3572

E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRIFE

FEESHES TP18;TPT51. 1 XERFRIZAD: A XEHS: 1006-8961(2026)10-3572-18

X5 AR :Zhou J Q, Chen J B, Deng Y P, Meng Y, Chen J S and Sui C H. 2026. Construction and validation of a high-resolution multitemporal
remote sensing change detection dataset. Journal of Image and Graphics, 31(10) :3572-3589 (J& £ 5%, MR, XBHEIN, FH, WRELE, M52,
2026. [ 5FHEER 22 B AR EE AL R B SRR S B0 TE . o R E R EDEAEHR , 31(10):3572-3589)[DOI: 10. 11834/jig. 250563 ]

SR & BRI BT LR M BUR EHR SRiT

FIER D BRe ", S KRR FR’
1. P EREEE S K B AR GE, LA 1000945 2. rf [ERA B Al Tl S50 45 TRE2ARBE , LA 100049;
3. MG RFWHLS B T5 BB 5 264005

M OE: BH BB IR R B R ARG B TF B, BT S 2 5T U AR SR AT AR AL U] HE L
TEBRAR A I B Btk K 22 RUBE (1 b e AR ARRAIE o R 3% 22 IR A8 Ah ARG L 2 i 4t 35 35k Ak 2o B 0 S S 2 AL E N
BERETT 1) o SR, w85 43 B o o ek L 5 22 28 B b 3R 8 A 1) 22 A SRS AL R B SRR B = . AT IX — )
T, AR SO T — N7 2 R MR X —— K = BR  RUEEEE R R PG b X A A R | 2 I A S
75 A A6 I B 48 42 HR-MTCD (high-resolution multi-temporal change detection) . 7735  $UHE 48 G 4% ) i) 5 i 5 48, 4t
160141 8 005 M43 HF 227 0. 5 m AR B AR S AR AR, 76 7 DX Sl 15 I L b 1L b B v R 5 2 b 38U o
SRR SR SYRER E AU AR Ak A5 SR e AR AT U T A 5k 5 A SRR, g 2T M R
OB 5T S Z B ARAR AR I B SRl S A . R AR Fh U AL ISR - (19 5256 2 B, HR-MTCD %4l 4 )
FF IS IEA B R E s 2 et ARG SR 2Rt S e e 5 B 5 TR (PR RE . [RI , 7R S8 — SC S A 48 T R A Y dsh i =X
S AR R S 6 T o ) 2 £ AR ARG I b B A . G538 IR BR AR A D 3 SRR R ARG T M AR
AR A Al R S5 1l 22 A b 3R A b g A 220 i 4 T R OSSR . 0l 4R Tl o AT B B2 4K : htps://doi. org/
10.57760/sciencedb.j00240.00110.,

KA : JEBRALKI (RSCD ) 5 Z2 05 AH 5 43 B R i 4 s i sk ol s A= 2538 78 43 5 b e R 3 25

Construction and validation of a high-resolution multitemporal remote
sensing change detection dataset

Zhou Jianquan'?, Chen Jingbo', Deng Yupeng', Meng Yu', Chen Jiansheng', Sui Chenhong’
1. Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China;
2. School of Electronic, Electrical and Communication Engineering , University of Chinese Academy of Sciences, Beijing 100049, China;
3. School of Physics and Electronic Information, Yantai University ,Yantai 264005, China

Abstract: Objective The acquisition of land surface change information is a fundamental pathway for understanding the
evolution of the natural environment and the impacts of human activities. Land surface changes reflect the joint influence of
natural processes and anthropogenic drivers on landscape pattern evolution. Such changes are not only governed by natural
factors but are also closely intertwined with social and economic development. Timely and accurate monitoring and identifi-

