
Identifying where and when urban renewal occurs: a 
continuous change detection-based framework using two 
decades’ worth of Landsat data
Chong Liua,b, Qi Zhang c, Huabing Huanga,b, Hanzeyu Xud,e,f and Xiao Chenga,b

aSchool of Geospatial Engineering and Science, Sun Yat-sen University, Guangzhou, People’s Republic of 
China; bKey Laboratory of Comprehensive Observation of Polar Environment (Sun Yat-sen University), 
Ministry of Education, Zhuhai, People’s Republic of China; cDepartment of Geography and Environment, 
University of North Carolina at Chapel Hill, Chapel Hill, NC, USA; dJiangsu Key Laboratory of Crop Genetics 
and Physiology/Jiangsu Key Laboratory of Crop Cultivation and Physiology, Agricultural College of 
Yangzhou University, Yangzhou, People’s Republic of China; eJiangsu Co-Innovation Center for Modern 
Production Technology of Grain Crops, Yangzhou University, Yangzhou, People’s Republic of China; 
fResearch Institute of Smart Agriculture, Yangzhou University, Yangzhou, People’s Republic of China

ABSTRACT  
Urban renewal plays a central role in enhancing city liveability by 
rebuilding outdated structures into productive and vibrant spaces. 
While satellite remote sensing enables physical characterization of 
urban environments, identifying the precise location and timing of 
renewal remains challenging. Here we developed a 30 m city-scale 
urban renewal mapping framework with the use of dense Landsat 
time-series information. By leveraging the Continuous Change 
Detection and Classification (CCDC) algorithm, we designed a 
decision tree model to identify pixels experiencing urban renewal 
and utilized the temporal contextual knowledge to estimate 
temporal metrics, including start time (ST), end time (ET), and 
duration (DUR). Experimental results in Beijing city confirmed the 
feasibility of the framework, achieving spatial and temporal 
accuracies of 82.36% and 71.39~86.60%, respectively. Our mapping 
results revealed that the total area of urban renewal within the 
study area reached 340+55 km2 from 1999 to 2019, distributed 
unevenly along the urban-rural gradient. We also identified the 
dominance of quick demolition and reconstruction implementation 
accomplished within five years. The framework provides a new 
paradigm for continuously monitoring city development from the 
perspective of urban renewal, thus supporting the improvement of 
urban land planning and management.
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1. Introduction

Urban areas are an idiosyncrasy of human footprint on the Earth’s terrestrial surface 
(Acuto, Parnell, and Seto 2018; Liu et al. 2019; Gong et al. 2020). For the first time in 
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history, more than 50% of global population is now living in cities and towns, a percen-
tage that is expected to approach 70% by 2050 (UN 2017). Moreover, urban areas have 
profound socio-economic and environmental eLects, contributing approximately 80% of 
world’s gross domestic product (GDP) (Zhou et al. 2022), generating 70% of global waste 
(Zhu et al. 2019), and accounting for 75% of greenhouse gas emissions from worldwide 
energy use (Solecki, Seto, and Marcotullio 2013; Solecki, Seto, and Marcotullio 2013). 
Underpinning these socioeconomic activities are unprecedented waves of urbanization 
and substantial increases in natural resource consumption, which have given rise to criti-
cal challenges, including environmental degradation (Grimm et al. 2008; Zhang et al. 
2022), slum growth (Reba and Seto 2020), public health issues (Gong et al. 2012), and 
infrastructure inequality (Zhou et al. 2022; Che et al. 2024). Therefore, the world requires 
more scientific knowledge than ever to achieve sustainable development from an urban 
perspective (Seto, Güneralp, and Hutyra 2012).

In the past few decades, global urbanization was primarily characterized by the expan-
sion of built-up areas (Liu, Huang, et al. 2020). However, with socio-economic develop-
ment and limited land reserves, the ongoing urbanization process has been gradually 
shifted from the phase of outward sprawl to the stage of improvement within existing 
urban regions, especially in developing countries under economic boost such as China 
and India (Manupati, Ramkumar, and Samanta 2018; Frolking et al. 2024). Urban 
renewal (also termed as urban regeneration/redevelopment) is an essential strategy for 
policymakers to revitalize urban spaces that are outdated and no longer conducive to 
contemporary social living (Liu, Wei, et al. 2020). By demolishing unsuitable residential 
buildings and municipal facilities, new constructions can be promoted to boost land 
values and enhance environmental quality (Zhang, Zhang, and Lin 2014). At the city 
level, urban renewal is usually associated with land surface morphology change (Zhao, 
Chen, et al. 2023), and therefore plays a critical role in regulating energy .uxes (Ahma-
dian et al. 2021; Bansal and Quan 2022). Despite its economic and ecological importance, 
the spatiotemporal pattern of urban renewal has been rarely quantified across scales, and 
most of our current understanding of urban renewal is still generated using national/ 
city’s statistics (Zhang, Zhang, and Wu 2021) or based on field investigations 
(Hashemi-Parast, Yamazaki, and Liu 2017), both of which suLer from sparse spatial 
representative and inconsistent accuracy (Zhao, Xia, and Li 2023).

The emergence of Earth-observing satellites has significantly enhanced our capacity to 
understand urbanization processes, with remote sensing techniques being widely utilized 
to characterize land cover and land use changes (LCLUC) associated with urban renewal. 
For instance, Yue et al. (2006) employed sub-pixel classification of satellite imagery from 
two distinct periods to assess urban functional dynamics in Shanghai, China. This 
approach was further advanced in a more recent study by Qiao et al. (2020), which incor-
porated multi-source remote sensing data. Although these post-classification analyses are 
straightforward and capable of identifying where urban renewal activities are located, 
they do not address temporal concerns such as when do urban renewal activities start/ 
end and how long do they last. These challenges highlight the necessity of using 
denser time series remote sensing data to understand the complete timeline of urban 
renewal, including demolition and reconstruction (Ni et al. 2023; Wang et al. 2023). 
The unrestricted access to the Landsat dataset since 2008 has facilitated unprecedented 
opportunities for advancing the monitoring and analysis of land surface condition 
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(Wulder et al. 2022). With the pixel size of 30 m and the revisit cycle of 16 days, time 
series Landsat observations enable the monitoring of comprehensive urbanization infor-
mation including building age (Hu et al. 2024; Zhuo et al. 2024), city regreening (Zhang, 
Brandt, et al. 2024), and urban morphology changes (Wang et al. 2023). However, these 
urban environment monitoring approaches are not specifically tailored for urban 
renewal, and most of them bear with limited temporal frequency and .exibility, 
making them less applicable in areas undergoing quick demolition and reconstruction 
that typically accomplished within 2∼3 years.

