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Urban morphology exerts an important influence on human settlements and serves to promote sustainable
development. However, few studies have focused on the three dimensions (3D) of urban morphology. Therefore,
to explore 3D urban morphological characteristics and transformations, we adopted a standard urban

E‘:‘r;isrfor;xctzn morphology classification scheme, the local climate zone (LCZ), and selected three Chinese megacities as case
3D & studies. Remote sensing images and machine-learning technology were used to create spatiotemporal LCZ maps.

Our results reveal that cities have diverse forms, with the dominant urban morphology varying across different
cities and periods. However, cities still share several common patterns. The dynamic spatial distribution of LCZ
density can be divided into three patterns: spreading, shrinking and relocation. In recent years, Chinese mega-
cities have mainly expanded with open high-rise (OHR) and large low-rise (LLR) classes. Combined with the
increase in building height, urban landscapes have been homogeneous. Additionally, 3D urban morphology is
driven by several factors, such as economic activity and the dissociation of population growth from urban
expansion. Detailed spatiotemporal LCZ maps can help us better understand urban morphology transformations
and explore the corresponding driving forces, providing a reference for urban planners and policymakers seeking

Machine learning

to make cities healthier and more livable.

1. Introduction

Urban morphology refers to the physical characteristics of urban
forms, such as the spatial layout of buildings, the urban landscape and its
transformations (Chen, 2014). As a product of human construction and a
reflection of urban function, urban morphologies changes with devel-
opment. An inappropriate urban morphology can accelerate microcli-
mate change, threaten human health, impact the urban environment
and other issues (Cai, Han, & Chen, 2018; Cao, Luan, Liu, & Wang, 2021;
Cao, Wu, Liu, Chen, & Zou, 2019; Milojevic-DuPont & Creutzig, 2020).
Scholars have also found that planning strategies used to optimize the
physical urban morphology are an efficient way to address the above
noted issues through urban design (Hatvani-Kovacs, Bush, Sharifi, &
Boland, 2018; Mabon, Kondo, Kanekiyo, Hayabuchi, & Yamaguchi,
2019). Therefore, to promote sustainable urban development, there is an
urgent need to explore the characteristics of urban morphology and
reveal the driving forces behind corresponding transformations.

Classic urban morphology studies were usually conducted in two
dimensions (2D) and discussed various issues, such as land use, urban
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structure, and the driving forces behind morphological transformation
(Kovacs et al., 2019; Li, Sun, & Fang, 2018; Meng, Sun, & Zhao, 2020;
Yang, Zhang, Xu, & Luo, 2020). In land use studies, remote sensing
techniques combined with geographic information system (GIS)
methods have been widely applied to capture urban morphology char-
acteristics by using satellite data (e.g., Landsat series images and
nighttime light images) (Taubenbock et al., 2012; Zhang & Seto, 2011).
Land use is typically classified into natural land and built-up areas,
whereby the boundaries and locations of built-up areas are regarded as
crucial factors in the evaluation of urban morphology dynamics, such as
outlying expansion and infilling (He, Zeng, Xie, Tan, & Wu, 2019; Yang
et al., 2020; Zhao et al., 2020). While focusing on built-up areas and
urban boundaries, scholars have also used landscape metrics (e.g., area,
shape, and density) to quantify and explore the dynamics of urban
morphology at the mesoscale (Lemoine-Rodriguez, Inostroza, & Zepp,
2020; Meng et al., 2020; Wentz et al., 2018; Yu & Ng, 2007). For
example, Meng et al. (2020) used landscape metrics to compare the
spatiotemporal dynamics of urban expansion in Guangzhou and
Shenzhen, they found that both cities exhibited leapfrogging growth
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followed by edge expansion. Lemoine-Rodriguez et al. (2020) compared
the dynamics of 194 cities across the globe using landscape metrics and
found that large cities tend toward fragmentation, while small cities
have become increasingly compact. Previous studies have also revealed
that the transformation of urban morphology is driven by multiple
factors, such as government policy, socioeconomic development, and
natural resources (Li et al., 2018; Long, Gu, & Han, 2012; Wu, Li, &
Wang, 2021; Yang et al., 2020).

