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Abstract—During the last 20 years, fast urbanization activi-
ties have been highly concentrated in just few countries (e.g.,
China, India, and Nigeria) and have led to the emergence of
large urban aggregations, with high population density. Still, very
few researches have focused on this dynamic phenomenon with
a global perspective using multisource remote sensing data. In
this article, combining radar and spectral sensors of different
spatial resolution, a novel approach based on a novel hierarchical
biclustering technique is proposed and proved to be effective in dis-
criminating the underlying change patterns without pre-estimating
the number of clusters. To this aim, experimental results focused on
newly emerging megalopolis in China, India, and Nigeria, as well
as on the highly urbanized and stable Lombardy region in Italy, are
presented. The analysis of the results allows us to understand, in a
global and comparative perspective, the spatiotemporal differenti-
ation of urban density and how cities are changing and evolving in
the building volume and, to some extent, their economic level.

Index Terms—Change pattern analysis, hierarchical biclustering
(HBC), megalopolis, nighttime lights, Sentinel-1, synthetic aperture
radar (SAR).

I. INTRODUCTION

IN THE past few decades, the emergence of megalopolises
or megacities has already attracted great attention in investi-

gating issues related to urbanization activities and planetary-
scale changes [1], [2]. The research has mainly focused on
early emerged megalopolis like Greater Tokyo Area [3], [4],
Northeast megalopolis in the USA [5], and the Blue Banana
megalopolis in Europe [6]. However, according to the “World
Urbanization Prospects 2018” report from the United Nations,
projections show that another 2.5 billion people will migrate
from rural to urban areas by 2050, and nearly close to 90%
of this expected increment is highly concentrated in just a few
countries (India, China, and Nigeria) rather than in the most
urbanized regions [7]. With much higher population density
and larger urban agglomeration than existing megalopolises,
the newly emerging ones confront more challenges in address
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housing, transportation, energy systems, microclimate change,
and other environmental issues [8], [9]. Accordingly, in this
article, newly emerging megalopolises are emphasized to further
explore multidimensional changes due to urbanized aggregation
or the merging of multiple cities.

Indeed, in recent years, a few papers have been devoted to
investigate spatiotemporal aggregation [10]–[12] and/or socioe-
conomic changes within megalopolises [13], [14]; however,
they only focused on urban extent monitoring and urban land
use transformation using multispectral and nighttime light data.
Although fusion techniques have been already employed in
urbanization monitoring using heterogeneous datasets of dif-
ferent resolutions and modalities [15]–[17], there is still no
work related to the use of synthetic aperture radar (SAR) data
in conjunction with other sensors. SAR data provide useful
hints about physical changes to the bi- and three-dimensional
structure of the cities. Nighttime lights are a proxy to the
economic development, the population density, and quite a few
more social parameters [18], [19]. By using both datasets, we
expect to be able to jointly consider changes due to urban
expansion and those due to increasing socioeconomic activities.
Following the research line presented in [20], in this article,
we aim at combining Sentinel-1 (S1) SAR and Visible Infrared
Imaging Radiometer Suite (VIIRS) nighttime measurements, to
track both the 2-D/3-D urban expansion and its socioeconomic
changes at the geographical scale of the so-called megacities or
megalopolises.

Following [21], a “megalopolis” is a cluster of multiple urban
areas, where, usually, the government policy aims at knitting the
area together and promoting development through transportation
and communication links. Since these areas are very large, and
temporal patterns are a a priori unknown, unsupervised tech-
niques are needed to analyze remote sensing data at their scale.
Very few approaches have focused on unsupervised mapping
of multipattern changes to understand complex urbanization
phenomena. In our previous work [20], the joint use of hetero-
geneous sensors allows an unsupervised discovery of spatiotem-
poral features and deeper relationships between urban construc-
tions and nighttime light changes, which reveal the connections
between built-up area changes and socioeconomic development.
However, a manual determination of these features’ number is
not easy to obtain in wide geographical areas, because it can be
very large. Therefore, in order to better detect these meaningful
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TABLE I
REMOTELY SENSED MEASUREMENTS (ALSO CALLED FEATURES) CONSIDERED

IN THIS WORK

change patterns, in this work, a hierarchical biclustering (HBC)
strategy is proposed to deal with unsupervised clustering at the
geographical scale of a megalopolis.

