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• Urban vacant land in 497 shrinking cit
ies on the globe has been identified. 

• The area and ratio of urban vacant land 
have increased worldwide from 2016 to 
2021. 

• Spatial distribution patterns of urban 
vacant land are categorized into six 
types. 

• Variation characteristics of urban vacant 
land reflect socioeconomic differences. 

• The ratio of urban vacant land presents 
a phased change in the urbanization 
process.  
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A B S T R A C T   

Urban vacant land (UVL) has been an important issue in the urbanization process, especially for shrinking cities. 
Identifying UVL and analyzing its spatiotemporal characteristics are the foundation for coping with this issue. 
This study identified UVL in 497 shrinking cities on the globe (10 % of shrinking cities in total) in 2016 and 2021 
using manual labeling and deep learning to reflect the distribution patterns of UVL and its spatiotemporal 
changes. The results reveal that a global expansion of UVL from 2016 to 2021 in 497 shrinking cities, with 
diverse distribution patterns and varying changes across different regions. As for socioeconomic factors, UVL is 
related to population shrinkage, and the UVL ratio presents a phased change with the increase of the urbani
zation rate, revealing an inverted U-shaped relationship between the UVL ratio and the urbanization rate. The 
distribution patterns of UVL also vary globally in different urbanization phases. This study can provide theo
retical and practical insights for improving urban planning and promoting sustainable urbanization.   

1. Introduction 

Rapid urbanization brings great benefits but also challenges to sus
tainable development of cities (Cheng et al., 2022). However, under the 

backdrop of rapid urbanization, there are unignored shrinking cities that 
have become a substantial issue worldwide due to globalization and 
population aging (Pallagst, 2009; Martinez-Fernandez et al., 2012; Park 
et al., 2021; Liu et al., 2022). Under the low fertility rate and population 
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immigration, a quantity of developed and developing countries, typi
cally with relatively higher urbanization rate, have faced severe 
shrinking city phenomena and population decline in the past decades 
and may continue in the next decades (Frazier and Bagchi-Sen, 2015; 
Meng et al., 2021a; Wang et al., 2022a; Zhai et al., 2022; Wang and 
Long, 2023; Yu and Lee, 2023). As Batty (2022) pointed out, “cities will 
no longer be classified by their size but by their internal dynamics”. 
Thus, it is crucial to understand how urban space has changed in 
shrinking cities so that planners and decision-makers can take active 
actions for a sustainable future. 

The decline of citizens’ demand in shrinking cities may lead to low- 
density land development, low-efficiency land use, and the emergence of 
a large amount of urban vacant land (UVL) in urban space, presenting 
environmental and socioeconomic challenges to urban sustainability 
(Anderson and Minor, 2017; Smith et al., 2017). Combined with popu
lation loss, shrinking cities have confronted even more severe environ
mental and socioeconomic problems caused by UVL (Lokhande and Xie, 
2023; Katz and Carey, 2014). Without adequate development planning, 
UVL may diminish urban space quality and enhance the risk of popu
lation loss, which may continuously decline the demand and bring more 
UVL (Li and Long, 2018; Ma et al., 2023). On the other hand, UVL can be 
utilized as potential resources for improving urban environment 
(Anderson and Minor, 2017, 2019). It is thus necessary to pay more 
attention to UVL in shrinking cities to promote global sustainable ur
banization. Identifying UVL and analyzing its spatiotemporal charac
teristics in shrinking cities are the basis for planning responses. To 
optimize planning policies to address the issue of UVL in shrinking cities, 
it is necessary to identify UVL in shrinking cities and analyze its 
spatiotemporal changes first. 

However, the UVL datasets are varied in different countries, which 
cannot support global-scale research to summarize universal findings for 
the sustainable development of shrinking cities. For instance, in China, 
there is no public official UVL statistical dataset (or dataset with similar 
content) for conducting research; in the USA, UVL datasets are stored in 
every local government, researchers have to connect each government 
to construct a database for analyzing (Song et al., 2020). Moreover, the 
difference of the definition and time span of UVL datasets between 
governments can be also a barrier for research. 

To address the necessity, several methodology studies, mainly 
concentrated in the identification or acquisition of UVL data, have been 
released. These methods can be categorized into five types, including 
official statistics, field investigation, open-source crowdsourcing, aerial 
photography, and remote sensing image interpretation. These methods 
all have advantages and disadvantages. Official statistics have better 
accuracy but the availability and covering extent are very limited, and 
the standards are very different in various regions (Newman et al., 2016; 
Pearsall, 2017; Smith et al., 2017; Katz and Carey, 2014). Field inves
tigation also has better accuracy but the covering extent is very limited, 
and the labor and economic costs are very high (Kim et al., 2018). Open- 
source crowdsourcing data have a lower cost, but have lower accuracy, 
and the covering extent is very limited, relying on the uploads by users 
(Xu and Ehlers, 2022). Aerial photography has better accuracy, but the 
cost is very high, and the covering extent and image size are very limited 
(Shukla and Jain, 2020; Sperandelli et al., 2013). Remote sensing image 
interpretation has better accuracy, larger covering extent, lower cost, 
and the only limitation is the required website and software, which can 
be solved more easily (Xiong et al., 2021; Li et al., 2018; Sperandelli 
et al., 2013; Yuan et al., 2021; Wang et al., 2022b). Also, remote sensing 
images are very suitable for studying cities on the globe based on a 
unified identification standard at a large spatial scale. Therefore, the 
identifying method of UVL in this study is remote sensing image 
interpretation. 

Some methods have been used for analyzing distribution patterns of 
UVL in cities. Typically, Lee et al. (2018) compared the distribution 
patterns of UVL in Fort Worth and Chicago in the USA based on land use 
inventory data, and analyzed their socioeconomic and environmental 

factors; Li et al. (2019) used Landsat remote sensing images to interpret 
and analyze the spatial distribution pattern of UVL in Changchun City 
from 1990 to 2016, and found that there was more UVL at the edge of 
the city; Mao et al. (2022) used high-resolution remote sensing images to 
identify and analyze the spatial distribution pattern of UVL in 36 major 
cities in China in 2019, and found that larger cities often have higher 
UVL ratios; Song et al. (2020) selected 65 cities in the USA, 2 cities in 
Canada, and 1 city in China to analyze distribution patterns of UVL, and 
discovered that significant spatial differences in UVL exist at parcel, city, 
and country levels. 

