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A B S T R A C T

Rapid urbanization is considered to be of high relevance for global/local environment change, but its multi-
dimensional change features over time have rarely been reported, especially for the process, states and con-
sequences of urban density growth at hierarchical scales of urbanized area. To fill this gap, here, we firstly
integrated 27-years’ worth of consistent nighttime light (NTL) time series with land cover dataset, to reconstruct
4 basic, 13 archetypes of temporal trajectories of urban density dynamics with an objected-oriented analysis, and
measured their spatio-temporal patterns over hierarchical urbanized space that spanned from landscape patches
to 36 major cities in China. Our results showed that, from the micro patch dynamics, the logistic pattern is
striking among 4 models over most of time periods, accounting for ~45.63% of the total patch amounts and
~43.73% of the total patch area, respectively, while the exponential pattern contributes the least. Moreover, the
structural transition of thematic features revealed their spatial gradient delay from established patches to newly
developed patches, from infilling patches to outlying patches. In terms of the space of cities, seven typical
clusters of urbanization evolution were identified, however, under different policies, reform practice and de-
velopmental history. Additional three alternative states of urban density were also organized for estimated
future pathways. Therefore, according to our new insights into inter- and intra-city analysis, both the differ-
entiated strategies for horizontal cities and trade-offs of spatial configuration for urban interior areas were
informed to formulate effective science-policy interface.

1. Introduction

Urbanization is a complex, multi-dimensional phenomenon that
encompasses demographic dynamics, socio-economic growth, and as-
sociated land-cover/use changes (Seto et al., 2000; Montgomery, 2008;
Li et al., 2012; Jiang et al., 2013). It has become an increasingly re-
levant factor in global/local climate change (Güneralp and Seto, 2008;
Yao et al., 2019) and consideration for sustainability efforts (Zhang and
Seto, 2011; Balland et al., 2020). China has experienced unprecedented
urban growth over the past three decades (Zhao et al., 2018). Reports
indicate that China’s urban population has increased by nearly 60%
since the late 1970s, and another 255 million formerly rural residents
are expected to migrate to cities by 2030 (UN, 2018). In response to the
growing conflict between limited land resources and urban

development, the quantitative characterization of urban attributes and
their dynamic growth is urgently necessary (Zhang and Seto, 2011;
Jiao, 2015). Urban density is commonly considered to include both
population density (Mills and Tan, 1980; Wu et al., 2014; Güneralp
et al., 2017) and the intensity of other socio-economic activities within
a specific urban geographic space (Salomons and Berghauser Pont,
2012; Abel et al., 2012). Considered over a long time series, urban
density dynamics are represented by the temporal trajectories of a
collection of urban density features (Wu et al., 2014), reflecting
changes in key socioeconomic variables (e.g., population/economic
density growth) within places where urbanization actually occurred.
Moreover, it is popularly believed that increasing urban density will
limit land consumption and reduce the environmental impacts of urban
sprawl (Willams, 2001; Coutts et al., 2007; Chen et al., 2016); therefore,
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this possibility has attracted much attentions. Although previous stu-
dies have explicitly analyzed spatial density dynamics under urban
expansion (Jiao, 2015; Xu et al., 2019), multi-dimensional changes
related to urban density over time have rarely been reported. Therefore,
it is important to aggregate growth models with an investigation of
urbanized morphology to characterize the spatio-temporal dynamic
patterns of urban density at hierarchical scales as they are shaped by
policy and socioeconomic changes; the results of such an investigation
could inform improved urban planning and policy-making.

Advanced satellite measurements of urban systems provide a large-
scale, cost-effective method to characterize long-term urban density
dynamics (Zhang and Seto, 2011; Gao et al., 2016; Duque et al., 2019;
Hu et al., 2020). For example, the long-running Landsat archive not
only allows timely and reliable mapping of the extent of urban areas
(Poelmans and Van Rompaey, 2009; Zhang et al., 2017) but also has the
potential to be employed in identifying thematic features of land-cover
change (Buyantuyev et al., 2010; Song et al., 2016). Nighttime light
(NTL) data obtained from the Defense Meteorological Satellite Pro-
gram–Operational Linescan System (DMSP/OLS) and Visible Infrared
Imaging Radiometer Suite onboard the Suomi National Polar-orbiting
Partnership (NPP/VIIRS) satellite could help capture the intensity of
human activities, as they are good indicators for economic growth or
population aggregation within urbanized areas (Elvidge et al., 1997;
Forbes, 2013; Bennett and Smith, 2017). Such valuable data records
associated with places where urbanization actually occurred (Zhang
and Seto, 2013) could help explain the relationship between socio-
economic intensification and landscape urbanization (Bai et al., 2012;
Zhao et al., 2018). However, owing to the considerable challenge in
integrating DMSP/OLS and NPP/VIIRS data, many researchers have
monitored urban density dynamics only over a limited time span (Li
et al., 2017). A temporally consistent NTL time series is required to
serve as a useful proxy for the multi-dimensional development of spe-
cific urbanized areas by combining luminosity observations with land-
cover data.

Currently, numerous foundational works have sought to identify
various urbanization trajectories for the multi-temporal assessment of
urban-change types, distributions, and patterns. Zhang and Seto (2011)
developed five archetypical urbanization trajectories and mapped ur-
banization dynamics using a pixel-based iterative unsupervised classi-
fication method based on the DMSP/OLS NTL dataset. Wu et al. (2014)
verified the ability of DMSP/OLS NTL data reflecting three basic ur-
banization trajectories and further classified six clusters reflecting the
distribution of urban density to evaluate local-scale urbanization pro-
cesses. Ju et al. (2017) investigated five urbanization dynamics and
explicitly related them to underlying drivers, revealing several clusters
at the prefecture-level city and national levels. However, these studies
offered few novel insights regarding the magnitude, duration, and in-
flection points of urbanization processes (Townshend et al., 2012; Song
et al., 2016; Fu et al., 2019) and typically considered data only at the
pixel or administrative-division level. In reality, landscape transfor-
mation occurs in patches; investigating it from this perspective would
reshape understanding of the overall spatio-temporal features of city-
scale urban density dynamics from the bottom up (Güneralp and Seto,
2008; Xu et al., 2019). It is therefore essential to investigate glo-
bal–local interactions in urban density process, from micro dynamics
(urban patches) to macro patterns (city-wide).