The rest of this article is organized as follows. Section II
introduces the proposed methodology by describing the HBC
algorithm applied to the feature space extracted from the het-
erogeneous multitemporal data sequence. Section III reports and
discusses the spatiotemporal change patterns extracted for newly
emerging megalopolises. The results prove the robustness of the
proposed approach for megalopolises of different urbanization
levels and locations. Finally, Section IV summarizes the main
findings and proposes some ideas about future research steps.

II. CHANGE PATTERN DETECTION WITH HBC

The procedure used in this work relies on the processing
chain described in [20]. First of all, Sentinel-1 SAR is used
to extract urban extents. This step ensures that the focus of
the analysis is on built-up areas at the finest spatial resolution
for freely available datasets. To handle Big Data over each
megalopolis, which includes a cluster of geographically adjacent
metropolitan areas that may be somewhat separated or merged
into a continuous urban region, the critical preprocessing steps
and computations are performed in Google Earth Engine [22].
Then, data-driven unsupervised classification is used to explore
change patterns according to a feature space composed of the
base and the change images. In this way, both the initial state
and the temporal changes are considered.

To extract urban change patterns for these areas, the same
datasets considered in [20] are exploited, i.e., SAR and nighttime
light data. Specifically, the initial and difference data by SAR
and nighttime light sensors, listed in Table I, are used. They are
combined and analyzed according to the procedure described in
the following.

Since the same pixels may have different discriminative un-
certainty under different unsupervised classification methods, an
ensemble of unsupervised clustering technique is introduced.
Differently from [20], three different algorithms are jointly
considered: K-means, Gaussian mixed model (GMM) with ex-
pectation maximization algorithm [23], and variational Bayesian

TABLE II
CLUSTERING STABILITY COMPARISON OF GMM, VBGM, K-MEANS,

AND HBC

Gaussian mixture (VBGM) [24]. These three techniques are ap-
plied to the same feature space. The procedure in [20] is resumed,
and a 2-D change vector analysis is applied to interpret the
clustering results. Considering the resolution difference between
the nighttime light sensor and Sentinel-1 SAR, an upscaling is
applied to the SAR images to match VIIRS images at 500-m
resolution. However, in this article, due to the wide geographical
area of analysis, which furthermore contains several metropoli-
tan regions that are spatially disconnected, this vector analysis
is performed at the object level, after each agglomerate of urban
pixels is extracted by connected component analysis.

A. Hierarchical Clustering

The performance of unsupervised classifiers depends on the
data geometrical distribution in the feature space, as well as on
the clustering principle they exploit. Accordingly, clustering ap-
plied to (very) heterogeneous data from different sources poses
challenging issues with respect to the recognition of reliable
clusters. Specifically, it may happen that a few observations often
receive ambiguous class or cluster labels when multiple classi-
fiers are applied to the same feature space. This is especially true
for outliers or noisy measurements.

To avoid these issues, in this article, a hierarchical two-
component clustering approach is applied to more reliably ex-
tract change patterns in urban built-up areas, according to the
following procedure, schematically represented in Fig. 1.

1) Initial clustering: Starting from the whole dataset or a
cluster, labeled “root cluster” or “parent cluster” in the
layer Li, two clusters are obtained by binary-component
clustering using K-means, GMM, and VBGM.

2) Class label alignment: For each classifier’s clustered class,
class centers are calculated and utilized to align cluster
label by comparing the class center distances of subclasses
between different classifiers.

3) Cluster aggregation: The generated layer (Li+1) retains
only “reliable” observations in clusters Li+1Cj , where
j = {1, 2}, and excludes “ambiguous” ones. The term
“reliable” (see Fig. 2) means that the category assignment
is consistent, i.e., the observation is assigned to clusters
with very close cluster centers.

4) These steps are performed iteratively on “reliable” clusters
generated at each layer.