However, previous studies still need improvement. First, previous 
studies mainly focus on general cities or growing cities, the specific 
research on shrinking cities is inadequate (Song et al., 2020; Lee et al., 
2018). Second, previous studies mainly analyze UVL in only a few cities 
in a single country, lacking large-scale and high-precision research at the 
global scale reflecting worldwide differences, which may be limited in 
the spatial dimension. In most studies, fewer than 150 cities, even only 
one or two cities, were analyzed, limited to one country (Lee et al., 2018; 
Li et al., 2019; Pearsall, 2017; Xu and Ehlers, 2022; Xiong et al., 2021; 
Newman et al., 2016; Mao et al., 2022; Smith et al., 2017). Besides, 
although some researchers have attempted to compare UVL between 
cities of different countries (Song et al., 2020), the time span is 
concentrated on a single year lacking multi-year change analysis, which 
may be limited in the temporal dimension. The studied countries and 
cities are both relatively few for global research. Furthermore, previous 
studies lack adequate quantitative analysis of the relationship between 
socioeconomic factors and UVL considering regional differences around 
the world (Li et al., 2019; Mao et al., 2022). 

Given these research gaps mentioned above, this study aims to reveal 
the distribution of UVL in shrinking cities, and the relationship between 
temporal changes of UVL and socioeconomic factors from a global 
perspective. The detailed steps of our analysis are as follows. First, UVL 
in 497 shrinking cities of 45 countries distributed in various regions of 
the world is analyzed to have a comprehensive understanding of UVL 
distribution at the global level. Second, the temporal changes of UVL 
around the world are analyzed to reveal the global evolution trend. 
Third, key socioeconomic factors and their relations with UVL are 
analyzed combined with regional differences to reach a deeper under
standing of the formation and dynamics of UVL on the globe. 

2. Methodology and data 

2.1. Definition of principal concepts 

2.1.1. The definition of shrinking cities 
Based on relevant research (Delken, 2008; Oswalt and Rieniets, 

2006), shrinking cities are cities with a population over 10,000 that have 
experienced a structural crisis of population loss, economic decline and 
related social issues (Wiechmann, 2008; Martinez-Fernandez et al., 
2012; Wang and Long, 2023). The Shrinking Cities International 
Research Network (SCIRN) utilizes population loss over a certain time 
span as an indicator to identify shrinking cities (Hollander et al., 2009; 
Pallagst, 2009). 

Furthermore, when utilizing multiple open-source datasets to iden
tify shrinking cities, the definition of the city boundary serves as another 
crucial factor not only in recognizing shrinking cities but also in sepa
rating UVL from rural vacant land and wilderness (Meng et al., 2021a; 
Zhai et al., 2022). The conception of natural city, which means spatially 
clustered geographic elements, such as POIs, road junctions or artificial 
impervious areas, can reflect urbanized areas better than administrative 
or statistical units (Long et al., 2018; Li et al., 2020). Therefore, it is 
more accurate to utilize natural city boundaries and high-resolution 
population distribution data for the identification of shrinking cities at 
the global scale. 
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2.1.2. The definition of UVL 
The accurate identification of UVL relies crucially on its definition. 

Based on existing literature, UVL refers to land that is in a vacant state 
within the city (Xu and Ehlers, 2022; Smith et al., 2017): In terms of the 
location, UVL is mainly located within the built-up area of a city; in 
terms of physical spatial characteristics, UVL has no or very few build
ings; in terms of functional usage, UVL does not serve stable economic 
and social activities or functions. 

UVL presents an inactive and uncertain state, compared with an 
active and stable functional space in the city: From the perspective of 
physical form, UVL is manifested as vacant areas in urban built envi
ronment; from the temporal perspective, UVL may exist in the gaps 
between land use changes, which means it might have been abandoned 
as vacant land in the past or might be currently being developed to 
prepare for future use (Kim et al., 2018); from the perspective of land 
use, whether the land is in a stable state of utilization is a fundamental 
criterion for identifying UVL (Song and Li, 2019). 

Based on the above definitions (Xu and Ehlers, 2022; Smith et al., 
2017; Kim et al., 2018; Song et al., 2020), 3 categories and 8 sub
categories of UVL have been clearly divided for the identification in 
remote sensing images, as shown in Table 1 and Fig. 1. For avoiding 
confusion, 11 non-UVL categories of urban land use that might be more 
likely misled to UVL are clearly delineated based on relevant references 
(Li et al., 2019; Smith et al., 2017), as shown in Fig. 2. 

2.2. General framework 

The general framework of this study is shown in Fig. 3. 
First, based on the method in existing research, shrinking cities on 

the globe are identified based on population grid data and urban extent 
data of natural cities on the globe using spatial overlay analysis and 
calculation. 

Second, according to related research, we clarify the definition of 
UVL and form a list for UVL classification. Based on these works, UVL in 
shrinking cities on the globe are identified using manual and deep 
learning methods. In this process, UVL patches in 2021 are firstly 
identified totally by manual vectorization, while UVL patches in 2016 
are auto-identified by the deep learning model trained by UVL patches in 
2021 with corresponding remote sensing images, followed by the 
manual check and correction. 

Third, multiple indicators reflecting the amount characteristics of 
UVL are calculated, and various types of distribution patterns in all the 

studied cities are summarized. 
Finally, using the calculated UVL indicators, spatiotemporal changes 

of UVL in shrinking cities on the globe can be presented, and their sig
nificant correlations and variation characteristics with socioeconomic 
factors are analyzed using the analysis of correlation and regression. 

2.3. Identifying shrinking cities 

In this research, the standard that we utilize for identification is that 
the reduction rate in the population change from 2000 to 2020 within 
the extent of the natural city should be greater than 5 % (Meng et al., 
2021a; Zhai et al., 2022). The global population grid data in 2000 and 
2020 from the WorldPop website (https://hub.worldpop.org) and the 
data of natural cities on the globe (Li et al., 2020) are used to calculate 
the population change and identify shrinking cities. The data of natural 
cities on the globe can be downloaded from the dataset of global urban 
boundaries (GUB) (https://data-starcloud.pcl.ac.cn/). The spatial extent 
of each natural city in 2000 is used to make intersections with the global 
population grid data to obtain the population change of each natural city 
between 2000 and 2020. Cities with a population loss of more than 5 % 
are identified as shrinking cities. 