To address these issues, we firstly involved four models, both linear
and non-linear (power law, exponential, and logistic), and derived
thematic parameters to reconstruct temporal trajectories of urban
density as manifested in a 27-year NTL composite dataset derived from
combined DMSP/OLS and NPP/VIIRS data for individual urban patches
of 36 Chinese cities extracted from Landsat series optical images. The
specific objectives of this study were as follows: (1) to investigate multi-
dimensional thematic change features of urban density processes. (2) to
explore the structure, distribution, and change features of urban density
dynamics from micro and macro perspectives. The fresh insights gained

through this approach might help reveal the underlying drivers and
development processes related to urbanization patterns. Further, these
insights might help in the prediction of future pathways through the
analysis of both socio-economic variables and policy directions, there-
fore contributing to effective urban planning and management prac-
tices.

2. Datasets

2.1. Established or newly developed urban patches and socio-economic data

Our study covered 36 major cities in China, including provincial
capitals and other relatively populous cities (Fig. 1). Urbanized patches
identified in 1990 and during four more recent periods (1990–1995,
1995–2000, 2000–2006, and 2006–2010) by the China Land Surveying
and Planning Institute were utilized for the analysis of urban density
dynamics, rather than traditional administrative boundaries. This pro-
duct was derived from multiple sources, including Landsat-5 TM
(Thematic Mapper) and Landsat-7 ETM+ (Enhanced Thematic Mapper-
Plus) images, along with Beijing-1 micro-satellite imagery data with a
spatial resolution of ~30 m. Several pre-processing procedures, such as
radiometric cross-calibration of different satellites, geometric correc-
tion, uniform projection conversion, and pixel resampling were per-
formed when creating and updating the dataset (Chander et al., 2009).
Then, both static urban extent and change area (within the five afore-
mentioned time periods) were visually determined from satellite images
(Beijing_1 multiple-spectral images in 2006 were proxies for those in
2005, as the former were cloud-free and high-quality). Finally, a hier-
archical sample verification based on a field survey by the institute
confirmed that the developed method identified, established, and
newly-developed urban areas with an overall accuracy surpassing 85%,
indicating the method’s robustness and credibility.

In China, statistical data, particularly socio-economic data, are
generally available for entire administrative units. We collected basic
data such as population density, economic structure, GDP density, and
greenhouse gas (GHG) emission intensity from the published statistical
yearbooks of each of the 36 investigated cities in 2015 to identify and

Fig. 1. The administrative boundaries of 36 major cities in China. Three large-
scale geographical divisions in China are also shown: the eastern, central, and
western regions.
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analyze underlying drivers, processes, and effects that impacted the
formation of urban clusters; thus, we gained local-scale knowledge
about developmental history/reforms/policies (Ju et al., 2017). Fur-
ther, 1-km2 grid maps of population and GDP density in 2010 and 2015
for the model verification area, Beijing, were also acquired from the
Data Sharing Infrastructure of Earth System Science network to verify
the ability of the NTL dataset to represent urban density.

2.2. Multi-temporal DMSP/OLS and NPP/VIIRS nighttime light dataset

In this study, we employed the annual composites of stable NTL
records from DMSP/OLS (version 4) and the monthly composite dataset
from NPP/VIIRS (version 1), which were downloaded from the
NOAA–National Geophysical Data Center website (http://www.ngdc.
noaa.gov/dmsp/downloadV4composites.html, http://ngdc.noaa.gov/
eog/viirs/download_monthly.html). The DMSP/OLS NTL time series
data from 1992 to 2013 were collected from six satellite missions (F10,
F12, F14, F15, F16, and F18) and contained digital numbers (DNs)
ranging from 0 to 63 with a spatial resolution of 30 arc s. Further, the
NPP/VIIRS product, which featured an improved spatial resolution
(~15 arc s, about 500 m) and radiometric sensitivity (~505–890 nm)
was integrated into annually averaged NTL data for 2013–2018. The
resultant dataset was considerably improved over the DMSP-OLS data
in terms of saturation, blooming, and on-board calibration.

2.3. Long-term temporally continuous AVHRR/MODIS NDVI data

Two historical achieves of normalized difference vegetation index
(NDVI) data were collected on the Google Earth Engine (GEE) platform.
The NOAA Climate Data Record (CDR) from the Advanced Very High
Resolution Radiometer (AVHRR) provided daily composite NDVI values
at half-month intervals at a 0.05° spatial resolution during 1992–2000
(Xiao et al., 2017). Additionally, gap-filled, snow-free, Nadir Bidirec-
tional Reflectance Distribution Function (BRDF)-Adjusted Reflectance
(NBAR) products derived from EOS-MODIS (MCD43A4) were utilized
to generate 16-day composite NDVI time series at a 500-m spatial re-
solution for 2001–2013 (Lucht, 1998). Finally, we calculated the annual
mean NDVI values from AVHRR/MODIS products and performed inter-
calibration over different years and sensors to generate a temporally
continuous NDVI time series data for 1992–2013. The calibration pro-
cedures are detailed in Ma et al. (2014).

