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Table 2 Performance comparison of representative semantic change detection methods

SECOND

| A SR /100 TR ABEERE/ 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
3T Transformer [ 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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R 1% 5 11 2 1) oL Tk A5 50 T R 28O 2 18 R PR G AL R AT 25 %0 Chen & ™R I T TTP, A FIAR B
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Table 3 Binary change detection datasets

LGS KERCE /UG R XBR) B EE 25 1] 43 BEH /m &5 5 5% A B[]
SZTAKI™ 952 X 640 13 1.5 A B R 2009-07
oscp' 600X 600 24 10 Sentinel-2 2018-07

CcppM 4 725X 2700 7 0.03~1.00 W b ER 2018-06
WHU-CD™M 32 507X 15 354 1 0.3 IR EIEEER 2018-08

LEVIR-CD™ 10241024 637 0.5 2 W 3k 2020-05

DSIFN® 512X 512 394 A iR ER 2020-08
GZ-CD"™ 10061 168~4 936X 5 224 19 0.55 A # 3k 2020-08
MUDS™"? 1024%1 024 2 389 4 2021-02

SYSU-CD™ 256X 256 20 000 0.5 e ElSKES 2021-06
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cLcp™ 512X 512 600 0.5~2.0 Gaofen-2 2022-05
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Table 4 Semantic change detection datasets
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product
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A Review of Deep Learning-Based Change Detection Methods for Bi-temporal Opti-
cal Remote Sensing Images

SHI Zhenwei’, ZHANG Haotian, GUO Han, ZOU Zhengxia
(School of Astronautics, Beihang University, Beijing 100191, China)

Abstract: Bitemporal 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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Foundation items: National Natural Science Foundation of China (Nos.62125102,U24B20177).
Received : 2026-01-11; Revised : 2026-02-26

*Corresponding author, E-mail: shizhenwei@buaa.edu.cn.



