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Ecology, Faculty of Geographical Science, Beijing Normal University, Beijing, People’s Republic of China

ABSTRACT
The Belt and Road (B&R) region, a vital area with historical, economic,
cultural and political significance, has undergone rapid urbanization in the
past several decades, especially in the form of urban expansion. In this
study, 20 megacities in the B&R region were selected to explore different
spatiotemporal patterns of urban expansion. Object-oriented support
vector machines (SVM), annual growth rate (AGR) models, and landscape
metrics were employed to delineate the urban areas and characterize
spatiotemporal characteristics and landscape patterns of these megacities
during 1975–2015. All urban maps presented high overall accuracies
(80.70%–95.90%) and overall Kappa coefficients (0.76–0.95). The study
revealed that megacities in the B&R region have undergone different
types of urban sprawl, mainly adopting a ‘concentric circle’ pattern in
inland areas and a ‘sector’ pattern in coastal areas. Besides, six expansion
modes were summarized according to the AGRs of individual megacities.
Differences existed in megacities of the developing and developed
countries and among five sub-regions. Moreover, ‘dispersion, gathering,
and re-dispersion’ and ‘coalescence’ were two major landscape patterns
of megacities in developing and developed countries. Results of this
study can provide a scientific reference for urban planning and aid in
sustainable development of local areas.
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1. Introduction

Although only occupying about 0.5% of Earth’s terrestrial surface, urban lands feature greater rates
of expansion and contain denser populations than other land use types (Schneider, Friedl, and Potere
2009). In 2008, over 50% of the world’s population lived in urban areas and this number is expected
to increase to 70% by 2050 (United Nations 2018). The growth of the world’s population and econ-
omy has been accompanied by a large migration from rural to urban areas. This has resulted in the
emergence of a new kind of urban form, namely megacities with populations greater than 10 million
inhabitants (Aguilár, Ward, and Smith Sr 2003), which have faster population growth, economic
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development and urban land expansion, compared to other cities. There were only 2 megacities in
1950, i.e. New York and Tokyo (Gurjar and Lelieveld 2005). However, this number has increased to
33 by 2018 and is expected to reach 43 by 2030 (United Nations 2018), which is more than 20 times
of that in 1950. It is important to evaluate the processes involved in urban expansion during the past
several decades, especially those of megacities.

According to a report of the United Nations (UN) in 2018, the global urbanization hotspots in the
next decades will be found in developing countries, and most will be located in the ‘Belt and Road’
(B&R) region (United Nations 2018). The B&R region has a long history of urbanization, which
can be dated back to the second century BC when the Martial Emperor of the Han Dynasty sent
the Chinese emissary Qian Zhang on a diplomatic mission to Turkestan for trading silk. This inland
trade passage connected ancient China to Europe, and its concept of ‘Silk Road Economic Belt (SREB)’
was first proposed by the German geographer Ferdinand von Richthofen in 1877 (Wang et al. 2016).
Meantime, a maritime passage for trade and cultural exchange between China and other coastal
countries emerged since the Qin and Han dynasties, and its concept of ‘Maritime Silk Road (MSR)’
was first proposed by the French sinologist Edouard Chavannes in 1903 (Wang et al. 2016). Nowadays,
the B&R has become a vital region of the world, covering 65 countries and including 75% of the global
population and numerous social activities (Du andMa 2015; Guo et al. 2018). Its two routes promoted
the trade and cultural exchange between Asia, Europe and Africa, provided special opportunities for
local economic development, and promoted the emergence and development of local cities. During
the past several decades, cities in the B&R region have undergone dramatic urbanization, both in
size and in number. Megacities in this region feature diverse economic, social, and cultural back-
grounds, resulting in various urban expansion processes. Analyzing these processes could improve
our understanding of development patterns in B&R region and its environmental effects.

As a vital component of urbanization, urban expansion processes have been widely reported in
previous studies. Some scholars defined all urban landscapes (i.e. buildings, urban green, artificial
lakes, etc.) of a city as its urban land, and studied the speeds, contributors and driving forces during
urban expansion processes (i.e. Liu et al. 2016; Shi et al. 2017; Yu et al. 2019b). Others referred to
urban land as the impervious surface (i.e. buildings, highways, sidewalks, driveways, parking lots,
etc.) of a city, and focused on the expansion forms, directions and environmental effects (i.e.
Kuang et al. 2014; Yu et al. 2019a). Among these studies, research on spatiotemporal characteristics
and patterns can provide basic information and references of understanding the urbanization pro-
cesses. This research involves multiple scales, including global (Chakraborty and Lee 2019; Kuang
2019), national (Shi et al. 2017), regional (Kuang 2011), and single-city (Kukkonen et al. 2018) scales.
Research ranges from small to large cites.