3. Methodology

3.1. Urban expansion types

We investigated different types of urban expansion related to urban
density growth. For individual cities, the original established patches
were merged to form a baseline urbanized extent in 1990 (Fig. S1).
Three categories of expansion (i.e., infilling, edge-expansion, and out-
lying expansion) were identified within newly development patches
during four periods using GIS software that applied an expansion type
index (E) to overlapping, consecutive urban land maps. E was defined
as follows (Zhao et al., 2018):

=E L
L

c
(1)

where Lc is the length of common edge of a newly developed urban
patch and an existing urban patch, and L is the perimeter of a newly
developed urban patch. The new patches of development are classified
as infilling when E > 0.5, edge-expansion when 0 < E ≤ 0.5, and
outlying when E = 0. The expansion patterns presented by new urban
patches are closely related to the macro urban spatial form. Edge-ex-
pansion and outlying expansion lead to more dispersed urban forms,
while infilling results in more compact forms (Xu et al., 2019). The
spatial distribution of urban patches and the corresponding number of

patches reflecting the three expansion patterns in each period across 36
major Chinese cities are shown in Fig. S1.

3.2. Generating a consistent time series of NTL data during 1992–2018

Although a long-term archive spanning nearly three decades exists,
the application of NTL time series data is limited by the significant
differences in radiometric signatures across sensors onboard different
satellites (Liu et al., 2012; Li et al., 2017). To improve continuity and
comparability, several methods were integrated to generate a consistent
NTL time series from 1992 to 2018. This process included three main
steps: inter-calibration of the DMSP/OLS NTL dataset, saturation cor-
rection, and inter-calibration of DMSP/OLS data and VIIRS NTL images.

(1) Inter-calibration of DMSP/OLS NTL data for China was performed
successfully in previous studies. In this study, we generated inter-
calibrated NTL images over the period of 1992–2013 based on the
relative calibration method described in Liu et al. (2012). An em-
pirical relationship that could model systematic biases was esti-
mated using the second-order polynomial function. The derived
coefficients were determined by comparing the DN values in the
target image with the reference image from F162007 for Jixi City in
Heilongjiang Province. Additionally, intra-annual composited data
derived from two satellites were integrated to fully utilize the
available NTL data. More detailed procedures for DMSP/OLS NTL
data processing can be found in Liu et al. (2012).

(2) We normalized time series DMSP/OLS images to the AVHRR/
MODIS NDVI range of [0, 1.0] and matched them to ensure a uni-
form projection, pixel size, and image extent. Then, based on the
assumption that urban features were inversely correlated with ve-
getation signals, the saturated DNs of the native DMSP/OLS NTL
time series from 1992 to 2013 were adjusted using the Vegetation
Adjusted NTL Urban Index (VANUI) proposed by Zhang et al.
(2013), which combines NDVI and NTL data to reduce the effects of
NTL saturation and increase inter-urban variability in nighttime
luminosity.

(3) We followed the calibration paradigm from Li et al. (2017) to im-
prove the comparability between the DMSP/OLS and NPP/VIIRS
images. First, VIIRS data were degraded in terms of spatial resolu-
tion and radiometric sensitivity to match the DMSP/OLS NTL data.
Then, we constructed an inter-calibration model with data pairs
from overlapping images in 2013 by abstracting the mean values of
corresponding VIIRS pixels in the same positions for each DN value
of the DMSP/OLS images (Fig. S2, b). We compared the ability of
polynomial, logistic, and power functions to model systematic
biases, and evaluated their performance based on coefficients of
determination (R2), P-value, and the root mean square error
(RMSE) (Table S1). Our results demonstrated the logistic model
outperformed the others, showing a significantly reduced skew in
the two-dimensional scatterplot, such that data points were aligned
closer to a 1:1 diagonal line after calibration (Fig. S2, c). Finally, we
applied the selected logistic model and the estimated coefficients to
generate simulated DMSP/OLS images from 2013 to 2018. There-
fore, a consistent and reliable time series of NTL data from DMSP/
OLS and NPP/VIIRS images was generated, yielding continuous
data from 1992 to 2018.

3.3. Four archetypes of urban density dynamics within urban patches

The ability of NTL time series to measure features of urban density
changes at both the city and patch level has been verified (Fig. S3). We
identified an intensification of urbanization process within urbanized
areas using a diagnostic “spectral” profile of time-series NTL data. The
average NTL intensity was therefore calculated within the boundaries of
established or newly developed patches in urban area to characterize
the density of socio-economic activities. The object-based ANTL index
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model for each target patch in an urban area was expressed as:

= =
∑ ×
=

=

ANTL NTL
S

A DN

S
,i l

i m

i i

(2)

where ANTL indicates the averaged NTL intensity; NTL is the total light
intensity, which is represented by the weighted sum of the area of NTL
pixels (Ai) multiplied by the corresponding normalized DN value (DNi)
from the minimum value DNl and the maximum value DNm; S re-
presents the total patch area.

We considered four linear or non-linear models to characterize
urban density trajectories for urban patches based on empirical in-
formation reported in published literature (Zhang and Seto, 2011; Wu
et al., 2014; Ju et al., 2017). As illustrated in Fig. 2, the linear model
reflected a constant proportional increase in human activities in an
urbanized region. The exponential model was utilized to quantify re-
cently accelerated intensification in population and economic growth
within the established or newly developed patches in urbanized areas.
This archetype of urbanization dynamics usually occurs in relatively
new urban patches located in earlier stage of urban growth. In contrast,
the power-law function assumes the target urban patch experienced
rapid development in earlier periods and gradually reaches saturation
over time. Older, established urban cores are likely to exhibit this
temporal pattern. A logistic model was also developed to depict a
completed cycle of urbanization with an “S-shaped” curve comprising
three typical change stages: an initial stable state, a gradual or sharp
increase in urban density, and a post saturation state (Song et al.,
2016). We initially assumed that these existing models could be used to
reflect mature density levels, urbanization processes, and outcomes
when combined with additional socio-economic datasets. However, the
de-urbanization in terms of socio-economic activities was not included,
considering the rapid urbanization of the 36 investigated cities in

China. We then fitted time-series ANTL data of individual patches in
urban areas to the basic four models and estimated the regression
coefficients using the Non-Linear Least-Squares Minimization and
Curve-Fitting (LMFIT) program in Python. The coefficients of determi-
nation (R2), a standard F-test (p value), and the root mean square error
(RMSE) were utilized to choose the best-fitting model and exclude
statistically insignificant samples that failed all models’ curve fitting.

