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Abstract
Cities strive for economic strength while recognize the necessity of being environmentally sustainable.
The balance between economic development and the environment has been challenging particularly for
cities in the pan Pacific region, which is seeing some of the most rapid urban growth rates. Remotely
sensed satellite images offer much larger and more consistent spatial and temporal coverages than
conventional census data therefore are increasingly being utilized for regional and global urban studies.
Two key remote sensing datasets, namely urban vegetation cover derived from Landsat time series, and
brightness generated from NOAA’s nighttime lights datasets to represent urban development were the
focus of this dissertation. I first extracted annual urban vegetation characteristics using spectral indices
(e.g. EVI) as well as a spectral mixture analysis from 1984 to 2012. Nighttime lights brightness was used to
assess urban expansion and its relationship with census-derived variables. Lastly, I examined the
relationships between urban development and the environment using Environment Kuznets Curve (EKC)
theory as a lens, addressing how urban vegetation responds to urban nighttime brightness in 25 cities
across the pan Pacific region.
I identified inter- and intra-city patterns of vegetation and brightness changes that were strongly
related to social and economic contexts. Spectral indices demonstrated opposing trends between urban
vegetation and built-up area both spatially and temporally. Spectral mixture analysis successfully
extracted the urban vegetation fraction at a sub-pixel level, setting a robust base for cross-city
comparisons. I found that urban vegetation changed linearly both positively and negatively with urban
brightness, particularly in higher income cities in North America. Pixels with statistically strong quadratic
relationships between vegetation and brightness were less prevalent but more spatially clustered in
comparison to those that expressed a linear relationship. Overall, there are three key contribution of this
dissertation. Firstly, the integration of gap-free satellite images and innovative processing techniques
unlocked new ways of informing urban environmental and socio-economic dynamics. Secondly, a classic
econometric model (i.e. Granger causality test) was used to examine the casual relationship between
census and remote sensing nighttime lights data. Lastly, a pixel-based model fitting was use to confirm
EKC at a sub-city scale.
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Lay Summary
This dissertation investigated the spatial and temporal dynamics between the urban environment and
economic development using satellite images for 25 cities in the pan Pacific region from 1984 to 2012.
This dissertation made key contributions to practical urban management. Gap-free satellite time series
revealed both with- and across- vegetation and nighttime brightness dynamics at a pixel level. Comparing
to conventional census data, satellite-derived information is more spatially comparable, unlocking new
ways of regional and global urbanization studies. The relationship between vegetation and nighttime
lights brightness was primarily linear yet varying degrees of quadratic relationship was also present at a
pixel scale, confirming the existence of the Environmental Kuznets Curve.
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Chapter 1
1. Introduction
1.1.

Urbanization worldwide

The rate of human modification of the terrestrial biosphere has intensified over the past several
decades (Hugo, 2017). The term urbanization describes not only the physical expansion and
densification of cities but also implies the complex transformation of human society, demography, and,
more importantly, the relationship among them (Boone & Fragkias, 2012). Cities and their surroundings
(synonymous with urban environments in this dissertation) cause some of the most profound
anthropogenic impacts on Earth in spite of their disproportionately small spatial footprint. Covering
approximately 3% of the landscape, cities are responsible for three quarters of global energy
consumption and approximately 80% of greenhouse gas emissions (Ash, Jasny, Roberts, Stone, &
Sugden, 2008) in accommodating over 54% of the global population, a number that is expected to
exceed 70% by 2050 (UNDESA, 2014, 2017).
Concepts of urbanization have now evolved to not only refer to a collection of isolated, locally dense,
commercial districts of concrete and artificial lights, but extend to networks of social, ecological, and
economic mosaics functioning interdependently as a whole (Pickett & Zhou, 2015). The classic view of
urbanization patterns is now being challenged by a more connected and heterogeneous decentralizing
trend. The localizing mindset of “the closer the cheaper” that drove early urban development is no
longer a primary objective espoused by city planners. Efficient transportation and global trading
networks have nodalized cities worldwide regardless of their physical distances and, as a result,
urbanization has become a global phenomenon with unprecedented rates of growth (Lee, 2013;
Martinus & Tonts, 2015).
Despite decentralization, there remains recognition that cities are driven by local geopolitical, social,
and ecological environments (K. C. Y. Seto, 2014), making models of urban development both
conceptually and practically challenging. The scale and pace of modern urbanization also affect spatial
urbanization processes. In the early 20th century, cities were conceptualized by a series of concentric
circles (Burgess, 1925) that expand radially from the city centre. Around the central core is a buffer area,
also known as a loop, which isolates the core from the third, or workmen’s, zone inhabited by industrial
1