The enhanced accessibility of remotely sensed imagery, coupled with the growing avail-
ability of cloud computing resources and platforms like Google Earth Engine (GEE here-
after) (Gorelick et al. 2017), has substantially broadened the community of users engaged 
in processing and analyzing satellite observation time series (Potapov et al. 2020). Based on 
this premise, recent years have witnessed the development of specialized temporal segmen-
tation algorithms for fine-grained land surface change monitoring, such as LandTrendr 
(Landsat-based detection of Trends in Disturbance and Recovery) (Kennedy, Yang, and 
Cohen 2010; Kennedy et al. 2015), BFAST (Break detection For Additive Season and 
Trend) (Verbesselt, Zeileis, and Herold 2012), CCDC (Continuous Change Detection 
and Classification) (Zhu et al. 2015), VCT (Vegetation Change Tracker) (Huang et al. 
2010) and C2C (Composite2Change) (Hermosilla et al. 2016). Among them, LandTrendr, 
VCT, and C2C are trajectory-based change detection algorithms that utilize annual stacks 
of satellite imagery, relying on the availability of cloud-free composites for accurate tem-
poral analysis. Therefore, these methods are primarily useful for natural ecosystems and 
may not perform as well in non-vegetated or highly heterogeneous landscapes (Cohen 
et al. 2018). In contrast, CCDC leverages all available imagery to generate predicted 
values, enabling change detection at .exible temporal scales and supporting near-real-time 
monitoring capabilities. Moreover, CCDC stands out for its ability to continuously 
monitor changes while simultaneously classifying land cover, making it a powerful tool 
for comprehensive land cover applications including LCLUC (Wang et al. 2020; Xian 
et al. 2022), forest disturbance (Zhang et al. 2022), and plantation abandonment/regrowth 
(Xu et al. 2021). Although exhibiting great potential for land surface monitoring, CCDC 
has been seldomly used to study large area urban renewal processes, which is due primarily 
to the fact that running CCDC requires substantial computational resources, as it involves 
per-pixel, repeated model fitting on extensive time series imagery. The high computation 
and storage costs have unnecessarily restricted its practical application, especially in urban 
areas where enhanced land surface monitoring knowledge is critically required (Hu et al. 
2024). This predicament has been alleviated by the implementation of the CCDC algorithm 
on GEE platform (Arévalo et al. 2020). More recently, Gorelick et al. (2023) used two 
decades’ Landsat archives to implement the change detection component of CCDC (CCD 
hereafter) at a global scale, and ported the resulting segments product into Earth Engine 
Data Catalog, which further facilitates fine resolution (compared with coarse satellite 
sensors such as MODIS and AVHRR) and large area land surface dynamics applications.

Based on the complete Landsat achieve over a 20-year period (1999~2019), the objec-
tive of this study is to establish a spatiotemporally continuous framework to monitor 
urban renewal dynamics at a fine resolution (30 m) city scale. Here, urban renewal 
refers to the complete process of removing old built-up areas and reconstructing new 
ones (Zheng, Shen, and Wang 2014). We utilized the CCDC algorithm to identify all 
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land cover change(s), which were adopted for estimating per-pixel existence of urban 
renewal based on a decision tree model. Temporal contextual information was then 
employed to derive key temporal metrics associated with urban renewal processes. We 
aim, by identifying where and when urban renewal activities occur, to advance our 
understanding of urban environmental change, which will benefit the ongoing eLorts 
on sustainable development goals by public/governmental sectors.

2. Materials and methods

2.1. Study area

Our study area is Beijing city (39°26→∼41°03→N, 115°25→∼117°30→E) (Figure 1(a)), which is 
located at the northern tip of the North China Plain with a population of 21.89 million 
(BMBS 2020). The topography of Beijing is highly diverse, ranging from .at plains in the 
southeastern part, to mountains along its western and northern borders. As the country’s 
capital, Beijing exemplifies many other big cities in China that suLer from social, 
environmental, and infrastructural problems due to rapid urbanization and population 
growth. To combat these challenges and pursue sustainable development, considerable 
eLorts have been made on the reconstruction of existing built-up areas during the past 
decades in Beijing (Ni et al. 2023), providing a valuable opportunity for us to assess 
the proposed framework of urban renewal information extraction.

Figure 1. The study area: Beijing city. (a) Overview of the study area (DEM source: Copernicus DEM 
GLO-30). (b) Zoom-in view of Beijing’s urban space defined by the global urban boundary dataset 
(GUB) in 2018. The land cover distribution is derived from the ESA WorldCover 2020 product. The 
mixed vegetation class encompasses grassland, shrubland, and herbaceous wetland. (c) Eleven 
Administrative districts (CP, CY, DX, DC, FS, FT, HD, SJS, SY, TZ, and XC) involved in this study. The 
district abbreviations are given in Section 2.1 of the main text.
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For the spatial extent, we focus on the urban core and its surrounding area of Beijing, 
defined by the global urban boundary dataset in 2018 (Li, Gong, et al. 2020) (see Section 
2.2.2). This is because most urban renewal occurred within this area. Although urban 
renewal also exists in places outside the delimited boundary, they are rather scattered 
in relatively small scales (Wang et al. 2023) and hence negligible for testing the algorithm 
framework in this study. After spatial filtering, our study area covers a total of 5,715 km2 

(34.83% of the total land surface area of Beijing) and encompasses multiple land cover 
types, including built-up, cropland, forest, mixed vegetation, water, and bare soil. 
(Figure 1(b)). Of the eleven administrative districts involved in this study (Figure 
1(c)), six (Chaoyang (CY), Dongcheng (DC), Fengtai (FT), Haidian (HD), Shijingshan 
(SJS) and Xicheng (XC)) are situated in the center of Beijing and are recognized as the 
urban core, whereas the remaining five (Changping (CP), Daxing (DX), Fangshan 
(FS), Shunyi (SY) and Tongzhou (TZ)) are regarded as peri-urban regions.

2.2. Datasets

2.2.1. Global Landsat-based CCD segments
Gorelick et al. (2023) implemented CCD at the planetary scale (i.e. all landmasses 
between 60°S and 85°N) using full daytime Landsat archives from 1999 to 2019. 
Among available Landsat products, only the category of Collection 1 Tier 1 imagery 
was used because it has high geo-registration precision, well-characterized radiometry 
and is inter-calibrated across diLerent Landsat instruments (https://www.usgs.gov/ 
landsat-missions/landsat-collection-1), all of which are essential features for robust 
time series analysis (Liu et al. 2019; Liu, Zhang, et al. 2020). DiLerent from previous 
attempts for local academic uses, this new implementation aims to enable worldwide, 
dense Landsat time series processing and information extraction. For this purpose, a 
pre-computed global CCD product was generated using the default parameters in 
version 12.30 of the MATLAB implementation (Gorelick et al. 2023) and subsequently 
integrated into the GEE cloud environment as a standalone image collection asset. As 
Figure 2 illustrates, this CCD product identifies statistical breakpoints within Landsat 
time series data and further models surface re.ectance over time. Two adjacent breaks 
jointly determine a time segment that is assumed to depict stable land cover with distinct 
spectral signatures. Each pixel thus contains a sequence of one or more of these time seg-
ments. The outputs of each time segment have a pixel size of 30 m, and contain four 
groups of geospatial parameter layers including: (1) the number of Landsat observations 
(one layer); (2) the start, end, and breakpoint dates (three layers); (3) the per-band har-
monic coe9cients (56 layers), modeled root mean square error (RMSE) (seven layers), 
and magnitude of the detected breakpoint (seven layers); (4) the pseudo-probability of 
the detected breakpoint being true (one layers). Readers can refer to (Gorelick et al. 
2023) for additional details of this global CCD product. In our study, we filtered the 
CCD image collection by the extent of the study area, and used the ‘Suite of Tools for 
CCDC’ (Arévalo et al. 2020) in GEE to visualize and manipulate CCD outputs.