The procedure eventually ends after a few iterations (three,
in this article), providing reliable and unreliable clusters of data
points. Further analysis is, therefore, focused only on reliable
clusters, reducing misinterpretations.

As a matter of fact, this procedure improves the statistical
consistency of the extracted clusters, which is shown quantita-
tively in Table II. The trace of the covariance matrices for the
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Fig. 1. Workflow of the urban change pattern exploration procedure used in this article.

Fig. 2. Reliable clusters generated with multiple unsupervised classifiers.
(a) Root or parent cluster. (b) Clustering by classifiers 1 and 2. (c) Cluster
centers. (d) Reliable and unreliable clustered observations.

label extracted at the first level (L1) by K-means, GMM, and
VBGM and the proposed approach are reported for one of our
test cases. The values for the proposed HBC approach are the
smallest ones.

III. EXPERIMENTAL RESULTS

In this article, we focus on two megalopolises in China,
namely, Jingjinji (JJJ) and Yangtze River Delta (YRD), one
megalopolis in India, namely, the National Capital Region
(NCR), and megacities in Nigeria, hence considering the cur-
rently most developed and the most densely populated portions
in China, India, and Africa (see Fig. 3). These cities have boomed
in population and economy for decades and are in the path to be-
come the largest megalopolises in the world. Nigeria is the most
populous country and the largest economy of 2018 in Africa.
In this work, we focus on coastal cities, such as Lagos, Ibadan,
and Port Harcourt, to understand the relationship between urban
construction activities and economic activities.

In addition to these megalopolises in developing countries, we
also select one comparative study area in a developed and fairly
stable area: the mega metropolitan area of the Lombardy region
in Italy. The rationale for this selection is that the Lombardy
region is one of the most developed urban areas in Europe.

Fig. 3. Geographical location of the studied megalopolises.

TABLE III
MEGALOPOLISES STUDIED AND DATA ACQUISITION INFORMATION

More specifically, the Milan metropolitan area in the Lombardy
region, known as Greater Milan, is the largest metropolitan
area in Italy. It includes the provinces of Milan, Bergamo,
Como, Lecco, Lodi, Monza and Brianza, Pavia, Varese, and
the Piedmontese Province of Novara, while some scholars also
include the Province of Cremona and Brescia in Lombardy and
the Emilian Province of Piacenza. The overall population under
the narrowest definition is about 8.2 million over an area of about
13 000 km2.

Table III lists the detailed information about the tested mega-
lopolises in this article.
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Fig. 4. YRD: (a) bidimensional scatterplot of the reliable clusters extracted in
the first layer (L1) of the hierarchical clustering procedure; (b) spatial extents
of the extracted clusters; (c) low confidence pixels (in black) for the subarea
highlighted with a yellow rectangle in (a); and (d) corresponding scatterplot of
all (clustered and low confidence) pixels, showing that low confidence pixels
lay at the border between the reliable clusters.

A. Hierarchical Biclustering for YRD

The first level of the hierarchical clustering procedure gen-
erates two clusters (L1C1 and L1C2), and the scatterplots for
every possible feature pair of the YRD megalopolis are shown in
Fig. 4(a), and the corresponding geographical area is visualized
in Fig. 4(b). Specifically, Fig. 4(a) represents the projection of
the retrieved two (red and blue) clusters in every possible 2-D
subspaces of the base data. It is clear that the red and blue
clusters correspond to different urban temporal patterns, and
this is consistent with the spatial structure of these clusters for
YRD in Fig. 4(a). The area in the red cluster has high building
density at the starting date (base VV σ0 and base VH σ0) and
a small change in any difference feature space (difference VV
Δσ0, difference VHΔσ0, and difference NLΔτ ). Therefore, the
red cluster may be interpreted as the core urban area, which did
not change much in average during the considered time period.
Instead, the blue cluster corresponds to low building density
undergoing big changes and may be interpreted as the urban
fringe subject to fast urban expansion.