workers. Beyond that is the fourth, residential zone with high class apartments and single family houses.
Outside the city limits lies the commuters’ zone, which includes all suburban areas and other satellite
cities within a 30 to 60 minutes drive from the city centre (Burgess, 1925).
Spatially, contemporary urbanization posits two general models: fragmentation and polycentrism
(Jenks et al., 2008). Particularly in developing regions, cities render spatial patterns that are recognized
as urban fragmentation (Balbo & Navez-Bouchanine, 1995). The concept of fragmentation is described
and interpreted as the “dividing” and “partitioning” of modern metropolises (Jenks et al., 2008) or is the
result of a combination of urban dislocation and discontinuity (Mieg & Töpfer, 2013). Burgess (1925)
defined urban fragmentation as “a spatial phenomenon that results from the act of breaking up,
breaking off from, or disjointing the pre-existing form and structure of the city and systems of cities.”
Although the phenomenon of urban fragmentation is often understood to have a negative impact on
urban demography, many cities have experienced decentralization throughout their developing stages.
In contrast, the polycentrism model allows for regions that contain separate and distinct cities or
small human settlements with substantial interactions (Gordon et al., 1986) while fragmented urban
structures display disconnection and highly heterogeneous patterns. Although it would appear to
integrate small cites, the polycentric urban form often intensifies fragmentation instead of reversing it
(Jenks et al., 2008). Infrastructure used to reduce urban fragmentation, such as mass public transit or
freeways, may in fact exacerbate it. Despite these two theoretical models, the scarcity of knowledge
about how cities grow and interact spatially and temporally limits the advancement of healthy and
efficient urban structure and organization.

1.2.

Big city versus green city

Urbanization today strives to grow not only economically strong but also environmentally sustainable
during the process of urbanization. The perception that “big cities” yield overwhelmingly positive
outcomes for the population has started to lose momentum over time. Urbanization has not only caused
economic saturation (Wheaton & Shishido, 1981) but also numerous social, health, and environmental
challenges such as increased crime (Shelley, 1981), disease (Nicolaou, Siddique, & Custovic, 2005), urban
heat island effect (Oke, 1982), and water and air pollution (Beckerman, 1992).
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As a result, there has been a recent increase in the value placed on urban greenspace, or urban
vegetation, by both the scientific and political communities (Zhao, Liu, & Zhou, 2016). Definitions of
urban greenspace and urban vegetation are just as complicated as urbanization itself; however, they are
often used interchangeably to include any functional vegetated land-cover and land use type within an
urban setting, exclusive of agriculture and cropland.
The presence of urban vegetation is known to be beneficial to the local climate, and thus also to the
social, and physical environments through temperature control (Oke, 1982), air pollution reduction
(Nowak, Crane, & Stevens, 2006), noise and storm water control (Glass & Singer, 1972), and habitat
preservation (Nowak & Dwyer, 2007). Studies have also indicated significant social (Grahn & Stigsdotter,
2003), economic (Tyrväinen, Pauleit, Seeland, & De Vries, 2005), and aesthetic values associated with
urban vegetation (Jim & Chen, 2006; Tyrväinen et al., 2005). Such greenspace has been utilized as an
effective tool to achieve sustainable and functional urban environments. Efforts towards preserving
healthy urban vegetation can be found worldwide, particularly in developed regions, such as in North
America and Europe (Nowak et al., 2006).
The question many researchers and planners have raised however is at which urbanization stage a
city can afford to be moving towards environmentally sustainability or “being green” (Stern, 1998). In
less developed areas, urbanization often receive higher prioritization than preserving and maintaining
urban vegetation, despite the resulting benefits and services (Grimm et al., 2008). Vegetation in these
urban environments often grows in more isolated and fragmented patches compared to that in novel
and well managed urban environments, making it more challenging to manage for local urban planners
in these areas. Another concern associated with poorly managed and fragmented urban vegetation is
ecological inequity (N. Heynen, Perkins, & Roy, 2006), which causes uneven access to quality urban
green space among local residents.
It is evident worldwide that growing or maintaining economic development in an environmentally
sustainable manner is difficult, particularly for less developed regions (Egli & Steger, 2007; Glaeser,
2011; Stern, 2004). The interplay between economic growth and urban greenspace has spurred debate,
forming various theories to better understand the tensions that divide economic development and
environmental sustainability. The Environmental Kuznets Curve (EKC) theory (Kuznets, 1955)
hypothesises a non-linear, U-shaped relationship between environmental quality and economic
development where environmental performance decreases at early stages of economic development
and recovers as the economy reaches a certain turning point. However, the scarcity of reliable and
3