In total, 4972 shrinking cities on the globe are identified, and the 
total area is 38,361.86 km2. The average area of these cities is 7.72 km2. 
We randomly select 497 shrinking cities with the natural city area 
exceeding 5 km2 for sampled research, which are 10 % of the total 
number of shrinking cities on the globe (Fig. 4). The total area of the 497 
natural cities is 9737.64 km2, and the average area is 19.59 km2. The 
average change rate of the population is − 13.97 %. The maximum of the 
natural city area is 972.30 km2 (Cleveland, Ohio, USA), and the mini
mum is 5.01 km2 (Qingyuan, Zhejiang, China). Although each country 
may have a different number of cities, the number of sampled cities 
largely relies on the total number of cities in each country, which are 
generally proportional. Therefore, these sampled shrinking cities can 
reflect the general characteristics and relative amount of the urban 
vacant land in all the shrinking cities across countries. 

2.4. Identifying urban vacant land (UVL) 

2.4.1. General process 
As shown in Fig. 5, the identification process can be summarized as 

three main steps, including manual labeling, auto-identifying and 
manual correction. The source of remote sensing images is the World 
Imagery website (https://desktop.arcgis.com/en/imagery/). The 
remote sensing images within the extent of the 497 natural cities in 2016 
and 2021 are downloaded by the Bigemap software (https://www.big 
emap.com/) with a precision of 1.19 m. 

2.4.2. Manual labeling 
For the step of manual labeling, the ArcGIS software is used to 

Table 1 
Categories and characteristics of UVL.  

Categories Subcategories Vision characteristics 

Unused land with potential 
development value 

Bare land Appearing brown or yellow in 
a soil state with little or no 
vegetation 

Weedy land Light green, or with brown 
and yellow patches, with 
plenty of weed 

Other disordered 
vegetation 

Dark green, brown or yellow, 
with weed and a few trees 

Land within urban areas but 
not suitable for 
development 

Steep exposed 
slopes 

Attached to the mountain in 
the city exposed with the 
surface of the soil 

Waterfront areas 
with flood risks 

Adjacent to water, exposed 
soil or disordered vegetation 

Land that was developed or 
is being developed but in a 
vacant state at the moment 

Demolished 
buildings 

Hardened ground with traces 
of building demolition 
foundation 

Early 
construction sites 

Appearing building 
foundation and construction 

Temporary 
stacking of 
materials 

Temporary stacking of various 
materials (sand, building 
materials, mining slag, wood, 
containers, garbage, etc.) 
without stable land function  

Fig. 1. UVL subcategories in remote sensing images.  
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manually label UVL by vectorizing raster patches that fit the definition 
of UVL in remote sensing images of all 497 cities in 2021. First, the 
remote sensing images within the natural city areas of selected shrinking 
cities in 2021 are downloaded. Second, all the images are divided into 
raster patches with a resolution of 2520 * 2520 for subsequent 

processing. This resolution is suitable as input for the DeeplabV3 model 
(Mao et al., 2022). This step was carried out using ArcGIS software. We 
selected 2620 raster patches of remote sensing images to conduct 
manual labeling for training our deep learning model. Then, the first 
author conducts the manual labeling by vectorizing defined UVL patches 

Fig. 2. Non-UVL categories in remote sensing images.  

Fig. 3. General framework of this study. 
Note: UVL = urban vacant land. 

Fig. 4. Identified and sampled shrinking cities on the globe of this study.  
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in the remote sensing image of each city one by one with the tool “Create 
Features” in the ArcGIS software. When all the UVL patches of a city are 
vectorized, the same action is repeated for the next city. The working 
period of the manual labeling is from the middle of October 2022 to the 
middle of February 2023, lasting for more than four months. All the 
vectorized labels of UVL in 2021 are examined by the second author for 
the preparation of training the auto-identifying model. 

2.4.3. Auto-identifying 
For the step of auto-identifying, a deep learning model is trained to 

automatically identify UVL in 2016 using the manual labels in 2021. The 
basic training framework used in this study is the DeepLabV3 model, 
which has proved to be suitable for image semantic segmentation and 
been widely adopted (Chen et al., 2019). The codes for training and 
auto-identifying in this model is based on the existing research by Mao 
et al. (2022). 

First, based on the manual labeling result (2620 raster patches of 
remote sensing images with their manual labels), the vectorized UVL 
labels in the manual labeling are rasterized into images. These images, 
with a resolution of 2520 * 2520, are used for model training. 
Furthermore, we removed images without UVL, resulting in a final 
dataset of 1877 images. 

Second, cities are categorized for training best models. Considering 
the geographical environment varies significantly among cities on the 
globe, training a single deep learning model might be incompatible for 
all the cities. Thus, it is necessary to categorize cities and train the 
corresponding deep learning model for each city category. According to 
previous studies (Song et al., 2020; Mao et al., 2022) and our careful 
observation of the UVL patches in the remote sensing images of all the 
497 cities, it can be seen that the physical appearance of UVL is largely 
related to the characteristics and distribution of vegetation and soil 
mainly influenced by climate. Combining the Köppen-Geiger climate 
classification maps at 1-km resolution (Beck et al., 2018) with the 
location of each city, the 497 cities are categorized into five categories: 
desert (10 cities), savanna (52 cities), forest (326 cities), summer-dry 
(16 cities), and winter-dry (93 cities). 

Third, images for training sets are selected. Given that an excessive 
number of images with extremely sparse UVL labels can be detrimental 
to the model’s training efficacy (Mao et al., 2022), the images in each 
category are filtered based on the UVL ratio (relative to the image area). 
Ultimately, the top 5 % of images showcasing the highest UVL ratios are 
chosen for training in each category, amounting to 200 images in total 
(comprising 100 remote sensing images and their corresponding UVL 
label images in 2021). To verify the effectiveness of training multiple 
models by categories, a single model based on all the selected images 
without categorization is also trained. 

Then, the deep learning models are trained and utilized using the 
selected images as the training sets for auto-identifying UVL in 2016. 
The generated training set of each category is trained with the Deep
LabV3 model in the programming platform of PyCharm. This model 
functions in three programs. The first program runs for obtaining the 
UVL rate of the input training set, which is the proportion of the pixels of 
UVL to the total pixels in the UVL label images. The second program 

automatically trains an auto-identifying model using the input training 
set and UVL rate from the first program. The third program automati
cally utilizes the model trained by the second program to identity UVL 
patches in the remote sensing images. To evaluate the trained model 
performance, the F2-score and IOU (intersection over union) value are 
introduced. The formulas are (Duque et al., 2017; Mao et al., 2022): 

F2 = 5⋅
precision⋅recall

(4⋅precision) + recall
(1)  

precision =
TruePositives

TruePositives + FalsePositives
(2)  

recall =
TruePositives

TruePositives + FalseNegatives
(3) 

IOU =
area(A∩B)
area(A∪B) (4)where F2 is the F2-score that represents the general 

performance level of a trained model; precision represents the proportion 
of the true UVL to all the UVL identified by a trained model, indicating 
the accuracy; recall represents the proportion of the true identified UVL 
to all the true UVL, indicating the capability of covering the true UVL; 
IOU represents the proportion of the area of the intersection between the 
true UVL and identified UVL to the area of the union of these two. Higher 
values of F2-score and IOU indicate better performance of the trained 
model. 

