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Abstract: 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 pro-
cesses 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 identification of
these changes are crucial for gaining deeper insights into regional ecological succession and urban expansion processes,
and they provide essential scientific support for territorial spatial planning, ecological and environmental protection, and

social governance. Remote sensing change detection is an important research direction in the fields of remote sensing and
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geographic information science, and it has attracted increasing attention in recent years. The core objective of remote sens-
ing change detection is to identify significant changes in land-cover elements within the same geographical area across dif-
ferent time points by analyzing bi-temporal or multi-temporal remote sensing imagery. Most existing studies focus on bi-
temporal change detection. Although substantial progress has been achieved in terms of detection accuracy and computa=
tional efficiency, bi-temporal 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 multi-scale temporal character-
istics. Typical examples include the gradual expansion of urban areas, seasonal degradation and recovery of vegetation,
and nonlinear post-disaster land surface restoration processes. Relying solely on two temporal snapshots makes it difficult to
faithfully 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, since only two temporal images are involved ,
bi-temporal approaches are more susceptible to pseudo changes and misclassification when confronted with illumination
variations, observation mnoise, and other acquisition-related inconsistencies. Consequently, exploring multi-temporal
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 multi-temporal remote sensing change detection datasets that
cover diverse land surface change types remain scarce. Most widely used change detection datasets are still limited to bi-
temporal 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 limi-
tations, this paper constructs a high-resolution, multi-regional, and multi-temporal remote sensing change detection data-
set, termed HR-MTCD (high-resolution multi-temporal change detection) , with the aim of providing fundamental data sup-
port for dynamic land surface evolution modeling. 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 North-
west China. It integrates multiple types of land surface changes related to both urban development and ecological evolu-
tion. The dataset 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 pri-
marily focus on prominent land surface changes, such as building construction and demolition, as well as large-scale veg-
etation 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 multi-temporal change detection algorithms. Systematic experiments conducted using several main-
stream change detection models reveal performance differences among models and validate both the usability and the inher-
ent challenges of the proposed high-resolution multi-temporal dataset in real-world change detection tasks. Within a unified
experimental framework, we further design progressive cross-temporal extension experiments. By comparing detection per-
formance as training data from different temporal spans are incrementally incorporated, we evaluate the influence of multi-
temporal 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 multi-temporal remote sensing imagery plays a fun-
damental role in change detection tasks, offering new perspectives for models to understand dynamic land-cover evolution.
Overall, the construction of the HR-MTCD dataset provides an important data foundation for advancing remote sensing
change detection from discrete bi-temporal change identification toward comprehensive modeling of multi-temporal land sur-
face evolution processes. In future work, the dataset will be continuously expanded to cover a broader range of geographical
regions and longer temporal spans, so as to better capture diverse land surface dynamics under different environmental and
socio-economic conditions. In addition, we plan to progressively incorporate multi-source remote sensing modalities ,
including optical imagery, synthetic aperture radar (SAR), and LiDAR dala, thereby enabling complementary representa-
tions of land surface structure, texture, and physical properties. Beyond geometric and radiometric changes, semantic-
level change information will also be introduced to describe higher-level land-cover transitions and functional transforma-

tions. The dataset is publicly available at: https://doi. org/10. 57760/sciencedb. j00240. 00110. )
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2021) 2 P 45 AT LR Z2 B 28 T ROdi 58 B R BLIE 5 .
B )5 , Transformer Z5 A8 8% 5 | AZBALAG AT 55, LA 42 Jm)
R L g K B A AR B g, Ay vk
an ChangeFormer(Bandara &5 2022) .BIT( bitemporal
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Tabel 1 Introduction to High—Resolution Optical Remote Sensing Image Change Detection Datasets

Btk SIHEROK) - AR (1R F) KA SR R
WHU-CD 0.3 32207x15354 Y 2 ST R HUE A, AR BT
BANDON 0.6 2048x2048 HHY) 2 BRI A LA R rh SR 7 A
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S2ILooking 0.5-0.8 1024x1024 B 2 ARt b X FE AR AL
CLCD 0.5-2 512x512 Pt 224k 2 ST i NUAR
SYSU-CD 0.5 256X256 Lra ek 2 LTI A AR
DSIFN-CD 0.5-1 512x512 ek 2 LE T O AR A A 5 FE ST
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TSCD 0.5 256x256 =Y 4 R AR A S I TR Ak
ChangeNet 0.3 1900%1200 Zia ek 6 P AR AR Ab S o
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(fully convolutional network , FCN) 5| A 78 1k £ il 451
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U-Net; Siamese FCN 2245 % 1 224 (siamese ) M 2§ 43
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1.2.2 BT Transformer B9 728 AL AN 7 1
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4 ) ZE A2 I 4% ChangeFormer, ‘& A A% 0o R T2 53
JZ 45 ¥4 1 Transformer 4 i 2% 5 22 J2 /&M AL (multi-
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hybrid network for change detection) J& 15 224 , 1Z A%
RU3H 13 45 4 Transformer 55 U-Net B4 350k AR 42 )
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e, IR R RS R B TSR AL T X AR AR i 2
fERES) o SMARF , Transformer 7E42 Ja) 7 SCHAE
SRR S 7 T BAT L AR S A By, o4l
Transformer 224 7E Ja i 45 14 5 10 G 240 15 A% 07 IHIAF
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R SR AW I B T Heftl . AT, MUDS $di 42
ZRTEALE B P (4 K) YRR 54
IR ) 25 B2, W LA S A% i G P R B R AR A 5 A 2
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AR, Zhao %5 N (2024) 42 H: ) COUD (continual
urbanization detector ) HE 42 15 43 HE 4 TSCD 45
RS T DY AR A BT ARSI, Rt T B — 2
PR 5 1 1 U I BLH TR 22 5 b A AR T
TR AL S AR BIRE T o R RIS )
IR T Z2 AT S, (AT R BR T B X el A

BLFRAT S5, TSCD Hl A AR 5 A A1 X 3 5 AN G
AR AL, ME LA B 22 S 70 ) ) 27 5 T AL R AT o

2 i AR AR ARG I R BF 5 4 Ak 2B B B, 32 B
T i A 2 DX bR oAk I A AR A
LRI S8 SR ) o] e R R 527 O s B e [ 1 N 4
T AN R AT 5 AR X B S R
5 5 (1) 2 2 1) 22 s A AR AR ARG I BB 4 oAk £
A A 5 Bl 25 b e AL AT 9T SR (A S .
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2.1 #HEi&

AR SCAE I A — A ] AR B T A S A
A X 1Y 22 I A B 48 HR-MTCD , B i i 5k 5 4=
DAL R R . ARBIRET R
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per-missions/geoguidelines/) . £ 4 DL K 9% %5 (1]
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] _F A TUAR , # BROBAEBRTE 3 20X 55 114 J5 i 2 241
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1RRSE R 512x5 1248 2%, 25 (0] 17 55 224 BUR X8
PSR R T on B LR 2 8500 45 I S 4L
A A AR ARSI | A, SR 2 B AR A S R BT, o 8
TR G TN DA 5 FRORUER AR 72 A TE 0] 1] 22 B A b 3 A8
A3t A 220 o A o AR A
2.2 MIRREHERE

ABFFEAE DI £ 2% T A AR M BRI Ik
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Fig. 1 Illustration of the model-assisted annotation process
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Fig. 2 Schematic diagram of dataset annotation and quality

control 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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Table 4 Comparison of generalization performance of different change detection models on cross—region test sets
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