2.2.2. Auxiliary data
In addition to the Landsat-based CCD segments, three auxiliary data were further used in 
this study. The first is the global urban boundary (GUB) dataset (Li, Gong, et al. 2020), 
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which was created from the global artificial impervious area (GAIA) product (Gong et al. 
2020) and provides worldwide polygon features for urban/non-urban separation. Note 
that the GUB dataset contains seven epochs (1990, 1995, 2000, 2005, 2010, 2015, 
2018), from which the latest result (GUB 2018) was used to delimit the urban extent 
of Beijing. The second auxiliary dataset is ESA WorldCover (Zanaga et al. 2021). This 
dataset oLers global-scale 30 m land cover information based on a 11-category classifi-
cation scheme. Here only the WorldCover product for the nominal year of 2020 (World-
Cover 2020 hereafter) was selected to reduce uncertainty from temporal disagreement. 
We further adjusted the original classification system of WorldCover 2020 by merging 
mixed vegetation types, including grassland, shrubland, and herbaceous wetland (Xu 
et al. 2024). The third auxiliary dataset is the Copernicus Digital Elevation Model 
dataset at the 30 m spatial resolution (i.e. GLO-30 DEM, https://spacedata.copernicus. 
eu/collections/copernicus-digital-elevation-model), from which we obtained three 

Figure 2. CCD land surface change detection and segmentation for an urban renewal pixel. Blue dots 
represent clear Landsat observations. The black curve is the model fit including four segments separ-
ated by detected breakpoints. Segment end date, start date, and break date are labeled by dark blue 
solid line, light blue solid line, and dashed line, respectively. The high resolution images (derived from 
Google Earth) display land surface conditions in 2003 (before urban renewal) and 2019 (after urban 
renewal), respectively.
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topographic variables, which were elevation, slope and aspect. These variables served as 
additional image features for CCD segments classification.

2.3. Methods

2.3.1. Overview of the proposed framework
From the perspective of LCLUC, urban renewal is a complex process that displays 
sequential changes from built-up land to urban vacant land (e.g. bare soil with grass 
or water), and then back to built-up land again. Based on this premise, we developed 
an algorithm framework to estimate the existence of urban renewal and characterized 
its spatiotemporal patterns across the study area, using the Landsat-based CCD segments 
product and other auxiliary data with the pixel size of 30 m. The framework was applied 
for pixel-level analysis, so the pixel-based consistency across time can be guaranteed. 
Figure 3 illustrates the .ow chart of the developed framework, which includes three 
major modules: (1) CCD segments classification, (2) urban renewal information extrac-
tion, (3) evaluation and analysis. In the first module, we generated a training sample set 
that was consistent throughout the study years and used it to determine the land cover 
type of each time segment by performing a machine learning-based classification pro-
cedure. With the classified segments dataset, the second module was conducted to 
extract per-pixel urban renewal information. To achieve this goal, we designed a decision 
tree model to identify pixels that experienced urban renewal and leveraged the CCD- 
detected, temporal contextual information to estimate three metrics of urban renewal, 
including its start time (ST), end time (ET), and duration (DUR). Finally, we evaluated 

Figure 3. Flow chart of the developed framework for urban renewal information extraction.
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the generated urban renewal maps and analyzed their spatiotemporal patterns. The 
proposed framework was implemented on the GEE platform.

2.3.2. CCD segments classification
We constructed the training data set before implementing the time segments classifi-
cation. Traditionally, training data were collected by field investigation or interpreted 
from high resolution imagery, both of which can be labor intensive. To address this 
issue, some studies migrated training data from existing land cover products or 
sample libraries for their respective uses (Gray and Song 2013; Huang et al. 2020). Fol-
lowing these endeavors, we developed a method that generated consistent training data 
with the combined use of the Landsat-based CCD segments product and WorldCover 
2020. The first step of the method was to identify all available stable pixels within the 
study area. Here, ‘stable’ means no abrupt land surface change is detected by CCD, 
and therefore a consistent land cover type can be assumed. Once stable pixels were deter-
mined, their associated land cover classes were labeled by WorldCover 2020, and these 
labeled stable pixels were regarded as the classification reference. To minimize the 
impact of misclassification within the WorldCover 2020 map, the identified stable 
pixels were further refined by applying a class-specific erode filter with a 3 G 3 pixel 
kernel (Zhang, Zhao, et al. 2024).

While the pool of stable pixels contained millions of potential training pixels, land 
cover class size and distribution were highly unbalanced. Therefore, we implemented a 
stratified random sampling strategy to optimize the selection of the training data. The 
six strata in the training sampling design were tree cover, mixed vegetation, cropland, 
built-up, bare land, and water (i.e. all modified WorldCover 2020 classes in the study 
area). Following the suggestion of Zhu et al. (2016), an initial training sample size of 
20,000 was used in this study. The sample size of each stratum was determined according 
to its mapped area by WorldCover 2020. It is important to note that such a proportional 
sample allocation may result in extremely large or small sample sizes for some strata 
(Zhang, Zhao, et al. 2024). To achieve a better sample balance, we enlarged the sample 
size to reach the minimum if a stratum had fewer training pixels than the minimum 
required. In contrast, we reduced the sample count to meet the maximum if a stratum 
involved more training pixels than the maximum allowed. The minimum and 
maximum training pixel number limits per stratum were 600 and 8,000, respectively 
(Zhu et al. 2016; Zhang, Zhao, et al. 2024). After visually verifying and removing incor-
rect pixels, the final training dataset contains 19,923 stable pixels, including 4,654, 702, 
5,084, 7,961, 925, and 597 randomly selected pixels for tree cover, mixed vegetation, 
cropland, built-up, bare land, and water, respectively.

Based on the generated training sample dataset, we implemented the classification 
component of CCDC for all changed pixels in the study area. Unlike conventional 
approaches that directly classify the satellite image, we used the segment as the basic 
classification unit. By predicting each segment’s land cover type, a classified sequence 
throughout the study period can be generated at the pixel level for urban renewal infor-
mation extraction. In this study, the classifier feature inputs came from three variable 
groups. The first group consists of harmonic model coe9cients from Landsat surface 
re.ectance and thermal bands, representing spectral patterns of diLerent land cover 
types at the temporal domain. The second variable group was the per-band model 
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RMSE value that quantifies the agreement level between the CCD model estimation and 
the actual Landsat observation. We also included three topographic variables (elevation, 
slope and aspect) from the GLO-30 DEM dataset as the third variable group. The feature 
extraction procedure resulted in a total of 66 variables as inputs to the Random Forest 
Classifier (RFC) (Breiman 2001). This machine learning method was used as the super-
vised classifier because it can handle high dimensional feature spaces and is robust over 
large areas (Dannenberg, Hakkenberg, and Song 2016; Liu et al. 2019). For the purpose of 
balancing the classification accuracy and computational cost, we configured RFC to use 
300 decision trees (Belgiu and Drggu) 2016; Liu et al. 2021), and determined the number 
of features for splitting each node as the square root of the total number of input feature 
variables.

2.3.3. Identification of urban renewal existence
Although the urban renewal process is highly complex, it follows two basic principles at 
the temporal domain: (1) the land cover class should be built-up at its initial and final 
states; (2) there should exist land cover change(s) during the study period. Using these 
principles as priori knowledge, we designed a decision tree model to map the per-pixel 
existence of urban renewal. Taking a given pixel i as an example, Figure 4 provides a sche-
matic demonstration of the model. First of all, we relabeled the segments classification 
result to create a binary time series profile, indicating the land cover condition (built- 
up as 1, others as 0) at each segment. Then, several decision rules were employed to ident-
ify pixel i as one of the following four types: natural cover, urban expansion, stable urban, 
and urban renewal. 

(1) Identifying non-renewal pixel types. If the last segment was labeled as 0 (Snclass = 0), 
pixel i was identified as natural cover. Otherwise, we moved on to the next step by 
checking the first segment. If it was labeled as 0 (i.e. S1class = 0 and Snclass = 1), we 
regarded pixel i as land experiencing urban expansion. Since both urban renewal and 
stable urban areas exhibit the same land cover classes at the initial and final states (i.e. 
S1class = 1 and Snclass = 1), additional steps were carried out for their identification. 
A distinct characteristic of urban renewal is that it involves land cover change(s), so 
pixel i was identified as stable urban land if no break was found by CCD 
(Chgnum = 0).

