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Abstract Urbanization transforms landscape struc-
ture and profoundly affects biodiversity and ecological
processes. To understand and solve these ecological
problems, at least three aspects of spatiotemporal
patterns of urbanization need to be quantified: the
speed, urban growth modes, and resultant changes in
landscape pattern. In this study, we quantified these
spatiotemporal patterns of urbanization in the central
Yangtze River Delta region, China from 1979 to 2008,
based on a hierarchical patch dynamics framework that
guided the research design and the analysis with
landscape metrics. Our results show that the urbanized
area in the study region increased exponentially during
the 30 years at the county, prefectural, and regional
levels, with increasing speed down the urban hierar-
chy. Three growth modes—infilling, edge-expanding,
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and leapfrogging—operated concurrently and their
relative dominance shifted over time. As urbanization
progressed, patch density and edge density generally
increased, and the connectivity of urban patches in
terms of the average nearest neighbor distance also
increased. While landscape-level structural complex-
ity also tended to increase, the shape of individual
patches became increasingly regular. Our results
suggest that whether urban landscapes are becoming
more homogenous or heterogeneous may be dependent
on scale in time and space as well as landscape metrics
used. The speed, growth modes, and landscape pattern
are related to each other in complicated fashions. This
complex relationship can be better understood by
conceptualizing urbanization not simply as a dichot-
omous diffusion-coalescence switching process, but as
a spiraling process of shifting dominance among
multiple growth modes: the wax and wane of infilling,
edge-expansion, and leapfrog across the landscape.
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Introduction

During the past century, urbanization has mushroomed
across the world at an accelerating rate, resulting in
fundamental changes in the structure and function of
the global ecosystem (Grimm et al. 2008; Schneider
and Woodcock 2008; Wu 2008, 2010). About 70 % of
the world’s population will live in urban areas by 2050,
and most of the increase will take place in developing
countries (Bloom 2011). Undoubtedly, challenges for
understanding and solving urbanization-induced envi-
ronmental problems will continue to rise. To meet
these challenges, a necessary first step is to adequately
quantify spatiotemporal patterns of urbanization
(Jenerette and Wu 2001; Luck and Wu 2002). Because
urban systems are multi-scaled, social-ecological
systems, a hierarchical approach is needed for under-
standing their structure, function, and dynamics
(Pickett et al. 1997, 2001; Wu and David 2002; Biirgi
et al. 2004). As Batty (2008) pointed out, “City
morphology is reflected in a hierarchy of different
subcenters or clusters across many scales, from the
entire city to neighborhoods, organized around key
economic functions.” In particular, the hierarchical
patch dynamics paradigm (HPDP; Wu and Loucks
1995) has been widely applied in urban landscape
studies (Grimm et al. 2000; Wu and David 2002;
Alberti 2008; da Silva et al. 2012; Xu et al. 2012;
Zhang et al. 2013). In this present study, HPDP was
used as a conceptual framework for designing the
research and interpreting the results.

At least three aspects of the spatiotemporal patterns
of urbanization need to be considered: the speed of
urbanization (i.e., the rate of urbanization in terms of
urban population or urbanized area), urban growth
modes (i.e., the ways in which urbanized areas
continue to expand), and changes in landscape pattern
due to urbanization (including alterations in both
landscape composition and configuration). Three
urban growth modes (or urban growth phases) have
been widely discussed in the literature: infilling, edge-
expansion, and leapfrog development (Berling-Wolff
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and Wu 2004; Xu et al. 2007; Liu et al. 2010). Infilling
refers to new urban growth taking place in an area
surrounded mostly by existing urban land; edge-
expansion is new urban growth taking place at the
edge of existing urban land; and leapfrog development
(i.e., the so-called “outlying expansion” in Liu et al.
2010) refers to new urban growth taking place in an
area away from or not directly attached to existing
urban land. Apparently, these urban growth modes
affect the overall speed of urbanization, on the one
hand, and landscape pattern, on the other.

During past few decades, our abilities to quantify
urbanization patterns have been greatly enhanced by
the use of remote sensing, GIS, and landscape pattern
analysis methods (Wu et al. 2000; Jenerette and Wu
2001; Herold et al. 2002; Luck and Wu 2002; Wu and
David 2002; Wu et al. 2011). However, most of the
great numbers of urban studies so far have focused on
individual cities and only one or two aspects of the
spatiotemporal patterns of urbanization. To move
forward, empirical studies that simultaneously quan-
tify the speed, growth modes, and resultant changes in
landscape pattern of urbanization across multiple
hierarchical levels of urban regions are needed.