cation of these changes are crucial for gaining deeper insights into regional ecological succession and urban expansion pro-
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cesses, and they provide essential scientific support for territorial spatial planning, ecological and environmental protec-
tion, and social governance. Remote sensing change detection is an important research direction in the fields of remote
sensing and geographic information science, and it has attracted increasing attention in recent years. The core objective of
remote sensing change detection is to identify considerable changes in land-cover elements within the same geographical
area across different time points by analyzing bitemporal or multitemporal remote sensing imagery. Most existing studies
focus on bitemporal change detection. Although substantial progress has been achieved in terms of detection accuracy and
computational efficiency, bitemporal approaches remain inherently limited in their ability to model temporal dynamics. In
real-world scenarios, land surface changes often exhibit continuity, stage-wise progression, and multiscale temporal char-
acteristics. Typical examples include the gradual expansion of urban areas, seasonal degradation and recovery of vegeta-
tion, and nonlinear postdisaster land surface restoration processes. Relying solely on two temporal snapshots makes it diffi-
cult to characterize such long-term evolutionary trends and complex dynamic patterns, and it also limits the ability to
uncover latent trends associated with gradual or periodic changes. Moreover, given that only two temporal images are
involved, bitemporal approaches are more susceptible to pseudo changes and misclassification when confronted with illumi-
nation variations, observation noise, and other acquisition-related inconsistencies. Consequently, exploring multitemporal
change detection to better capture the dynamic evolution of land surfaces has become an important research direction. How-
ever, from a data perspective, high-resolution, high-quality multitemporal remote sensing change detection datasets that
cover diverse land surface change types remain scarce. Most widely used change detection datasets remain limited to bitem-
poral imagery with corresponding annotations, primarily describing changes between two discrete time points. These datasets
are often constrained in terms of the number of temporal phases, spatial coverage, image scale, and temporal span. As a
result, they are insufficient for modeling and analyzing long-term, stage-wise land surface evolution processes, particularly
in complex application scenarios such as urban expansion and ecological transformation. To address these limitations, this
study constructs a high-resolution, multiregional, and multitemporal remote sensing change detection dataset, termed HR-
MTCD (high-resolution multitemporal change detection) , with the aim of providing fundamental data support for dynamic
land surface evolution modeling. Method The dataset covers five representative regions in China, including the Yangtze
River Delta, the Pearl River Delta, the Beijing-Tianjin-Hebei region, the Chengdu-Chongqing region, and Northwest
China. It integrates multiple types of land surface changes related to urban development and ecological evolution. The data-
set spans a five-year period, with changes annotated at one-year intervals, and consists of 1 601 change groups and
8 005 remote sensing images with a spatial resolution of approximately 0. 5 meters. The change categories primarily focus
on prominent land surface changes, such as building construction and demolition, and large-scale vegetation changes while
covering typical scenarios related to urban growth and ecological dynamics. This design ensures the dataset’ s practical
applicability and relevance, providing robust support for research on diverse land surface changes and for the development
of multitemporal change detection algorithms. Result Systematic experiments conducted using several mainstream change
detection models reveal performance differences among models and validate the usability and the inherent challenges of the
proposed high-resolution multitemporal dataset in real-world change detection tasks. Within a unified experimental frame-
work, we further design progressive cross-temporal extension experiments. By comparing detection performance as training
data from different temporal spans are incrementally incorporated, we evaluate the influence of multitemporal data on a
model’ s ability to recognize long-term, nonlinear, or gradual land surface changes. Experimental results demonstrate that
the temporal dimension information contained in multitemporal remote sensing imagery plays a fundamental role in change
detection tasks, offering new perspectives for models to understand dynamic land-cover evolution. Conclusion Overall, the
construction of the HR-MTCD dataset provides an important data foundation for advancing remote sensing change detection
from discrete bitemporal change identification toward comprehensive modeling of multitemporal land surface evolution pro-
cesses. In future work, the dataset will be continuously expanded to cover a broader range of geographical regions and lon-
ger temporal spans to better capture diverse land surface dynamics under different environmental and socioeconomic condi-
tions. In addition, we plan to incorporate multisource remote sensing modalities progressively, including optical imagery,
synthetic aperture radar, and LiDAR data, thereby enabling complementary representations of land surface structure, tex-

ture, and physical properties. Beyond geometric and radiometric changes, semantic-level change information will also be
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introduced to describe higher-level land-cover transitions and functional transformations. The dataset is publicly available

at https://doi.org/10.57760/sciencedb.j00240.00110.