(2) Excluding false alarms. We further considered the impact of ‘false changes’ detected 
by CCD, which would result in statistical breakpoint(s) but unaltered land cover 
condition (i.e. false alarms). Given that the urban renewal process, as mentioned 
in Section 2.3.1, usually includes a vacant land period characterized by bare soil or 
vegetation (Wang et al. 2023; Zhao, Xia, and Li 2023), It can be expected that at 
least one segment classified as non-built-up land cover category after demolition 
and before reconstruction completion. Otherwise, pixel i was assigned to the 
stable urban type if its CCD time series included multiple breaks (Chgnum . 1) 
but all segments were labeled as 1.

(3) Dealing with a special case. Noted that the aforementioned decision rules are not 
applicable if pixel i changed only once (Chgnum = 1) (i.e. two segments and both 
labeled as 1). To deal with this special case, we adopted a threshold-based approach 
to separate stable urban and urban renewal types. Time series breakpoints associated 
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with urban built-up changes often have greater shortwave infrared re.ectance 
change magnitudes than those caused by subtle conditional environment variability 
(Xian et al. 2022; He et al. 2024), and thus an indicator Ind can be defined as:

Ind = abs SWIR1 magnitude
S1 SWIR1 rmse

 
(1) 

where SWIR1 magnitude represents the CCD detected SWIR1 band change magni-
tude of the breakpoint (re.ectance diLerence between observation and prediction), 
S1 SWIR1 rmse is the SWIR1 band derived root mean square error from the first 
segment model fit, which was used to characterize the relative impact of CCD 
time series model fitting on the spectral change magnitude. To determine the 
optimal Ind, 200 sample pixels that experienced one CCD-recorded break were 
selected, with one half collected from stable urban areas while the other half from 
the urban renewal areas. Based on the collected sample pixels, we calculated the 
mean Ind values of stable urban (Indstable) and urban renewal (Indrenewal), 

Figure 4. Decision tree model for per-pixel urban renewal identification.
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respectively. For pixel i, the equation of identifying its type can be expressed as:

typei = urban renewal, |Ind ↑ Indrenewal| , |Ind ↑ Indstable|
stable urban, |Ind ↑ Indrenewal| ↓ |Ind ↑ Indstable|


(2) 

By applying the decision tree model pixel by pixel, a spatially continuous map of urban 
renewal distribution can be derived for the study area. We also removed isolated urban 
renewal patches by setting the minimum map unit (MMU) as 11 connected pixels 
(Cohen et al. 2018).

2.3.4. Extraction of ST, ET and DUR
Identifying urban renewal existence is important, and knowing when urban renewal activi-
ties take place at the pixel level is more valuable. In this study, we used CCD-detected land 
surface changing information to estimate three temporal metrics of urban renewal includ-
ing ST, ET and DUR. Among numerous re.ectance bands and remote sensing indices, 
SWIR1 was selected as the spectral indictor because it is sensitive to both demolition 
and reconstruction changes (Wang et al. 2023; Hu et al. 2024). In general, the land leveling 
process will result in SWIR1 re.ectance increase (DSWIR1 . 0). Conversely, the trans-
form from vacant land to new construction is associated with decreased SWIR1 re.ectance 
(DSWIR1 , 0). Therefore, the task of pixel level urban renewal temporal metrics esti-
mation can be implemented by finding the first and last CCD breaks exhibiting positive 
and negative DSWIR1, respectively. Figure 5 graphically depicts the determination of 
three temporal metrics at one example pixel. The built-up area stayed spectrally stable 

Figure 5. Illustration of estimating three temporal metrics of urban renewal at one example pixel (40° 
07→N, 116°38→E). The vertical axis represents the surface reflectance of Landsat SWIR1 band. Blue dots 
are clear Landsat observations. The vertical lines in red and green colors shows the estimated ST and 
ET, respectively. DSWIR1Breaki (i = 1, 2, 3) indicate SWIR1 reflectance changes for three CCD detected 
breaks.
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during the pre-renewal period (from 1999 to 2009). In 2010, however, demolition was 
carried out and an abrupt land surface change was identified with positive DSWIR1. As 
a result, ST was determined as the end time of the first segment (2010/03/15). After 
that, the vacant land was firstly covered by bare soil/vegetation mosaic, and then went 
through new building construction, resulting in two breaks in 2013 and 2016, respectively. 
Since both breaks display negative DSWIR1, we chose the latter one to separate renewal 
and post-renewal periods. On this basis, ET was determined as the start time of the last 
segment (2016/08/08), indicating the completion of urban renewal. Finally, DUR was cal-
culated as the temporal length between ST and ET (6 years 147 days, or 6.40 years). To 
improve the rationality of the estimated results, we also added a correction procedure if 
DUR was less than or equal to 0. For this case, ST and ET was simplified as the end and 
the start time of the first and the last segments, respectively.

2.3.5. Evaluation and analyses
The generated urban renewal maps were evaluated in two aspects: spatial and temporal. 
For the spatial accuracy assessment, we examined the urban renewal distribution map by 
designing a stratified random validation sample set. The four strata used were natural 
cover, urban expansion, stable urban, and urban renewal. For stratified random sampling 
practices, Olofsson et al. (2014) suggests a validation sample size (n) calculated as:

n =


WiSi
S(ô) (3) 

Si =

Ui(1 ↑ Ui)


(4) 

where Wi, Si, Ui are the mapped area proportion, the standard deviation, and the expected 
user’s accuracy of stratum i, respectively. S(ô) is the standard error of the estimated overall 
accuracy (OA). By assuming a standard error of 1% for OA and target user’s accuracies 
(0.85, 0.75, 0.85, and 0.75 for natural cover, urban expansion, stable urban, and urban 
renewal, respectively), Eq. (3)-(4) gave a resulting validation sample size of 1,370, which 
was round to 1,400. We allocated 500 sample units to the urban renewal stratum for redu-
cing the sample-based area estimate uncertainty. The remaining 900 sample units were allo-
cated evenly among the other three strata. The reference category label for each sampled 
unit was determined by expert interpretation with the support of Landsat Time Series 
Explorer, a shareable GEE App tool that oLers annual stack of image chips around the 
Landsat pixel of interest, as well as temporal trajectories of spectral bands or indices 
(https://jstnbraaten.users.earthengine.app/view/landsat-timeseries-explorer). Historical 
images from Google Earth and ESRI living Atlas Wayback (https://livingatlas.arcgis. 
com/wayback) were also used to refine our judgement. If a sample unit was interpreted 
as urban renewal land, its temporal metrics (ST, ET and DUR) were also recorded at the 
annual scale. Based on the validation sample set, we calculated four indicators including 
OA, producer’s accuracy (PA), user’s accuracy (UA), and F1 score.

From the original 1,400 validation samples used for spatial accuracy assessment, we 
derived a subset of 388 pixels for temporal domain evaluation through the following rig-
orous selection: (1) samples must be located in reference-confirmed urban renewal areas, 
and (2) must have been correctly identified as renewal sites by our algorithm in the 
spatial domain. This filtered subset underwent annual-scale temporal accuracy 
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assessment, ensuring that only reliably classified renewal cases were used to evaluate the 
timing metrics (ST, ET, DUR). We derived the confusion matrix for each of the three 
estimated metrics (ST, ET, and DUR), and evaluated the agreement between the esti-
mated results and the actual values using OA, systematic error (SE) and root mean 
squared error (RMSE). Among these indicators, OA was employed to measure the 
overall precision, while the latter two quantified estimation bias:

SE = 1
n
n

i=1
(ti ↑ ti) (5) 

RMSE =


1
n
n

i=1
(ti ↑ ti)

2


(6) 

where ti is the estimated temporal metric result of sample i; ti is the reference temporal 
metric value of sample i; and n is the total number of sample pixels (n = 388). Given the 
uncertainties within expert interpretation, we implemented two temporal validation 
schemes: one utilizing the exact year identified from our method, and the other allowing 
for a one-year tolerance. For the latter one-year tolerance comparison, if the reference 
year fell within a range of ±1 year relative to the detected year, it was identified as a 
fuzzy true detection (Song et al. 2016; Wang et al. 2023).