Remote sensing, with its long-time series of global images, has provided the opportunities for
monitoring the urbanization of megacities all over the globe. Case studies in the B&R region have
explored detailed urban expansion processes of individual megacities, such as Mumbai (Yu et al.
2019b), Kolkata (Sahana, Hong, and Sajjad 2018), Beijing (Kuang et al. 2017), and Shanghai
(Tian et al. 2017). A few studies have reported on the similarities and differences of spatiotemporal
expansion of multiple megacities (i.e. Kuang et al. 2014; Yu et al. 2019b). Scholars have also con-
ducted interesting work on megacities of the B&R region from the perspective of horizontal and ver-
tical urban expansion (i.e. Zhang et al. 2017; Zhang et al. 2018). However, these studies mainly
focused on a limited number of megacities, and a systematic comparison of the urban expansion pro-
cesses of megacities in the B&R region is still missing.

This study explores a total of 20 megacities in the B&R region. Owning to its 45-year data
record, wide-swath coverage, free availability, as well as relatively high spatial resolution
(30 m), time series of Landsat images were selected to analyze the urban expansion of these
megacities. The study aimed to accomplish four main objectives: (1) mapping urban lands of
the 20 megacities during 1975–2015, (2) monitoring the spatiotemporal characteristics and
dynamics of urban areas, (3) analyzing landscape patterns and dynamics, and (4) comparing
the differences in urban expansion.
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2. Study area

The B&R region is defined in alignment with two historical economic routes, the SREB in inland
areas and the MSR in coastal zones (Figure 1). It covers an area of 5.539 × 107 km2, includes a popu-
lation of 4.4 billion, and contains numerous natural resources (Li et al. 2014; Du and Ma 2015; Guo
and Xiao 2016). The B&R region embraces 65 countries in Asia, Europe and Africa, including both
developed and developing countries. Along with urbanization, the areal expansion of urban lands is
predominant in developing countries; moreover, the UN projects that the B&R region will undergo
intensive urbanization in the 2020s, especially more than 70% megacities will be located in this
region (UN 2018). Within these countries, we selected 20 megacities that include over 10 million
inhabitants, including London, Paris, Seoul, Tokyo and Osaka from developed countries; Beijing,
Shanghai, Guangzhou, Shenzhen, Manila, Jakarta, Dhaka, Calcutta, Bangalore, Mumbai, New
Delhi, Karachi, Cairo, Istanbul, and Moscow from developing countries. All of these megacities
are the political and economic centers of their countries and are known to have an important role
in the development of national economies. In addition, based on their continental locations, the
20 megacities are categorized into five sub-regions: East Asia, South Asia, Southeast Asia, Europe,
and Africa (Figure 1). Obvious differences in these five sub-regions during the past several decades
in terms of their economic policies, major industries, imports and exports, and so on, may have led to
distinct urbanization processes. Therefore, in this study, the spatial and temporal patterns of urban
expansion in the B&R are examined at city, country and sub-regional scales.

3. Methodology

The method involved four steps: (1) data downloading and preprocessing; (2) delineation of urban
maps of the 20 megacities from Landsat images; (3) analysis of spatiotemporal differences of urban
expansion; (4) estimation of landscape features and comparison analysis of urban expansion in the
20 megacities.

Figure 1. Locations of the selected megacities along the Belt and Road (B&R) region.
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3.1. Datasets and data preprocessing

In total, 127 Landsat images with 0% cloud cover and 30–80 m spatial resolutions were downloaded
from the United States Geological Survey website (https://glovis.usgs.gov/) (Table 1). These images
were obtained from various Landsat sensors, including the Multi-spectral Scanner (MSS), Thematic
Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and the Operational Land Imager (OLI).
Landsat images were obtained for the periods centered around years 1975, 1990, 2000, 2010, and
2015. These images were then processed and rectified to the Universal Transverse Mercator
(UTM) coordinate system with georeferencing errors of less than 0.5 pixels. The MSS images
were resampled to 30 m pixel size through nearest neighbor sampling. The images used in this
study were large enough to cover the administrative boundaries of the 20 megacities. This was
necessary to analyze the spatiotemporal characteristics and patterns of urban land expansion.
Image features were derived using the Normalized Difference Vegetation Index (NDVI) (Town-
shend and Justice 1986), Soil-adjusted Vegetation Index (SAVI) (Baret and Guyot 1991), and the
Modified Normalized Difference Water Index (MNDWI) (Xu 2005), which can help to distinguish
urban lands from other land use types when employing image classification. Additionally, high-res-
olution Google Earth images for the period 1999–2015 served as ground truth reference for training
and validation processes. Population and digital elevation model data were also obtained for analyz-
ing urbanization patterns. The Shuttle Radar Topography Mission (SRTM) elevation data were
downloaded from the USGS EROS data center. Population data for the period 1970–2015 used to
select the 20 megacities were acquired from the United Nations population census.