3.4. Thematic parameters and subtypes of urbanization dynamics

We thus constructed a smooth linear/non-linear curve for each
urban patch, from which the fitting parameters, regarded as secondary
metrics, were further derived to identify more specific thematic pat-
terns of urban density growth within the general trajectories of urba-
nization. Based on these features, we then divided the multi-temporal
signatures of ANTL intensity into detailed subtypes of urban density
dynamics, which are discussed later in this paper.

The slope k and intercept b of the linear model represented the rate
of change and initial baseline of urban growth, respectively; therefore,
we subdivided into three subclasses labelled as the low-level steady
growth, rapid growth, and the high-level steady growth (Fig. 3, c–e).
Low-level steady growth and high-level steady growth were both as-
sociated with small slopes, though the latter has a higher initial value
and mean DN than the former. Rapid growth is characterized by a high
slope, indicating a considerable increase in NTL intensity during a given
period. Moreover, three secondary metrics of the logistic model were
derived to characterize urban growth in terms of magnitude, timing,
and duration. The absolute value of parameter a represents the mag-
nitude of urban growth, and the ratio c b/ give the approximation of
change inflection year. To calculate the duration of growth, two crucial
transitions of starting and ending points can be inferred using the
maximum and minimum change-rate values indicated in the curvature

Fig. 2. Four archetypes of urban density trajectories for an established or newly developed patch in urban areas.
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of fitted logistic model (Song et al., 2016). The curvature of the logistic
model at year t can be computed using the following formula:

= = − − +
+ +

K dα
ds

ab z z z
z abz

(1 )(1 )
[(1 ) ( ) ]

,
2 3

4 2 3/2 (3)

where = −z ebt c, and a and s are the angel of the unit tangent vector and
the unit length at year t along the differentiable logistic curve, re-
spectively. Both a and b are parameters of the logistic model. The rate
of change indicated by the model curve is given as follows:

′
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2 2

4 2 3/2 (4)

Finally, we incorporated three parameters of the logistic model to
reconstruct eight subtypes of urban density growth patterns (Fig. 3,
f–m), as manifested in multi-dimensional combinations of high/low
magnitude, gradual/rapid growth, and recent/early growth. Thereafter,
a classification tree for 13 subtypes of urban density trajectories was
generated (Fig. 3, A, B), and the clustering boundary thresholds were
optimized via k-means unsupervised classification.

3.5. Structural clustering of urban density patterns

We summarized the area-weighted structural proportions for each
urban-density pattern subtype in each city, showing the contributions
of each subcategory to the overall urbanization during 1992–2018;
these contributions can be characterized in the form of a ratio (Wu
et al., 2014):

= ×Ratio N
N

100%,i
i

s (5)

where Ni is the area displaying a particular archetype of urban density
growth patterns within a city; and Ns is the sum of Ni, i=1, 2, …, 13.

The proportional areal distributions of 13 archetypes can be pre-
sented in the form of an M-dimensional array for each city:

= … = …D Ratio Ratio Ratio j{ , , , }, 1, 2, ,36j 1 2 13 (6)

Finally, we clustered 36 major cities into groups with similar pro-
portional distributions using a hierarchical cluster analysis-based
within-groups linkage calculation performed using IBM SPSS statistics
(Wu et al., 2014).

4. Results

4.1. Expansion of urbanized area

The spatial patterns of urban land area for 36 major cities in 1990
and four subsequent time periods (1990–1995, 1995–2000, 2000–2006,
and 2006–2010) are mapped in Fig. S4. Each investigated city experi-
enced rapid urbanized area expansion between 1990 and 2010. Overall,
the average urban land area (UA) of all 36 cities increased from
107.31 km2 in 1990 to 462.72 km2 in 2010, a remarkable four-fold
growth over these two decades (Table S2). Among the four periods
studied, the annual urban growth rate (AGR) peaked at around 10.94%
during 1995–2000, after which the AGR slowed in 2000–2006 (4.93%)
and 2006–2010 (3.13%) (Table S2). In terms of other landscape para-
meters, the average mean patch area (MPA) of new-developed patches
exhibited a decreasing trend, reducing from 11.08 km2 in 1990–1995 to
3.02 km2 in 2006–2010 (Table S2), implying a transition to small-sized
and fragmentary urban landscape.

We calculated the urban expansion-type index (E) for each new-
developed patch to classify urban expansion as following outlying,
edge-expansion, or infilling patterns. In general, the relative fractions of
the three types of urban expansion experienced similarly drastic
changes in terms of both patch number (Fig. 4, a) and patch area (Fig. 4,
b). The weight of outlying expansion increased rapidly between 1995
and 2000, peaking at around 71.40% and 53.51% of total patch number
and area, respectively; however, edge-expansion became the most
dominant form after 2000 (Fig. 4, a, b). Correspondingly, the number
fraction of infilling expansion declined from 25.59% during 1990–1995
to 6.19% during 1995–2000 but then increased to 23.04% and 27.48%
during 2000–2006 and 2006–2010, respectively (Fig. 4, a). This process
was consistent with the diffusion-coalescence dynamic in urban ex-
pansion described in previous research (Xu et al., 2019). Nationwide,
except during 1995–2000, outlying-expansion patches increased at a
higher rate in central and western cities than in eastern cities (Fig. 4, a,
b), due to the limited space for development in eastern China.