In addition to 2D-level urban morphology studies, in recent years,
3D-level studies have rapidly increased in popularity with the enrich-
ment of data sources (e.g., OpenStreetMap and Google Earth 3D layers),
and the development of optical or stereo remote sensing technology
(Fonte, Lopes, See, & Bechtel, 2019; Taubenbock, StandfuB, Wurm,
Krehl, & Siedentop, 2017; Xu et al., 2017; Zhu et al., 2019). Several
parameters are widely applied to illustrate 3D urban morphology
characteristics, such as the street aspect ratio, building height, built-up
volume and sky view factor (Biljecki & Ito, 2021; Cao et al., 2019; Li,
Liu, Zhang, Xue, & Li, 2021; Taubenbock et al., 2017). For example,
Taubenbock et al. (2017) used stereoscopic remote sensing images in
combination with building footprint data to derive urban 3D building
models and then applied a built-up volume parameter to analyze urban
mass concentrations. Researchers have also proposed some schemes to
systematically classify urban morphology, such as urban functional
zones and local climate zones (LCZ) (Du, Liu, & Zhang, 2021; Stewart &
Oke, 2012). In particular, the LCZ scheme is rapidly gaining attention in
this field (Jiang et al., 2021). The scheme was adopted by the World
Urban Database and Access Portal Tool (WUDAPT) community project
(Ching et al., 2018), in which the lowest level of detail was used to map
cities and their surrounding natural landscapes into LCZ types. Com-
bined with characteristic urban canopy parameters, the LCZ scheme also
provides information on urban physical forms and functions in global
cities in a standardized manner. At present, LCZ have been widely
applied in urban climate studies (Demuzere, Kittner, & Bechtel, 2021)
and have been expanded for use in other applications, such as human
health, socioeconomic and urban morphology analyses (Brousse et al.,
2019; Cai, Tang, Chen, & Han, 2019; Cai, Tang, & Zhan, 2021; Ren et al.,
2019; Taubenbock et al., 2020). Scholars have also constructed dynamic
LCZ maps for different cities (Demuzere, Mihara, Redivo, Feddema, &
Setton, 2020; Vandamme, Demuzere, Verdonck, Zhang, & Van Coillie,
2019; Wang et al.,, 2019; Zhao, Weng, & Hersperger, 2020). For
example, Vandamme et al. (2019) quantified the expansion and intra-
urban restructuring of Kunming from 2005 to 2017 based on LCZ and
found that Kunming city experienced spatial expansion between 2005
and 2011, whereas densification with open classes commenced after
2011. Zhao et al. (2020a) characterized the urban morphology of Austin,
TX (USA), analyzed its transformation between 2006 and 2016 based on
an improved LCZ classification scheme and found that the city mainly
expanded with sparsely built and transportation classes.

However, previous 2D and 3D urban morphology studies suffered
from certain limitations. For example, 2D studies can illustrate urban
expansion characteristics well, but they neglect parts of the urban
morphology that can be addressed based on its 3D characteristics, such
as building height and volume. Moreover, 2D studies have difficulty
capturing urban renewal characteristics in built-up areas in which urban
renewal has become a dominant phenomenon in developed cities or
regions with limited expansion (Carmon, 1999). Early 3D studies were
usually conducted at the microscale because of the lack of freely avail-
able data at the mesoscale. In recent years, professional services (e.g.,
Geoscape and Baidu Map) have begun to provide fine-scale spatial 3D
urban products (Li, Koks, Taubenbock, & van Vliet, 2020; Potgieter
etal., 2021); however, such datasets are expensive, and most span only a
specific period in time. Such shortcomings have limited the study of 3D
urban morphology transformations and comparisons across different
cities worldwide. Furthermore, previous studies of LCZ dynamics mainly
focused on urban expansion characteristics and only addressed urban
renewal in a limited way. Whether cities display a similar pattern in
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terms of spatial layout transformation and the characterization of 3D
urban morphology remains unknown. Moreover, most studies have been
limited to revealing the forces driving the 3D urban morphology.

In recent years, machine learning, especially deep-learning tech-
nology, has experienced rapid development in natural language pro-
cessing, data mining, multimedia learning and other areas (LeCun,
Bengio, & Hinton, 2015). In particular, image recognition technology
based on convolutional neural networks and random forests has accel-
erated urban studies (Grekousis, 2019; Li et al., 2019). The fusion of free
multisource satellite data combined with machine/deep learning,
remote sensing technology and GIS has made it possible to quickly
identify and classify 3D urban morphology at a high spatiotemporal
resolution worldwide (Geil3, Schrade, Pelizari, & Taubenbock, 2020; Ma
et al., 2019; Middel, Nazarian, Demuzere, & Bechtel, 2022; Yu, Wu, Luo,
& Ren, 2017). Therefore, in this paper, we adopted machine learning,
remote sensing and the LCZ scheme to answer the following questions:

1) What characteristics of 3D urban morphology have been transformed
across different cities?

2) What are the main forces driving 3D wurban morphology
transformations?

2. Data and methods
2.1. Case study cities

Over the past 20 years, China has experienced rapid urbanization,
with the area of built-up urban land increasing from 22,439 km? to
60,312 km?, simultaneously increasing the permanent urban population
from 30.89 % to 60.6 % of the total population (NBS, 2020). Moreover,
China has a vast territory with varied landscapes and diverse cultures,
leading to diverse 3D urban morphology characteristics across different
cities. Therefore, three Chinese megacities were selected as case studies:
Beijing, Shanghai and Guangzhou (Fig. 1). Beijing, long China's capital,
has a historical urban core area that dates back 600 years (Gaubatz,
1995). Because of the city's numerous historical conservation zones,
dense population, and scarce water resources, top-down central gov-
ernment policies heavily influence urban planning and construction
(Long et al., 2012; Wu, 2015). Shanghai, the economic center of China,
is one of the largest trade port cities to emerge in the modern period; its
traditional urban landscape was influenced by Western cultures in the
early 20th century (Lee & Li, 1999). Guangzhou, at the center of the
Pearl River Delta, was China's first national pioneering urbanization
area beginning in 1978, and as a result, market forces have been a
stronger driver of urban development there than in other Chinese cities
(Yu & Ng, 2007). Beijing, Shanghai, and Guangzhou represent three
typical Chinese cities of the 20th century: traditional, modern and so-
cialist (Gaubatz, 1999). They also have similarities. For example, they
are located in the country's three largest urban agglomerations (the Jing-
Jin-Ji, Yangtze-River-Delta and Pearl-River-Delta urban agglomera-
tions) (Fig. 1), and they are densely populated, with 21.54 million, 24.28
million and 15.3 million residents, respectively. All have experienced
rapid urbanization and large urban morphology transformations over
the past two decades. Therefore, Beijing, Shanghai, and Guangzhou are
ideal megacities for a comparative study that aims to identify and reveal
the driving forces behind 3D urban morphology transformations.