3.2. Object-oriented SVM classification

SVM classification is a supervised learning model which aims to establish the optimal hyperplane to
maximally delineate samples from different classes (Richhariya and Tanveer 2018). Image objects are
regarded as the smallest units and are classified into various categories when carrying out object-
oriented SVM classification. In this study, object-based SVM was employed to extract the urban
land of 20 megacities in the B&R region. This process involved four steps: (1) determining band
composition along with the use of SAVI, NDVI, and NDWI products in ENVI software version
5.1, (2) multi-resolution image segmentation in eCognition Developer software version 8.7, (3)
image object classification in Object and Pixel Based Integration Remote Sensing Imagery Classifi-
cation System (OPICS) 1.0 software, and (4) urban product delineation from classification results.
Figure 2 shows the procedure of each step. The parameters were set based on repeated experiments
and details are provided by Lin et al. (Lin et al. 2018). The classification products contained four
classes, including bare soil, urban land, vegetation and water area. For each classification product
(i.e. each urban map), 200 sites with a 30× 30m pixel size for each class were randomly sampled
to assess the accuracy of the resulting urban maps. Each site was validated by comparing its classifi-
cation result with a corresponding Google Earth image and the number of properly and wrongly
classified sites were then recorded. The Overall Accuracy (OA) and overall Kappa Coefficient
(OK) were calculated according to Sun et al. (Sun et al. 2011). In total, 100 urban maps of megacities
were used in the accuracy assessment.

3.3. Annual growth rate (AGR)

The annual growth rate (AGR) was used to eliminate the size effect of various megacities and to com-
pare their urban expansion rates in the same period (Wu et al. 2015). The AGR was defined as fol-
lows:

AGR = At+n

At

( )1/n

− 1

[ ]
× 100% (1)
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Table 1. Satellite imagery used in this study.

Megacity Dataset Acquisition time Path/Row Megacity Dataset Acquisition time Path/Row

Beijing Landsat2-MSS 08/21/1975 132/32–33 Jakarta Landsat2-MSS 06/29/1978 131/64
Landsat2-MSS 05/06/1975 133/32 Landsat5-TM 09/11/1990
Landsat5-TM 09/18/1990 123/32–33 Landsat5-TM 04/15/2000 122/64
Landsat5-TM 09/13/2000 123/33 Landsat7-ETM+ 07/08/2000
Landsat5-TM 08/31/2001 123/32
Landsat5-TM 05/20/2010 123/32–33 Landsat5-TM 08/01/2010
Landsat8-OLI 04/16/2015 123/32–33 Landsat8-OLI 08/31/2015

Shanghai Landsat3-MSS 08/04/1979 127/38–39 Manila Landsat2-MSS 02/11/1979 124/50
Landsat5-TM 08/14/1990 118/38–39 Landsat5-TM 02/27/1992 116/50
Landsat7-ETM+ 08/01/2000 Landsat7-ETM+ 07/21/2001
Landsat5-TM 10/21/2009 Landsat5-TM 07/06/2010
Landsat8-OLI 08/03/2015 Landsat8-OLI 03/30/2015

Guangzhou Landsat3-MSS 10/19/1979 131/44 Cairo Landsat1-MSS 08/31/1972 190/39
Landsat5-TM 10/24/1994 122/44 Landsat5-TM 08/04/1990 176/39
Landsat7-ETM+ 11/20/2001 Landsat5-TM 07/30/2000
Landsat5-TM 11/02/2009 Landsat7-ETM+ 05/31/2010
Landsat8-OLI 10/18/2015 Landsat8-OLI 08/09/2015

Shenzhen Landsat2/3-MSS 09/30/1979
11/02/1978

130–131/
44

Istanbul Landsat2-MSS 06/18/1975 194/31

Landsat5-TM 11/23/1990
10/13/1990

121–122/
44

Landsat5-TM 09/25/1987 180/31–
32

Landsat 5-TM /7-ETM+ 11/21/2001 11/20/
2001

Landsat7-ETM+ 07/02/2000

Landsat5-TM 10/29/2009 11/02/
2009

Landsat5-TM 09/08/2010

Landsat8-OLI 10/18/2015 08/08/
2015

Landsat8-OLI 09/06/2015

Bangalore Landsat3-MSS 02/26/1975 154/51 Tokyo Landsat4-MSS 10/22/1982 107/35–
36

Landsat5-TM 05/29/1989 144/51 Landsat5-TM 11/05/1990;
02/22/1990

107/35–
36

Landsat5-TM 04/09/1999 Landsat7-ETM+ 09/24/2001
Landsat7-ETM+ 05/03/2000 Landsat5-TM 02/10/2009;