Fig. 3. (A) The classification tree of 13 subtypes of urban density patterns. (B) Temporal patterns of 13 subtypes of urban density patterns for specific urban patches
from selected typical samples, including (a) power, (b) exponential, (c–e) linear subcategories, and (f–m) logistic subcategories.
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4.2. The structural distribution of urban density patterns at the patch level

The time-series ANTL density for each urban patch covering the
patch’s emergence to 2018, was fitted with the four archetypes de-
scribed by the developed models. Fig. 5 shows the structural distribu-
tion of patch numbers and areas within the study periods as related to
the four models. Overall, the logistic pattern of urban density growth
dominated, except during 2000–2006; across the 36 investigated cities,
the logistic model best described ~45.63% of total patches (in terms of
quantity) and ~43.73% of the total patch area (Fig. 5). In contrast, the
exponential model was the least relevant (Fig. 5), indicating that rela-
tively few patches were still in the primary stage of urban density

growth; those that were usually occurred at the periphery of urban
areas (Fig. 9). A distinct trend toward increased proportions of logistic
and linear patterns was found over the four periods (Fig. 5), revealing
the existence of two main pathways for urban density growth in newly-
developed urban patches—growth following a completed “S”-shaped
curve until a stable density or steady growth at a constant proportional
speed. In particular, patches demonstrating linear growth patterns in-
creased, considerably extending from city centers between 2000 and
2006 (Figs. 5 and 9), contributing the largest fractions in terms of patch
number (~37.56%) and patch area (~43.72%) in this period. This
notable shift might reflect a relatively low intensity of urban develop-
ment, such that growth in urban land cover and economic activities did

Fig. 4. The proportional change in three urban-area expansion types for 36 major Chinese cities in terms of patch number (a) and patch area (b) during four periods
from 1990 to 2010. The sum of fractions is equal to 100%, and the black circle represents the intersection of the three means shown by the dashed lines. Different
regions in China are represented by different colors.

Fig. 5. The structural proportions of four urban growth-pattern archetypes across all patches in 36 Chinese cities. Bars represent the fractions of newly developed
patch quantity (left) and area (right) reflecting each archetype by time period.
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not reach an equilibrium. In addition, a large imbalance existed in the
quantity and area fractions, i.e., the number of patches displaying some
growth patterns was disproportionately large relative to the corre-
sponding patch area in 2000–2006 and 2006–2010, thereby suggesting
more dispersed and fragmented urban expansion; this trend was espe-
cially striking regarding the logistic pattern (Fig. 5).

Considerable disparities in urban-growth thematic patterns were
found for patches in different time periods, as illustrated by the model
parameters shown in Fig. 6. Temporally, the magnitude of urban den-
sity dynamics for individual patches increased gradually from the first
period to the fourth period, while the initial ANTL values displayed the
opposite trend (Fig. 6). This temporal transition revealed spatial gra-
dients within urban density patterns based on the distance from the city

center (old patches) to the urban fringe (new patches) (Fig. 7). This
spatial delay was also reflected in the prevalence of patches char-
acterized by the power-law or logistic model in urban cores (i.e., pat-
ches existing in 1990) or in relatively close proximity to existing city
centers (i.e., patches emerging in 1990–1995) (Fig. 7). In such patches,
urban density increased from a relatively high initial value between
1992 and 2018; the observed patterns could represent urban re-
development including population inflow and a second economic leap.
In comparison, the gradually increasing magnitude of newly developed
urban patches in later periods (i.e., patches emerging in 2000–2006 and
2006–2010, Fig. 6) was confirmed by prevalence of patches displaying
linear growth patterns extending outward from city centers (Fig. 7).
Both of change year and the duration of urban growth decreased from

Fig. 6. Boxplots of magnitude, initial
values, change inflection year, and
duration of urban logistic growth for
three expansion patterns (outlying,
edge-expansion, and filling) in urban
patches within four time periods
(1990–1995, 1995–2000, 2000–2006,
and 2006–2010). The range of change
year and duration are within 27 years
covering the patch’s emergence to
2018.

Fig. 7. Spatial maps of different temporal patterns of urban growth (13 sub-classes) based on a decision tree in eight typical Chinese cities: (a) Beijing, (b) Shanghai,
(c) Xian, (d) Guangzhou, (e) Chongqing, (f) Changchun, (g) Hefei, and (h) Wuhan.
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patches emerging in 1990–1995 to those emerging in 2006–2010, in-
dicating the advance of turning points and more narrow temporal
duration of change from the old patches to the new ones (Fig. 6). The
parameters of both the change and distribution maps of temporal
growth patterns were cross-validated and were found to reasonably
agree.

The spatial delay law of thematic patterns of urban density was also
clearly reflected in the three types of urban land expansion patterns
(Fig. 6). In general, infilling patches had the lowest magnitude of
change but the highest initial ANTL intensity value (indicated by the
black line in Fig. 6). We inferred that these phenomena were mainly
attributable to redevelopment processes in infilling expansion, parti-
cularly in areas that were formerly heavily populated urban centers in
close proximity to existing urban land (He et al., 2018) (Fig. 7). Patches
displaying this pattern also experienced much shorter durations of
change and displayed earlier change year of logistic growth patterns
relative to patches displaying outlying or edge expansion over all time
periods; but these phenomena might be influenced by the saturation
effect at the intra-urban scale. However, contrasting thematic patterns
including high magnitude, long duration, and later change inflection
year in the same period were often reflected in outlying patches remote
from existing urban areas (Fig. 7). As such, these patches have a high
capacity for spatial development but may struggle to attract new human
activities (He et al., 2018). Finally, as edge-expansion areas bridge
outlying patches and established urban areas, the change parameters of
such patches are also situated between the patterns displayed by the
other two types of urban expansion.