2.2. Data sources and preprocessing

To conduct a long-term series of studies, we chose Landsat satellite
series data (e.g., Landsat 5, 7+ and 8) for urban morphology classifi-
cation because they have been freely available since 1984. The spatial
resolution of Landsat satellite images ranges from 15 m to 120 m, and it
is difficult to identify the fine-scale characteristics (e.g., building foot-
prints and small rivers) of the urban morphology at those resolutions. To
overcome this problem, we selected Google historical images with a
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Fig. 1. Locations of the case cities and study area.

super high spatial resolution (1 m) as a label layer and Landsat imagery
as Earth observation input features. Google historical data were
extracted from Google Earth, and Landsat imagery was accessed from
the Google Earth Engine (GEE) platform. Population density data at a
spatial resolution of 1 km were downloaded from the WorldPop website
(https://www.worldpop.org/) and resampled to a 100 m resolution to
fit urban morphology maps. Population size data were acquired from the
report of Demographia World Urban Areas (Cox, 2021). Gross domestic
product (GDP) data for global megacities were acquired from the World
Bank website (https://data.worldbank.org/).

Compact Highrise (CHR)

Open Space (OS)

Green Space (GS) .
ater

(=

2.3. Methods

2.3.1. Classification of 3D urban morphology and accuracy assessment
We adopted an adapted LCZ scheme to classify the 3D urban
morphology (Fig. 2). LCZ classified urban and rural areas into built-up
(LCZ 1 to 10) and natural land cover (LCZ A to G) categories with 17
different classes (Stewart & Oke, 2012) (Table 1A, Appendix). Because
the LCZ scheme was mainly designed for urban climate studies, certain
LCZ classes have similar functions and can be regarded as the same type
in urban planning. For example, dense trees (LCZ A), scattered trees

L Land cover

Built-up

Fig. 2. Adapted LCZ scheme applied in our study and the corresponding labeled samples.
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(LCZ B), bush and scrub (LCZ C), and low plants (LCZ D) are all
considered green spaces in urban planning. The large low-rise (LLR, LCZ
8) and heavy industry (LCZ 10) classes are mainly associated with in-
dustrial functions. Therefore, we deleted and merged several LCZ classes
to make them suitable for urban morphology studies as follows. LCZ A-D
were reclassified into green space (GS), and LCZ E-F were reclassified
into open space (0S). LCZ 8 and LCZ 10 were merged into LLR. Spe-
cifically, compact high-rise (CHR), compact mid-rise (CMR), compact
low-rise (CLR), open high-rise (OHR), open mid-rise (OMR), open low-
rise (OLR) and LLR are built-up classes. Additionally, GS, OS and
water are natural land cover classes.

Multitemporal LCZ maps were created using the historical Google
layers and Earth observation input features from the Landsat satellite
images (Fig. 3). First, we imported the available Google historical layers
into ArcGIS Pro software. Then, we digitized the labeled training areas
(TAs) required for the supervised random forest classifier (Bechtel et al.,
2015). Because of the super-high-resolution Google historical layers are
available only after 2000, and the processes of urban demolition and
reconstruction can last several years. Therefore, the year 2000 was
selected as a starting point, with additional target years selected 5 years
apart (2000, 2005, 2010, 2015 and 2020). For all target years, all
Landsat images within +180 days were selected (e.g., 01-07-1999 to 01-
07-2001 for the year 2000), and only data obtained on days with cloud
cover below 70 % were used. The total numbers of labeled training area
polygons for Beijing, Shanghai and Guangzhou were 11,705, 13,059,
and 10,599, respectively. These labels were uploaded to the GEE to
perform the LCZ classification using GEE resources according to the
approach of Demuzere (Demuzere et al., 2020; Demuzere et al., 2021;
Demuzere, Bechtel, Middel, & Mills, 2019; Demuzere, Bechtel, & Mills,
2019). The classification procedure generally followed the methodology
used in the LCZ generator (http://lcz-generator.rub.de, Demuzere et al.,
2021), with certain changes to the Earth observation input features
because of the multitemporal nature of the classification problem.

The accuracy assessment followed the standard cross-validation
approach (Bechtel et al., 2019; Demuzere et al., 2021): in each of the
25 bootstraps, 70 % of the TA polygons were used for training, and 30 %
were used for testing. The polygons were selected by stratified (LCZ
type) random sampling, maintaining the original LCZ class frequency
distribution. This procedure was repeated 25 times, which enabled us to
provide confidence intervals for the accuracy metrics. The accuracy
metrics included the overall accuracy (OA), overall accuracy for the
urban LCZ classes only (OA,), overall accuracy of the built vs. natural
LCZ classes only (OAyp,), and weighted accuracy (OAy,). For further de-
tails, see the studies of Bechtel, Demuzere, and Stewart (2020) and
Demuzere et al. (2021).