The information of the trained models for the five city categories is 
shown in Table 2. The average values of F2-score and IOU of the five 
categorized models are 0.860 and 0.635, respectively. The non- 
categorized model has lower values in these two parameters. This 
shows that training by categories can achieve better performance than 
without categorization. It can be seen that trained models can reflect the 
general spatial distribution of UVL from the samples (Fig. 6). 

The innovativeness of this identification method is primarily 
demonstrated through the development of deep learning models based 
on training sets from cities worldwide. Most of the existing studies 
identifying UVL are solely conducted by human visional identification 
based on case studies, limited in efficiency and accuracy, while the 
adoption of deep learning models is very rare (Lee et al., 2018; Li et al., 
2019; Pearsall, 2017; Xu and Ehlers, 2022; Xiong et al., 2021; Newman 
et al., 2016; Song et al., 2020; Smith et al., 2017). Only a few researchers 
adopted deep learning models limited to one country, which may be not 
suitable for various cities across different countries. Additionally, the 
number of cities analyzed using deep learning models in existing 
research is significantly smaller than in this study (Mao et al., 2022). As 
shown in Appendix C, the performance metrics of deep learning models 
in this study are close to those in the existing research, demonstrating 
advantages in identifying UVL across a more diverse range of countries 
and cities. 

The auto-identified UVL labels produced by the trained models are in 
the format of raster images, which are subsequently processed for 
georeferencing and vectorization by running the ArcPy programs for 
about 99 h in total. However, although auto-identifying can generally 
locate UVL patches, it is very necessary to conduct manual check and 
correction for the maximized accuracy in the patch shapes and distri
bution of UVL. 

2.4.4. Manual check and correction 
For the step of manual check and correction, the identified UVL re

sults undergo several rounds of manual check and correction by multiple 
researchers to ensure accuracy and consistency. In the first round, the 
authors individually conduct a thorough check of all results and make 
necessary corrections. In the second round, the identified results for all 
the natural cities are independently reviewed by four additional re
searchers to mitigate subjectivity. The authors correct the results ac
cording to their feedback. In the third round, the identified results of 497 
cities are randomly distributed to ten researchers for checking, and each 
researcher is assigned to check about 50 cities on average. These 

Fig. 5. General procedures of identifying UVL.  
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researchers are all working in the field of urban space studies. Based on 
their feedback, the authors correct the results for another time. Finally, 
the authors observe all the UVL patches in each city one by one carefully 
to see if these researchers have omitted some places. It can be found that 
major bias is from extremely small polygons mostly smaller than 1 m2, 
which are mainly produced by occasional deviation of human vision. By 
comparing the results after the final thorough check as the ground truth 
with the results from the feedback of other researchers, it can be 
calculated that the F2-score and IOU of manual working based on others’ 
feedback are both over 0.999, which have reached very high values. 

2.5. Identifying UVL distribution pattern types 

The spatial distribution patterns of UVL can reflect the characteris
tics of UVL in different regions. According to the classification criteria of 
shrinking city research, existing studies have categorized the population 
loss patterns of shrinking cities into six types: periphery, partial, scatter, 
overall, sparse, and central, based on observing the identification results 
in combination with existing literature (Blanco et al., 2009; Schetke and 
Haase, 2008; Meng et al., 2021b). We have adopted these classification 
criteria and applied them to analyze the distribution patterns of vacant 
land in shrinking cities. The general illustration for each type is shown in 
Fig. 7, and typical cities of these UVL distribution pattern types are 
shown in Fig. 8. 

The specific characteristics of these types are as follows. In the 
overall type, UVL is widely distributed in various parts of the city. In the 
partial type, UVL is concentrated in a specific part of the city (excluding 
the central part) or particular areas. In the central type, UVL is 
concentrated in the city’s central zone. In the periphery type, UVL is 
extensively distributed around the periphery of the city. In the scatter 
type, UVL is scattered throughout the city in few and small patches. In 
the sparse type, the number and area of UVL in a city are very small. The 
classification of these types is conducted by manually observing the 
spatial distribution characteristics of UVL in all the cities one by one 

according to the method of existing literature (Meng et al., 2021b). 
Three key factors are considered in the classification, including the 
amount, proportion, and agglomeration. The classification is finished 
through several rounds. In the first round, if the amount of UVL is small 
for a city, the spatial distribution pattern can be classified into the 
sparse, partial or scatter type based on the agglomeration degree and 
number of patches. Otherwise, it turns to the second round. In this 
round, if the proportion of the UVL in the inner or outer part of a city is 
significantly higher, the spatial distribution pattern can be classified into 
the central type or periphery type. If the difference of the proportions is 
not obvious, the overall or partial type can be ultimately determined 
based on the agglomeration degree. 

Table 2 
Information of trained deep learning models for auto-identifying UVL.  

Trained model F2-score IOU Loss Epoch UVL rate of training set Code running duration 

Desert  0.892  0.757  0.230  25  0.117 1.5 h 
Savanna  0.846  0.591  0.192  32  0.140 2 h 
Forest  0.846  0.608  0.228  40  0.160 19 h 
Summer-dry  0.877  0.654  0.279  27  0.250 2 h 
Winter-dry  0.837  0.563  0.204  33  0.139 6 h 
Non-categorized  0.820  0.546  0.261  31  0.160 30 h  

Fig. 6. Samples of auto-identified UVL patches.  

