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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
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WHU-CD 0.3 32207 x 15 354 AEHY 2 AU T AR BT, AR
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Fig. 1 Illustration of the model-assisted annotation process
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((a) model-predicted change regions; (b) manually revised

reference labels)
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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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Table 3 Results of different change detection methods
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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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Fig. 5 Visual comparison of different types of change detection models on two sample pairs (the second 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

2 AR

Y J5 X B2 AR Xl ) B3 o B ) 1S 0, A AU 2 i
T AR AR SIS s AE I R B < AR AR TR A Tl R, ToU
BRIFE T2 B0 UE T BB AHREA A s . B
& H , 7€ Change Former H1, IoU 7£ 5| A5 3 4F A A
K F B {E (50. 61%) , 7E TingCD_v2 i1, ToU 7E 5] A
5 4 AEAEAS I 38 3] d 1 L (45. 73% ) 03X 15 B A Y
TEZ B AREA RS IR T | BRUETE S [A] P i B
T 1728 Ak DS T, B 5 1 0 I RS AR
MRS RE ST . FE R AL S SR v (&l 6 i) |, [l
Ui T 385 s AR A 9 AR TR AR 7 L S AR AR X s
()76 5 e I3, A RO A T AR S8 s AR I
FIF P9 722 A T A R A )

3 AR 4AERERE



$£31% /% 108 /2026 £ 10 A

ER, Bk, BeW, ZW, FRER, BRI
EANEZMNEERENRNEEENESRIE

5 I AR AR AR B R A R 1 X e ] AR 43 28 A
TERYZ RSN, %0 A — & L LA RS ARRAE
M 7 3 AR A 120 RS, A N [ 5 Y
UL BN o SR, SCRR SRR I, B 777 15
RN AT T, 5 AES AR I R AT E
g 7E Z2 AR AR AR RO PEREAR T, Rl R e
0] R ToU 45 b5 b SR BLSE I o 3k — 45 58 DA 1T 33
W], 22 I AH T SR T 420 35 1) NF 1) 48 245 A1 >R 19
AR R —E L b REBEHRIN bn 2 M A i o
(G TIN5 A TR) N, 5 36 UL 31 24 i i) 257 158
Ao R S 73 1 e ) B R v, S ke i
FHREAS A AR N (7] 55 e bt ZA T R R 5 A S
PEREHE £ Z TR I R

4 &

AR SR FEIE T T A 18 1) v ] R X s ) 22
i A 15 0 3 8 SRS AR A I B W 4 | SR FH 2 R AR
F5 2 X, BERME BT AR
R S e S R < O i BT BUZ € A% L o e ok
KRR 1 () RGE S0, H 7R T AN R B 7 AR fb K
DT 55 v 1k R 22 5, B0 E T AR ST ) 2 1Y) v 40 9
2R 22 Ao} A o SR AR A I Bt B A S B AR AR I AT 55
R R R DL R T B B R M . AR — IS
ISHER T — 2T T B A R S5 i
o HEE A [) 225 s R 5008 D11 25 1 sz 0 4 e AR 1k
TEA 22 B AR A AR B X B AR R 3] IR 2R P el 2%
AR R A IR . SEE A R, Z A i Y
G R G5 A I [) 48 2 A7 I8 7 728 AR A A 55 v B 2
Blt P A L, A A 750 fip b 4 3 25 T AL B T Y
LA

K BRI Ak Lk P i 25 0 22 b X S R s
i) B, I 223851 A6 L SAR \LIDAR %5 £2 5 18 Jifes
AFE SR B, LSRR 5 2 1 2 BRI AG
W55 Bsf e SR AR 5, 0F — 20 gl o A A T 1k
TEEEES 25 50T i g

BHE R A ER

X HERFROHFHIECEY BHF AT H
& 547 ScienceDB -F & - FF A 0 , 17 9] 3 Ak A https://
doi.org/10.57760/sciencedb.j00240.00110,

2 % 3Lk (References)