In the second level (L2) of the hierarchical clustering, new
clusters are obtained by separating the “parent clusters,” and
more detailed change patterns are revealed (see Fig. 5). The
red and green clusters (L2C3 and L2C4) obtained from the red
cluster (L1C1) in the upper level represent a further subdivision
of the core area into its more stable part and the transition

Fig. 5. YRD: bidimensional scatterplots of the clusters extracted in the second
level of the hierarchical clustering procedure.

Fig. 6. Vector analysis for four-component clusters applied to YRD: the upper
left corner is the set of vectors generated by randomly selecting samples; the
lower right corner and the diagonal line utilize only use the cluster centers.

areas toward the fast developing urban fringe and are consistent
with the well-known urban circle structure, e.g., in Beijing,
and its pattern of urban outward expansion. Within a relative
short time interval (in this work, we are considering the interval
from 2015 to 2018), however, the expansion is limited. More
obvious changes occur in villages and towns surrounding the
main built-up area, which correspond to the yellow and blue
clusters (L2C1 and L2C2) in Figs. 5 and 6, obtained from further
clustering applied to the blue cluster (L1C2) in Fig. 4.

The four-component clusters allow recognizing more urban
expansion patterns. Indeed, the blue and yellow clusters are
discriminated, thanks to different change directions for the
backscattering coefficient (i.e., the change in built-up struc-
tures). As shown in Fig. 7, the new constructions recognized as
elements of the blue cluster (L2C2) commonly and frequently
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Fig. 7. Four-component clusters for multiple cities in JJJ and YRD megalopolises. (a) Beijing. (b) Tianjin. (c) Xingtai. (d) Shanghai. (e) Nanjing. (f) Wuhu.

occur beyond the suburban area and often accompany demoli-
tions (recognized as elements of the yellow cluster).

Looking in more detail to the urban change patterns extracted
by this technique, it is possible to appreciate that they are dif-
ferent depending on the urban size. For instance, among the two
considered Chinese megalopolises, the expansion of cities with
population over eight million people, such as Beijing, Tianjin,
Shanghai, and Nanjing, is spatially discontinuous and starts from
towns away from the main built-up area. Cities like Xingtai and
Wuhu, which are smaller, spread randomly in all directions and
more continuously in space.

B. Change Patterns for JJJ and YRD

Patterns are even more complex and rich of information
when considering the third-level eight-component clustering.
The aforementioned core urban areas (the red cluster in four
components) are further separated into purple and red clusters
(L3C7 and L3C8). Both clusters correspond to areas with almost
no changes for these two megalopolises. They highlight instead
highly developed infrastructures supporting a variety of enter-
tainment and commercial activities. Finally, the suburban areas
(subdivided into green and olive clusters) correspond to areas
with lower building density and more low-rise buildings, with
lighting facilities utilized to support the public transportation
rather than entertainment and commercial activities.

As for the external and fast changing areas, the eight-
component clustering helps to single out different changes in
terms of feature magnitude and direction (increase or decrease).
According to the physical properties of microwave polarization

scattering, VH polarization signals mostly come from volume
scattering of canopy and urban building blocks. Instead, VV
polarization signals are mostly generated from double-bounce
scattering among building blocks. These properties can be used
to discriminate changes from urban areas with different building
density. Accordingly, the blue cluster (L3C3) in Fig. 8(b) shows
a 10–20% increase in VV σ0 but does not exhibit any change
in NL τ and VH σ0, which means that there is no variation in
the volume scattering, the spatial overflow, and the saturation of
light. This effect can be explained with construction activities of
low-density and low-rise building far from the main urban area.
More detailed investigation can be found in Tables IV and V for
YRD and JJJ megalopolises.

Comparing the spatial location of these changes (see Fig. 9), it
becomes apparent that most construction activities has occurred
far away from core urban areas: in airports, factories, ports, and
villa districts.

C. Change Patterns of Coastal Cities in Nigeria
and NCR in India

In Nigeria, the eight-clustering results show peculiar building
and spatial configurations of these changes. As expected, they
are different from those for Chinese megalopolises.