4.3. Spatial clustering of urban density patterns at the city scale

Considering variations in the time and degree of urban development
across 36 major cities, we identified seven typical groups of urban
density evolution through clustering the structural proportions of 13
subclasses of urban density patterns. The structural similarity of each
cluster (Fig. 8, S5) and regional convergence toward change magni-
tudes, initial values, change years, and durations of urban growth
(Fig. 9) support an improved understanding of the status, processes, and
consequences of urbanization when combined with socio-economic and
environmental data in China (Table S3).

Cities in the first group were concentrated in megalopolises,

including Beijing, Shanghai, Guangzhou, Shenzhen, and Tianjin. Most
urbanized areas in these cities (> 80%) are relatively stable and highly-
developed and thus might reach saturation in the near future, as they
reflected a clear blend of two patterns—the power function or logistic_8
patterns (Fig. 8 Group 1, Fig. S5). The timing, focus, and directions of
policies were confirmed to have been instrumental in shaping early
urban development, for example, targeted “reform and opening” po-
licies implemented in the late 1970s. Because of strong policy in-
centives, such as the opening of the economy to direct foreign invest-
ment and the development of economic zones and infrastructure,
Shenzhen grew into large metropolitan area over just a 20-year span
(Schneider and Mertes 2014). Meanwhile, the intensified urban dy-
namics in Group 1 cities remained ahead of other regions (inflection
year< 7), with the lowest magnitude (< 0.35) and shortest duration
(≤8) between 1992 and 2018 (Fig. 9, c). During this period, non-
agricultural industries predominated in these cities (i.e., tertiary in-
dustries represented>60% of the economic activity in this group); this
facilitated the rapid maturation of socioeconomic interactions, which is
essential to attracting a labor force and achieving economic innovation
(Table S3). Further, the relatively small greenhouse gas emission in-
tensity of these cities suggests that they have made great progress in
mitigating environmental pollution compared with cities in other
groups (Table S3).

The second city cluster consisted of Baoding, Daqing, and Harbin.
These cities where engaged in the first economic leap that was typical of
the logistic_8 pattern (nearly accounting for 60% of urbanized areas),
characterized by low magnitude and rapid and early growth over the
past three decades (Fig. 8 Group 2, Fig. 9). This might be related to
these cities’ higher urban density baseline due to earlier prosperity
stemming from emission-intensive industries, as secondary industries
represented nearly 50% of the economic activity in these cities (Table
S3). However, such cities might be locked into an “old” development
path, thereby resulting in reduced urbanization—loss of population,
stagnation of socio-economic development, and severe environmental
pollution (Table S3). Notably, another similar city cohort experienced
earlier development than the others, including Qingdao, Changchun,
Dalian, Xuzhou, and Wuhan; this cohort was associated with a large
share of power-function patterns (nearly reaching 60% of total urba-
nized area in this group) reflecting their long history of development
before the study period (Fig. 8 Group 4, Fig. S4). With their strong

Fig. 8. Seven typical groups/pathways of urban density evolution. The color scale shows the structural proportions of 13 archetypes of urban growth patterns from
1992 to 2018 within each city. A large value (red) indicates a relatively high proportion of a specific growth pattern, while a small value (green) indicates a relatively
low proportion of a specific growth pattern. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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foundation of resources and infrastructure, these cities played an active
and significant role in promoting regional economic growth; however,
they may have faced challenges due to their resource-intensive growth
modes that were highly dependent on urban land expansion (~8%
annual growth rate, Table S3). Thus, land-resource incentives may not
currently be a fruitful method to attract population, infrastructure, and
investment (Table S3).

A large proportion of logistic_4 patterns (suggesting high magni-
tude, rapid, and early growth) was associated with a group including
Suzhou, Wuxi, Changzhou, and Hangzhou (Fig. 8 Group 3, Fig. 9). This
group are mostly the rapidly growing cities that are approaching an
equilibrium dynamic within high-level urbanization (as indicated by
GDP per capita, Table S3) due to spillover effects from nearby
Shanghai. Notably, these areas still presented a considerably high
number of linear patches (Figs. 8, S5), which indicate a certain amount
of reserved land for sustainable development. However, such rapid
urbanization almost inevitably has an environmental impact

(represented by GHG emissions per capita, Table S3). Following a si-
milar structural distribution, most of the logistic_6 patterns were found
in a cluster containing Xi’an, Chongqing, and Changsha (Fig. 8 Group 5,
Fig. S5). This pattern, characterized by persistently slow growth, was
mostly identified in eastern sub-centers and western hotspots of urba-
nization (Fig. 9, c). These results suggest that the “Go West” policy to
promote major cities in western China appears to have been successful
in absorbing population growth and spurring economic investment at
early stages (Table S3); later however, such cities may have en-
countered similar management issues pertaining to urban as their
eastern counterparts, such as the high cost of land sprawl (Table S3).

The cities belonging to Group 6 were characterized by a high pro-
portion of linear_2 patterns and were typically small- to medium-sized
cities in central China, such as Hengyang, Xiangtan, and Kaifeng (Figs.
8, S5). These findings reflected a temporally lagging yet constant
growth increase in primary period of city development (Fig. S5), a
consequence of “push–pull” effects in population migration and

Fig. 9. Spatiotemporal thematic maps of (a) change magnitude, (b) initial ANTL value, (c) change inflection year, and (d) duration of logistic urban growth across 36
major cities in China.
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industrial transfer between eastern coastal cities and western me-
tropolitan areas (Table S3) (Luo et al., 2018). In comparison, some
small cities in Jixi and Fuxin might have been trapped in linear_1
patterns indicative of low-level steady growth (Fig. 8, group 7, Fig. S5),
reflecting a structural crisis due to their high proportion of primary
industry (Table S3). As their urbanization states are far from mature,
they may face challenges associated with a future decay in population/
economic growth and high environmental costs (Table S3).