2.3.2. Spatial unit and distribution of urban morphology

The spatial unit is a fundamental parameter that influences the
detailed description of urban morphologies. To utilize the minimum
scale (100 m) in the proposed LCZ scheme, we selected 100 m x 100 m
grid cells as the spatial unit to map and analyze the data.

We applied ring-based analysis to capture the natural continuous
spatial distribution of the 3D urban morphology, a method widely used
in previous 2D urban morphology studies (Jiao, 2015; Xu et al., 2019).
This approach aims to prevent the morphological characteristics from
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being influenced by changes in urban/administrative boundaries, and
can be used to easily identify matching areas and compare different
cities. In the ring-based method, the central business district (CBD) is set
as the city center, and a series of buffer zones is then established around
it. As the location of the CBD may change over time, we fixed this
location to a site identified in the 1990s. Although ring-based methods
are mainly used for monocentric cities, they can also be applied in
polycentric regions. The difference is that the latter have multiple city
centers. In previous studies (Jiao, 2015), the effective radius in most
Chinese cities is < 36 km; therefore, to capture most of the built-up
classes in all periods, the longest distance from the city center to the
outside buffer zones was 36 km for all cities, and the width of buffer
zones was set as 1 km (Fig. 4a). The spatial distribution of the LCZ
classes can be described by their density in each buffer zone and
expressed as follows:
. CA/. .
D, :—(; = 2000, 2005...2020; j = 1, 2...36) 1)
TA;

where D is density; C represents the different LCZ classes (e.g., CHR,
CMR, and OLRY); j is the buffer zone; CA,; is the area of class C in the jth
ring; TA; represents the total area of the j™ ring; and i is the year.
Therefore, DAY, is the density of the CHR class in the 1st buffer zone in
2000. To clearly show the spatial distribution of the LCZ classes, we
performed spline fitting between each LCZ density class and the corre-
sponding distance to the city center (DIST).

2.3.3. Alluvial diagram model

Exploring the transformation of different LCZ classes is crucial for
understanding urban development and its driving forces. Previously, 2D
studies typically addressed urban expansion in terms of several sub-
categories, such as edge expansion and outlying (He et al., 2019; Meng
et al., 2020; Zhang et al., 2020), but few of them accounted for urban
renewal. Therefore, to capture all types of urban morphological dy-
namics, we classified them into two categories: expansion and renewal.
Expansion involves the replacement of natural land cover classes (e.g.,
GS, OS, and water) with built-up classes (e.g., CHR, CMR, and LLR); in
contrast, renewal represents a built-up class that changes and is replaced
by another built-up class (or natural land cover class) across different
periods (Fig. 4a). An alluvial diagram was also used to illustrate the LCZ
class transformations in fixed study areas (Fig. 4b). Additional details
regarding alluvial diagrams were provided by Rosvall and Bergstrom
(2010).

3. Results
3.1. Classification accuracy

Most of the LCZ classifications achieved OA scores well above 0.6
(Fig. 5), thus meeting the average minimum accuracy (0.5) requirement
for WUDAPT automated quality control (Bechtel et al., 2019), which
demonstrating that the classified results are reliable and can be used in
subsequent spatial analyses. The average OAp, in all cities and periods
was > 0.9, which indicates that built-up areas and natural land covers
were well classified. Similarly, all of the OA,, values reached average

Import Google Label training Ul
Arcgis | historical layers —| Georeferencing —| ROI clipping —>| B —| training areas [P Adjusted multi- | Google
Pro (EME) temporal LCZ | Earth
(Lable Generator Engine
and (Landsat 5,7, | (Machine
analysis) ) . Sampling and Filtering Resampli Download LCZ 8) learning)
Spatalumals zonal (Majority) (100 m) maps (Tiff) ]

Fig. 3. Workflow of urban morphology classification and spatial analysis.
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Fig. 5. Accuracy metrics across three cities and different years.

values > 0.85, which indicates that the dissimilarity between LCZ types
(e.g., compact and open classes) was well recognized.

3.2. 3D urban morphology characteristics

Cities are unique in their landscape and physical characteristics.
However, cities are also typically composed of the same elements, such
as buildings, roads and green spaces, and those elements form different
urban morphology classes. Therefore, uniqueness and universality exist
simultaneously. To explore these dual characteristics of cities, we
perform assessments from the perspectives of dominant urban
morphology classes and spatial distributions.

3.2.1. Dominant urban morphology classes across different cities
Although the dominant LCZ classes varied across different cities,
there was a common trend of these classes transforming to high-rise
classes (Fig. 6). In their early stages, the studied cities mainly con-
sisted of low-rise or mid-rise buildings; notably, in 2000, the dominant
built-up classes in Beijing, Shanghai and Guangzhou were CLR, OMR
and LLR, accounting for 57.2 %, 45.7 % and 24 % of the built-up areas,
respectively. Later, especially after 2010, the number of high-rise
buildings in urban built-up areas quickly increased. For example, the
percentage of the OHR class in the study area increased from 0.2 %
(2000) to 8 % (2020) in Beijing, from 2.1 % (2000) to 34.5 % (2020) in
Shanghai, and from 0.1 % (2000) to 9.2 % (2020) in Guangzhou.