consistent assessment of the relationship between economic growth and environmental degradation
limits our ability to understanding and testing theories such as the EKC.

1.3.

The opportunity of studying urbanization using remote sensing

Remote sensing derived metrics have been widely used to assess urban vegetation and economic
development in a more spatially and temporally consistent manner than conventional census and
ground measurements. New imaging and mapping technologies such as Geographic Information
Systems (GIS) and remotely sensed imagery have simplified the geographic identification of cities. The
age of open access satellite images has arrived (Woodcock et al., 2008; Wulder et al., 2008; Wulder &
Coops, 2013). These freely accessible remotely sensed time series data pose many strengths in urban
contexts, including: (i) the capability to capture the full temporal profile of urbanization rather than
snapshots of individual time periods; (ii) pixel-based compositing (PBC) which unlocks the limit of the
traditional scene-based analysis approach; (iii) continuous measurement of the spectral response in
urbanization and urban greenspace that allows for the application of various modelling options; and (iv)
enables large-scale systematic and compatible comparisons across countries.
As a result, remotely sensed data allow monitoring, extracting, and estimating changes in three key
components of urban environments: namely, urban built-up/impervious area, urban vegetation, and
socio-economic indicators. The literature on urban remote sensing indicates a substantial amount of
diversity in terms of study locations, temporal, and spatial scales (Table 1.1). Zha, Gao, & Ni (2003)
proposed a new spectral index – Normalized Difference Built-up Index (NDBI) for a fast urban
impervious mapping and classification. Bagan & Yamagata (2014) studied 50 cities globally using Landsat
TM/ETM+ imagery at 30m spatial resolution, and used a maximum likelihood classifier to classify urban
land use patterns between 1985 and 2010.
For vegetation, various spectral indices such as Normalized Difference Vegetation Index (NDVI, e.g.
Boone & Fragkias, 2012; Lin, Liu, Li, & Li, 2014), and Enhanced Vegetation Index (EVI, e.g. Zhang et al.,
2003) have been used to extract and monitor urban vegetation dynamics. Sub-pixel or spectral unmixing
analysis (SMA) is also a popular method for investigating urban vegetation trends (Phinn, Stanford,
Scarth, Murray, & Shyy, 2002; Ridd, 1995; Tooke, Coops, Goodwin, & Voogt, 2009). SMA spectrally
decomposes a given pixel, allowing users to pre-define pure spectra and compute a fractional score that
represents the abundance of a given land use or land-cover type (i.e. vegetation). Compared to
4