Bandara W G C and Patel V M. 2022. A transformer-based Siamese net-
work for change detection//IGARSS 2022—2022 IEEE Interna-
tional Geoscience and Remote Sensing Symposium. Kuala Lumpur,
Malaysia: IEEE: 207-210 [DOI: 10.1109/IGARSS46834.2022.
9883686

Bruzzone L and Prieto D F. 2000. Automatic analysis of the difference
image for unsupervised change detection. IEEE Transactions on
Geoscience and Remote sensing, 38 (3) : 1171-1182 [DOI: 10.
1109/36.843009 ]

Caye Daudt R, Le Saux B and Boulch A. 2018. Fully convolutional Sia-
mese networks for change detection//Proceedings of the 25th IEEE
International Conference on Image Processing (ICIP). Athens,
Greece: IEEE: 4063-4067 [ DOI: 10.1109/ICIP.2018.8451652 |

Chen H, Qi Z P and Shi Z W. 2022. Remote sensing image change
detection with transformers. IEEE Transactions on Geoscience and
Remote Sensing, 60: #5607514 [DOI: 10.1109/TGRS. 2021.
3095166 |

Chen H and Shi Z W. 2020. A spatial-temporal attention-based method
and a new dataset for remote sensing image change detection.
Remote Sensing, 12(10): #1662 [ DOI: 10.3390/rs12101662 |

Chen K'Y, LuCY, LiWY, Liu Z L, Chen H, Zhang H'T, et al.
2024. Time travelling pixels: bitemporal features integration with
foundation model for remote sensing image change detection//
IGARSS 2024—2024 IEEE International Geoscience and Remote
Sensing Symposium. Athens, Greece: IEEE: 8581-8584 [DOI:
10.1109/1GARSS53475.2024.10640593 |

Das S and Angadi D P. 2022. Land use land cover change detection and
monitoring of urban growth using remote sensing and GIS tech-
niques: a micro-level study. GeoJournal, 87 (3) : 2101-2123
[DOI: 10.1007/s10708-020-10359-1 ]

Deng J S, Wang K, Deng Y H and Qi G J. 2008. PCA-based land-use
change detection and analysis using multitemporal and multisensor
satellite data. International Journal of Remote Sensing, 29 (16) :
4823-4838 [ DOI: 10.1080/01431160801950162 ]

Du P J, Wang X, Chen D M, Liu S C, Lin C and Meng Y P. 2020. An
improved change detection approach using tri-temporal logic-
verified change vector analysis. ISPRS Journal of Photogrammetry
and Remote Sensing, 161: 278-293 [DOI: 10.1016/j. isprsjprs.
2020.01.026 ]

Fang S, Li K'Y and Li Z. 2023. Changer: feature interaction is what you
need for change detection. IEEE Transactions on Geoscience and
Remote Sensing, 61: #5610111 [DOI: 10.1109/TGRS. 2023.
3277496 |

Fang S, Li K'Y, Shao J Y and Li Z. 2022. SNUNet-CD: a densely con-

nected Siamese network for change detection of VHR images. IEEE

3587


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

3588

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

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

Geoscience and Remote Sensing Letters, 19: #8007805 [ DOI: 10.
1109/LGRS.2021.3056416 |

Gao Y H, Gao F, Dong J Y and Wang S K. 2019. Transferred deep
learning for sea ice change detection from synthetic-aperture radar
images. IEEE Geoscience and Remote Sensing Letters, 16 (10) :
1655-1659 [ DOI: 10.1109/LGRS.2019.2906279 ]

Han C X, Wu C, Guo HN, Hu M Q and Chen H R X. 2023. HANet: a
hierarchical attention network for change detection with bitemporal
very-high-resolution remote sensing images. IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sens-
ing, 16: 3867-3878 [ DOI: 10.1109/JSTARS.2023.3264802 |

JiDY, Gao S Q, Tao M Y, Lu H T and Zhao F. 2024. Changenet:
multi-temporal asymmetric change detection dataset//Proceedings
of 2024 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Seoul, Korea(South) : IEEE: 2725-
2729 [DOI: 10.1109/ICASSP48485.2024.10446592 ]