3.2.2. Spatial distribution of 3D urban morphology

The distribution of LCZ classes revealed a spatial preference. For
example, compact classes (e.g., CHR and CMR) were concentrated in
urban core areas, while LLR classes were located in outer rings. For the
CHR and CMR classes, most appeared in urban core areas with DIST
values < 10 km. However, CHR and CMR exhibited contrasting devel-
opment models, as the number of CHR increased while CMR in abun-
dance decreased with urban development (Fig. 7). The density of the
CLR class also exhibited a decreasing trend for all cities in urban core
areas. LLR were most likely to appear in suburban areas with DIST
values > 10 km. Notably, the LLR density decreased near urban core

areas but increased in suburban areas with urban development. The
OHR class was more likely to appear in areas with DIST values > 10 km,
and the density of this class increased in both urban core areas and
suburban areas. The OMR class tended to appear in areas with DIST
values ranging from 10 km to 20 km and displayed the highest density
value in these areas.

From Fig. 7, we can categorize the development and spatial distri-
bution of LCZ classes into three fundamental patterns: spreading,
shrinking, and relocation (Fig. 8). Spreading occurs when the density
and area of an LCZ class increase (Fig. 8a); this pattern was common for
the CHR and OHR classes. Shrinking occurs when the density and area of
an LCZ class decrease (Fig. 8b); this pattern was most common for the
CLR class. Relocation is associated with a constant LCZ density. How-
ever, the location of a class shifts from one area to other areas in the
course of urban development (Fig. 8c). Relocation was most common for
the LLR classes. The three fundamental patterns can also be applied to
multiple types of distribution. For example, the development of the CMR
class in Beijing involved shrinking and spreading (Fig. 7a-2).

3.3. Transformation of 3D urban morphology

From the perspective of urban development, morphological trans-
formations can be divided into two types: expansion and renewal.
Because of rapid urbanization, outward expansion was the major phe-
nomenon witnessed in most Chinese cities in the early phase, especially
before 2010. After 2010, affected by the declines in economic growth
and the urbanization speed, urban expansion slowed, and the percent-
age of internal urban renewal in built-up areas gradually increased
(Fig. 9).

3.3.1. Characterization of urban expansion

Expansion was a popular trend of urbanization, with the built-up
area increasing by 6.5 %, 42.2 %, and 29.2 % in Beijing, Shanghai and
Guangzhou, respectively, between 2000 and 2020. The fastest expan-
sion appeared in approximately 2010, after which it gradually slowed in
all cities.

A detailed examination of the transformation of LCZ classes showed
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Fig. 6. LCZ maps across different cities and years (a); the percentages of LCZ classes in Beijing (b), Shanghai (c), and Guangzhou (d) in different years.

that the cities varied in their expansion characteristics, especially in the
early years of the study period. However, these differences disappeared
as cities expanded with OHR and LLR classes in recent years. For
example, GS was mainly replaced by the CLR class before 2010 and then
transformed to the OHR and LLR classes in Beijing (Fig. 9a). In Shanghai,
the GS class was mainly transformed to the OHR, OMR, and LLR classes
between 2000 and 2010. After 2010, the built-up area expanded with
OHR classes (Fig. 9b). In Guangzhou, the city remained in a near-
constant transformation model, and the GS class steadily transformed
into the OHR and LLR classes from 2000 to 2020 (Fig. 9c).

3.3.2. Characterization of urban renewal

Urban renewal or redevelopment was the major transformation
characteristic of the built-up areas. The common trend in all of the cities
was an intensification of urban construction as the low-rise classes
transformed to comparatively high-rise classes. For example, the OMR
class transformed to the OHR class, and the CLR class transformed to the
CMR or CHR class. These transformations caused the number of CHR
classes to continuously increase, with the percentage of CHR increasing
from 1.2 % to 6.5 %, 1.9 % to 9.1 %, and 0.8 % to 2.9 % in Beijing,
Shanghai and Guangzhou, respectively. The number of OHR classes
dramatically increased, especially after 2010, with the percentage of
OHRs increasing from 0.7 % to 8 %, 2.1 % to 34.5 %, and 0.1 % t0 9.2 %
in Beijing, Shanghai and Guangzhou, respectively.

3.3.3. 3D urban morphology transformation model for Chinese megacities
The expansion and renewal characteristics of the LCZ classes in three

Chinese megacities have shared a similar transformation model in recent
years (Fig. 10). Where urban areas were expanded with LLR and OHR
classes, LLR was replaced by the CLR and OMR classes, OMR was
transformed to the OHR class, and certain OHR classes were finally
redeveloped as the CHR class. Moreover, CLR was replaced by CMR, and
CMR was transformed to the CHR class. In recent years, several other
types of urban expansion or transformation have also occurred. For
example, CLR was directly transformed to the CHR class. However, such
cases only occurred in certain areas near the city center and can be
regarded as minor transformations.