Fig. 7. General illustration of UVL distribution pattern types.  
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2.6. Calculating indicators and analyzing relations 

Two indicators reflecting the amount characteristics of UVL are the 
total area of UVL (total area) and the proportion of UVL to the urban 
area (UVL ratio). The UVL ratio can reflect the severity of the UVL issue 
for the entire city considering the urban area. The total area of UVL can 
be calculated based on the accumulation of all the UVL patches within 
the urban spatial extent, while the UVL ratio needs more calculation 
steps. The formulas utilized for calculating UVL ratio are: 

Ri =
TAi

UAi
(5)  

Rj =

∑
TAi,j

∑
UAi,j

(6)  

where Ri is the UVL ratio of the sampled shrinking city i; TAi is the total 
area of UVL in the sampled shrinking city i; UAi is the urban area of the 
sampled shrinking city i; Rj is the UVL ratio of all the sampled shrinking 
cities in region j or country j; TAi,j is the total area of UVL in the sampled 
shrinking city i in region j or country j; UAi,j is the urban area of the 
sampled shrinking city i in region j or country j. 

Utilizing calculated UVL indicators, we conduct a comprehensive 
analysis of their relationship with socioeconomic factors, such as pop
ulation, GDP and urbanization rate (Table 3). Previous studies have 
shown that economic status, urbanization, and population migration 
may affect the amount or distribution of UVL (Lee et al., 2018; Song 
et al., 2020). Economic status might affect the capacity to develop 
vacant land in cities. Urbanization may lead to urban land use changes. 
Population migration could impact the demand for urban land re
sources. The urbanization rate is defined as the proportion of the urban 
population to the total population (Fan et al., 2019). First, at the city 
level, we examine correlations between UVL indicators and population 
changes using Spearman correlation coefficients. Then, at the country 
level, we explore correlations between UVL indicators and socioeco
nomic factors such as GDP per capita and urbanization rate, employing 
the Spearman correlation coefficients. Finally, we conduct regression 
analysis to further investigate indicators that exhibit stronger 

correlations at the country level, aiming to have a deeper understanding 
of UVL changes. The regression analysis is weighted by the number of 
cities in each country to reflect the general characteristics of all the 
studied cities. Weighted regression, or weighted least squares, is a 
regression model where each observed value is given a certain weight 
that tells the statistical software how important it is in the model fit 
(Gelman et al., 2020). In this study, the regression calculation is pro
cessed by the IBM SPSS software. The socioeconomic dataset at the 
country level is from the World Bank database, and the website is htt 
ps://databank.worldbank.org/home.aspx. 

3. Results 

3.1. Analysis of spatiotemporal changes in UVL 

3.1.1. Spatiotemporal changes in UVL amount 
In total, this study has confirmed 13,544 UVL patches, with 8879 

UVL patches in 2021 and 4665 UVL patches in 2016. In all the identified 
vacant land, the largest, the smallest, and the average area are 3.88 km2, 
204.84 m2, and 3.98 × 104 m2, respectively. The top 95.26 % of all the 
identified vacant land patches are over 1800 m2, and only fewer than 5 
% are smaller than 1800 m2. Table 4 shows indicators of UVL amount in 
sampled shrinking cities in 2016 and 2021 at the regional and global 
level. Since the sampled shrinking cities in Oceania are only two, they 
are merged into the region “Asia and Oceania” based on the regional 
division of the United Nations (UNIDO (United Nations Industrial 
Development Organization), 2022). From 2016 to 2021, the total area of 
UVL has increased by 52.25 %, which shows the obvious expansion of 
UVL in sampled shrinking cities on the globe (Table 4). At the regional 
level, discernible disparities are evident. From the perspective of the 
total area and ratio of UVL, there has been an overall increase, primarily 
driven by Europe and Asia for the vast majority of the urban area. The 
total area of UVL has substantially increased in sampled shrinking cities 
in Asia. 

At the country level, the countries with prominent issues of vacant 
land in their cities are generally major countries in Eastern Europe, East 
Asia, South Asia, and the USA. The more detailed information about 
these UVL indicators at the country level is shown in Appendix A. It is 

Fig. 8. Typical cities of various UVL distribution pattern types.  

Table 3 
Indicators for correlation analysis.  

Level Type Indicator 

City Socioeconomic 
factors 

Population change number 
Population change rate 

UVL Total area of UVL in 2016 
UVL ratio in 2016 
Total area of UVL in 2021 
UVL ratio in 2021 

Country 

Socioeconomic 
factors 

GDP per capita in 2016 and 2021 
Urbanization rate in 2016 and 2021 

UVL 
UVL ratio (standardized natural logarithm) in 
2016 and 2021  

Table 4 
Indicators of UVL amount in sampled shrinking cities in 2016 and 2021 at the 
regional and global level.  

Region Number of sampled 
shrinking cities 

Total area (km2) UVL ratio (%) 

2016 2021 2016 2021 

Africa  13  2.10  6.05  0.61  1.76 
The Americas  98  33.07  48.69  1.47  2.16 
Asia and 

Oceania  
162  60.87  119.42  2.20  4.32 

Europe  224  117.87  151.52  2.69  3.46 
Global  497  213.91  325.68  2.20  3.34  
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noted that both China and India have UVL expanding rapidly in the total 
area. 

At the city level, the levels of UVL indicators are uneven across cities 
around the world, as shown in Fig. B1 to Fig. B4 in Appendix B. For the 
distribution of the total area of UVL, cities with a larger UVL area are 
mainly distributed in central and southwestern Russia, as well as some 
regions of China. Cities with a high UVL ratio are mainly located in 
eastern and central Europe, northern USA, China and India. Among 
them, from 2016 to 2021, the UVL ratio in Chinese and Indian cities has 
significantly increased. By calculating the change rate of the total area of 
UVL from 2016 to 2021, it can be seen that the cities with crucial growth 
in UVL are mainly concentrated in Northeast China, the Yangtze River 
Basin, Central India, Eastern Europe, and Central Europe (Fig. 9). 

3.1.2. Spatiotemporal changes in UVL distribution pattern types 
The statistical results of UVL distribution pattern types for 497 

studied cities are shown in Fig. 10 and Fig. 11. Most types are partial and 
scatter types. At the regional level, the periphery type and overall type 
have increased significantly from 2016 to 2021 in Asia, indicating a 
substantial amount of UVL emerging at the cities’ periphery. On the 
other hand, the increase in the central type indicates an increase in the 
proportion of UVL in the inner part of the city, showing a trend of inward 
aggregation distribution. Cities of the central type are located in Asia 
and Europe, while in the Americas and Oceania more cities belong to the 
overall type. Different characteristics of UVL distribution suggest 
different socioeconomic conditions between countries. 

3.2. Socioeconomic factors related to spatiotemporal changes in UVL 

Based on the spatiotemporal changes in UVL, this study firstly per
forms correlation analysis on related factors of 497 cities, including 
indicators of population (population change number, population change 
rate), economy (GDP per capita), urbanization (urbanization rate), and 
UVL (total area and UVL ratio). The results are shown in Table 5. 