Key words: remote sensing change detection (RSCD) ; multi-temporal high-resolution dataset; urban expansion monitor-

ing; ecological evolution analysis; temporal land surface dynamics
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Table 1 Introduction to high-resolution optical remote sensing image change detection datasets

Ve S 53 HER /m ZE NI &S KA ARG AR
WHU-CD 0.3 32207 x 15 354 ) 2 AU T R B, AR
BANDON 0.6 2048 x 2 048 =) 2 AARARE R A AT G S 72 A S
LEVIR-CD 0.5 1024 x 1024 HHY 2 LT -SRI SRR
S2ILooking 0.5~0.8 1024 x 1024 AEHY 2 A b X E LAk
CLCD 0.5~2 512% 512 B AE AL 2 & T AR W
SYSU-CD 0.5 256 X 256 et 2 LTI AT AL
DSIFN-CD 0.5~1 512x512 Za L 2 L TR AR, s E P 6 A
SECOND 0.3~5 512 %512 A2 2 AR 6 JAZ 0o Hh R T
TSCD 0.5 256 % 256 B 4 R AR R DX e S B PR AL
ChangeNet 0.3 1900 x 1200 AT 6 $8 ) Z2 I AH AN X PR Ak R




$31% /5% 108) /2026 £ 10 A

EER, WK, W&, ZW, FRER, BRI
EANEZHNBERENRNEIRENESRIE

T R RHIE, IE S A AL A 25 73 B s
DI BRI RA M5 B Mo Ak 1T X AR fL RRAE (19 R AR
e 11, BMAKFKFE , Transformer fE2J5 b F L@ 5
FEAEAE B 07 T B A P B oA B, B4l
Transformer ZEA4 7E Jry H 45 ¥4 15 1 25 40775 A5 7 I AT
AN
1.2.3 TR 0y A8 A A I 7 v

Bifi 5 JEE Al ASE U A TSR AT LA v T ) Pl A e, HE
58 K 1438 FH AL i ZRAE 2 7 o 288 SRR AR A I B 4 1 3
()77 1k VI o LRy vk A0 46 BAN (Li 45, 2024) FiI
TTP(Chen %5,2024) . BAN JEF 1% 45 1Y B afi 455 740 4

CLIP (contrastive language image pre-training) , 45 &

XL AH S BE 43 32 (Bi-TAB) DA K 3% #2925 16 1 2 5
e B IR IEA 200 AT 55 e ik, AT SE s 2
DS ESCHE 1) o R TC A AL RRAE SR I, TTP I il
B A 5 ARBR GO S, F Bt PR AR
1Y A [ i AR A B BB TEAR R o A5 6] vh 52 )
SEH. [ 38 5 22 J22 4 TN Sk A i v i i S A
ik, SVART , B T B AR AL (14 7 EETE Ak 7R 42 ) J%
VR = 6 1 SCRAERE 1 i [R) ) 388 o e AL ) <52 30
1 55 0 FRAE 4 JBURN 22 N AHZE B, A R T 1 R
TE2 25 50T WY AAG U S B2 S5 a4 v, by i %
AAGE I A Jo 748 22 S R 031 o) 4 Jey i SC B S A4 TR
Jila).
1.2.4  ZmHAA LA

S IA T 7 VR AU AR AR ARSI AT 55 R
137 IR B R A E B IS Y
Bt 5 AR R AR, (U AT W 30 52 A5 0 L2 %] iy
Hog B A fE . Wi, A R IR IR R 2 A2 4
LI, 368 5 5 | A E ] 91 3 oA 40 o IR R s A
BRI Pr . FRME TEZ —J& SpaceNet 7
Pk &% 7% (Van Etten F1 Hogan, 2021) #& H} A% MUDS
(multi-temporal urban development dataset) , 1% % 4
BT 2017—20204F 8] 101 AT X v 43 3
R Planet A%, B SR =W RIS 7 4% B Ay
SR 5 2R i WA, PR L T A SRR
FRULG HE JEE P00 1) SR LA R SR T T 7 gk R Y
B, N Z AR SR T B E T ARl R
1M, MUDS 4 4 52 FR T 8825 7] 73 B (4 m) (B
— Hu Wy 2 AU 5 A B ] 155 B, Mk DL S R R
RS ERBEIHT