4. Discussion

4.1. Comparison of the spatial distribution of the 3D urban morphology
across global megacities

Cities are diverse, and this diversity is reflected in their dominant
LCZ classes (Taubenbock et al., 2020; Zhu et al., 2022). However, cities
may also display several common patterns, such as the spatial preference
of different LCZ classes in Chinese megacities. To explore whether these
rules exist in global megacities, in addition to the case cities here, we
selected eight global megacities for comparison (Fig. 1B, Appendix);
they cover most types of cities, as Taubenbock et al. (2020) categorized.
The results showed that compact classes (e.g., CHR, CMR and CLR)
dominate the urban morphology in all city centers, as these LCZ classes
have the highest density around the central city area (DIST <10 km).
The open classes (e.g., OMR and OLR) or LLR classes generally appear in
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Fig. 8. Three fundamental patterns of the

suburban areas, with a DIST of approximately 10 km (Fig. 11).

To better understand the characteristics of urban morphology, we
select the per capita gross domestic product (GDP) as a critical index that

spatial distribution of LCZ classes: spreading (a), shrinking (b) and relocation (c).

represents cities' economic levels and the stage of urban development.

Because the GDP is usually positively correlated with urban develop-
ment, therefore, present-day cities with different economic levels can be
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Fig. 9. Alluvial diagram of LCZ classes across different cities and periods.

used to explore the transformation of the urban morphology. Fig. 11
shows that cities are dominated by low-intensity classes (e.g., CLR and
OLR) at low GDP values. As the GDP increases, several low-intensity
classes (especially CLR) display a shrinking pattern, and the high-
intensity classes (e.g., CMR, OHR and OMR) exhibit a spreading
pattern. Moreover, relocation can be observed for LLR classes with
increasing GDP. The findings for these global megacities can inform the
expected development of urban morphology in Chinese or other devel-
oping megacities. Notably, the CHR, CMR and OHR classes are
increasing, and the CLR class is shrinking.

4.2. Driving forces of the 3D urban morphology

Cities are driven by various forces, such as government policies,
climate conditions and socioeconomic factors (Long et al., 2012; Wu
et al., 2021; Yang et al., 2020). Regarding driving forces, several tradi-
tional 2D theories can be applied to explain the characteristics and
transformation of the 3D urban morphology. For example, location
theory supports the idea that cities are driven by economic activity
(Isard, 1956). Notably, the land price decreases with increasing distance
to the city center, which leads to intensified land construction and the
formation of compact classes in the city center and open and LLR classes

distributed in peripheral urban areas.

In addition to economic activity, other forces also drive urban
morphology. The population can serve as an example. Population size
displayed a significant positive relationship with the urban built-up
area, and the Pearson correlations were 0.76** (Beijing), 0.91**
(Shanghai) and 0.90** (Guangzhou). These outcomes indicate that
population played an active role in promoting urban expansion. How-
ever, the spatial distribution of the population did not keep pace with
urban expansion. As shown in Fig. 12 urban expansion mainly occurred
in suburban or rural areas, because the density of built-up classes in the
city center increases at a slower pace than that in suburban or rural
areas. In contrast, most city inhabitants live in urban core areas. In these
areas, the population density (PD) is increasing faster than that in sub-
urban areas (Fig. 13a). According to the coordination of supply and
demand in urban areas, the following relationship can be established:

Population X per capita spaces = Built up area x land development intensity
(2
The preceding equation can be converted into the following form:

Population _ land development intensity
per captia spaces

3

Built up area
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Fig. 10. Urban morphology transformation model for Chinese megacities.
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Fig. 11. Spatial distribution of the LCZ density across global megacities for the year around 2020 (a-g) and average GDP in different cities (h).

Therefore, the dislocation development between population growth
and built-up areas can produce an uneven distribution of the 3D urban
morphology (Fig. 13b). For areas near the city center, population growth
was faster than the increase in built-up areas, which can lead to a higher
land development intensity or smaller per capita spaces, and produce
the formation of compact classes. For areas far from the city center,
especially in suburban or rural areas, population growth is often slower
than the increase in built-up areas, which can lead to a lower land
development intensity or larger per capita spaces and the formation of

open or LLR classes.

The imbalance between the growth in population and built-up areas
can also impact the dominant LCZ classes across different cities. In
Shanghai and Guangzhou, the growth of built-up areas was much faster
than their population size (Fig. 13c). In this scenario, residents owned
more land spaces (not limited to residential areas), and the cities had to
spread in a low-density pattern, producing numerous open or LLR
classes. The opposite was true for Beijing, where the growth of built-up
areas was slower than their population, leading to the intensified use of



Z. Cai et al. Cities 131 (2022) 103988
- Beijing - Shanghai Guangzhou
s (a) (c)
206 \
z W
Q04
0.2
0.0t T T T T T T
10 20 30 4 10 20 30 40
DIST (km) DIST (km)
Year — 2000 — 2005 2010 — 2015 - 2020
Fig. 12. Spatial distribution of the built-up density across different cities and years.
Beijing Shanghai Guangzhou (a)
250 500 600
200 400 -
< o & 400 Year
150 - 300 £
% -\i i — 2000
& 100 & 200
8 g g 200
50 100 2010
— 202
0 T T T 0 T T T | 0 T T T —
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
DIST (km) DIST (km) DIST (km)
C
ACompact classes Open classes (b) A ) ‘ ( )
) = =  Period1 Open morphology , k= Population/Built-up =1
! . J (046,125 ~
: = Period 2 ':E. Shanghai .,/
- &
2 ! —— Population £ 7 Guangzhou -
7] = 4 (0.25,0.69) -~
g ! —— Built-up =) : ),
2 05+ //.,(,(?'58’ L Compact morphology
[ = 7 Beijing
& 4 <
P ‘ — >
0.5 1.0
DIST (km) Ratio (Population)