conventional spectral indices such as NDVI, SMA derived vegetation estimation is less likely to be
saturated (Ridd, 1995).
Historically, accurate spatial representation of socio-economic activities was dominated by local
census data with little use of remote sensing. Welch (1980) discovered the potential of utilizing
nighttime light images (NTL) to map urban population and energy consumption. Ever since, NTL data
have been used at local (Ma, Zhou, Pei, Haynie, & Fan, 2012), regional (Klotz, Kemper, Geiß, Esch, &
Taubenböck, 2016), and global scales (Small, Pozzi, & Elvidge, 2005), representing a variety of
urbanization indicators such as population density (P. Sutton, Roberts, Elvidge, & Baugh, 2001), income
level (Ebener, Murray, Tandon, & Elvidge, 2005), GDP (P. C. Sutton, Elvidge, Ghosh, & others, 2007),
light pollution (Bennie, Davies, Duffy, Inger, & Gaston, 2015), and even carbon emissions (Ghosh et al.,
2010).
A literature review (Table 1.1) reveals three key findings on the use of the remote sensing of urban
environments. First, despite the increasing use of remote sensing in urban studies, it is apparent that the
value of remote sensing at a global scale is limited by the availability and quality of continuously
collected image data. Studies involve either monitoring a small number of cities over a long continuous
period, or monitoring a large number of cities at fewer time steps. For example, Wang et al. (2014)
covered 1985 to 2013 using data acquired from alternative years for a single city (Toronto) while Bagan
& Yamagata (2014) analysed 50 cities but only using imagery acquired in 1986 and 2010. In addition,
recent urban expansion studies (e.g. Castrence et al., 2014; Chen et al., 2014; T. Liu & Yang, 2015; Ma et
al., 2012), despite analysing a moderate number of cities and data, tended to focus on local urban
dynamics with limited regional- and global-scale synthesis. Lastly, literature reviews confirm the Landsat
data archive is the dominant spatial data source in urban studies with over 80% of papers reviewed
using data from the Landsat series of satellites. The overall theme of previous literature focuses
primarily on image classification using images from a limited number of cities. Although Landsat is the
longest and most consistent Earth observation program, urban time series studies are still scarce in the
current literatures.
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Table 1.1 Literature review on previous urban remote sensing studies
Article
Tooke et al. 2009
Rottensteiner & Briese, 2002
Secord & Zakhor, 2006
Singh, Vogler, Shoemaker, & Meentemeyer, 2012
Fauvel & Benediktsson, 2008
Kong, Yin, and Nakagoshi 2007
Marconcini et al. 2014
Small 2003
Cheng et al. 2007

Data
LiDAR
LiDAR
LiDAR
LiDAR and Landsat TM
Hyperspectral images
SPOT-4
TSX/TDX
IKONOS
Landsat TM

Scale
Metropolitan
Metropolitan
City blocks
Metropolitan
City blocks
Province/State
Global
Global
Metropolitan

Wang et al. 2014
Zheng et al. 2014
Yang et al. 2014
Waqar et al. 2012
Chen et al. 2014
Schneider & Woodcock 2008
Ward, Phinn, & Murray 2000
Liu & Yang 2015
Handayani & Rudiarto 2014
Fan & Fan 2014
Yang et al. 2014
Ji et al. 2006
Griffiths et al. 2010
Michishita, Jiang, & Xu 2012
Xu and Min 2013
Shen et al. 2015

Landsat TM
Landsat-8 OLI
Landsat ETM+
Landsat TM
Landsat TM
Landsat TM
Landsat TM
Landsat TM and WV-2
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+, CBERS, HJ-1
Landsat TM/ETM+, MODIS

Metropolitan
Rural
Metropolitan
Metropolitan
Province/State
Global
Province/State
Metropolitan
Metropolitan
Metropolitan
National
Metropolitan
Metropolitan
Metropolitan
National
Metropolitan
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Attribute(s) measured
Urban greenspace
Building extraction
Urban tree detection
Land-cover classification
Land-cover classification
Green space
Urban extent
Reflectance properties
Urban park cooling
effect
Urban extent
Impervious surface
Green space
Built-up and bare soil
Urban extent
Urban fragmentation
Land-cover classification
Land-cover classification
Built-up and population
Urban extent
Urban greenspace
Urban density
Urban extent
Reflectance properties
Urban extent
Urban temperature

Tian et al. 2014
Bagan & Yamagata 2014
Gonçalves et al. 2014
Li et al. 2013
Ghosh et al., 2010
Huang et al., 2015
Bennie et al., 2015
Welch, 1980
Bennett & Smith, 2017
Small et al., 2005

Landsat-MSS and TM
Lansat TM/ETM+
MODIS, SPOT, AVHRR/NOAA
DMSP/OLS Nighttime lights
DMSP/OLS Nighttime lights
DMSP/OLS Nighttime lights
DMSP/OLS Nighttime lights
DMSP/OLS and Landsat
DMSP/OLS and Suomi NPP VIIRS
DMSP/OLS Nighttime lights
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Metropolitan
Global
Metropolitan
Metropolitan
Global
National
Regional
National
Global
Global

Land-cover and land use
Land-cover change
Land use temporal trend
GDP
CO2 emission
Spatial distribution
Light pollution
Energy consumption
Review
Urban extent

1.4.

Research approach and objectives

Given the need for and scarcity of accurate spatio-temporally consistent records of urban vegetation
and economic development, the overall research objective of this dissertation is to test what trends and
interrelationships exist between remotely sensed derived vegetation and economic indicators within
and across pan Pacific urban centres.
Three specific research questions are proposed:
1.