In this geographical area, the backscattering coefficient in core
urban areas, represented by purple and red clusters, is below
a relative value of 0.7, much smaller than the corresponding
values for the cities in Chinese megalopolises. These low values
are presumably due to the difference in building density. For
instance, in China, more high-rise buildings are built than in
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Fig. 8. Vector analysis for eight-component clusters of (a) JJJ and (b) YRD megalopolises: the upper left corner of (a) and (b) is the set of vectors generated by
randomly selected samples; the lower right corner and the diagonal line of (a) and (b) utilize only the cluster centers.

TABLE IV
INTERPRETATION OF CHANGE PATTERNS IN YRD

TABLE V
INTERPRETATION OF CHANGE PATTERNS IN JJJ
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Fig. 9. Spatial mapping of clusters inside and outside urban areas. (a) Eight-component clustering map of JJJ. (b) Eight-component clustering map of YRD.
Highlighted areas in the labeled patches correspond to change patterns shown in Fig. 10.

Fig. 10. Validating changes with Google Earth History Images. (a) Temporal
change of Beijing Daxing International Airport labeled as patch A in Fig. 9(a).
(b) Temporal change of the seaside factory labeled as patch B in Fig. 9(a). (c)
Temporal change of seaside settlements labeled as patch C in Fig. 9(b).

other parts of the world, and this leads to larger backscattering
coefficients.

The change vectors of the black cluster, increasing in VV
and VH backscattering power in Fig. 13(a) and (b), indicate
urban construction activities. However, the wide-range value
of the scattering intensity and relatively high value of NL at
the starting date suggest that the changes may have possibly
happened inside urban core built-up areas and suburban built-up
areas, as confirmed in Fig. 11, rather than outside the urban
fringes in urban expansions, as typical in China. There are oil
wells and refinery facilities, recognizable as black points far
away from cities, with burning gas, singled out because of their

Fig. 11. Spatial representation of the eight-component third-level clusters for
coastal cities in Nigeria. Highlighted areas in the labeled patches correspond to
change patterns shown in Fig. 12.

very intense lights. The clustered pattern of blue and yellow
vectors is recognized as rural areas and small towns (shown
in Fig. 11) with great numerical fluctuation in NL. Although
these large rural areas are spatially continuous and can be easily
recognized as urban area, their illumination infrastructure is
poor.

Figs. 13(d) and 14 illustrate the eight-component clustering
result of NCR in India. Almost all clusters except the green one
indicate decreasing trend in the backscattering coefficient, which
might be caused by street facility degradation. The increase of
blue cluster 7 and orange cluster 8 in terms of nighttime light
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Fig. 12. Google Earth images of selected patches in Nigeria. (a) Density
change of buildings labeled as patch D in Fig. 11(a) visualized by Google Earth
Images. (b) Google Earth Images of patches E and F shown in Fig. 11(b).

Fig. 13. Vector analysis of the eight-component clusters for coastal cities in
Nigeria (first row) and NCR in India (second row). The upper left corner of (b)
and (d) uses a subset of points; the lower right corner and the diagonal line of
(b) and (d) only utilize only the cluster centers.

implies a positive urbanization trend in terms of socioeconomic
activities. However, these increases occur almost always far
away from the Delhi urban area, showing that there is not much
intraurban change activity.

D. Comparative Analysis and Validation of the Results

Applying the same procedure to the Lombardy urbanized
area, it is possible to appreciate that built-up zones in the Milan

Fig. 14. Spatial representation of the eight-component third-level clusters for
NCR in India.

Fig. 15. Spatial representation of the eight-component third-level clusters for
the Lombardy region in northern Italy.

Fig. 16. (a) and (b) Vector analysis for the eight-component clusters for Milan
metropolitan area: the upper left corner of (b) uses a subset of points; the lower
right corner and the diagonal line utilize only the cluster centers.

metropolitan area are spatially compact and homogeneous (see
Fig. 15). There is no clear distinction between Varese, Como,
Milan, Bergamo, and Brescia. This suggests that the urbaniza-
tion of Great Milan is mature, with a high urbanization level,
above 70%. The very low growth rate results in few changes in
both the SAR backscattering σ0 and the nighttime light intensity
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Fig. 17. (a) and (b) Initial state of the clusters for each megalopolis.