Fig. 13. Spatial distribution of the population density (PD) across different cities and years (a). The dislocation development of population and built-up area can
produce an uneven distribution of the 3D urban morphology, as compact classes are distributed in urban core areas and open classes are dominant in suburban areas
(b) (this figure is derived from Fig. 12 and Fig. 13a). The imbalanced growth ratio of population and built-up area can produce various dominant LCZ classes across

different cities (c).

urban spaces and an urban morphology transformed into compact
classes. Therefore, a dense population can accelerate the formation of a
compact urban morphology, creating a positive relationship between
population density and urban compactness, as has been identified in
various global cities (Hu, Wang, Taubenbock, & Zhu, 2021).

Notably, the driving forces of urban morphology are complex and not
limited to the economy and population; they also include other forces,
such as government controls, transportation developments, information,
and communication technology (ICT) transformations (Li et al., 2018;
Long et al., 2012; Wu et al., 2021; Zeng, Yu, & Zhang, 2019). These
forces combine and interact to influence urban morphology trans-
formations, thus producing nonlinear correlations between driving
forces and urban morphology. For example, the relationship between
population size, built-up area, and urban morphology is also influenced
by economic developments. In Eq. (3), we set per capita space as a
constant value that does not change with urban development. In real
scenarios, per capita space increases or decreases with economic levels,
and is even decoupled from economic activity in some cases. For
instance, certain residents can purchase luxury villas under improving
financial conditions but cannot afford rent on a small house when in-
comes worsen. Such forces can distort the coordination relationship

10

between population growth and urban expansion, making the K value in
Fig. 13c not equal to 1.

4.3. Policy implications

This study has several implications. First, high spatiotemporal 3D
urban morphology maps can expand the data sources of urban studies
and provide a database for other issues, such as the urban climate,
human health and air pollution. Second, cities are diverse; they vary in
their urban landscapes and dominant LCZ classes. However, Chinese
megacities also share a common transformation model, making them
homogeneous in recent years. Therefore, urban planners and policy-
makers should consider preserving unique urban landscapes and char-
acteristic areas, such as historical zones. Third, the physical morphology
of urban areas, urban functions and human activities are interrelated.
For example, the CHR class appears in city center areas and mainly
serves office and commercial functions, while the OHR class is generally
distributed in suburbs and serves residential functions (Cai et al., 2021);
this finding implies that a jobs-housing imbalance will be more serious
under the heterogeneous development of urban 3D morphology.
Therefore, corresponding methods should be proposed to improve the
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connectivity between jobs and housing and address issues such as traffic
congestion and energy use. A mix of various urban land uses and urban
morphology should also be encouraged. Fourth, the spatial distribution
and preferences regarding different LCZ classes can provide examples
for planners managing urban land use, controlling the land construction
intensity and optimizing the 3D urban morphology. Last, because the
driving forces of the 3D urban morphology are complex and vary across
different cities, in addition to common actions or rules, the government
should introduce comprehensive construction and renewal institutions
to support local development, especially during the urban renewal
period.

4.4. Limitations and future studies

This study has several limitations. First, there are data limitations.
We used satellite images to label training samples and classify urban
morphology. This approach depends on the optical characteristics of
buildings, such as shadows, from which the surface area or height of
buildings are identified and calculated. If buildings are densely distrib-
uted or directly adjacent with little open space between them, it is
difficult to extract building properties. In addition, buildings with no
surface area changes can continue to increase in height, and it is difficult
to distinguish such differences. A typical example is the CLR class in
Guangzhou city, for which the average number of floors was less than
three in approximately 2000, while the average number of floors is
currently 6 or greater. Therefore, it is necessary to combine remote
sensing images with other data (e.g., LIDAR and RaDAR) or to conduct in
situ assessments to improve the LCZ classification accuracy (Zhu et al.,
2019). A second shortcoming is associated with the methodology
applied. We applied machine learning to identify urban morphology,
and the overall accuracy was approximately 0.6 and varied across
different cities, even for LCZ classes. For the classes with single land
covers, such as water, the accuracy was over 0.9, whereas for classes
with complex morphologies, it was approximately 0.5. Although these
accuracy levels are sufficient for conducting mesoscale studies, its un-
certainty remains and requires improvement. Moreover, we adopted the
LCZ scheme and classified 3D urban morphology into 10 classes, which
cannot capture the full image of cities. Notably, certain landscape
characteristics were simplified. For example, super high-rise buildings
were grouped into the CHR class, and areas being demolished or that
were previously demolished were grouped into the OS class. Considering
more 3D parameters and expanding the number of classes could enhance
the extraction of 3D urban information. Third, the time series used was
short, and the study context was limited to China. Our study year began
in 2000 because no super high spatial-resolution images from before
2000 were available on Google Earth. In future studies, starting analyses
in 1985 or even earlier would be more interesting since Chinese eco-
nomic reform began in 1987 and urbanization accelerated after 1990. In
subsequent years, the Chinese mainland experienced vast urban land-
scape changes. Thus, a long time series could capture the full process of
Chinese urbanization. A solution would be to use deep learning to
retrieve super-high-resolution images based on Landsat images and then
use these data to establish samples to train models and classify the urban
morphology (Chen, Li, & Jin, 2021). In addition, we conducted this
study in the Chinese context and found that the assessed cities varied in
terms of their dominant LCZ classes. Considering the diverse power of
driving forces (e.g., climate conditions, cultural factors and economic
levels), it would be interesting to conduct comparison studies of more
cities across the globe in the future.
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5. Conclusions