BEA, Zhao 45 A (2024) 42 Hi 1) COUD (continual

urbanization detector) #E 22 ] FH 151 43 PR TSCD %4
LSBT VU AR A B AR AR, B T 2K
P2 o5 1 e 2o > ML), PR IR 22 5 oA AR T
TR T S S R RE T o A IR
AR T 22 AU ), (ELATS Jag R T B DX g
ZLFAL S5, TSCD Kbl 4 A3 2 A X 3 B AU
A MELL S e 22 2R ) ) 255 AL RRAE

22 I AR 7S ARSI ) 0F 5 i Ak TR A0 B B, S22 BR
Tk Z B 22 DCIURIRR T A 1 i e e 4 L A
WAETEE R IR T RER 5. xF Bk R R, A SoHy
AT A MR 5 AR AR X A R A R
5 I A] 1 2 1 ) 22 I AR S AR A I Bl 4, ook %2
I AR 5 Bl 25t R AL AT 5 S (ARl S

2 HR-MTCD #iE&EHE

2.1 A

AR SRR I R AT — A7 i v M AR IR T A S A
X1 22 I A ECRAE HR-MTCD , A i 9 5k 5 4=
DAL R R . ARBIRET R
G HKIET Google Earth [ 52 /5 43 BER 2445, 2L
AL PR T2 AR 58 & , HoAd H3E Google Earth 11
AH 5 AR 45 45 30 5 4 FLVE (https://www. google. com/
per-missions/geoguidelines/) . X & 4 DLV K 9% 75 [A]
GrHERR (20,5 m) 1Y @ o0 B FAR R 4R B
][RR S S A 40 EGR AR BRTE % S0 5 19 i ) 41 41
FEAS . BORAEALE 1 601 4545, 21 8 005 RS 14, 1A
BRSE R 512 x 51218 %, =5 0] L3 36 2 L X
B BREER AR T Iu AR B AR B
FEOUAH AR ARSI, th S R E 2 B AH A R oA
g T2 SR L G T DA B ESORL IS R 72 A TR 1) 22 5] AR b
Ak i A 22 B 4L A A
2.2 MRREHERE

ABFFEAE IR 2% T A AR M R AE Ik
ALK A A Z R, BRI T K =M X (4
31.0°~32.5°N,119.0°~121. 5°E) . Bk = fAHbIX (#
22.0°~23.5°N,112.5°~114. 5°E) . GUHEHEHb X (2
38.5°~41.0°N, 115.5° ~117.5°E) . Jili ¥ 1 X (&
28.5°~31.0°N,103. 0°~106. 5°E) FIPGIL T X (LA
Tk 0, £ 38.5°~39. 5°N, 100. 0°~101. 5°E)
SANSLARY X 8k . TG, 4 = A XA S o i R
14 R Rk T R, LA R B A 2 AR R R A1 23 TR A

3577


https://www.google.com/per-missions/geoguidelines/

3578

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 10,0Oct. 2026

Jed, T X B R T RE IR B R . LR BR
A 1 DX Ay R M T R T A 1 T DX
W O — M — 3T T R AR S S DB A, -
b RS AL LR RSO 3 b 5 7 el X AR R
SRR W . PR, EREL AL X AE 2 O IR TR R
3 A A LA it i AR Bl R B kT A
] ) 22 ) S 547 e . 55 L IR i b DX 3L 780
S B Ly b 3 T 2 (R A SR L IR T T R A2 BR T R A
T T VAT 3 i 52 4 IR sl ] P =4 e, 3 X R 5
TR GE YR X BT N, IR A= R i s AR AR . i
Jei , PEAET 5 X (RAsR AR A3 A T4 — i it
Wy, B S AR SIS, R AR AR Z
AL BERR S, B 5 RO HE R TR Ol i Bl gl
DL A B S a VIAR DG . BRI X R IX
AT AL Bh 7 L SR IR L TR R A A5 AR T 4
FETE I 25 55 RBAE 50 P b [ 2 M Ak it 36 3 5
A, i E A 5 M 5 PR AR O B AR R
P T IR SR