To better understand the spatiotemporal patterns of urban renewal, we analyzed 
our mapping results at two diLerent stages. At the first stage, we estimated the 
total urban renewal area within the entire study domain using the approach proposed 
by Olofsson et al. (2014), which employs the validation sample to correct bias in 
mapped areas that is caused by classification errors (Stehman and Foody 2019; 
Zhang et al. 2022). This approach resulted in the error-adjusted area estimate as 
well as associated uncertainty (i.e. the 95% confidence interval) for each of the four 
strata/pixel types: natural cover, urban expansion, stable urban, and urban renewal. 
At the second stage, per-pixel mapping results were aggregated at the administrative 
district level to oLer spatial representations of where and when urban renewal was 
most likely to have occurred.

3. Results

3.1. Accuracy assessment

3.1.1. Accuracy of urban renewal existence
Table 1 displays the confusion matrix of 1,400 validation sample units as well as the derived 
error indicators. In general, we found the spatial mapping result of urban renewal distri-
bution has a high accuracy, with an achieved OA of 82.36% for the entire study area. At 
the class level, all mapped land cover change types exhibit reasonable performances, with 
F1 scores ranging from 76.22% to 86.44%. It is worth noting that the urban renewal class 
displays a higher PA value (92.60%) than UA value (77.60%), indicating a higher probability 
of commission error within the study area. In contrast, the opposite tendency (PA,UA) 
was observed for other three classes including natural cover, urban expansion, and stable 
urban. According to the statistics, we further found that most classification errors come 
from the confusion between urban renewal and stable urban.
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3.1.2. Accuracy of urban renewal temporal metrics
Figure 6 shows the performance evaluation results of estimated urban renewal temporal 
metrics using the exact-year and the one-year tolerance strategies, respectively. For each 
temporal metric, its confusion matrix was constructed based on 388 urban renewal 
sample units that were correctly classified by our method. Overall, the comparison of 
reference data and predicted results exhibits a generally reasonable agreement, 
with most elements concentrated around the 1:1 line. Using the exact-year strategy 
(Figure 5(a–c)), we found our algorithm framework performed well in calculating ST 
with OA value of 74.48% and RMSE value of 1.79 years. For ET, we found relatively 
low OA value of 58.76% and high RMSE value of 2.04 years, which indicates that ET 
is less accurately predicted than ST is. The precision discrepancy re.ects a greater com-
plexity for separating renewal and post-renewal periods. Compared with the demolition 
of old buildings, urban reconstruction usually takes a longer time and involves multiple 
LCLUC processes (e.g. vegetation recovery/removal), leading to increased heterogeneity 
in the spatial and temporal domains (Zhao, Xia, and Li 2023; Hu et al. 2024). Our results 
also suggest that the estimated ST and ET have opposite SE trends, and their values are 
both within one year. Since DUR is jointly determined by ST and ET, it is not surprising 
to find a larger uncertainty re.ected by its error indicators (OA = 47.42%, RMSE = 2.63 
years). Noted that the validation of urban renewal temporal metrics was implemented at 
the annual scale, which may overestimate errors due to the existence of urban renewal 
activities at the beginning (e.g. January) or end (e.g. December) of a year (Li et al. 
2018). Thus, we conducted a second validation approach by allowing + one year devi-
ation relative to the reference data. As Figure 6(d–f) illustrates, adopting the fuzzy true 
detection gives rise to substantial OA improvements, especially for ET (from 58.76% 
to 80.67%) and DUR (from 47.42% to 71.39%). Meanwhile, the other two error indicators 
(RMSE and SE) remain essentially stable, suggesting the one-year tolerance assessment is 
reasonable and necessary for this study.

3.2. Spatiotemporal patterns of urban renewal

3.2.1. Spatial distribution of urban renewal
Figure 7 shows the spatially continuous map of urban renewal distribution at a 30 m res-
olution from 1999 to 2019. Based on this map and probability sample data, we estimated 
that the total area of urban renewal within the study area is 340+55 km2 (95% 

Table 1. Accuracy assessment for the urban renewal spatial distribution map using 1,400 validation 
sample units. UA, PA, F1 and OA are user’s accuracy, producer’s accuracy, F1 score, and overall 
accuracy, respectively.

Reference

Natural cover Urban expansion Stable urban Urban renewal

Natural cover 274 14 9 3
Urban expansion 29 249 15 7
Stable urban 6 31 242 21
Urban renewal 25 18 69 388
UA 91.33% 83.00% 80.67% 77.60%
PA 82.04% 79.81% 72.24% 92.60%
F1 86.44% 81.37% 76.22% 84.44%
OA 82.36%
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confidence interval), representing a 5.95% share of the entire Beijing urban space. Among 
other three pixel types, natural cover has the largest area (2996+108 km2), followed by 
stable urban (1219+88 km2) and urban expansion (1146+98 km2). Spatially, urban 
renewal clusters typically co-exist with persistent urban regions, forming a discontinu-
ously circular distribution between the Second and Fifth Ring Roads of Beijing city 
(Figure 7(a)). This spatial pattern is consistent with a recent LandTrendr-based building 
change monitoring study (Hu et al. 2024), and re.ects the gradual renovation of Beijing 
urban core areas during the past two decades driven by policies (Tu et al. 2023). For 
example, the entire neighborhood of Wukesong (located in HD) experienced 

Figure 6. Performance evaluation of urban renewal temporal metrics. (a) ST performance using the 
exact-year strategy; (b) ET performance using the exact-year strategy; (c) DUR performance using 
the exact-year strategy; (d) ST performance using the one-year tolerance strategy; (e) ET performance 
using the one-year tolerance strategy; (f) DUR performance using the one-year tolerance strategy.
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Figure 7. The map of urban renewal distribution for the study area. (a) Overall pattern of four pixel 
types (natural cover, urban expansion, stable urban and urban renewal) during 1999∼2019. The insert 
bar chart shows the error-adjusted area estimate (km2) as well as the 95% confidence interval for each 
pixel type. (b), (c) and (d) are enlarged examples representing three urban renewal cases. The high 
resolution images are derived from Google Earth.
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reconstruction from a residence community to a sports/leisure complex, and its distri-
bution pattern was accurately captured by our map (Figure 7(b)). Our mapping result 
also suggests the presence of detectable renewal activities at urban fringes, which can 
be attributed to two primary reasons. First, the development of large-scale infrastructure 
requires considerable land resources from the surrounding built-up areas. Taking Beijing 
Capital International Airport as an instance, the extension project not only occupies 
croplands, but also existing artificial impervious surfaces. As a result, several settlements 
were demolished for the construction of the new terminal building and its ancillary facili-
ties (Figure 7(c)). Second, real estate development may act as the other factor triggering 
the renewal of peri-urban regions. As illustrated in Figure 7(d), tearing down old residen-
tial areas provided considerable space for building a new residential community (Vanke 
Tiandi Residential Complex). Overall, our framework performs well in mapping urban 
renewal distribution within the study area.

