36.89
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S 1423 )7 . FC-EF \FC-Siam-diff \[FC-Siam-conc. ZHESLM 5 T AU FH 627 17 J8% 45 b 3 17 Kk
AR IR T J5 236 T ResNet 45 45 BUR T 9 4 $2 BURRAE (0 7F 7 R i 50900000017t
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2.1.2 3 T Transformer % 7 %

SR, 32 B T 45 R 258 00 45 1) Jrd 30 IR 2 W9 A% 0 465 BUH 1 I 4% i LA A 80 A 4 ey MM O 3R, 8 35 B
il 7 x4 R R SO BB 2 8 B R AR AR AT 55 . e B E AT IR 5L B OK 4 SR i
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ARG . SEAE LR MR 2% % 5 T I 98 Transformer 1) 42 o) f 455 B8 77, Mamba 8 T b 5| A G 27 38 J&
%H%‘i”{ﬂz@{ 450388, I R B H A R v O Rl S BB 4N Chien %514 1Y ) ChangeMamba,
HH UK Mamba I8 T 't 27 18 SR G HR E SR B, 5 2 1741 19 RS-Mamba "3 i 2l ik Mamba 1441 41 3¢
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CDMamba. /N [F]F DA A: ) 5 F 45 4% 70 20 el iF , 4 8 T ConvMamba B B I D 4 22 45 1iF 42 5 5
%S4 R O R 5 R R R I B IR B
2.1.4 A TRMBAGT &

BEAN, 52 25 T F il AR R0 7F 45 40 duk Jr B0 4 A BB R AL B R el S R i R R R SR A R
R A 30 S PR 7 A ARG Y0 450 38K %) F 5% AR o B IO R BRI  h  2, — 28R B T R B AR
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Table 3 Binary change detection datasets

LGS KRG RCE /UG R XBR)  EEEE 25 1] 43 B /m &5 5 5 A B ]
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NanjingDataset"”” 14 23111 381 1 0.3 A b Bk 2022-07
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Cwscp™Y 2 048X 2 048 200 1 BJ-2 .GF2 2025-01

SZTAKIM AR g #5481 ' 2 388 S AR AL A T B 4 22—, ol 133 K/ 952 X 640 1 R 48

T 2000 4F 1 2005 4F [ 2% 32 IR G R A . BOHR 45 78 56 BT B9 9.5 km®, A5 ] 43 HE % R 1.5 m/ R K L IF

PR TN TORS B bR T 9 AL AR I
OSCD™ 2 8 48 5 A8 T 3901 DX IR AR A, (0H S T ™ 5t KAl O 9 ARy 16 3 28 AL b i o < A8 1 2



578 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

B LA 8 AR N B R Ty -2 5 TR RO A A, e S ERVE R N EE B T 24 4 B R
I T A 7P LS T AR A B G XA R A SR G . BRI A A A HER R 10 m /MR 3 B R RN
600X 60014 % .

CDD"™ 3% 8 45 3 T 43 o Bk Sl 5 7 7 0 By 5 35 e 15 A48 Ao~ PG IR N TR i 7
A AR . R K/ g 4 725X 2 T008 3R, 25 (8] 43 HE 3 0.03~1.00 m/fR R , 41 35 /B B A5 (404
) B KA R AR 2 REXT 4 .

WHU-CD™M % 5 45 & 1 T @ 50 A8 (R A I, £ 8 — X K/ A 32 507 X 15 354 1% 2 (19 i 25 4]
%, 25 [ 23 BER 9 0.3 m/MR K o KOs 5 A0 45 4 2 587 AR Ak S 5], R A5 H: 22 10l 0 XUAR B K 10
LA S S B], WHU-CD 2 A B i) 32 8 04 22 508 400 728 £0 ARG I 37 00 36 ok 2 — .

LEVIR-CD"™ 1 iZ s 4 1 T 17 8 5040 28 (LR M B 5%, Hh 637 X K/l 1 024X 1 024 4R R i 45 #k
HuBR B G B, 25 (8] 43 HF R 0.5 m/MG 3R o MG 35 56 B S 50 5% 391 M 20 A [R) 36 Tl X sl , 0 i ek ] (25
BER IR 154F o 12808 A 240 1% 31 333 /R AL S ], FEREAS RUARE 24 ) WHU-CD 040 5 19 12 /%, SR 4%
RAEAE AL, LEVIR-CD 405 42 U iRy — 50728 fh ks i 45 88 e 35 T B =2 — ¢

DSIEN %808 45 40 A 394 X 3 YR T 45 TR BR (19 )6 25 18 S IR4% , IR K/ R 512 X 51248 %, B 3%
b5t AR R P A 5 AR .