SRy AT (] 3% 2Pk 5 AR T A00% AR B5 8 A
5 AP ) 55 g B — A S H— S B AH , R RS A
AR . Z I AHRARTEAR BN R R 5 2= — 2
SAHI Ul PR 2 P 25 S R i 8, DA
PR b S Bl ) FL AR AR A R AR AR
D, 2 05 220 e N s b I R R R R 1 A AR
e A PLE L 5K E b R 5 ) HERR 2y
PR P AR A Chn e £ TR0 i e it T4 ) |, AR O
AL FAE W B S R PR e M. 2R R e 4
FER RT3k 0 [, el Af AR AR i i, B T
HH B IS FE FE S AT M (A
2.3 tREREE

SHAEARIERR A B 5 — B R T A Ak il
N1 BA 5 B T Y, AR SR — Rl 1 =X (i 4%
2024 ) LA AR B (1) Z2 AR AR AL AR 1 e 1R —
AWM I N {1, Ly - 1), IR 1 RS
NETHFAR . FERSAGR AL & Z A ) 2 i
FE Mz R UE R A — IR R R 28 N IE 5
B A S 1 BB B A ik ey, W25 5 S BObR T 4 %
AN [ B ) 28 A G R B F B I 25 0 Stk AR SCHE R
AT SR I TR 1 0 2K BRI AR 7R A 4B
PITREAR AR 3 AR A0S & 1 1 W B AH =2 1] 7 22 Ak
55, I 0 2 $E T Am 1 v 1 5 — Bk

TEFAE ISR , 250 NI AR S P T 4 4B b
LR AN TSN x (N = 12 R EHG R 528 fk bR
T Bt B A AR, A T O O K RERE R
MAMELA AR T . SRR R 2% B I e B ) 4%
JEAR B AR SCEE T M R AR AU A B 1 i i AR L 06T
10 T S B S~ A G S il A S SO | N 2 W ¢
(1,1,), (L, L), -+, (Iy_,, I,) Z TA] N T 2 A 4k IX
B0 R M T RS X < 22 B0 e A Ak (AN bk Tl A
SR AR AL s R Ak ) B BRI S i Sk
P, AH @I B AH 22 0] ) 22 Ak B R S e B0 S8 T b R
0 3k g A O v 3, T AR R AR LA T 32
AR RIS B N T AR B T b R etk
P, RIEFEFARITRCE

UEAN, Ryt PR TR i i S — B, A |
AT ERVE B bR . B SR CAT XU AH AR AR
MR AE 4] A5 3 B RS2 A5 % b A 7 TI 25 , AE  S %
AT R, K o m E AR Rt A T 2% (F 1
SRy e — DX R A B R S A A AR R O, 2 5% € 9]
52 DX oA AR I ) 74 Ak DX 3R, A £ 8 9 52 X
M BNTABIT IR FRESS ) o bR & ] fEA A
1 H 25 5 1 St b X R A 5 T e DX R A 448
1E , DI 3 3 FAI N TR () T AR S48, I a2
PR F LR 22 S B bR T 22 5% B DR PR T 25 SR A i
i PE 5 AT S, AR 58 R B B — N TAE T —
2R = B Bebn i AL, an g 2 s . de&
JIT A B R SR 20 28 0k 2 50 A8 UIRIE S — B
Ar, DA DR v 5 SR A 2 [R5 B A e 51 o X
IREI G SRR

2l ’“ L i 1
T AR Ak X sk (b) N LBV JERbRiEs
P RAR B i R s IR

Fig. I Illustration of the model-assisted annotation process
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Fig. 3  Representative samples from the dataset
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Fig. 4 Schematic diagram of cross-temporal image pair organization
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Fig. 5 Visual comparison of different types of change detection models on two sample pairs (the first sample group)
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Table 4 Comparison of generalization performance of different change detection models on cross-region testsets
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Table 5 The validity of multi-temporal data
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Fig. 6  Visualization of model performance evolution with increasing temporal span
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