10/11/2010
Landsat8-OLI 05/21/2015 Landsat8-OLI 10/25/2015

Mumbai Landsat1-MSS 03/22/1973 159/47 Osaka Landsat3-MSS 04/14/1978 118/36
Landsat5-TM 05/15/1991 148/47 Landsat5-TM 05/05/1991 110/36
Landsat7-ETM+ 04/13/2000 Landsat7-ETM+ 08/25/2000
Landsat5-TM 10/26/2010 Landsat5-TM 05/03/2008
Landsat8-OLI 10/08/2015 Landsat8-OLI 09/28/2015

Calcutta Landsat2-MSS 11/11/1976 148/44 Seoul Landsat2-MSS 06/20/1975 124/34
Landsat5-TM 11/14/1990 138/44 Landsat5-TM 04/26/1990 116/34
Landsat7-ETM+ 11/17/2000 Landsat5-TM 05/07/2000
Landsat5-TM 04/11/2010 Landsat5-TM 06/04/2010
Landsat8-OLI 03/24/2015 Landsat8-OLI 09/22/2015

New Delhi Landsat1-MSS 01/25/1973 157/40 Paris Landsat1-MSS
Landsat2-
MSS

11/18/1972
07/26/1975

215/26
214/26

Landsat5-TM 04/04/1993 146/40 Landsat5-TM 08/29/1987 199/26
Landsat5-TM 02/03/2000 Landsat7-ETM+ 08/24/2000
Landsat5-TM 02/14/2010 Landsat7-ETM+ 08/30/2008
Landsat8-OLI 04/17/2015 Landsat8-OLI 09/27/2015

Dhaka Landsat1-MSS 02/19/1975 147/44 London Landsat2-MSS 07/29/1975 217/24
Landsat5-TM 11/10/1991 137/44 Landsat5-TM 08/03/1990 201/24
Landsat7-ETM+ 10/24/2000 Landsat7-ETM+ 06/19/2000
Landsat5-TM 11/14/2010 Landsat5-TM 09/30/2011
Landsat8-OLI 09/26/2015 Landsat8-OLI 04/20/2016

Karachi Landsat2-MSS 09/29/1977 164/43 Moscow Landsat2-MSS 04/23/1975 192/21
Landsat5-TM 11/10/1988 152/43 Landsat5-TM 05/14/1990 178/21
Landsat5-TM 08/23/2000 Landsat7-ETM+ 10/08/2000
Landsat5-TM 06/16/2010 Landsat5-TM 07/24/2010
Landsat8-OLI 05/29/2015 Landsat8-OLI 03/16/2015
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where AGR indicates the annual growth rate of urban land, At and At+n are the areas of urban land at
time t and t + n, and n is the time interval in years.

3.4. Landscape metrics

Three landscape metrics were employed to analyze the landscape patterns of 20 megacities in the
B&R region (Table 2). These included the Largest Patch Index (LPI), Patch Density (PD), and
Mean Euclidean Nearest Neighbor Distance (ENN). The three metrics were calculated in FRAG-
STATS version 4.0 software and normalized to 0–100 according to the method proposed by Xu
and Min (Xu and Min 2013). The triangular diagram was applied to analyze urbanization patterns
and was composed of three axes. The LPI axis represented the aggregation level of the urban land
patches (ULP). The PD axis represented the fragmentation degree for ULP. Lastly, the ENN axis rep-
resented ULP dispersion characteristics.

4. Results and analyses

4.1. Evaluation of the urban maps

The classification accuracies for the urban maps are provided in Table 3. Most OA and OK values in
1975–2015 have surpassed 80.00% and 0.80, respectively (Table 3). The OA and OK values for urban

Figure 2. Flowchart for employing object-oriented SVM classification.

6 Z. SUN ET AL.



maps in 1975 were lower than those in 1990–2015 due to the coarse spatial resolutions of MSS ima-
gery. However, all urban maps featured relatively high OA and OK values, ranging from 80.70% to
95.90% and 0.76–0.95, respectively. These results suggested that the urban maps derived from the
study can be used in further analysis of urban expansion in megacities.

4.2. The spatial growth of megacities

Megacities in the B&R region were observed to exhibit various spatial differences over a 40-year
period. In a conformal projection, the shapes of these megacities are preserved in the UTM coordi-
nate system. For better visualization, Figure 3 outlines each map by keeping the urban lands in the
center of the subset. This was exemplified by the spatial distribution and growth of urban land areas.
From 1975 to 2015, megacities in developing countries (i.e. Manila, Shanghai) had undergone more
dramatic urban expansion, while those in developed countries (i.e. London, Osaka) had grown rela-
tively slowly (Figure 3). For instance, urban expansion in London nearly halted during the observed
time period (Figure 3(a)).