By so doing, some of urban theories and hypotheses
can be re-examined in a hierarchical context. For
example, the diffusion-coalescence hypothesis Dietzel
et al. (2005a) states that urbanization is a cyclic
process of two alternating phases: diffusion (dispersed
or leapfrog development) and coalescence (dominated
by infilling). As noted by Dietzel et al. (2005a), this
hypothesis is conceptually related to the earlier ideas
of urban growth phases (e.g., Hoover and Vernon
1959; Winsborough 1962) and wave-like urban
development (e.g., Blumenfeld 1954; Boyce 1966).
However, this hypothesis has only been examined
partially by a few studies, and the results were not
congruent (Yu and Ng 2007; Jenerette and Potere
2010; Wu et al. 2011; Li et al. 2013). Also, Jenerette
and Potere’s (2010) study suggests that urbanization
tends to decrease the spatial heterogeneity of land-
scapes, resulting in homogenization of urban land-
scape structure, which apparently echoes the
hypothesis of biotic homogenization by urbanization
(McKinney 2006; Olden 2006). These hypotheses
need to be tested further at the landscape and regional
scales. Thus, this study had two main objectives: (1) to
quantify the speed, growth modes, and landscape
pattern changes of urbanization in the central region of
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the Yangtze River Delta, China from a hierarchical
patch dynamics perspective; (2) to test the diffusion-
coalescence hypothesis and the landscape structural
homogenization hypothesis.

Data and methods
Study area

Our study area is the central region of the Yangtze
River Delta (YRD), covering ~23,700 km?
(119-122°E and 30-32°N) and dominated by north-
ern subtropical monsoon climate, with a mean annual
temperature of 16-18 °C and a mean annual precip-
itation of 950-1,500 mm (Fig. 1). As one of the
earliest test-beds for China’s “opening-up” policy of
economic liberalization, the central YRD region is
one of the most densely populated and economically
developed in the country. In 2009, its total population
reached 28.6 million and its total GDP exceeded
3,030 billion yuan (approximately 489 billion US
dollars), accounting for 21.1 and 41.7 % of the totals
for the entire YRD, respectively (National Bureau of
statistics 2010). With rapid economic development
during the past several decades, many new cities
have emerged, and existing ones have expanded and
coalesced into increasingly larger urban clusters,
throughout the region.

To achieve our research objectives, we divided the
study region into spatial units according to the Chinese
urban system hierarchy. The geospatial pattern of
Chinese urban systems is determined primarily by two
factors: the administrative hierarchy and population
mobility restrictions (Chan 2010). The urban admin-
istrative hierarchy of China consists of several levels,
including provincial-level, prefectural-level, county-
level, and township-level cities. The central YRD
region includes one provincial-level city: Shanghai
(the largest city in China); 3 prefectural-level cities:
Suzhou, Wuxi, and Changzhou; and 15 county-level
cities altogether (Fig. 1). For our analysis, we con-
structed a spatially nested urban landscape hierarchy
with three distinctive levels: the urban region (i.e., the
central YRD), the provincial and prefectural-level
cities (Shanghai, Suzhou, Wuxi, and Changzhou), and
the county-level cities that belong exclusively to the
four higher-level cities (Fig. 1). Cities at each level in

the central YRD landscape hierarchy have comparable
geophysical and socioeconomic characteristics.

More specifically, as shown in Fig. 1, the provin-
cial-level city of Shanghai includes its city proper (the
original urban municipality encompassing the histor-
ical city center—i.e., City of Shanghai) and six
county-level cities: Chongming (CM), Qingpu (QP),
Nanhui (NH), Songjiang (SJ), Fengxian (FX) and
Jinshan (JS); the prefectural-level city of Suzhou
includes its city proper (City of Suzhou) and five
county-level cities: Taicang (TC), Kunshan (KS),
Wujiang (WJ), Changshu (CS), and Zhangjiagang
(ZJG); the prefectural-level city of Wuxi includes its
city proper (City of Wuxi) and two county-level cities:
Jiangyin (JY) and Yixing (YX); the prefectural-level
city of Changzhou includes its city proper (City of
Changzhou) and two county-level cities: Liyang (LY)
and Jintan (JT).