We calculated area and percentage statistics of urban renewal distribution for 11 
Beijing districts that are located within the study domain (Figure 8). As for the total 
urban renewal area, we found statistical results ranges from 3.76 km2 (DC) to 58.12 
km2 (SY), suggesting a substantial spatial variation across diLerent districts 
(Figure 8(a)). Interestingly, districts with large (greater than 25.70 km2) and small 

Figure 8. District based statistics of total urban renewal area (a), urban renewal percentage (b), and 
pixel type composition (c). District abbreviations are given in Section 2.1 of the main text.
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urban renewal areas (less than 10.80 km2) were concurrently observed in urban core 
regions. On the contrary, peri-urban districts exhibited medium-scale urban renewal 
area levels (10.80–25.70 km2). As for the urban renewal percentage, the distinction 
between urban core and peri-urban districts becomes even more evident (Figure 8(b)). 
Specifically, the highest urban renewal percentage was found in SJS (9.77%), tightly fol-
lowed by SY and FT with over 9% of total area identified as urban renewal lands. In con-
trast, overall lower urban renewal percentage estimations were observed in three sub- 
urban districts with values of 2.06% (TZ), 2.38% (CP) and 2.79% (FS), respectively. 
Figure 8(c) further displays the composition of four pixel types for each district over 
the study years. In general, natural cover is the primary land use class, accounting for 
more than 40% of the total area in nine out of eleven districts (CP, CY, DX, FS, FT, 
HD, SJS, SY and TZ). Stable urban, on the other hand, prevails in the remaining two 
urban core districts (i.e. DC and XC). Of particular note is that in three districts (DC, 
SJS, and XC), the proportion of urban renewal areas is higher than that of urban expan-
sion, highlighting the urbanization shift from spreading out to the renovation of existing 
built-up areas.

3.2.2. ST, ET and DUR of urban renewal
Figure 9 shows spatial and temporal distributions of estimated urban renewal time infor-
mation within the study area. Blue tones in the predicted pixels are assigned to early ST/ 
ET or short DUR while yellow and red tones indicate later ST/ET emergence or longer 
DUR. Non-renewal pixels are labeled as black color. For ST, we found a spatially explicit 
pattern extending from the city center to the outskirts (Figure 9(a)), with an average 
urban renewal beginning time of 2006.87+4.76 years (one standard deviation, hereafter). 
More specifically, the earliest wave of urban renewal boom starting before 2005 was pri-
marily observed within the Fifth Ring Road of Beijing city. This spatial distribution 
largely mirrors that of pixel clusters with later ST, most obviously identified in the 
peri-urban regions such as DX, SY and TZ. Temporally, the vast majority (78.34%) of 
urban renewal ST estimations were concentrated in the first decade of the twenty-first 
century, resulting in a decrease trend of ST occurrence over 1999–2019 (−0.35%/year) 
(Figure 9(b)). As for ET, a later time estimation was observed for the entire study area 
(2012.11+5.22 years). Spatially, the diLerence between urban core and peri-urban 
regions generally widens and becomes more discernible (Figure 9(c)), despite the exist-
ence of several patches which exhibited relatively early ET time but were characterized by 
suburban landscapes (e.g. Beijing Capital International Airport and its ancillary build-
ings). At the temporal domain, the second decade (2010∼2019) exhibited a noteworthier 
ET occurrence acceleration than the first decade (1999∼2009), leading to an observed 
increase of 0.34%/year (Figure 9(d)). The spatiotemporal patterns of DUR re.ect the 
joint impacts of ST and ET (Figure 9(e, f)). Overall, the mean and standard derivation 
of the durations of all detected urban renewal activities were 5.33 and 4.59 years, respect-
ively, indicating the dominance of ‘quick demolition and quick reconstruction’ across the 
study area. By binning the DUR map into a histogram, we found that nearly half (48.16%) 
of the renewal pixels have DUR estimations equal or less than five years, giving rise to a 
downward trend of the frequency distribution. Figure 8(g) further displays the zoom-in 
views of estimated urban renewal temporal metric maps by selecting three regional 
subsets, each of which represents one typical landscape environment. For Beijing 
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Capital International Airport, we found most renewal activities began as early as 2004 
and ended before 2008, resulting in durations less than five years. These estimations 
echo the timeline of the airport terminal area expansion project. Comparatively, living 

Figure 9. Spatial and temporal distributions of estimated urban renewal time information within the 
study area. (a), (b), (c) are spatially continuous maps of ST, ET and DUR. (d), (e), (f) are histograms of ST, 
ET and DUR maps, respectively. The red dotted line shows the simple linear regression line. (g) shows 
zoomed-in views of urban renewal information extraction results for three regional subsets. True color 
Landsat images acquired in 1999 and 2019 are used for visual interpretation. Noted that all results are 
displayed at the annual scale.
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buildings outside of the airport exhibited later ST and ET but similar DUR outcomes. 
Beijing Olympic Park is a typical example of urban renewal promoted by national 
events. Our results show that the demolition of old settlements and the following recon-
struction mainly occurred over 2002–2007, in accordance with the preparation for the 
2008 Summer Olympics and the 2008 Summer Paralympics. In addition to sports 
venues, we also noticed patches rebuilt for other purposes, most of which exhibited 
later ET and longer DUR estimations. Our maps also provide spatiotemporal insights 
into the eLect of real estate development on urban renewal. For instance, the old residen-
tial areas along the Beiyunhe river experienced a large-scale demolition process around 
2010, followed by construction of new residential quarters until the end years of the study 
period.

There also exist diLerences in three urban renewal temporal metrics across the 
eleven districts (Figure 10), which are subject to varying geographical and socio-econ-
omic factors such as topography, policy and financial conditions. In general, our 
results show a greater intra-district variation of ET (typically range from 2005 to 
2016) than that of ST (typically range from 2003 to 2010). Diving deeper into the box-
plots, we find overall earlier ST in DC, XC, and HD with mean values of 2005.43, 
2005.49, and 2006.24, respectively. Moreover, DC and XC also exhibit earlier ET 
results with mean values of 2009.22 and 2009.84. Conversely, other districts have rela-
tively late urban renewal beginning and ending time. In comparison with ST and ET, 
the statistical distribution of DUR has the highest level of intra-district agreement and 
concentration. Specifically, the mean DUR values vary from 3.79 to 5.80 years across 
districts, despite the presence of a few outliners that exhibit longer urban renewal 
durations.

Figure 10. District based statistics of urban renewal temporal metrics including ST, ET, and DUR. The 
whiskers and boxes indicate the minimum, 25th percentile, median, 75th percentile, and maximum, 
while the dotted lines represent the mean values. Outliers are displayed as points. The district abbrevi-
ations are given in Section 2.1 of the main text.
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4. Discussion

4.1. Advantages of the proposed algorithm framework

The ongoing worldwide urbanization brings accelerated demands for housing, infra-
structure, and public services. Urban renewal plays a more important role than ever in 
meeting these demands, particularly in densely populated areas with constrained land 
availability (Nachmany and Hananel 2023). Therefore, accurate mapping of urban 
renewal spatiotemporal patterns is essential for understanding the ‘human-land-city’ 
nexus and achieving sustainable development. Notwithstanding recent progress in 
urbanization monitoring from space, urban renewal identification relying on remote 
sensing techniques still stands out as a challenging task (Ni et al. 2023; Zhao et al. 
2023; Hu et al. 2024). Although supervised classification is a widely used strategy for 
land surface mapping, isolating urban renewal from other LCLUC types requires refer-
ence data in terms of both land cover labels and land cover change categories, making it 
di9cult to collect su9cient reliable sample for model training and calibration (Ni, Yu, 
and Gong 2024). Moreover, the renewal process of existing built-up areas involves 
complex and varied land covers such as bare soil (Zhao, Xia, and Li 2023), vegetation 
(Zhuo et al. 2024), and reconstruction site with/without dust-proof net (Zhang, Chen, 
et al. 2024), all of which are associated with high spectral and spatial heterogeneity. To 
address these challenges, we developed a framework that leveraged dense Landsat 
time-series information from the pre-computed global CCD segments dataset for 
urban renewal mapping and temporal metrics estimation. Based on the sample migration 
theory, this framework created a consistent training dataset for classifying the land cover 
type of each CCD time segment during the study period, which allowed us to identify the 
per-pixel existence of urban renewal. The recorded disturbances (i.e. breakpoints 
between two adjacent time segments), on the other hand, were utilized for estimating 
three temporal metrics of urban renewal including ST, ET and DUR. We evaluated 
the generated urban renewal maps and found overall satisfactory performances at the 
spatial and temporal domains (Table 1, Figure 6).