The expansion of urban land in megacities was observed to be greatly affected by the surrounding
natural landscapes. In the coastal megacities, the urban core was initially located near the coast, and
then urban lands expanded over time along the coastal-inland direction with a ‘sector-shape’ expan-
sion mode. This effect was observed in Osaka, Tokyo, Jakarta, Karachi, and Shanghai. However,
megacities with multiple ocean borders (i.e. Istanbul and Manila) featured a different type of expan-
sion. For instance, the core urban region was mainly concentrated at lower elevations in 1975, and
then expanded to the surrounding area. In the inland megacities, the urban core was mainly distrib-
uted near main river channels in 1975 and then expanded towards rural regions. Furthermore, most
inland megacities experienced urban expansion in all directions originating from the urban core with
a ‘mononuclear and concentric circle’ expansion mode. Some examples of this expansion include
Paris, Seoul, Bangalore, Beijing, Moscow, and New Delhi. Conversely, some of the other inland
megacities, such as Cairo, Calcutta, and Dhaka, exhibited a ‘bidirectional and narrow shape’ expan-
sion mode along rivers. Moreover, the ‘satellite’ towns of megacities displayed a ‘polycentric and con-
centric’ growth mode (e.g. Shanghai).

4.3. The temporal growth of megacities

When describing the temporal growth of megacities in the B&R region, the AGR was employed to
reveal their differences from the aspects of individual megacities, developed and developing
countries, and five sub-regions.

4.3.1. The AGRs of urban areas in 20 megacities
Distinct fluctuations of AGRs can be observed in the four monitoring phases. The average AGR of 20
megacities was 3.45% in 1975–1990 and grew to 4.16% in the next decade. The 2000–2010 period
witnessed a lowest average AGR with 3.27%, while the highest average AGR emerged in 2010–

Table 2. Landscape metrics used in this study.

Acronym Description Formula

LPI (%) The proportion of the total area occupied by the largest urban land
patch.

LPI = (maxnj=1(aij )/A) · (100) (2)

PD (Number/
100 ha)

The number of urban land patches per 100 ha. PD = (ni/A) · (10000) · (100) (3)

ENN (m) The nearest neighbor distance between two urban land patches. ENN = hij (4)

Note: where aij represents the area of patch ij (m2); A indicates the total landscape area of each megacity (m2); ni is the number of
patches in the landscape for patch i; and hij expresses the distance from patch ij to the nearest neighboring patch of the same
type (m).

INTERNATIONAL JOURNAL OF DIGITAL EARTH 7



Table 3. Classification accuracies.

Megacities

1975 1990 2000 2010 2015

OA OK OA OK OA OK OA OK OA OK

Beijing 91.21% 0.88 91.46% 0.89 93.34% 0.91 93.09% 0.91 93.97% 0.92
Shenzhen 89.16% 0.86 91.73% 0.89 90.72% 0.88 91.47% 0.89 88.47% 0.85
Shanghai 90.94% 0.88 90.75% 0.88 91.81% 0.89 92.61% 0.9 87.88% 0.89
Guangzhou 90.36% 0.92 89.97% 0.86 93.27% 0.91 87.34% 0.83 80.70% 0.83
Manila 90.48% 0.91 93.37% 0.91 90.98% 0.88 89.24% 0.91 87.97% 0.89
Jakarta 82.87% 0.85 89.20% 0.90 89.45% 0.91 86.43% 0.88 84.13% 0.85
Dhaka 86.07% 0.81 82.08% 0.76 81.70% 0.76 85.46% 0.81 87.72% 0.89
Calcutta 89.95% 0.91 91.33% 0.92 90.40% 0.92 84.82% 0.86 89.53% 0.91
Bangalore 87.37% 0.88 83.46% 0.85 88.03% 0.83 86.71% 0.81 88.16% 0.89
Mumbai 93.91% 0.91 93.51% 0.90 94.00% 0.91 95.80% 0.94 93.73% 0.80
New Delhi 93.69% 0.92 84.80% 0.80 86.61% 0.82 85.52% 0.81 87.19% 0.83
Karachi 92.99% 0.94 87.22% 0.83 89.14% 0.86 89.01% 0.85 90.35% 0.91
Cairo 90.20% 0.89 94.17% 0.92 91.64% 0.89 95.90% 0.95 93.11% 0.94
Istanbul 87.30% 0.85 92.48% 0.89 89.76% 0.86 92.55% 0.9 88.22% 0.90
Seoul 86.99% 0.82 91.27% 0.88 93.54% 0.91 84.86% 0.8 83.56% 0.78
Osaka 86.31% 0.88 87.08% 0.89 88.50% 0.90 89.10% 0.9 91.25% 0.92
Tokyo 82.80% 0.77 87.80% 0.84 88.82% 0.85 88.72% 0.85 87.83% 0.84
Moscow 93.78% 0.91 91.24% 0.88 92.70% 0.90 93.52% 0.91 92.21% 0.90
Paris 85.36% 0.80 90.83% 0.87 90.44% 0.87 92.31% 0.9 91.19% 0.88
London 86.09% 0.81 91.10% 0.88 93.58% 0.91 91.95% 0.89 91.71% 0.89