Data acquisition and processing

Remote sensing imagery from Landsat MSS (1979;
spatial resolution = 79 m) and Landsat TM/ETM+
(1987-1991, 1995-1997, 2000-2001, and 2004-2005;
spatial resolution = 30 m) was acquired from the U.S.
Geological Survey (USGS) and the Chinese Academy
of Science (Supplementary Material, Table S1). In
addition, Chinese-Brazil Earth Resource Satellite data
(CBERS-02B; 2008; spatial resolution = 20 m) were
obtained through the China Center for Resources
Satellite Data and Application (http://www.cresda.
com). Image pre-processing included geometric and
terrain correction, radiometric calibration, and atmo-
spheric correction (Fig. 2). The geometric and terrain
correction for Landsat MSS, TM/ETM+ was carried
out by U.S. Geological Survey EROS. The CBERS-
02B images were geometrically rectified using poly-
nomial method, with root mean square errors (RMSE)
of rectification less than half a pixel, and then resam-
pled to have a spatial resolution of 30 m by nearest
neighborhood resampling method. Radiometric cali-
bration was done using the procedures set forth by
Chander et al. (2009) and Li et al. (2011). To remove
atmospheric effects, we further performed atmo-
spheric correction using methods built in the software
ENVI (v4.7).

These remote sensing data were then used to
produce a series of land use and land cover maps for
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The urban landscape hierarchy

of the central Yangtze River Delta

Fig. 1 Location of the central region of the Yangtze River Delta in China and the urban landscape hierarchy used for analysis. The
urban landscape hierarchy includes three levels: the urban region, the prefectural-level cities, and the county-level cities

6 different times spanning over 30 years: 1979, 1990,
1995, 2000, 2005, and 2008 (Fig. 2). Because the
focus of this study was on the spatiotemporal dynam-
ics of urban land use and land cover, the maps had only
two classes: urban and non-urban. The threshold-value
NDVI approach (Chen et al. 2006), in combination
with NDBI which is sensitive to built-up area (Zha
etal. 2003), was used to retrieve the urban land use and
land cover (the threshold values of NDVI and NDBI
shown in Table S1). Bare land patches that had similar
spectral characteristics to built-up areas were cor-
rected based on high-accuracy (>95 %) land use and
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land cover maps produced by the Institute of Geo-
graphic Sciences and Natural Resources Research (Liu
et al. 2005) and MODIS maximum NDVI in growing
seasons (provided by USGS). Using methods pre-
sented in Pontius and Millones (2011), we tested the
accuracy of the urban land use and land cover maps for
all the six time periods, based on 500 randomly
samples (300 sampling points for the map of 1979).
Neither quantity disagreement nor allocation disagree-
ment exceeded 3 %; that is, the map accuracy was
over 97 % in terms of both the amount and spatial
arrangement of urban land (Table 1). We further
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Fig. 2 Flowchart showing the procedures for data acquisition
and processing

computed adjusted standard Kappa, and the result
confirmed the high accuracy of the classified maps.

Quantifying spatiotemporal patterns
of urbanization

We used several landscape metrics to quantify the
spatiotemporal patterns of urbanization. As a non-

Table 1 Quantity disagreement, allocation disagreement, and
adjusted standard Kappa coefficient for classified urban land
use and land cover maps

Years Quantity Allocation Adjusted
disagreement disagreement standard
(%) (%) Kappa
1979 234 0.53 0.61
1990 1.72 1.30 0.93
1995 1.95 0.78 0.86
2000 1.24 0.96 0.91
2005 0.29 1.55 0.95
2008 1.29 2.24 0.92

spatial overall measure of urbanization in terms of its
spatial extent, the annual growth rate of urbanized land
(AGRUL) was computed according to:

n ULt+n
AGRUL = | 4/ —1]) x100 1
( UL > % M

where UL, ,, and UL, are the urban land area in year
t + n and year ¢, respectively.

The above equation assumes that urban growth is an
exponential process, and is mathematically identical
to the annual rate of compound interest. This formula
has been used widely in estimating forest change rates
(Puyravaud 2003) as well as quantifying urban growth
(Seto and Fragkias 2005). We calculated AGRUL
using several different formulations discussed in
Puyravaud (2003), and found that the results were
quite similar, especially in terms of temporal trends.
Thus, in this paper we report only the results from
Eq. 1.