At the city level, the results showed a significant negative correlation 
between the population change number and multiple UVL indicators. 
The correlations between the population change number and total area 
of UVL in 2016 and 2021 are significant. This indicates the obvious 

connection between urban population shrinkage and UVL amount. That 
is, the more severe is the population shrinkage for a city, the larger is the 
total area of UVL. 

At the country level, this study explores relations between socio
economic indicators such as the GDP per capita as well as urbanization 
rate and various indicators of UVL indicators. The correlations and co
efficients are analyzed and calculated. The results show that the UVL 
ratio has significant negative correlations with both the urbanization 
rate and GDP per capita. According to the Spearman coefficients, the 
correlation between the urbanization rate and UVL ratio is stronger. 

According to the results of the correlation analysis, the urbanization 
rate and total ratio of UVL in 2016 and 2021 are analyzed with weighted 
regression based on the number of cities to further reveal the quanti
tative relation between these two indicators. As shown in Fig. 12, the 
result reveals that with the increase of urbanization rate, the total ratio 
of UVL generally presents the trend of first increasing and then 
decreasing. This trend can be illustrated as an inverted U-shaped curve. 
From the perspective of temporal evolution, a faster growth in the UVL 
ratio tends to appear in the middle or early urbanization stage, while the 
UVL ratio tends to increase slower or even decrease at the later 

Fig. 9. Total area change rate of UVL at the city level from 2016 to 2021.  

Fig. 10. Evolution flows of UVL distribution pattern types from 2016 to 2021 at 
the global level. 
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urbanization stage. 

4. Discussion 

4.1. Spatial and temporal patterns of UVL 

Previous studies have shown that both urban land expansion and 
urban population shrinkage can lead to the formation of UVL. On the one 
hand, the speed of urban land expansion is significantly faster than the 
speed of population urbanization in many cities, resulting in vacant land 
in urban areas, such as undeveloped land that has not been developed in 
a timely manner within the urban extent (Pagano and Bowman, 2000; 
Németh and Langhorst, 2014; Song et al., 2020). This indicates a severe 
waste of land resources in the urbanization process (Zhao et al., 2018). 
On the other hand, in shrinking cities, urban population shrinkage leads 
to insufficient utilization and management of urban land, resulting in 
abandoned land and demolished buildings, which can increase the area 
of vacant land in urban areas. This phenomenon can be more commonly 
seen in post-industrial cities, like many cities in the northern USA, 
Eastern Europe and northeast China (Martinez-Fernandez et al., 2012). 
Also, researchers have noted that different patterns of urban land use 
may reflect varied socioeconomic circumstances (Salvati et al., 2018). 
These studies have provided theoretical foundations, but the correla
tions between socioeconomic factors such as urbanization level as well 

Fig. 11. Evolution flows of UVL distribution pattern types from 2016 to 2021 at the regional level.  

Table 5 
Spearman correlations between UVL and socioeconomic factors.  

Level Indicator Spearman correlation Total area of UVL in 2016 UVL ratio in 2016 Total area of UVL in 2021 UVL ratio in 2021 

City Population change number Coefficients − 0.192* 0.114 − 0.342* 0.031 
Sig. (bilateral) 0.000 0.011 0.000 0.486 

Population change rate Coefficients 0.115 0.068 0.026 − 0.050 
Sig. (bilateral) 0.011 0.129 0.557 0.266 

Country   UVL ratio (standardized natural logarithm) in 2016 and 2021 
Urbanization rate in 2016 and 2021 Coefficients − 0.264* 

Sig. (bilateral) 0.000 
GDP per capita in 2016 and 2021 Coefficients − 0.203* 

Sig. (bilateral) 0.000  

* At a confidence level (bilateral) of 0.01, the correlation is significant. 

Fig. 12. Weighted regression analysis of urbanization rate and total UVL ratio. 
Note: Each dot represents a country, and a larger dot indicates more studied 
cities in that country. Three letters are the abbreviation for a country, and full 
names of these countries are shown in Appendix A. 
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as population and UVL still lack clear quantification, and specific mea
surement is needed to reveal the differences between cities on the globe. 
Thus, this study analyzes spatiotemporal changes of UVL in shrinking 
cities worldwide to explore variations among cities across different 
countries and associated socioeconomic factors. The observed trend of 
UVL expansion in shrinking cities globally indicates the importance of 
heightened attention in global urban planning practice, especially in 
shrinking cities. 

According to the results, the distribution of UVL shows an obvious 
phased change across countries. The evolution process of UVL can be 
divided into the following stages with different spatial patterns. 

In the early urbanization stage, like in some African cities, devel
oping capacity is limited, and the speed of urban land expansion is 
relatively lower, resulting in the relatively lower UVL ratio and domi
nation of the partial or scatter type. Some shrinking cities may change 
into the overall type with the urbanization process. 

In the rapid urbanization stage, the speed of urban land expansion is 
much faster. However, limited to the population size and construction 
cost, a large area of urban land is left vacant, markedly increasing the 
UVL ratio in peripheral urban areas. This phenomenon can be obviously 
seen in the evolution trend in Asia, where the periphery type has 
increased by 58.82 % from 2016 to 2021. Shrinking cities in countries at 
this urbanization stage tend to have the largest area of UVL. 

In the later stage of urbanization, like in some high-income European 
countries, the difference between the inner part and periphery of a city 
tends to become smaller, which can be seen from the increase of the 
scatter type, where the redevelopment may take place in urban areas, 
the UVL ratio tends to be lower. 

However, for cities in other developed countries or regions like 
Canada or the northern USA, with the suburbanization process and 
population shrinkage, more people leave the inner areas of these cities, 
leading to spatial decay in the inner urban areas, resulting in the 
increased UVL ratio and decreased number of cities of the periphery 
type. For example, Cleveland is a shrinking city in the Rust Belt of the 
USA, and the recession of the manufacturing industries of this city has 
brought out the reduction of development capacity and more urban land 
left vacant in the central urban area (Zhai et al., 2022). 