Figure 3. Urban land areas for several megacities in the B&R region: (a) London, England; (b) Osaka, Japan; (c) Paris, France; (d)
Cairo, Egypt; (e) Seoul, Korea; (f) Istanbul, Turkey; (g) Manila, Philippines; (h) Bangalore, India; (i) Shanghai, China.
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2015 with 5.89%. The AGR dynamics in 20 megacities were divided into six basic modes (Figure 4).
(1) Mode A was seen in Guangzhou, Moscow and Calcutta, where AGRs showed continuously
increasing trends. (2) Mode B was observed in New Delhi, Bangalore and Cairo, where AGRs
decreased before 2000 and subsequently increased. (3) Mode C was found in Shenzhen, Manila, Beij-
ing, Seoul, Paris, Osaka, and London. Their AGRs decreased before 2010, and increased afterwards.
(4) Mode D emerged in Shanghai, whose AGR peaked around 2010 and then slowed down. (5) Mode
E occurred in Jakarta, Mumbai, Dhaka, Karachi, Istanbul and Tokyo, where AGR experienced a high
degree of fluctuation. (6) Mode F emerged in Seoul, where AGR exhibited a continuously decreasing
trend.

To further characterize the different temporal growth of urban area across individual megacities,
the AGRs of 20 megacities in 1975–2015 were calculated. Statistically, the average AGR of urban
areas in megacities along the B&R region from 1975 to 2015 was 3.88%. Of the 20 megacities, 14
were larger than the average, accounting for 70.00% of the selected megacities in the B&R region;
while half of the megacities showed higher AGRs than 5.00%. Among these, the highest AGR of
urban lands was observed in Shenzhen (9.46%). The AGR in Shanghai was tied with that of New
Delhi for second place with 6.58%. The AGRs in Dhaka, Bangalore and Jakarta ranked fourth
with 6.38%, fifth with 6.28% and sixth with 6.10%, respectively. The AGRs in Manila, Beijing,
Guangzhou and Mumbai ranged from 5.03% to 5.86%. Of the other 10 megacities, London and
Osaka ranked last and second to last with their low AGRs of 0.93% and 1.82%, while those in
Tokyo, Seoul, Calcutta, Karachi, Istanbul, Moscow, Paris and Cairo were between 2.84% and 4.38%.

4.3.2. The AGRs of urban areas in megacities among developed and developing countries
The AGR dynamics of megacities in developed and developing countries exhibited similar processes:
peaked around 2000 and sunk around 2010 (Figure 5). However, over time, the average AGR of

Figure 4. Results and comparison of six basic AGR modes of urban area in 20 megacities along the B&R region during 1975–2015.
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megacities in developing countries always surpassed that of developed countries. In 1975–1990, the
AGR of megacities in developing countries was 4.79%, then grew to 5.11% during the next decade,
showed a slight decline (5.00%) in 2000–2010, and increased to 7.74% in the last five years. The
megacities in developed countries featured slow urban growth rates during the past 40 years, with
an average AGR of 3.06% in 1975–1990, 2.84% in 1990–2000, 0.14% in 2000–2010, and 2.59% in
2010–2015, respectively. Overall, the average AGR of megacities in developing countries exhibited
an increasing trend, whereas those in developed countries had a decreasing trend.

4.3.3. The AGRs of urban areas in megacities among five sub-regions
Regional differences existed in the five groups of megacities with various AGRs (Figure 6). The East
Asia megacities featured a fluctuating AGR, which increased from 5.17% in 1975–1990 to 5.94% in
1990–2000, slowed down subsequently (4.32%) and increased again afterwards (5.37%). The AGRs
of megacities in Southeast Asia, Europe, South Asia and Africa featured a ‘U’ shaped trend, with val-
leys occurring in 2000–2010 for the first two groups and in 1990–2000 for the latter two groups.
Overall, the AGRs of megacities in Asia were the highest followed by those in Africa, and those
in Europe were the lowest.

4.4. Landscape changes in the process of urban expansion

The 20 megacities were divided into two groups based on the shapes of their triangular diagrams
(Figure 7). Tokyo, Paris, Istanbul, Shanghai, Bangalore, Calcutta, New Delhi, Mumbai, and Moscow
belonged to the first group, which was represented by increasing LPI, PD, and fluctuating ENN.
London, Seoul, Osaka, Karachi, Shenzhen, Beijing, Manila, Jakarta, Dhaka, Cairo, and Guangzhou
were categorized into the second group, characterized by increasing LPI and fluctuating PD and
ENN. The fragmentation degree for the first group showed a monotonously increasing trend.
This indicates that more newly developed ULPs occurred during the past 40 years. The degree of
dispersion for the first group was more variable in 1975–2015 due to the locations of newly devel-
oped ULPs. In comparison, both fragmentation and dispersion degrees for the second group chan-
ged dramatically, which could be ascribed to the synergistic effects of pre-growth and newly
developed ULPs.