Given an urban growth rate, urbanization may
assume different urban growth modes (i.e., infilling,
edge-expansion, and leapfrog). To describe and detect
these growth modes, we used the Landscape Expan-
sion Index (LEI), proposed by Liu et al. (2010):

AO

LEI = 100 x A A (2)
where A, is the intersection between a predefined
buffer around a new urban patch and previously
existing urban land, and A, is the intersection between
the buffer and non-urban area. To use LEI, a buffer
distance must be defined, and this was setto 1 m in our
study. A new urban patch is infilling when LEI is
between 50 and 100, edge-expansion when LEI is
between 0 and 50, and leapfrog when LEI is zero (Liu
et al. 2010).

To get a sense of the relative dominance among the
different forms across a landscape or over time, we
also computed the area-weighted mean expansion
index (AWMEI):

N
AWMEI = LEI x (aX) (3)
i=1

where LEI, is the value of LEI for a newly grown patch
1, a; is the area of this new patch, and A is the total area
of all these newly grown patches. Larger values of
AWMETI correspond to more compact urban growth
while smaller values of AWMEI imply the prevalence
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of leapfrog development or urban sprawl (Liu et al.
2010).

Based on previous work from the Central Arizona-
Phoenix Long-Term Ecological Research Project (Wu
et al. 2000; Jenerette and Wu 2001; Luck and Wu
2002; Buyantuyev et al. 2010; ; Wu et al. 2011) and
Shanghai (Li et al. 2013), we selected a number of
landscape metrics, including: patch density (PD), edge
density (ED), landscape shape index (LSI), mean
patch fractal dimension (FRAC-MN), and mean
Euclidean nearest neighbor distance (ENN-MN). All
the metrics were computed at the regional, prefectural,
and county-levels with the FRAGSTATS software
(v3.3) McGarigal et al. 2002).

In addition, one sample t-tests were used to
determine whether there were significant changes in
the magnitude of landscape pattern metrics for each
time period at both the prefectural and county scales.
One-way ANOVA with posthoc tests was used to
examine the trends of urban growth rates, relative
dominance of growth modes and landscape pattern at
prefectural and county scales among five time periods.
All statistical analyses were done with SPSS for
Windows (version 18.0).

Results

Speed of urbanization at different levels
of landscape hierarchy

From 1979 to 2008, urbanized area in the central YRD
region increased exponentially across all the three
levels of the urban landscape hierarchy (Fig. 3). The
urbanized area for the entire region grew from
623.76 km? (2.6 % of the total area) in 1979 to
7124.45 km? (30.0 % of the total area) in 2008—a
more than tenfold increase (Fig. 3A). The urbanized
area for each of the prefectural-level cities increased in
a similar fashion (SH: 314.0 to 2,902.5 kmz; S7:136.9
t02,196.9 km* WX: 95.7 to 1,166.0 km*; CZ: 77.1 to
859.3 kmz; Fig. 3B). The same urbanization trend was
seen again for the county-level cities, most of which
showed a 5- (LY) to 60-fold (FX) increase in urbanized
area between 1979 and 2008 (Fig. 3C-F).

The annual growth rate of urbanized area was then
computed for five time periods (1979-1990,
1990-1995, 1995-2000, 2000-2005, and 2005-2008)
based on possible changes in socioeconomic and
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institutional changes during the 30 years. Considering
all cities at the three hierarchical levels, the mean
AGRUL ranged from 6.52 to 15.29 %, with substan-
tially higher values for 1990-1995 and 2000-2005
(Fig. 4). For each time period, the mean AGRUL also
varied across the three hierarchical levels, with the
highest value for county-level cities and the lowest
value for the entire region (Fig. 4). The mean values of
AGRUL at the county-level were considerably more
variable than those at the two higher levels over the five
time periods (Fig. 4; Fig. S1).