JiS P, Wei S Q and Lu M. 2019. Fully convolutional networks for multi-
source building extraction from an open aerial and satellite imagery
data set. IEEE Transactions on Geoscience and Remote Sensing,
57(1): 574-586 [ DOI: 10.1109/TGRS.2018.2858817

Li K'Y, Cao X Y and Meng D Y. 2024. A new learning paradigm for
foundation model-based remote-sensing change detection. IEEE
Transactions on Geoscience and Remote Sensing, 62: #5610112
[DOI: 10.1109/TGRS.2024.3365825 |

Li Q Y, Zhong R F, Du X and Du Y. 2022. TransUNetCD: a hybrid
transformer network for change detection in optical remote-sensing
images. IEEE Transactions on Geoscience and Remote Sensing,
60: #5622519 [DOI: 10.1109/TGRS.2022.3169479 ]

Liu M X, Chai Z Q, Deng H J and Liu R. 2022. A CNN-transformer net-
work with multiscale context aggregation for fine-grained cropland
change detection. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 15: 4297-4306 [DOI: 10.1109/
JSTARS.2022.3177235 ]

Lyu H B, Lu H, Mou L C, Li W Y, Wright J, Li X C, et al. 2018.
Long-term annual mapping of four cities on different continents by
applying a deep information learning method to Landsat data.
Remote Sensing, 10(3): #471 [DOI: 10.3390/rs10030471 ]

LyuZ Y, Lei Z ], Xie L F, Falco N, Shi C and You Z Z. 2024. Novel
distribution distance based on inconsistent adaptive region for
change detection using hyperspectral remote sensing images. IEEE
Transactions on Geoscience and Remote Sensing, 62: #4404912
[DOI: 10.1109/TGRS.2024.3378526 |

Pang C, Wu J, Ding J, Song C and Xia G S. 2023. Detecting building
changes with off-nadir aerial images. Science China Information Sci-
ences, 66(4): #140306 [DOI: 10.1007/s11432-022-3691-4 ]

Saha S, Bovolo F and Bruzzone L. 2018. Destroyed-buildings detection
from VHR SAR images using deep features//Proceedings of SPIE
10789, Image and Signal Processing for Remote Sensing XXIV.
Berlin, Germany: SPIE: 336-344 [DOI: 10.1117/12.2325149 |

Sexton J O, Urban D L, Donohue M J and Song C H. 2013. Long-term
land cover dynamics by multi-temporal classification across the
Landsat-5 record. Remote Sensing of Environment, 128: 246-258
[DOI: 10.1016/j.rs¢.2012.10.010 ]

Shen L, Lu Y, Chen H, Wei H, Xie D H, Yue J B, et al. 2021.
S2Looking: a satellite side-looking dataset for building change
detection. Remote Sensing, 13 (24) : #5094 [DOI: 10.3390/
1513245094 ]

Shi Q, Liu M X, Li S C, Liu X P, Wang F and Zhang L P. 2022. A
deeply supervised attention metric-based network and an open
aerial image dataset for remote sensing change detection. IEEE
Transactions on Geoscience and Remote Sensing, 60: #5604816
[DOI: 10.1109/TGRS.2021.3085870 ]

Singh A. 1989. Review article digital change detection techniques using
remotely-sensed data. International Journal of Remote Sensing,
10(6) : 989-1003 [ DOI: 10.1080/01431168908903939 |

Van Etten A and Hogan D. 2021. The SpaceNet multi-temporal urban
development challenge//Proceedings of the NeurIPS 2020 Competi-
tion and Demonstration Track. Vancouver, Canada: PMLR:
216-232

Wang R F, Yang Z J, Qiu H, Wang F, Gao G and Wu D. 2025. Light-
weight change detection network integrating feature interaction and
fusion. Journal of Image and Graphics, 30(3) : 870-882 (F{=J5,
REf, BRT, U, W), SR 2025, Z5E RRIE S TRIRL G
AR A R AR I I 2% . T [ IR R IEDE 43T, 30(3) : 870-882)
[DOI: 10.11834/jig.240280]