The megacities in developed countries were not divided into the same group, but showed simi-
larity in some aspects. For example, one typical feature was higher LPI values (Figure 8). Tokyo,
Osaka, Seoul, Paris, and London exhibited larger LPI values ranging from 1.89% (Tokyo) to
10.94% (London) during the 1975–2015 period. This provides an indication of the highest

Figure 5. Comparison of average AGRs of megacities in developed and developing countries.
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percentages for the largest ULPs (Figure 8(a)). Their average LPI values were observed to increase
from 4.45% in 1975 to 20.55% in 2015. Moreover, the slow generation of newly developed ULPs
led to a mild increase in PD values, which grew by 0.37 per 100 ha from 1975 to 2018 (Figure 8
(b)). However, apart from London and Paris, the ENN values for the other megacities in developed
countries featured a decreasing trend. This could be attributed to the infilling expansion mode and
the aggregating of pre-growth ULPs (Figure 8(c)). Overall, urban land expansion in these six mega-
cities exhibited a ‘coalescence’ landscape pattern.

The megacities in developing countries showed lower LPI values in 1975, which ranged from
0.03% (Shenzhen) to 2.64% (Karachi). However, most megacities in developing countries had a
greater increase in LPI during the 40-year period. These cities included Beijing (31.41%), Cairo
(23.68%), and Mumbai (27.82%). During 1975–2015, the average PD and ENN values for megacities
in developing countries grew by 1.11 per 100 ha and decreased by 111.19 m. This could be regarded
as the result of the outlying expansion mode along with the aggregation of pre-growth ULPs. Overall,
the urban land expansion for megacities in developing countries resembled a ‘dispersion, gathering,
re-dispersion’ landscape pattern.

5. Discussions

During the past years, remote sensing has played an important role in mapping urban areas and
multi-temporal changes. The use of multi-source data (Taubenböck et al. 2012; Guo et al. 2014;
Sun et al. 2019; Wu et al. 2019) has paved the way for a new generation of urban remote sensing.
However, despite advantages such as high accuracy and fine scales, diverse image sources usually
need to be processed through different approaches, which may result in inconsistent urban products.
Due to the uniform spatial resolution and pre-processing procedures, single-source data are pre-
ferred to multi-source data when monitoring urban expansion over time. Such remote sensing sys-
tems include DMSP/OLS (Liu et al. 2012), MODIS (Huang, Schneider, and Friedl 2016), Landsat (Li,
Sun, and Fang 2018), Terra-SAR (Vaz et al. 2017), among others. In this study, we used Landsat
images, which provide the advantages of nearly a 40-year data record and high spatial resolution.

The SREB and MSR are two of the most important trade passages in the world. During the past
several decades, the economic and cultural exchanges in this region have created special conditions
for the formation and expansion of local cities. Surpassing other types of cities in both inhabitants
and physical size, the megacity is regarded as an important city form that reflects national urbaniz-
ation characteristics (Liu et al. 2016; Yu et al. 2019a). Concentrating nearly 60% of global megacities,
the B&R is undoubtedly an appropriate region for researching the urbanization processes of

Figure 6. Comparison of average AGRs of megacities in five sub-regions.
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megacities. Although these megacities share similar historical significance, they belong to different
countries and sub-regions, providing good opportunities to exploring their similarities and differ-
ences during urban expansion. In addition, since the launch of the B&R Initiative in 2013, this region
has attracted wide interest, especially regarding sustainable regional development, environmental
carrying capacity, and energy conservation and allocation (Duan et al. 2018; Guo et al. 2018; Liu
and Hao 2018; Li, Huang, and Tian 2019). Results of this work could be used as a basis for estimating
future urbanization trajectories of the B&R region and designing suitable urban planning strategies.