How can metrics derived from remotely sensed data inform environmental and socio-economic

dynamics within and across cities in the pan Pacific region?
2.

What models exist to examine the relationship between urban environmental and socio-

economic developments over time and space?
3.

What similarities and differences exist across cities in the pan Pacific region both spatially and

temporally?
These three questions are structured in such a way to allow examination of the EKC hypothesis
(Figure 1.1). Research question 1 investigates how time series of satellite images can be used to spatially
and temporally assess the dynamics of urban environment and development. Research question 2
examines the EKC theory at a pixel-level using measurements from research question 1. The final
research question examines how individual cities conform to the hypothesis of EKC theory.
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Figure 1.1 A conceptualized overview of the dissertation – An integration between
Environmental Kuznets Curve (EKC) and 4 chapters of this dissertation. Chapter 2 and Chapter 3,
addresses the challenges of measuring urban vegetation consistently over time. Chapter 4
utilizes the NTL image archive and local census economic data to examine the driving socioeconomic variables behind Nighttime Lights (NTL) changes. Final research Chapter 5 utilizes
results from previous chapters and further investigates and confirms the EKC hypothesis within
25 selected cities.

1.5.

Dissertation overview

The structure of this dissertation is as follows.
Chapter 2 introduces the main study sites: 25 cities across the pan Pacific region, in terms of their
geographic location, climate, and economic status. Chapter 2 also provides an overview of the two main
remote sensing products used in this dissertation.
Chapter 3 addresses the first research question using a pixel-based image composite technique to
generate annual gap-free surface reflectance Landsat composites from 1984 to 2012. Using time series
composites, spectral indices were calculated and compared using a hexagonal grid ring model to assess
9

changes in vegetative and urban built-up patterns. Trajectories are then clustered to further investigate
the spatio-temporal dynamics and relationships among the 25 cities. Outcomes from this chapter
demonstrate the value of utilising annual Landsat time series composites for assessing urban vegetation
and urban dynamics at regional scales and potential use in achieving and evaluating sustainable urban
planning.
Chapter 4 focuses on extracting and characterizing urban vegetation by innovatively applying subpixel, spectral unmixing on Landsat time series composites from Chapter 2. Vegetation change trends
were then analyzed using Mann-Kendall statistics and Theil-Sen slope estimators. The outcomes of this
chapter indicate that unmixing approaches successfully map urban vegetation for pixels located in urban
parks, forested mountainous regions, as well as agricultural land (correlation coefficient ranging from
0.66 to 0.77). Using temporal trend analysis, our results suggest that it is possible to reduce noise and
outliers caused by phenological changes particularly in cropland using dense new Landsat time series
approaches.
Chapter 5 focuses on the socio-economic aspects of urbanization in the pan Pacific region. It uses
remotely sensed nighttime light images (NTL) as a proxy to map urbanization and subsequently
examines the driving socio-economic variables in cities. Using a classic econometric approach, panel
causality tests are undertaken to analyze causal relationships between NTL and socio-economic
development across the pan Pacific region. Panel causality tests show a contrasting effect of population
and gross domestic product (GDP) on NTL in fast and slowly changing cities. Information derived from
this chapter quantitatively chronicles urban activities in the pan Pacific region and offers data for further
studies on spatially tracking local policy progress on sustainable urban development.
Chapter 6 brings the results from Chapter 3 and 4 to spatially test the EKC hypothesis within the
selected 25 cities. Three fitted models were developed (i.e. linear, polynomial, and cubic) and the best
fit was selected using AIC (Akaike Information Criteria) scores. The results of this chapter suggested that
in most cases, urban vegetation varies linearly with NTL however the relationship and the rate of change
varies over time. Within individual cities polynomial models tend to spatially cluster together more than
linear and cubic models. Further, this chapter bridges the gap between the conventional econometric
theory (i.e. EKC) and advanced earth observation satellite data, thus overcoming some of the difficulties
of using census data which are less suitable, updated infrequently, and spatially incompatible among
cities.
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Chapter 7 concludes with some key research findings, limitations, and possible opportunities for
future research.
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Chapter 2
2. Study area and Data
2.1.