Our framework oLers three key advantages. First, unlike traditional urbanization 
monitoring methods that rely heavily on satellite image collection or manual input selec-
tion, our approach requires only Landsat-based CCD segments and minimal auxiliary 
datasets (Figure 3). This enhances generalizability in urban renewal mapping while redu-
cing data dependency. By leveraging stable pixels identified by CCD, training data can be 
directly derived from existing land cover maps (e.g. WorldCover 2020) for RFC develop-
ment. Additionally, classified CCD segments enable the integration of prior knowledge 
rules to improve urban renewal detection. Second, our framework provides per-pixel 
estimates of urban renewal timing (including ST, ET, and DUR) enabling precise track-
ing of land-use changes. These metrics not only facilitate reconstruction history analysis 
but also oLer insights into the socio-economic and environmental impacts of urban 
renewal. For instance, rapid renewal processes diLer significantly from gradual ones, 
with distinct implications for urban development (Nachmany and Hananel 2023; Zhao 
et al. 2023). Third, despite being tested in a single city, the framework is designed for scal-
ability. The CCD segment classification can be adapted using locally optimized strategies 
(Liu, Huang, et al. 2024), while renewal mapping and temporal metric extraction require 
only minor parameter adjustments (e.g. Ind). By implementing the framework on the 
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GEE platform, we further demonstrate its feasibility for large-area applications, capitaliz-
ing on cloud computing advancements.

Several studies have explored LCLUC mapping techniques relevant to urban renewal. 
For instance, Zhuo et al. (2024) employed annual Landsat time series to distinguish 
renewed and non-renewed buildings, subsequently applying their method to estimate 
building ages. Similarly, Ni, Yu, and Gong (2024) recently adopted a comparable 
approach to map old and renewed urban areas across China. Beyond time-series-based 
methods, alternative strategies, such as thresholding (Qiao et al. 2020), supervised 
classification (Zhao, Chen, et al. 2023; Zhao, Xia, and Li 2023), and spectral mixture 
analysis (Yue et al. 2006) have been utilized to detect built-up area demolition and recon-
struction. Building upon these advancements, our study introduces a new paradigm for 
deriving urban renewal distribution, timing, and duration. Unlike prior works that focus 
solely on building renewal (Wang et al. 2023), our framework applies to multiple built-up 
classes, enabling more comprehensive urban renewal assessment. Furthermore, we 
advance beyond traditional binary (renewal/non-renewal) classification by categorizing 
urban land development into four distinct types: natural cover, urban expansion, 
stable urban and urban renewal. This refined classification captures subtle landscape het-
erogeneity more eLectively. Additionally, the continuous monitoring capability of CCD 
allows for temporal urban renewal analysis at .exible time scales, a significant improve-
ment over static approaches. In summary, our framework complements and enhances 
existing methods, providing a timely, cost-eLective, and spatially detailed approach to 
understanding urban renewal dynamics.

4.2. Uncertainties inUuencing the accuracy of urban renewal information 
extraction

While the developed framework has attractive qualities with respect to urban renewal 
information extraction, our study also indicates several issues that warrant further atten-
tion. After applying the one-year tolerance strategy, the generated urban renewal maps 
exhibited spatial and temporal accuracies with achieved OAs over 70% (Table 1, 
Figure 6). The remaining errors may stem from uncertainties in the input data and limit-
ations within the algorithm framework. For this work, we utilized the CCD segments 
product as the primary data source, which provides band-specific surface re.ectance 
modeling parameters and identifies statistical breaks based on two decades’ worth of 
Landsat satellite archives. Despite the well-recognized capacity for land surface monitor-
ing, CCD was reported to be less informative for detecting small change magnitude or 
extremely rapid disturbances (Cohen et al. 2017; Zhu et al. 2020). Additionally, the para-
meterization of CCD can in.uence its performance, as variations in threshold settings 
(e.g. chi-square probability) and model fitting constraints (e.g. minimum observations) 
directly aLect sensitivity to land surface changes and false alarm rates (Pasquarella 
et al. 2022). This issue becomes more critical in urban areas characterized by heteroge-
nous land cover distribution and configuration, giving rise to the presence of mixed spec-
tral signatures that can lead to a decreased change detection accuracy (Liu et al. 2019). On 
the other hand, not all detected changes by CCD correspond to actual disturbances, but 
rather spectral deviation events due to climatic variability or repeated cloud coverage 
(Bullock, Woodcock, and Holden 2020; Xian et al. 2022). As a consequence, we can 
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expect a reduced user’s accuracy of the predicted urban renewal existence map (Table 1), 
even after a refinement procedure included in the decision tree model. Another major 
concern originates from the reference land cover map. Based on a global validation 
dataset, Xu et al. (2024) showed that WorldCover 2020 has a relatively undesirable 
mapping performance in built-up areas compared with other natural environments. 
The misclassification errors may be propagated into the constructed training sample 
set, which will probably in.uence the mapping results. Additionally, there is a temporal 
mismatch (i.e. a two-year gap) between the used urban boundary dataset (GUB 2018) and 
WorldCover 2020, adding extra uncertainty into our algorithm framework. Given the 
capacity of tracking urban changes at a high spatial resolution, Google Earth historical 
images oLer the most valuable information for urban renewal mapping validation. 
However, these pre-acquired images are not evenly distributed over space and through 
time, making the reference data less representative across the entire study area.

Methodologically, each component of the current framework is associated with 
factors that can aLect the accuracy of urban renewal information extraction. It is 
important to note that urban renewal can manifest in diverse forms. However, since 
this study specifically confines the scope of urban renewal to the comprehensive 
process of built-up land demolition and reconstruction, the proposed framework is 
anticipated to have limited applicability in monitoring non-land-replacing urban 
renewal activities, such as functional upgrades and building renovations. Moreover, 
within several cities in China, it is common practice to tear down old blocks and 
plant vegetations for green space (Li et al. 2023). Such an urban regreening process 
was simply identified as the natural cover, causing our results less informative in 
these special areas. As a key step in generating per-pixel land cover time series 
profile, segments classification in this study was implemented by RFC. Although this 
machine learning algorithm has been widely adopted in the field of land cover 
mapping, it depends heavily on the sampling design (Belgiu and Drggu) 2016) and 
input feature selection (Liu, Wu, et al. 2025), resulting in inconsistent classification 
performances under various geographical conditions. During the procedure of urban 
renewal existence mapping, the most challenging part lies in the treatment of pixels 
with only one CCD-detected change. Due to the lack of land cover profile information, 
stable built-up lands can be easily confused with those experiencing renewal activities. 
We attempted to reduce this confusion by adopting a threshold-based method, which 
was shown to be useful within the study area. Nevertheless, the determination of the 
threshold may require further improvement using more available sample points, 
especially when applied to a large spatial extent. In this study, we selected the 
widely-used Landsat band, SWIR1, for capturing the temporal characteristics of 
urban renewal, which could be diLerent from those identified by alternative spectral 
bands or indices. Hu et al. (2024) discovered that diLerent spectral indicators varied 
in their eLectiveness at accurately detecting building disturbance signals, with 
SWIR1 and SWIR2 performing more eLectively than the normalized diLerence 
built-up index (NDBI) (Y. Zha, Gao and Ni 2003) or modified normalized diLerence 
water index (MNDWI) (Xu 2006). Finally, although the developed framework predicts 
the time points of demolition and reconstruction in a continuous way, their accuracy 
evaluations were performed at the annual scale. Such a temporal scale mismatch may 
also lead to additional uncertainties embedded in error indicators.
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4.3. Driving forces, political implications, and future work