4.4. Alternative urban density states

We compared changes in ANTL intensity in all 36 cities in
1995–2000, 2000–2006, and 2006–2010 and then divided the alter-
native urban density states into four types (Fig. 10), treating the natural
breakpoint of the normalized ANTL (~0.7) as a threshold. Approxi-
mately 80% of the investigated cities maintained their urban density in
1995–2000, as most of the data points appeared to fit a straight line.
The rapid landscape urbanization and expansion of outlying patches
(Table S2, Fig. S4) during this period slowed the increase in urban
density. However, the relative density of urban development increased
substantially in the two subsequent periods. Two major transitions in
urban growth were found in terms of urban land-use efficiency in the
2000s. The proportion of high-density urban development increased by
nearly 50% during 2000–2006 and remained dominant. Nevertheless,
minor increases in urban density were common in high-density urban
forms during 2006–2010, thus leading to an enlarged gap between high
density and low-medium density. By the year 2010, ~89% of the in-
vestigated cities had achieved a relatively high-level state of urban
density (> 0.7). The phenomenon is in accordance with the sub-linear
response of socio-economic output for urban landscape expansion.

Interestingly, the self-organized shifts in urban density over the past
three periods were basically consistent within the seven typical city
groups (Fig. 8), thus further demonstrating the path dependency of
urban density patterns and the possibility of estimating future pathways
with more reliable socio-economic statistics. More specifically, Group 1
and Group 2 cities were most likely to maintain consistently high re-
lative levels of urban density (Fig. 10, Fig. 11) to due to increasing
demand from population growth over time. For example, the popula-
tion density in Beijing, Guangzhou, and Shenzhen increased by ~82%,
~108%, and ~287% from 1992 to 2010, respectively, resulting in
corresponding ~19.37-, ~20.26-, and ~31.20-fold increases in GDP
density according to the China City Statistical Yearbook (National
Bureau of Statistics of China, 1993, 2011). However, most of the urban
land in these cities has been heavily utilized since the 1990s, as re-
flected in these cities’ having the highest proportion of power function

or logistic_8 trajectories (Fig. 8); this suggests an imperative need for
land resource reservation. Subsequently, Group 3, Group 4 and Group 5
became the dominant clusters as urban density declined (Fig. 10), im-
plying that they were experiencing similar non-equilibrium states with
large fluctuations in their density values (Fig. 11). This instability is
indicative of a possible return to a degraded state caused by urban land
sprawl or the achievement of quasi-equilibrium dynamics without the
presence of control measures for intensification. Both Group 6 and
Group 7 (including Hengyang and Xiangtan) occupied the lowest level
of urban density, indicating that these cities were experiencing the
primary stage of urban development. This was further supported by the
predominance of liner growth patterns in these groups, as well as the
relatively large share of exponential growth patterns (Fig. 8).

Fig. 10. Alternative urban density states in (a) 1995–2000, (b) 2000–2006, and (c) 2006–2010 showing four states: L-L, L-H, H-H, H-L. Thirty-six investigated cities
were divided into seven clusters based on similar structural proportions of the 13 subclasses of urban growth patterns, as shown in Fig. 8.

Fig. 11. Three alternative states of urban density experienced by the seven
typical urbanization evolution clusters. A boxplot of urban density dynamics
over the past three periods showed larger fluctuation ranges groups experien-
cing a non-equilibrium state compared to those experiencing the two relatively
stable states.
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5. Discussion

5.1. Policy implications for urban planning and management

Despite the implementation of the “State Plan of the New-Type
Urbanization (2014–2020)” in China, increasing the efficiency of the
consumption of construction land and optimizing the spatial structure
of urban systems remain high-priority issues (Luo et al., 2018). To
address these challenges, based on our investigation of differentiated
urban-system evolutionary pathways and urbanization density states,
we propose the following diversified strategies for urban planning and
management, which combine macro and micro perspectives.

First, policies should differentiate cities according to their specific
characteristics (for example, their historic growth trajectories, growth
stages, and urban-density statuses) to realize the most cost-effective and
high-quality development. First-tier megalopolises and metropolises,
including Beijing and Shanghai in Group 1, are largely located in the
most populated and economically advanced regions of China (Table
S3), and their urban densities appear to have reached or at least ap-
proached saturation (Figs. 8, S5, 11); such cities will requirement a
certain amount of urban area to be treated as a reserved resource to
accommodate population expansion. Within national strategies ad-
dressing hierarchical urban agglomeration system (Fang and Yu, 2017),
policies should encourage cities to promote the accessibility of land
resources outside of major urban centers within urban agglomerations.
In other words, targeting the development of multiple periphery cities
in proximity to a core city, especially those eastern cities nearby the
core cities among Groups 3–5 (Figs. 9 and 11), could promote the
formation of polycentric urban regions in which large-scale sustainable
development is more feasible. For example, Suzhou, Wuxi and
Changzhou, which present spillover effects from nearby Shanghai,
provide further evidence of the formation of Yangtze River Delta ag-
glomeration. Other periphery cities like Linyi and Weifang, which keep
conterminous geographic proximity to the core city, Qingdao, have
potential for hierarchical clustering structure. However, further pro-
gress will increasingly depend on the careful consideration of “future
fit”—the most cost-effective and suitable pathways for promoting
healthy growth. To this end, rapidly growing cities in Groups 3 and 5
(Figs. 8, S5, Table S3) must make an efforts bypass traditional forms of
development characterized by heavy dependency on land resources and
high environmental costs. Alternatively, cities in Group 4 experienced
more growth in earlier years but slower or no growth in the later year
should seek to identify alternative pathways to generate “new” in-
vestments in infrastructure and institutions (Figs. 8, S5, Table S3). Our
structural analysis of Group 2 cities facing economic decline and po-
pulation loss, suggested that long-term strategies of shifting toward
renewable energy sources and more service-based economies should be
implemented. Finally, many small- to medium-sized cities are located in
less-developed regions that are experiencing the early stages of urba-
nization, including Group 6 and 7 cities (Figs. 8, S5, 11); in these cities,
urban-planning efforts should attempt to limiting urban sprawl and
pursue spatial and functional specialization to complement the role of
higher-level cities.