Study area

Defined by UNESCO, the pan Pacific, or Pacific Rim, region of the globe contains 50 countries
(UNESCO, 2014) from the borders of China-Mongolia to the north, and the southern tips of Australia and
New Zealand to the south. This region covers approximately 2.8 billion hectares of land, approximately
22% of the Earth’s land surface, 30% of the world’s natural forest, and 54% of the world’s plantations
(UNESCAP, 2012). In addition to Asia and Oceania, the pan Pacific region as recognised in this
dissertation also contains North and Central America, producing a diversity of geopolitical, social, and
ecological environments, making it an ideal regional focus area for the questions posed herein.
Throughout this dissertation I focused on 25 cities across the pan Pacific region covering a range of
population sizes and economic development statuses (Table 2.1, Figure 2.1). Nine cities were selected in
China, and six in Southern Asia and South America, all of which are highly dynamic urban areas. The rest
of the cities are located in more developed areas with four in the United States, three in Canada, two in
Australia, one in Japan, and one in South Korea. Among the 25 urban environments, eight are megacities (defined as having a population over 10 million), namely, Tokyo, Shanghai, Seoul, Mexico City,
Tianjin, Bangkok, Shenzhen, and Harbin. Smaller cities, particularly those in developing regions, are
often less studied (Bell & Jayne, 2009) and were thus included in this dissertation. As a result, the thesis
includes cities such as Changsha that are not as economically developed as other selected mega-cities.
Urban environments were also located across a variety of landscapes from costal mountainous
regions (e.g. Vancouver, Dalian) to plains and dry inland areas (e.g. Las Vegas, Denver). Climatically,
using Köppen climate scheme (Kottek, Grieser, Beck, Rudolf, & Rubel, 2006), 10 cities are located within
a temperate climate scheme (Class C) with the temperature of the coolest month at 18 °C or higher. The
cold continental (Class D) climate scheme contained six cities dominantly from North America and East
Asia. Cities located in South East Asia were primarily within the Tropic (Class A) climate scheme, and
three cities from North America (i.e. Denver, Las Vegas, and Phoenix) were from the Arid (Class B)
climate scheme.
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Table 2.1 Summary table of studied cities.
City (code)

Country

Latitude/ Longitude 1

Location

Bangkok (bak)
Thailand
13.75°N/100.49°E
South East Asia
Calgary (cal)
Canada
51.05°N/114.08°W
North America
Changsha (csx)
China
28.20°N/112.92°E
East Asia
Dalian (dal)
China
38.92°N/121.64°E
East Asia
Denver (den)
USA
39.75°N/111.00°W
North America
Edmonton(edm)
Canada
53.55°N/113.49°W
North America
Fuzhou (fuz)
China
26.08°N/113.31°E
East Asia
Haikou (hak)
China
20.03°N/110.33°E
East Asia
Harbin (har)
China
45.77°N/126.63°E
East Asia
Shenzhen (hksz)
China
22.53°N/114.05°E
East Asia
Kuala Lumpur (kul)
Malaysia
3.16°N/101.70°E
South East Asia
Las Vegas (lav)
USA
36.17°N/115.14°W
North America
Manila (man)
Philippines
14.58°N/120.99°E
South East Asia
Melbourne (mel)
Australia
37.82°S/144.96°E
Oceania
Mexico City (mex)
Mexico
19.42°N/99.13°W
Central America
Nanchang (ncx)
China
28.67°N/115.90°E
East Asia
Phoenix (phx)
USA
33.44°N/112.07°W
North America
Seattle (sea)
USA
47.61°N/122.34°W
North America
Seoul (sel)
South Korea
37.57°N/126.98°E
East Asia
Shanghai (shh)
China
31.24°N/121.50°E
East Asia
Singapore City (sin)
Singapore
1.30°N/103.84°E
South East Asia
Tianjin (tjn)
China
33.86°S/151.21°E
East Asia
Tokyo (tko)
Japan
39.13°N/117.20°E
East Asia
Vancouver (van)
Canada
35.70°N/139.70°E
North America
1
Latitude/Longitude of each city is the location of the city center used in this dissertation
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Köppen climate
scheme*
Tropical (Aw)
Continental (Dfb)
Temperate (Cfa)
Continental (Dwa)
Arid (Bsk)
Continental (Dfb)
Temperate (Cfa)
Tropical (Am)
Continental (Dwa)
Temperate (Cwa)
Tropical (Af)
Arid (Bwk)
Tropical (Af)
Temperate (Cfb)
Temperate (Cwb)
Temperate (Cfa)
Arid (Bwh)
Temperate (Csb)
Continental (Dwa)
Temperate (Cfa)
Tropical (Af)
Continental (Dwa)
Temperate (Cfa)
Temperate (Cfb)

Word Bank Economy
Class*
Upper middle
High
Upper middle
Upper middle
High
High
Upper middle
Upper middle
Upper middle
High
Upper middle
High
Lower middle
High
Upper middle
Upper middle
High
High
High
Upper middle
High
Upper middle
High
High

Figure 2.1 Geographic locations of studied cities.