Wang Y H, Gao L R, Chen Z C and Zhang B. 2020. Deep learning and
superpixel-based method for high-resolution remote sensing image
change detection. Journal of Image and Graphics, 25(6) : 1271-
1282 (EHafHE, S, PRIEE, TR 2020. 45 G TRE ST M
AR IC Y = 40 FB IR AR . b [ R R DB 4, 25(6)
1271-1282) [DOI: 10.11834/jig.190319 |

Weismiller R A, Kristof S J, Scholz D K, Anuta P E and Momin S A.
1977. Change detection in coastal zone environments. Photogram-
metric Engineering and Remote Sensing, 43(12)

Yang K P, Xia G S, Liu Z C, Du B, Yang W, Pelillo M, et al. 2020.
Semantic change detection with asymmetric Siamese networks
[2025-11-14]. [EB/OL]. https://arxiv.org/pdf/2010.05687.pdf

Zhang C, Wang L J, Cheng S L and Li Y M. 2022. SwinSUNet: pure
transformer network for remote sensing image change detection.
IEEE Transactions on Geoscience and Remote Sensing, 60: #5224713
[DOI: 10.1109/TGRS.2022.3160007 ]

Zhang C X, Yue P, Tapete D, Jiang L C, Shangguan B'Y, Huang L,
et al. 2020. A deeply supervised image fusion network for change
detection in high resolution bi-temporal remote sensing images.
ISPRS Journal of Photogrammetry and Remote Sensing, 166: 183-
200 [ DOI: 10.1016/j.isprsjprs.2020.06.003 |

Zhang H, Liu W, Niu H, Yin P C, Dong S L, Wu J L, et al. 2024.

Land cover change detection based on vector polygons and deep



$£31% /% 108 /2026 £ 10 A

ER, Bk, BeW, ZW, FRER, BRI
EANEZMNEERENRNEEENESRIE

learning with high-resolution remote sensing images. IEEE Transac-
tions on Geoscience and Remote Sensing, 62: #4402218 [DOI:
10.1109/TGRS.2023.3346968 |

Zhao Y T, Li H C, Lei S, Liu N Q, Pan J and Celik T. 2024. COUD:
continual urbanization detector for time series building change
detection. IEEE Journal of Selected Topics in Applied Earth Obser-
vations and Remote Sensing, 17: 19601-19615 [DOI: 10.1109/
JSTARS.2024.3482559

Zhu D W, Huang X H, Huang H Y, Zhou H and Shao Z F. 2025.
Change3D: revisiting change detection and captioning from a video
modeling perspective//Proceedings of 2025 IEEE/CVE Conference
on Computer Vision and Pattern Recognition. Nashville, USA:
IEEE: 24011-24022 [DOI: 10.1109/CVPR52734.2025.02236 ]

Zhu Z, Qiu S and Ye S. 2022. Remote sensing of land change: a multi-
faceted perspective. Remote Sensing of Environment, 282: #113266
[DOI: 10.1016/j.rse.2022.113266 ]

EEE N

JARER B R WESE A, RS A R A PR R Il
Kl . E-mail : zhoujianquan23@mails.ucas.ac.cn

Wi AR VR, 5 WSS 51, BT O 1w Ay 1B SRR R
B IE TR PR 5 N

E-mail : chenjb@aircas.ac.cn

Xt , 55 R BFoE BB, 329y ) Ry i R A A AL
PR 5 3 G ARSI . E-mail : dengyp@aircas.ac.cn
L 2 WP B, RIS Ay i R R e AL B
E-mail : mengyu@aircas.ac.cn

WA, 55, e G AR, SE AR5 5 1)y i R UG R A e
FIEAHAE L. E-mail : chenjs@aircas.ac.cn

Ve JRAL, &, BB , T EWTSE T In) o AR S TR I B b AN
FHPLI; o E-mail : sui6662015@ytu.edu.cn

3589