Different urban growth modes across space
and time

The rapid urbanization in the study region resulted
from a combination of all three urban growth modes or
processes (Fig. 5): infilling, edge-expansion, and
leapfrog development, which were classified accord-
ing to LEI values (described in the section of “Data
and methods”). As urbanization continued during the
30 years from 1979 to 2008, the relative dominance of
the three modes of urbanization changed. As new
urban areas emerged and the old ones expanded, urban
clusters evolved, enlarged, and coalesced, conse-
quently forming one of the most noticeable urban
agglomerations in China (Fig. 5). Specifically, the
proportions of new urban patches for each growth
mode varied considerably among the five different
time periods, but remained quite similar among the
three hierarchical levels (Fig. 6A—C). Likewise, the
percent areas of new urban patches for each growth
mode also varied over time, but remain similar across
the landscape hierarchy (Fig. 6D-F). However, at
each hierarchical level, the relative dominance of the
three growth modes during each time period showed
different patterns between the patch-number and
patch-area representations (Fig. 6).

In terms of the number of new urban patches, the
dominance order was leapfrog > edge-expan-
sion > infilling during 1979-1990, and the order was
reversed completely during 1990-1995 (Fig. 6A-C).
Leapfrog became the most dominant once again
during 1995-2000, but conspicuously less so in the
following periods as the other two types (especially
infilling) increased their shares substantially. Conse-
quently, infilling dominated urban growth in the
period of 2005-2008, resulting in again a dominance
order contrary to that of 1979-1990 (Fig. 6A-C).
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Fig. 3 Increase in
urbanized area in the central
Yangtze River Delta region
between 1979 and 2008 at
three hierarchical levels:

A the regional level B the
prefectural level, and C—

F the county level. The solid
and dotted lines represent
exponential curve fittings

(p < 0.05)

Fig. 4 Annual growth rates
of urbanized area at the
county, prefectural, and
regional levels in the central
Yangtze River Delta for five
time periods between 1979
and 2008. The values for
county and prefectural cities
are means, and the
associated bars indicate the
standard deviation
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Fig. 5 Spatiotemporal patterns and growth modes (infilling, edge-expansion, and leapfrog) of urbanization in the central Yangtze

River Delta region in five time periods between 1979 and 2008

Thus, infilling and leapfrog showed completely oppo-
site trends, while edge-expansion remained relatively
important throughout the 30 years. In terms of urban-
ized land area, however, edge-expansion was domi-
nant during the study period and at all three
hierarchical levels, while the general temporal pat-
terns of the other two growth modes were similar to
those revealed by patch number (Fig. 6D-F). Infilling
and leapfrog again showed opposite trends over time
(except for 2005-2008)—exhibiting an alternating
pattern in the relative dominance between leapfrog
and infilling—with edge-expansion as the most dom-
inant mode from 1979 to 2008 (Fig. 6D-F). We
conducted one-way ANOVA with posthoc tests, and
the results confirmed the observed temporal switches
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in urban growth (Fig. S2). The 1990-1995 period did
not fit the trend because this period was a transition
between the two urban growth phrases, which was
corroborated by our ANOVA analysis.

The area-weighted mean expansion index (AW-
MEI), averaged for all the cities at each hierarchical
level, further confirmed the temporal pattern of
relative dominance of the three urban growth modes
(Fig. 7). The smaller AWMEI values in the periods of
1979-1990 and 1995-2000 reflected the relatively
higher dominance by leapfrog development, while the
larger values of AWMEI in the periods of 1990-1995,
2000-2005, and 2005-2008 indicated a more compact
development due to the increased dominance by
infilling (Fig. 7).
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Fig. 6 Changes in the 80
relative dominance of three (A)
growth modes (infilling,
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leapfrog) of urbanization at
the county, prefectural, and
regional levels over five
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Changes in landscape pattern during urbanization

To quantify how landscape pattern changed during
urbanization, we computed the differences in each
landscape metric across the five time periods, i.e.,
Difference in landscape metric i = Landscape metric
i(t) — Landscape metric i(t;). For a given landscape
metric, an increase in its value from t; to t, leads to a
positive difference, and a decreases in its value from t;
to t, results in a negative difference. Our results show
that the selected landscape metrics had quite similar
trends of change over the five time periods when they
were computed at the three levels of urban landscape
hierarchy (Fig. 8). The magnitude of change, though,
varied among hierarchical levels. The largest changes
in PD and LSI were observed at the regional level
(Fig. 8A, C); the largest changes in mean patch fractal
dimension and mean Euclidean nearest neighbor

2000-2005
2005-2008
1979-1980
1990-1995
1995-2000
2002-2005
2005-2008

—JLeapfrog (=1 Edge-expansion
mm Infilling

distance occurred at the county-level (Fig. 8D, E);
and the magnitude of changes in ED were comparable
among the three hierarchical levels (Fig. 8B).