Second, our results may support effective spatial configuration
strategies from the perspective of micro patch dynamics. Flexibility in
terms of policy trade-offs or synergies is required to pursue different
spatial development targets. Therefore, spatial configuration targets for
urban growth within existing and newly emerging urban patches should
be different. Specially, policies should seek to avoid high aggregation
costs in urban cores in accordance with sustainable growth principles.
Many existing patches surrounding urban centers are relatively less
saturated in terms of human activity intensity (Fig. 7); planning for
such areas should focus on urban redevelopment/renewal by improving
land-use efficiency. Moreover, policymakers must consider the effects
of different expansion types (infilling, edge-expansion, and outlying)
within overall urban growth patterns and spatial forms when

implementing urban restructuring. Previous researchers have suggested
that urban compactness is often significantly related with infilling ex-
pansion patches, while more dispersed urban forms are explained by
the prevalence of outlying patches (Chen et al., 2011; Stevenson et al.,
2016; He et al., 2018; Xu et al., 2019). Our results also provide useful
insights regarding urban density growth trajectories. Growth through
infilling is often associated with redevelopment processes in heavily
populated areas. Due to the accessibility of surrounding infrastructure
and services, patches displaying such growth patterns experience rapid
saturation of urban density from high initial values. However, space
limitations might make such development appropriate only for cities
already experiencing high-level urbanization (i.e., cities in Group 1 and
2, Fig. 11). In contrast, outlying patches remote from urban cores may
offer significant land resources, but their potential for high-magnitude
growth is reliant on extensive infrastructure and employment oppor-
tunities. Without these amenities, such patches will fail to survive due
to the high costs of accessing urban services. Hence, outlying expansion
might be not favorable in cities at earlier stages of development with
relatively low urban densities (i.e., cities in Group 6 and 7, Fig. 11).
Edge-expansion areas allow either the large-scale allocation of in-
dustries or improved linkages with established urban areas; thus, such
expansion might prove an effective use of land resources for accelerated
urbanization (i.e., for cities in Groups 3, 4, and 5, Fig. 11).

5.2. Limitations and uncertainties

Although our analysis yielded valuable information for urban de-
velopment design and spatial allocation planning at different levels and
stages of urbanization, our findings are subject to limitations and un-
certainties. First, while we generated a consistent, long-term calibrated
NTL dataset to assessing spatiotemporal urbanization patterns, it is
difficult to validate the quality of our multi-temporal NTL results
(Zhang and Seto, 2011), especially at the patch level. Second, urban
saturation in city centers possibly affected the accuracy of assessments
of urban density growth over time, even though we utilized the Vege-
tation Adjust NTL Urban Index to mitigate this issue. Thus, our analysis
of infilling patches is subject to uncertainties. Third, the differences in
spatial resolution of the NTL data and Landsat images caused small-
sized patches (< 1 km2) to fail all model’s numerical curves; this may
have influenced the certainty of the quantification results. Fortunately,
the urban patches that failed to meet goodness-of-fit for any model (and
thus were excluded from analysis) represented only 2.77%, 2.26%,
7.29%, and 9.82% of the total patch area over the four time periods,
and thereby did not substantial influence the final results. Newly de-
veloped patches emerging after 2010 were not included in our analysis,
since the brief span over which relevant data was available restricted
the long-term modeling of their urbanization dynamics. To address the
limitations above, an enlarged sample size and the assessment of the
uncertainty of model fitting caused by variations in sample size in
different periods are necessary.

6. Conclusion

Given the rapid urbanization China has experienced leading up to
and during the 21st century, there is a growing demand for an im-
proved understanding of urban density dynamics across multiple di-
mensions within urbanized areas. Thus, this paper explored the po-
tential of long-term (spanning nearly three decades) NTL composite
data as a proxy for indicating socio-economic activities; such an ap-
proach could avoid the limitations of traditional data collection efforts
and be used to reconstruct detailed urban density patterns over a
hierarchical spatial structure. As an extension of previous research, we
first developed four basic and 13 more detailed archetypes of urban
density dynamics that incorporated temporal trajectories and thematic
features relevant to growth magnitude, duration, and inflection points.
Thus, the structure, distribution, and thematic features of urban density
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patterns were evaluated from both the macro city-scale perspective and
the micro patch-level perspective.

Our results pointed to the existence of a spatial delay in change
features at patch level from established patches to newly developed
patches, from infilling patches to outlying patches, supporting policy-
makers in making informed decisions regarding opportunities and
trade-offs involved in potential spatial configurations. Moreover, we
identified seven typical clusters of growth evolution and alternative
urban density states, offering refined insights into the complex inter-
actions between urban land area, human activities, and policies; such
insights can help provide an a priori basis for meaningfully differ-
entiated strategies for future urban planning and management. Finally,
these findings further highlight the necessity considering macro-level
policy targets within the context of micro-level spatial configuration of
local patches as future development is modeled and planned.
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