Although the UVL ratio has a general change trend with the change 
in the urbanization rate, the specific conditions of cities need to be 
considered. In some cities with high density, limited land resources and 
advanced economic development at the later urbanization stage, the 
UVL ratio may be lower because of the sufficient utilization of land use 
in their urban areas. For example, in many Japanese cities like Toyama, 
UVL can be utilized as public facilities, such as community centers and 
parks (Kobayashi and Ikaruga, 2016). At the rapid urbanization stage, 
this issue tends to be more complicated. Although more UVL will appear 
in cities in developing countries in general at this stage, the UVL ratio 
may vary between different countries resulting from the difference in 
land-use planning and management. For example, compared with Chi
nese cities, Indian cities have a lower UVL ratio on average. This could 
be affected by the higher proportion of slums that have occupied UVL in 
India and more vacant land left for real estate development in China 
(Sarkar and Jana, 2023; Zhang et al., 2023). Therefore, the general trend 
at the country level needs to be considered in combination with the 
specific conditions at the city level. 

4.2. Management and utilization of UVL 

In response to the widespread existence of UVL, the database of UVL 
should be established based on remote sensing images using the methods 
of manual auditing and deep learning to promote the efficient and 
reasonable use of urban land. In view of the significant correlation be
tween population shrinkage and UVL, the monitoring of UVL in 
shrinking cities should be conducted or strengthened. 

It is necessary to make proper use of UVL to achieve the green 
development transformation of shrinking cities. Here are several 

recommendations for decision-makers. 
Recognizing the complexity of UVL in shrinking cities. UVL issues in 

shrinking cities are multifaceted and influenced by diverse environ
mental and socioeconomic factors. Decision-makers need acknowledge 
the complexity of UVL dynamics and create strategies that fit each city’s 
unique situation. Temporary utilization strategies for vacant land have 
been implemented in Berlin, Germany and some American cities like St. 
Louis, Philadelphia, Detroit and Chicago to cope with the evolving urban 
development status in a more flexible way (Németh and Langhorst, 
2014). In addition, shrinking cities like Cleveland in the USA have set up 
the land bank as an effective way to sell tax-reverted land for the reuse of 
UVL (Kim et al., 2020). 

Case Studies. While this study provides valuable insights into the 
general distribution characteristics of UVL in shrinking cities globally, 
the real situations of individual shrinking cities are largely varied. 
Decision-makers should support further research, including in-depth 
case studies in representative cities, which can offer detailed insights 
into the underlying factors driving UVL dynamics and inform targeted 
policy interventions. For instance, a study on redeveloping urban vacant 
land through urban greening has been supported by the Basque Gov
ernment in Spain (Míguez et al., 2020). Additionally, the analysis of 
urban space quality using mobile sensing technology has been con
ducted in several cities in China to support research on urban vacancy 
and related issues (Wang et al., 2024). 

Integration of UVL Management into Urban Planning Strategies. 
Decision-makers should prioritize the integration of UVL management 
considerations into urban planning strategies. This entails developing 
policies that incentivize the efficient utilization of UVL, promote sus
tainable development practices, and mitigate the negative impacts of 
vacant land on urban ecosystems. For example, Scotland has proposed 
planning policies for vacant land as “distinctive places” within its gen
eral planning framework. These policies emphasize that local develop
ment plans should prioritize the reuse of vacant land. Furthermore, 
planning applications for proposals that result in the permanent or 
temporary reuse of vacant land should be supported in principle 
(Humphris et al., 2024). 

Collaborative Approaches and Stakeholder Engagement. Addressing 
UVL issues requires a collaborative approach involving various stake
holders, including government agencies, urban planners, community 
groups, and environmental organizations. Decision-makers should 
facilitate dialogues and partnerships to develop holistic solutions that 
address the complex challenges associated with UVL in shrinking cities. 
For instance, civil society organizations (CSOs) in Boston have led a 
project of transforming UVL into a neighborhood pocket park, showing 
that public-civic partnerships have the potential to improve UVL man
agement (Foo et al., 2013). 

4.3. Limitation of this study 

Despite the advantages of remote sensing imagery in identifying 
UVL, this study still has some shortcomings that may need to be 
addressed in future research. 

First is the resolution limitation. The resolution of remote sensing 
images may not capture fine details of vacant land features, especially in 
high-density urban areas or complex urban environments. This may lead 
to the omission of small vacant land areas, thus affecting the accuracy of 
vacant land distribution analysis. 

Second is about the occlusion issue. Objects such as buildings and 
trees may obstruct parts of the ground, resulting in certain areas of the 
remote sensing image being unobservable. This can cause misinterpre
tation, where obstructed ground is mistakenly identified as vacant land, 
or actual vacant land is partially obscured and goes unrecognized. 
What’s more, seasonal and climatic effects also have a significant 
impact. Seasonal changes and varying climatic conditions can impact 
the quality and availability of remote sensing images. For instance, snow 
cover or vegetation growth may obscure the ground, making vacant land 
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difficult to identify. Additionally, cloud cover and lighting conditions 
may also affect the quality of remote sensing images. 

Third is the classification accuracy. Classification algorithms used on 
remote sensing images may introduce errors, leading to inaccurate 
identification of vacant land. These algorithms typically rely on pixel 
values, texture, shape, and other features for classification. However, in 
complex urban environments, there may be other features such as 
buildings, roads, and water bodies that resemble vacant land, increasing 
the likelihood of misclassification. 

Fourth, the data update cycle is another shortcoming. Remote 
sensing images may have long update cycles, resulting in delayed 
identification of vacant land. In rapidly developing or changing urban 
areas, outdated remote sensing images may fail to accurately reflect the 
current distribution of vacant land, necessitating frequent data updates 
to maintain accuracy. 

5. Conclusion 

Urban vacant land (UVL) has become a prominent issue in the pro
cess of urbanization, and many shrinking cities around the world are 
facing severe UVL challenges. Identifying and analyzing the spatiotem
poral changes of UVL in shrinking cities are the foundation for the 
planning response. The spatiotemporal changes of UVL include two key 
dimensions: the amount and spatial distribution. Based on identifying 
UVL in 497 shrinking cities around the world in 2016 and 2021, the 
findings can be summarized as follows. 

First, the total area of the UVL has obviously increased in shrinking 
cities on the globe, and the spatial distribution of UVL is extremely 
uneven. Asian cities are facing the problem of rapid expansion of vacant 
land in urban areas. Second, a correlation exists between urban popu
lation shrinkage and the distribution of UVL. There is a significant 
negative correlation between the change in urban population and the 
UVL amount. Third, the UVL ratio is significantly correlated to the ur
banization rate. With the increase of urbanization rate, the UVL ratio 
tends to increase first and decrease later, which presents a phased 
change. Fourth, similar to the UVL ratio, the spatial structure of UVL also 
presents different types in various countries and urbanization stages. 
Generally, in some developing countries experiencing rapid 

urbanization, more cities tend to be the periphery type in the UVL spatial 
distribution pattern, while in some developed countries the spatial dif
ference of UVL within the city tends to be smaller, resulting in more 
cities of the scatter type. Given the complexity of shrinking cities on the 
globe, the general trend at the country level needs to be considered in 
combination with the specific conditions at the city level. 