The spatiotemporal patterns of urban renewal in Beijing city re.ect the interplay of 
policy, economic, and socio-environmental factors, with significant implications for sus-
tainable urban development. As shown in our mapping results (Figure 7~9), renewal hot-
spots inside the Fifth Ring Road were shaped strongly by government policies and 
economic incentives typified by the 2008 Olympics-driven redevelopment (Ren 2011) 
in CY and DC, which led to earlier ST and faster completions. Conversely, districts 
like SY in the outer fringes proceeded more slowly, possibly due to weaker policy 
focus or lower real-estate demand. Overall, government-led initiatives (e.g. old city rede-
velopment) and market forces fostered a ‘quick demolition – reconstruction’ pattern 
(mean DUR = 5.33 years). Yet, outliers also revealed inequities, particularly in peri- 
urban areas, where the process often took over 10 years (see Figure 10). The delayed 
reconstruction can be attributed to a number of reasons, such as land use history, 
funding shortage, and policy regulations. Unfinished reconstruction sites will give rise 
to a series of environmental issues including air pollution, noise, and soil degradation, 
which contribute to urbanization challenges and in turn, aLect land use planning and 
development decisions. Our study provides observational evidence of such information 
and therefore helps to encourage city infrastructure equity, a task that is critical and 
urgent for sustainable urban development (Zhao et al. 2024). Based on microwave back-
scatter data, several pioneering studies reported a notable shift of global urban develop-
ment from horizontal expansion to vertical growth, and linked this trend to various 
driving factors (Mahtta, Mahendra, and Seto 2019; Frolking et al. 2022, 2024). In this 
study, we detected the removal of low-rise buildings followed by constructing high- 
rise ones (Figures 7 and 9), which is consistent with the transition. The change of 
urban form in its vertical direction not only aLects population density (Li, Zhou, et al. 
2020; Wang et al. 2023), but also in.uences microclimate, energy consumption, and 
greenhouse gas emissions (Creutzig et al. 2015; Ratti, Baker, and Steemers 2005; Zhou 
et al. 2022).

Using this study as the baseline, future endeavors can be emphasized in terms of the 
following aspects. First and foremost, newly emerging geospatial data and algorithms 
should be integrated with the presented framework to enhance the performance of 
urban renewal information extraction. In this study, we implemented our framework pri-
marily based on three global datasets (Landsat-based CCD segments, GUB 2018 and 
WorldCover 2020). However, their reliabilities are not evenly distributed over space, 
making them less representative for the targeted study area. Therefore, it is essential to 
optimize the data source selection by utilizing a diverse range of complementary pro-
ducts at local scales, while ensuring that the integration is carefully designed and system-
atically implemented (Liu, Zhang, et al. 2020). Moreover, the training sample set can be 
improved by migrating prior knowledge from multiple sources including high-quality 
land cover products (Liu, Wu, et al. 2025), global sample libraries (Huang et al. 2020), 
street view imagery (Zhang et al. 2019) and social media such as point-of-interest 
(POI) records (Chen et al. 2021). Considering generalizability, computational costs, 
and interpretability, the proposed algorithm framework was implemented using classic 
machine learning models (RFC and decision tree). With the rapid development of artifi-
cial intelligence and computing technologies, we anticipate that deep learning-based 
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methods in the near future will further improve urban renewal monitoring performance 
aided by massive sample resources (Li et al. 2024). Second, rather than per-pixel infor-
mation extraction, further studies should focus on the implementation of urban 
renewal monitoring at the street block level, a mapping unit representing relatively 
homogeneous urban functions as well as their dynamics (Chen et al. 2021; Xiong et al. 
2024). This modification is expected to not only improve the mapping/estimating 
reliability by incorporating spatially context properties such as texture (Ye, Zhu, and 
Cao 2023), but also facilitate in-depth analyses of urban renewal including its type, 
agent, and possible impacts. Third, there is a pressing need to extend the urban 
renewal monitoring eLorts from a single city to broader scales. Due to inherent diLer-
ences in geographical and socio-economic conditions, we may expect substantial spatio-
temporal pattern discrepancies of urban renewal across regions and countries. Such 
knowledge is not fully re.ected in existing remote sensing datasets, yet crucial for us 
to prioritize eLorts on achieving the sustainable development goals both locally and glob-
ally. Finally, Future work could merge socio-economic data (e.g. real-estate prices, GDP 
growth) with these remote-sensing findings, enabling planners to better decode the forces 
driving uneven renewal speeds and design more balanced revitalization strategies that 
align temporal metrics (ST/ET/DUR) with socio-economic equity goals.

5. Conclusions

Urban renewal represents an emerging opportunity to ensure cities meeting the require-
ments of modern populations by revitalizing deteriorate infrastructures. Although there 
have been remote sensing studies focusing on urban LCLUC, accurate urban renewal 
characterization from space still remains an unsolved challenge, which hampers our 
capacity to project the long-term sustainability of urban environments. Therefore, in 
this study, we proposed an algorithm framework for deriving the distribution, timing, 
and duration of urban renewal by leveraging dense time-series information derived 
from the Landsat-based CCD segments dataset. The proposed framework is applicable 
to various built-up classes, enabling a more comprehensive assessment of urban 
renewal. Unlike traditional binary (renewal vs. non-renewal) approaches, our method 
categorizes urban land development into four distinct types, eLectively capturing 
nuanced patterns in heterogeneous landscapes. Furthermore, the continuous monitoring 
capability of CCD facilitates the estimation of urban renewal temporal metrics at any 
desired temporal resolution.

The proposed framework was implemented and evaluated in Beijing city where con-
siderable eLorts have been made on the reconstruction of existing built-up areas during 
the study years. Accuracy assessments confirmed the feasibility of the framework, with 
OAs of 82.36% and 71.39∼86.60% (one-year tolerance strategy) at the spatial and tem-
poral domains, respectively. Following this framework, we estimated that the total 
urban renewal area of the study domain reaches 340+55 km2 during the period 
1999∼2019, which is unevenly distributed among districts in Beijing. Despite the 
urban-rural gradient in ST and ET trends, we found a relatively homogeneous DUR 
pattern, with nearly half of detected urban renewal activities accomplished within five 
years. While the framework currently focuses on land-replacing renewal and confronts 
uncertainties in input datasets, these limitations can be overcome by integrating 
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multi-sensor data and deep learning models. Such advancements would not only expand 
detection to non-physical renewal but also improve robustness across diverse city types, 
thus enabling globally scalable monitoring for evidence-based urban governance.
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