Over the five time periods, PD and LSI increased
considerably between 1979 and 1990, declined
slightly between 1990 and 1995, increased again
substantially between 1995 and 2000 and moderately
between 2000 and 2005, and then decreased again
slightly between 2005 and 2008 (Fig. 8A, C). Edge
density, with its differences in value being positive for
all periods, continued to increase during urbanization
(Fig. 8B). These results suggest that, during the
30-year urbanization, the degree of landscape frag-
mentation (indicated by PD and ED) generally
increased, so did the landscape-level structural com-
plexity (indicated by LSI). Different from PD, ED, and
LSI, mean patch fractal dimension increased during
the first two time periods, but began to decrease after
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Fig. 7 Changes in Area- 60
Weighted Mean Expansion
Index (AWMEI) at the
county, prefectural, and _ 45
regional levels over five =
time periods between 1979 g
and 2008. The values for ‘é AR
county and prefectural cities ]
are means, with the =

R R 15 -
associated bars indicating
the standard deviation

0

[ Region [ Prefecture [ County

1979-1990

that (Fig. 8D). This means that, in contrast with the
increasing landscape-level structural complexity
(measured by LSI), the patch-level shape complexity
began to decline in late stages of urbanization. Finally,
Mean Euclidean nearest neighbor distance was the
only metric that continued to decrease over the five
time periods (Fig. 8E), indicating an increasing trend
in the connectivity of urban patches.

Discussions

Varying speeds at different levels of urban
hierarchy

Our study shows that urbanized area in the central
region of the Yangtze River Delta increased exponen-
tially over the 30 years from 1979 and 2008 at all three
levels of urban landscape hierarchy: counties, prefec-
tures, and the region. The annual growth rate of
urbanized area differed among the three hierarchical
levels (Fig. 4). That is, urban growth rate was fastest
for county-level cities and lowest when measured for
the entire region. The variability in area-based urban
growth rate also increased from the region to the
prefectural and county levels (Fig. 4; Fig. S1). These
trends in urban dynamics are conceptually consistent
with the predictions of spatially-extended complex
systems from the Hierarchical Patch Dynamics (Wu
and Loucks 1995; Wu and David 2002). This implies
that the observed differences in urban growth rates at
the three hierarchical levels were not merely due to the
effects of analysis scale (i.e., spatial extent in this case);
they were reflective of the hierarchical organization of
the urban region under study. Some of the underlying
socioeconomic drivers will be discussed below.
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Shifting dominance in urban growth modes

By combining newly-developed landscape expansion
indices (Liu et al. 2010) and commonly used pattern
metrics, we were able to effectively detect and
quantify the three common urban growth modes
(infilling, edge-expansion, and leapfrog develop-
ment), their temporal shifts in dominance, and asso-
ciated changes in landscape pattern in the central YRD
region (Figs. 5, 6,7, and 8). As illustrated in our study,
the temporal shifts in the relative dominance of the
three urban growth modes revealed by patch number
may differ from those discovered by patch area
(Fig. 6). This is not a problem, but an opportunity
because the two measures provide complementary
information. In a sense, the number of new urban
patches is indicative of “intensity” or “frequency”
whereas the area of new urban patches signifies
“footprint” or “extensiveness” of urbanization activ-
ities. In addition, the area-weighted mean expansion
index also seems effective in quantifying the relative
dominance among the three growth modes over
different time periods of urbanization (Fig. 7). Our
study suggests that using LEI and AWMEI together
can facilitate the interpretation of seemingly compli-
cated results.