This study explored the spatial distribution, transformation, and
driving forces of the 3D urban morphology in three Chinese megacities
based on an adapted LCZ scheme. The results revealed that cities are
diverse, and this diversity is reflected in the dominant LCZ classes and
spatial distributions. In addition to these diverse characteristics, several
common patterns and rules were observed. First, the spatial distribution
of different LCZ classes indicates that they follow a density gradient,
whereby compact classes were more likely to appear in city centers and
open classes were nearly always distributed in suburban areas. The
spatial distribution of the LCZ classes dynamically reflected urban
development, and the density gradient transformation displayed three
fundamental patterns: spreading, shrinking, and relocation. Second, two
types of urban morphology transformation were observed: expansion
and renewal. In recent years, Chinese megacities have mainly expanded
with OHR and LLR classes in rural areas and have been renewed from
low-rise to high-rise classes in built-up areas. Finally, urban morphology
is driven by multiple forces, such as economic activity and population
growth. These forces interact to produce diverse 3D urban morphologies
across different cities.

The findings of this paper can help us better understand the mech-
anisms of 3D urban morphology dynamics as well as the corresponding
driving forces. Additionally, the detail and high spatiotemporal resolu-
tion of LCZ maps are excellent, and these maps can be used to study
urban issues from a 3D perspective. Notably, time series of human
health, urban climate and urban renewal issues can be considered in this
mapping approach. Such information can help urban planners and
policymakers ameliorate urban problems, improve the urban environ-
ment, and build livable and sustainable cities.
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Appendix A

Table 1A
Values of different urban canopy parameters for LCZ classes (adapted from Stewart and Oke, 2012).

Adapted Original Sky view Aspect Building Impervious Pervious Height of Terrain Surface
Lcz LCz factor ratio surface surface fraction surface roughness roughness class  albedo
fraction fraction elements (m)
ICZ1
CHR compact high- 0.2-0.4 >2 0.4-0.6 0.4-0.6 < 0.1 > 25 8 0.10-0.20
rise (CHR)
LCZ 2
CMR compact mid-rise 0.3-0.6 0.75-2 0.4-0.7 0.3-0.5 < 0.2 10-25 6-7 0.10-0.20
(CMR)
LCZ 3
CLR compact low-rise 0.2-0.6 0.75-1.5 0.4-0.7 0.2-0.5 < 0.3 3-10 6 0.10-0.20
(CLR)
LCZ 4
OHR open high-rise 0.5-0.7 0.75-1.25 0.2-0.4 0.3-0.4 0.3-0.4 > 25 7-8 0.12-0.25
(OHR)
LCZ 5
OMR open mid-rise 0.5-0.8 0.3-0.75 0.2-0.4 0.3-0.5 0.2-0.4 10-25 5-6 0.12-0.25
(OMR)
LCZ 6
OLR open low-rise 0.6-0.9 0.3-0.75 0.2-0.4 0.2-0. 5 0.3-0.6 3-10 5-6 0.12-0.25
(OLR)
LCZ7
None lightweight low- 0.2-0.5 1-2 0.6-0.9 <0.2 <0.3 2-4 4-5 0.15-0.35
rise
LCZ 8
LLR large low-rise > 0.7 0.1-0.3 0.1-0.2 0.4-0.5 <0.2 3-10 5 0.15-0.25
(LLR)
LCZ 9
OLR sparsely built >0.8 0.1-0.25 0.2-0.3 <0.2 0.6-0.8 3-10 5-6 0.12-0.25
(SB)
LLR FCZ 10 heavy 0.6-0.9 0.2-0.5 <0.1 0.2-0.4 0.4-0.5 5-15 5-6 0.12-0.20
industry (HI)
Green space  LCZ A <04 >1 <01 <01 >0.9 3-30 8 0.10-0.20
(GS) dense trees
Green LCZ B
spaces 0.5-0.8 0.25-0.75 <0.1 <0.1 > 0.9 3-15 5-6 0.15-0.25
scattered trees
(GS)
Green LCZ C
spaces 0.7-0.9 0.25-1.0 <0.1 <0.1 > 0.9 <2 4-5 0.15-0.25
bush, scrub
(GS)
Green space  LCZ D >0.9 <01 <01 <01 >0.9 <1 34 0.15-0.30
(GS) low plants
Open space LCZE
(08) bare rock or > 0.9 <0.1 <0.1 > 0.9 < 0.1 < 0.25 1-2 0.20-0.35
paved
Oligjs)space t‘;zezoﬂ orsand 09 <01 <01 <01 >0.9 <0.25 1-2 0.20-0.35
Water Lez G > 0.9 <01 <01 <01 > 0.9 - 1 0.02-0.10
water
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Fig. 1B. LCZ maps across different cities in 2018 (adapted from Demuzere, Kittner, Martilli, et al., 2022).
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