This study filled the research gap of the vacant land in shrinking 
cities on the globe, and formed a new perspective for enriching the 
theories of spatiotemporal changes of shrinking cities. The framework 
and findings in this study can provide a scientific reference and tech
nological support for optimizing urban space planning policies and 
achieving sustainable urbanization. 
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Appendix A  

Table A1 
Indicators of UVL amount at the country level in 2016 and 2021.  

Country name Abbreviation Number of 
cities 

Total UVL area 
in 2016 

Total UVL ratio 
in 2016 

Total UVL area 
in 2021 

Total UVL ratio 
in 2021 

Urbanization rate in 
2016 

Urbanization rate in 
2021 

Armenia ARM  1  0.37  3.46  0.13  1.22  63.08  63.43 
Australia AUS  1  0.30  5.45  0.13  2.41  85.80  86.36 
Bulgaria BGR  1  0.59  6.41  0.63  6.88  74.33  76.03 
Bosnia And 

Herzegovina 
BIH  2  0.08  0.46  1.57  8.63  47.52  49.43 

Belarus BLR  2  0.56  2.25  2.34  9.42  77.66  79.91 
Brazil BRA  1  0.04  0.69  0.12  2.16  86.04  87.32 
Canada CAN  6  3.92  4.16  9.11  9.67  81.30  81.65 
China CHN  116  44.85  2.40  96.27  5.16  56.74  62.51 
Congo COG  2  0.19  0.10  1.08  0.57  66.00  68.28 
Czech Republic CZE  5  0.82  1.67  1.61  3.29  73.57  74.21 
Germany DEU  22  6.63  2.82  12.41  5.29  77.22  77.54 
Egypt EGY  6  1.46  1.68  1.97  2.27  42.73  42.86 
France FRA  25  8.14  2.18  6.45  1.72  79.92  81.24 
United Kingdom GBR  4  0.69  1.69  1.24  3.01  82.89  84.15 
Greece GRC  1  0.25  0.86  0.53  1.84  78.39  80.04 
Croatia HRV  1  0.26  3.44  0.47  6.32  56.40  57.88 
Hungary HUN  7  0.21  0.31  1.05  1.55  70.78  72.25 
India IND  24  5.29  1.41  12.21  3.26  53.99  57.29 
Ireland IRL  2  0.19  0.66  0.28  0.94  62.74  63.91 

(continued on next page) 
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Table A1 (continued ) 

Country name Abbreviation Number of 
cities 

Total UVL area 
in 2016 

Total UVL ratio 
in 2016 

Total UVL area 
in 2021 

Total UVL ratio 
in 2021 

Urbanization rate in 
2016 

Urbanization rate in 
2021 

Iran IRN  2  0.13  1.06  0.68  5.80  73.88  76.35 
Italy ITA  10  3.00  2.89  4.11  3.95  69.86  71.35 
Japan JPN  5  0.49  0.42  1.47  1.25  91.46  91.87 
Kazakhstan KAZ  1  0.39  4.38  0.46  5.20  57.26  57.82 
Kyrgyzstan KGZ  1  0.01  0.05  3.49  31.19  35.94  37.15 
Korea, Republic Of KOR  5  0.60  0.34  2.99  1.68  81.56  81.41 
Liberia LBR  1  0.01  0.11  0.12  1.56  50.25  52.57 
Lithuania LTU  3  0.45  0.84  2.07  3.84  67.37  68.25 
Morocco MAR  1  0.01  0.09  2.03  26.57  61.36  64.07 
Moldova MDA  3  0.32  0.64  1.04  2.10  42.51  43.00 
Mexico MEX  1  0.11  1.79  0.10  1.68  79.58  81.02 
Netherlands NLD  2  0.14  1.24  0.48  4.13  90.64  92.57 
New Zealand NZL  1  0.03  0.62  0.04  0.68  86.40  86.79 
Poland POL  8  10.61  1.68  17.13  2.72  60.18  60.08 
Portugal PRT  3  0.14  0.41  0.76  2.19  64.09  66.85 
Romania ROM  13  3.64  2.06  9.52  5.40  53.90  54.33 
Russia RUS  68  59.30  4.11  58.32  4.04  74.16  74.93 
Serbia SEB  4  0.89  2.50  1.00  2.81  55.81  56.65 
El Salvador SLV  1  0.05  0.51  0.05  0.52  70.50  74.12 
Suriname SUR  1  0.02  0.05  0.04  0.08  66.04  66.22 
Slovakia SVK  3  0.68  0.65  1.00  0.96  53.81  53.82 
Turkey TUR  5  8.41  4.82  1.55  0.89  74.13  76.57 
Ukraine UKR  35  20.28  2.38  27.52  3.23  69.15  69.76 
Uruguay URY  1  0.08  1.20  0.08  1.20  95.14  95.60 
United States of 

America 
USA  87  28.85  1.39  39.20  1.89  81.86  82.87 

South Africa ZAF  3  0.43  0.81  0.85  1.57  65.34  67.85 

Note: Countries are sorted based on the alphabet order of their abbreviations. The unit of total UVL area is km2. The unit of total UVL ratio is %. The unit of urbanization 
rate is %. 

Appendix B

Fig. B1. The total UVL area in 2016 at the city level   
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Fig. B2. The total UVL area in 2021 at the city level.  

Fig. B3. The UVL ratio in 2016 at the city level.  

Fig. B4. The UVL ratio in 2021 at the city level.  
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Appendix C  

Table C1 
Comparison of deep learning models for auto-identifying UVL between studies.  

Research Number of countries Number of cities Trained model Performance metrics 

F2-score IOU 

This study  45  497 Desert  0.892  0.757 
Savanna  0.846  0.591 
Forest  0.846  0.608 
Summer-dry  0.877  0.654 
Winter-dry  0.837  0.563 

Mao et al., 2022  1  36 Beijing  0.888  0.719 
Shenzhen  0.852  0.649 
Lanzhou  0.817  0.550 
Hybrid  0.841  0.613  
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Míguez, F., Gómez-Sagasti, M.T., Hernández, A., Artetxe, U., Blanco, F., Castañeda, J.H., 
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