GZ-CD" 3% K e 42 3R £ T v I N A8 XA A8 4k, M4 8 19 Xt 243 1] 43 38 % b 0.55 m /14 & #Y 43 k
3R G, SR AR I ) 5 B2 2R 2006 4F 22 2019 4F , B K/INE 2 1 006 X 1 16848 K 5 4 936 X 5 22418 &K .

MUDS"™M 808 4 440 55 2 389 I K/ b 1 024X 1 02415 3 1Y 3 B %, Bk 1] 35 3 O 18 & 26 4
H 2R3 R 4 m/ 18 %, 36 35 41 250 km”,

SYSU-CD'™™ . 1% % s 42 58 £ T 7 o X S A G 00, 42085 20 000 %23 ] 23 FE R 0.5 m /(R R B 25 3
8, LI Bsf ] 25 5 R 2007 4F 2 2014 4F o 32 B AR fb A0 35 30 T B 2 AR B B AR A LI B RO T T
AR,

S2Looking' " 5 M F T3k 17 7 5 (19 LEVIR-CD ¥4 42 A [, S2Looking 44 A 58 ¥ £ % 1) 1 4 A IX
B RBHE A 25 000 1% K /N 1024 X 1 02448 K ok A 45 b BR 19 627 38 B EG , 25 T 43 3R N
0.5~0.8 m/#4 %,

CLCD"™ 32 808 42l 3 L E 135 4> — 5 (Gaofen-2) TLA 19 600 %t 4 H B4 K 5, 43 BI4A 48 T 2017
AEFN 201948 B 5 AR KB, R R A B BER A T 0.5~2.0 m/M8 R, iR KR K /Ny 512X
51218 %K o Bl 4 b i 0 = 2 A A S5 5 W) G I T SRR A

CRCD"™" 1% %0t 42 B 36 26 [E 3 % P M 24 20 ke, 28 6] 23 B R 0 0.2 m/ {8 26, Sh 40 5% 3 237 1K K/
512X 51248 R K& .

NanjingDatase"" ™ : % ¥4 4 1 1) £ 50 28 1k , 5% FH R IR T 45 ol b Bk 114 328 Ja P 4%, 40 31 35 BT 2014
MERI20184F B mo T K8, UG R /N R 14 231X 11 38114 % , 2 M A HE%E H 0.3 m/ B £,

GVLM"™ % 48 45 L o0 W 0 0¢ 3 WE AT 453831, SR FOR R T 45 R b 3K A9 WU 1Ol 27 328 R R
L A IS |27 s e =3 N <IN YR B DN 27 AN E 2 S P 1 B AR R R g R e S S R VI
B, BB 35 10 AN 163.77 km®, 25 A1 43 BER N 0.59 m/MR2 S K/ R 1 748X 1 748~10 808X 7 424
BE.

HRCUS-CD"™ . % % ¥ 55 38 £ T of [ 2R g 1y X8k, b4 &5 11 388 Xt 2 3 S 1%, K% K/ Ay
256 X 25618 K , &S [ 43 R 0.5 m/ME E 5 T8 12 000 A8 Ak 5L 4]

EGY-BCD""™ 3% 545 4 1 1) £ 509 28 AL K AT 55 , 5% 0 A U5 T 48 Bk 1 T2 PRI M% , 7 26 0 B s
DAL 4 A 3T R I v DX, O8I B ) 5 B Ry 2015 4F 8 2022 4F o R AR AR AL E 6 091 X K /Ny 256 X



TR F A TIEAESE T Gk iR R B TR ks 579

256 R R EME 25 A5 PR R 0.25 m/MR & .

Hi-CNA" 28005 45 1 1) BF 028 A A AT 55, 5 18 7 36 R I S R Bk o 3 A8 5 . Bidm S b fu &
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Table 4 Semantic change detection datasets

. K% Gaxia 25 i) B KA

€IS EIME R/ UG R X ER) . gl S /m Pk U5 .
HRSCD"™ 10 000< 10 000 291 5 0.5 IREIEES 2019-10
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Hi-UCD™ 10241024 1293 9 0.1 IR EIEEEA 2020-11
JL1-SCD 256X 256 6 000 5 0.75 M5 2020-12
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SpaceNet 8" 13001 300 12 4 0.3~0.8 Maxar 2022-06
Dynamic EarthNet"*"! 1024%1 024 54 750 7 3 Fusion monitoring 2022-06

product
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