2.2.

Landsat time series

Landsat data have been recorded, organized, and distributed by the U.S. Geological Survey (USGS)
since 1972. One of the most critical components of Earth Observation (EO) and land use monitoring is a
continuous archive of images (Wulder et al., 2008). Landsat has continually imaged the Earth surface
every 16 days for almost 40 years and become freely available since 2008. Data acquired by the Landsat
program represent a unique combination of spatial, spectral, and temporal resolutions that are
desirable to chronicle both anthropogenic and natural impacts of the land status and dynamics for the
past three decades (Woodcock et al., 2008).
Launched in 1972, Landsat-1-3, the Multi-Spectral Scanner (MSS), pioneered some of the earliest
planetary observation programmes. The onboard MSS sensor, capable of capturing multi-spectral

information at a 80-meter pixel size, covered four electromagnetic bands, namely, green (500-600nm),
red (600-700nm), and near infrared (700-800nm, 800-1100nm).
The era of Thematic Mapper (TM) started with the launch of Landsat-4 in 1982. Comparing to MSS,
the TM sensor was spatially and spectrally more capable, adding two critical spectra (i.e. shortwave
infrared, and thermal infrared) at a 30-meter resolution. Landsat-5, launched in 1984, carried both MSS
and TM, revolutionized Earth observation. Landsat-5 remained operational until 2011, ensuring a
continuous time series despite the failure of Landsat-6 in 1993.
Landsat-7, carrying an Enhanced Thematic Mapper (ETM+), was launched in 1999 and continued
imaging the Earth with the addition of a panchromatic band at a 15-meter spatial resolution that is finer
than any other previous Landsat. Unfortunately from May 31 2003 onward, Landsat-7 suffered from a
technical failure, causing approximately 22% per image area with no data collected. This issue was also
known as the scanline off effect (SLC-off).
The Operational Land Imager (OLI) was introduced in 2013 with the launch of Landsat-8. The OLS
added two more spectral bands, ultra blue for coastal application and another infrared band for cloud
detection. At the same spatial and spectral resolution as the EMT+ sensor on Landsat-7, the addition of
Landsat-8 continued the Landsat tradition, seamlessly collecting information all around the global.
Another turning point during the history of Landsat was the open-access policy implemented in 2008
when all existing and future Landsat data were made freely accessible to the general public (Wulder et
al., 2008). The de-commercialization of Landsat data skyrocketed the number of Landsat images used in
research worldwide, marking the transition between conventional scene-based processing to more
pixel-based compositing approaches possible (Wulder et al., 2008).
This dissertation utilized data acquired from Landsat-5 TM and Landsat-7 TM/EMT+ from 1984 to
2013. Images captured using Landsat-1-3 were not considered due to limited spatial details and spectral
bands. There was a distinct difference between algorithms used to process Landsat-8 images and
Landsat-4–5 TM, and Landsat-7 ETM+ Surface Reflectance, known as the Landsat Ecosystem Disturbance
Adaptive Processing System (LEADPS). However, LEADPS was not available at the time of commencing
this project. Therefore, Landsat-8 data were not included in this dissertation.
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2.3.