Several studies have shown that urban growth may
exhibit alternate diffusion and coalescence phases, and
that landscape metrics can be used to quantify this
sequential or cyclic process (Dietzel et al. 2005a, b; Xu
et al. 2007; Yu and Ng 2007). For example, this urban
growth pattern was found in Houston and several
Californian cities in USA (Dietzel et al. 2005a, b), as
well as in other Chinese cities, including Nanjing (Xu
et al. 2007), Guangzhou (Yu and Ng 2007), and
Dongguan (Liu et al. 2010). However, Wu et al. (2011)
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did not find such diffusion-coalescence cyclic pattern
in the Phoenix metropolitan region and Las Vegas—
the two fastest growing cities in the United States—
over a period of about 80 years. While these investi-
gations focused on single cities or urban regions, our
study tested this hypothesis simultaneously at three
hierarchical urban units. Our results indicate that this
wave-like urban growth pattern, to some extent, may
manifest at both individual city and urban agglomer-
ation levels. However, our study has illustrated that the
two-phase diffusion-coalescence concept can be

- not significant at the 0.05 level

misleadingly over-simplistic because, in reality, all
three urban growth modes operate simultaneously in
the same landscape. From Fig. 6 it is evident that, in
terms of either the number or the area of new urban
patches, “coalescence” would always be dominant if
infilling and edge-expanding were lumped together—
thus no such thing as “diffusion-coalescence” dynam-
ics. It is more plausible to view urbanization as a
spiraling process that involves three growth modes of
leapfrogging, edge-expanding, and infilling. In this
case, leapfrog and infilling tend to alternate in their
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relative dominance while edge-expansion is likely to
remain its importance throughout much of the urban-
ization process.

Changes in landscape pattern

The shifts in the relative dominance of the three
growth modes apparently have important effects on
the spatial pattern of the entire urban landscape. Our
study has shown that the relationship between the
urban growth modes and resulting changes in land-
scape pattern is, unfortunately, rather complicated. In
general, high urbanization rates tend to increase the
values of certain landscape metrics such as PD, ED,
and LSI, seemingly corresponding to the dominance of
leapfrog development, whereas infilling tends to
reduce the values of landscape measures of connec-
tivity (e.g., ENN-MN). However, because all the three
types of growth processes take place concurrently in
the same landscape and because different metrics are
related to different aspects of landscape pattern, the
relationships among urbanization rates, the types of
urban growth process, and landscape structural
changes do not seem predictable in reality.

Jenerette and Potere (2010) found that the temporal
variation in urban landscape pattern for 120 cities
worldwide decreased over a period of 1990-2000,
suggesting that urban landscapes were becoming
increasingly homogenous in their spatial pattern. These
authors also found that, during the 10 years, PD, ED,
LSI, and FRAC_MN all exhibited an increasing trend
while ENN_MN and contagion index showed a
decreasing trend. With a much longer time series of
landscape change, our results also show that the
coefficients of variation of the landscape metrics tended
to decline over the study period (figures not shown here),
corroborating the findings by Jenerette and Potere
(2010). As shown in Fig. 8, the temporal variation in
specific landscape metrics may decrease or increase,
depending on the time scale of analysis. Also, the trends
of changes in landscape metrics in response to urban-
ization are not always monotonic, as illustrated in our
analysis. In addition, although the trends of changes in
landscape metrics across the three different hierarchical
levels seem similar (Fig. 8), as noted earlier, the values
of the metrics varied considerably between hierarchical
levels—which is expected from many previous urban
landscape studies (e.g., Jenerette and Wu 2001; Wu
2004). Thus, whether urban landscapes are becoming

@ Springer

more homogenous or heterogeneous is likely to be scale-
, metric-, and context-dependent.

Conclusions

The central region of the Yangtze River Delta
experienced an exponential increase in urbanized area
during the 30 years between 1979 and 2008, epito-
mizing the rapid urbanization of China fueled by
enormous economic development in the past several
decades. Our study has shown that the rate of urban
growth was progressively higher down the urban
hierarchy, from the region to prefectural-level cities
and county-level cities. Using a hierarchical approach,
our study has demonstrated that a small set of
landscape metrics can comprehensively capture the
complex spatiotemporal dynamics of urbanization.
The speed, growth modes, and landscape structural
changes of urbanization were related to each other in
general ways, but with high degrees of uncertainties.
The process of urbanization was characterized by the
wax and wane of infilling, edge-expanding, and
leapfrogging growth modes across the landscape.
Most cities in the study region seem to have experi-
enced two cycles of the alternate urbanization
phases—diffusion and coalescence—during the three
decades, but a close scrutiny of the spatiotemporal
patterns of urbanization reveals that this dichotomous
simplification of urbanization is intriguing but grossly
inaccurate. Urbanization is more of a spiraling process
in which different growth modes operate concurrently
with shifting relative dominance in space and time.
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