Fig. 18. Change vector analysis of the clusters for each megalopolis.

(see Fig. 16). Nevertheless, the black cluster still shows some
minor changes caused by single building construction and main-
tenance (see Fig. 16). A higher backscattering coefficient or high
reflectance indicates a higher urbanization level. As shown in
Fig. 17(a), all megalopolises, excluding Nigeria, contain clusters
with high socioeconomic level, measured by nighttime light
reflectance. With respect to the backscattering coefficient, high
values of VV polarization indicate higher building density in the
form of high-rise building, which means more dense population
in YRD and JJJ. The low-level clusters of the VH channel
illustrate the low-rise building blocks of NCR and Lombardy,
compared to the huge construction of high-rise building blocks
in China.

The results in Figs. 17(b) and 18 illustrate the speed of urban-
ization from the perspective of nighttime lights and backscat-
tering coefficients, as well as the consistency and inconsistency
of real estate and economic activities during urbanization. The
clusters of megalopolises in China show the largest change in
nighttime light or backscattering coefficient, followed by the
cities in India and Nigeria with a lower urbanization speed. One
red-color cluster of YRD shows very fast real estate development
but without any lighting facilities. In JJJ, certain urban areas
only show a change in socioeconomic activities, presumably
due to city block revitalization or new commercial building
development. As the highly developed megalopolis, Lombardy
almost indicates no change, as well as some other cities in both
JJJ and YRD.

TABLE VI
VALIDATION OF THE URBAN EXTENTS AND RECOGNIZED CLUSTER

Aiming at validating the results of urban extents, we collected
urban layers, including buildings and streets among the others,
and nonurban layers, such as forest, farmlands, and other crop
classes from Openstreetmap as ground truth, and the results are
shown in Table VI.

The extracted urban extents directly impact the change due
to the smaller percentage of changes that occur in urban areas.
Changes like constructions or demolitions are validated by se-
lecting an adequate number of objects, set equal to 30, within the
cluster sets for each megalopolis. These areas have been visually
verified as real changes.

IV. CONCLUSION

In this work, portions of urban areas with similar tempo-
ral patterns considering SAR and nighttime data are extracted
by using a novel bihierarchical clustering approach. Then, an
object-oriented vector analysis is implemented by exploiting the
extracted clusters. This analysis allows us to interpret the tempo-
ral patterns generated by the proposed approach and characterize
effectively different urban changes inside megacities.

The approach was tested on fast-developing urban areas in
China, India, and Nigeria, as well as in areas of developed
countries, such as the Lombardy region in Italy. The experimen-
tal results confirm the effectiveness of the proposed method in
mapping multipattern changes using remote sensing data from
heterogeneous sources.

More specifically, the main conclusions of this work are as
follows.

1) The implemented HBC producer leads to more reliable
clusters and highlights interesting urban change patterns
referring to both construction/demolition of built-up struc-
tures and, to some extents, changes in the economic activ-
ity, represented as proxy by the nighttime lights.

2) Thanks to the joint use of the initial values and the temporal
change, the detected patterns are clearly differentiated
among core urban, suburban areas, and areas beyond urban
outskirts. Specifically, settlement areas with very recent
developments are singled out and clearly recognized.

3) There exists a high correlation between VV and VH po-
larization when downscaling Sentinel-1 SAR data to the
nighttime light spatial resolution, suggesting that polar-
ization is critical for analyses at the finest resolution, but
not at the megacity scale.

4) Building density and infrastructure constructions are the
main differences between highly urbanized areas (e.g.,
Milan), median-urbanized areas (e.g., Nanjing and inner
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cities in China), and less-urbanized areas (e.g., Onitsha
and coastal cities in Nigeria).

5) The time frame used for the analysis is crucial. A few years
are not enough to capture changes in stable urban areas of
developed countries, while they are useful to discriminate
multiple different change patterns in very dynamic grow-
ing economies. Since the Sentinel constellation is meant to
stay, more complex temporal change patterns will become
decipherable in the near future.
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