This work has presented an exploration of the urbanization process at regional scale. Compared
to existing literature, this study focused on a large number of megacities in the special B&R region,
providing insights for comparing urban expansion over large extents. Twenty megacities were
divided into six modes according to their urban expansion processes (Section 4.3.1), which enriched

Figure 7. Relative landscape metrics of megacities as a percent, with the largest values as baselines (%).
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existing knowledge of both megacities and the B&R region. By employing the AGR indicator and
Landscape metrics, similarities and differences of urban expansion of megacities in the B&R
region during the past 40 years were analyzed. The results greatly supported some previous
findings. For instance, AGRs of megacities in Asia and Africa were greater than those in Europe,
which was consistent with Taubenböck’s conclusions (Taubenböck et al. 2012). Besides, several
existing studies proposed that urban expansion and population increase could be affected by
natural terrain and transportation (Yu, Zhang, and Liu 2019; Yu et al. 2019a). As its strong
standpoint, this study found that inland megacities showed a ‘mononuclear and concentric circle’
expansion mode, whereas the coastal ones expanded according to a ‘bidirectional and narrow
shape’ mode (Figure 3). From the perspective of economic level, megacities in developing
countries suffered more dramatic urban expansion and mainly adopted the ‘dispersion, gathering,
re-dispersion’ landscape pattern, whereas those in developed countries underwent gentler urban
sprawl following a ‘coalescence’ landscape pattern, which was consistent with Xu et al. and Yu
et al. (Xu et al. 2007; Yu et al. 2019b).

All above-mentioned phenomena could be ascribed to different stages involved in the urbanization
process. Thefirst and second industrial revolutions, which began in the eighteenth andnineteenth cen-
turies, respectively, greatly changed humanity’s economic livelihood and increased the need for urban
land development. This has been historically observed in countries such as the United Kingdom,
Japan, the United States, Italy, and Germany. Along with the Industrial Revolution, these countries
experienced long periods of urbanization that was stabilized in the 1970s. Therefore, the urban expan-
sion of megacities in developed countries was observed to adopt a ‘gathering’ pattern during the study
period. However, urbanization in developing countries (e.g. China and India) began much later. For
instance, urbanization inChina and India beganwith the implementation of the ‘Reform andOpening
Up Policy’ in 1978 and ‘Open Trade Policy’ in 1991, respectively. Hence, most developing countries
experienced a thriving urbanization stage in the 1975–2015 period, and the ULPs mainly featured a
‘dispersion’ pattern. From this perspective, the results of this study could be regarded reasonable.

Figure 8. The landscape metrics for megacities in the B&R region from 1975 to 2015.
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However, limitations still remain in this study. (1) Megacities along the B&R were mainly located
in the subtropical and tropical regions with images potentially affected by overcast clouds. The acqui-
sition of cloud-free images was challenging, and there were some difficulties in collecting Landsat
images for the same time period. In this study, datasets were selected that featured 0% cloud
cover and were gathered around 1975, 1990, 2000, 2010, and 2015. (2) The mixed-pixel problem
was recognized as a constraint on impervious surface estimation due to landscape complexity. To
mitigate this problem, the data processing included iterative training/testing sample selection, ran-
dom point validation, and manual post-classification. (3) Due to the special historical and economic
significance, only megacities in the B&R region were included in this work, and comparisons with
small/medium/large cities and other regions are missing.

To address these limitations, future research could be conducted by involving at least three con-
siderations. (1) High-resolution satellite imagery could be used to improve the accuracy of urban
products. Meanwhile, more efficient approaches should be tested for classifying multi-source and
multi-temporal satellite imagery. (2) For a thorough understanding of urbanization processes across
the B&R region, more city classes (i.e. large cities with over 5× 106 inhabitants, medium cities with
1× 106 � 5× 106 inhabitants, and small cities with less than 1× 106 inhabitants) should be mon-
itored and assessed to supplement the existing materials. (3) The approaches explored in this study
could be adapted for systematic mapping of global megacities using long-term time series. This will
enable monitoring and analysis of urban extent at global scales. Moving beyond the satellite-
observed physical environment, more aspects of urbanization such as political, cultural and socio-
economic factors driving a country’s economic development could be investigated from a social
science perspective. These social aspects are heavily influenced by, and may in turn play a role in,
decision makings at multiple scales, e.g. megacities, countries, and a specific region such as the
B&R in this study. Altogether, the ongoing urban footprint products initiative in different regions
could provide a baseline for global urbanization studies.

6. Conclusions

The B&R region has undergone remarkable urbanization during the past 40 years, which resulted in
the growth of megacities. In this study, five stages of urban maps of 20 megacities in the B&R region
were derived from the Landsat data record from 1975 to 2015. Overall, it was found that urban lands
were mainly distributed on flat terrain along coastlines and rivers. These areas were observed to
expand outward in a ‘concentric circle’ pattern and from the coasts towards inland in a ‘sector’ pat-
tern. The urban expansion of megacities was an uneven process during the 1975–2015 period. The
expansion was more rapid in early years and declined in later years. The megacities in developing
countries featured greater rates of urban expansion compared with megacities in developed
countries. Urban expansion in Asian and African megacities was more rapid than in European
megacities. Additionally, the megacities in the B&R region featured a landscape pattern identified
as ‘dispersion, gathering, and re-dispersion’ or ‘coalescence’. These findings are helpful for under-
standing urbanization processes in the B&R region. The results also provide useful information
for predicting urban development and designing urban planning strategies.
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