DMSP-OLS nighttime lights time series

Originally designed as a meteorology sensor, the Operational Linescan System (OLS) initiate the
acquisition of Nighttime lights (NTL), a collection of satellite images taken during the night. The earliest
OLS flown by U.S. Air Force Meteorological Satellite Program (DMSP) started collecting data in the early
1970s. The DMSP satellites are orbiting in a near polar sun synchronous orbit with an altitude of
approximately 830 km. Each satellite passes over any location on Earth twice a day, providing a
complete global coverage in about six hours.
The Operational Linescan System (OLS) records images along a 3000 km scan, corresponding to a
temperature range from 190 to 310 Kelvins in 256 equal intervals. Onboard calibration is performed in
each scan. Final pixel values are shown as Digital Numbers (DN) rather than absolute values in Watts per
m2. A telescope pixel is approximately 500m at high resolution mode. The final product was distributed
on a global latitude-longitude grid at a spatial resolution of 30 arcs second grid, approximately 1-km at
the equator. Two composites were produced for years when data were acquired by two sensor
spontaneously (Highlighted in Table 2.2).
Since 1992, the OLS data were archived and distributed digitally by the National Oceanic and
Atmospheric Administration (NOAA) National Geophysical Data Center (NGDC). Compared to other
remote sensing products such as Landsat, NTL is an exceptional geographic data that highlights human
activities and reveals the “cultural footprint” of each individual settlement (Kyba et al., 2014). Artificial
light during nighttime is undoubtable one of the most direct measurements of human activity available
through remote sensing in a way that daylight data is not capable of (Kyba et al., 2014).
Shortly after its initial release in 1992, the DMSP-OLS has been collecting continuous images of the
Earth at night for over 21 years, pushing remote sensing data into urbanization and socio-economic
studies, a domain that was before dominated mostly by census data (Bennett & Smith, 2017). With its
annual stable cloud-free composite of average brightness the flagship product, DMSP-OLS has been
widely used proxy for variables that are difficult to assess and reproduce at a global scale, for example,
economic activity, carbon emissions, poverty, impervious surface density, and energy and water use.
This dissertation utilized the DMSP version 4.0 stable lights time series which was pre-processed on
an annual increment using methods described by Baugh, Elvidge, Ghosh, & Ziskin (2010), following a set
of criteria (C. Elvidge, Hsu, Baugh, & Ghosh, 2014):
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1.

Center half of orbital swath for optimal image quality and reduced noise

2.

No sunlight and moonlight present

3.

No solar glare contamination

4.

No cloud coverage

5.

No auroral activities/emissions

6.

Normal gain settings

7.

No gas flaring contamination

Table 2.2 NTL DMSP-OLS Version 4 average visible stable cloud-free lights (Years highlighted contain data
acquired by two sensors.

Year
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012

Satellites
F10
F101992
F101993
F101994

F12

F121994
F121995
F121996
F121997
F121998
F121999

F14

F15

F141997
F141998
F141999
F142000
F142001
F142002
F142003

F152000
F152001
F152002
F152003
F152004
F152005
F152006
F152007

F16

F18

F162004
F162005
F162006
F162007
F162008
F162009
F182010
F182011
F182012
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2.4.

Data overview

Landsat surface reflectance images were used throughout this dissertation. Particularly in Chapter 3
and 4, I utilized all surface reflectance data from 1984 to 2012 with less than 70% cloud cover. Chapter 5
used all images from DMSP-OLS version 4 images from 1992 to 2012. Images acquired by two sensors
(Table 2.2) were all downloaded for calibration purposes. Chapter 6 used data from both Landsat and
NTL time series. Thus, only images from 1992 and 2012 were used in Chapter 6 (Figure 2.2).

Figure 2.2 Time frame and sensors used for each research chapter.
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Chapter 3
3. How can metrics derived from remotely sensed data inform environmental and socioeconomic dynamics within and across cities in the pan Pacific region? Introduction

In the pan Pacific region, urbanization has become a major driver of local and regional development
and is responsible for major vegetation loss from land clearing (Lo & Marcotullio, 2000b). Increasing
numbers of people have migrated into urban environments over the last decade and by 2026 the urban
growth rate is projected to exceed 50%, making the pan Pacific region the fastest urbanizing area in the
world (UNESCAP, 2012). Large differences in socio-economic factors, such as population size and
density, political system, and economic development cause the trend in mass migration to vary
significantly among cities (Bagan & Yamagata, 2014). As a result, the urban environment is highly
spatially complex, yet some common patterns exist (Marshall, 2013). Many cities are proximal to
productive agricultural land and other natural assets such as forests and fresh water resources. Further
outward from urban cores, cities often become less urbanized and more vegetated (Chen et al 2014),
resulting in an inverse relationship between urban areas and vegetative conditions. As an urban area
develops, outer rural areas often undergo more intense development and restructuring compared to
urban core areas (Champion, 2001; Lo & Marcotullio, 2000a).
The concentric ring model has been a successful tool for investigating urban structure, even for cities
with less regular concentric growth patterns (Dietzel, Herold, Hemphill, & Clarke, 2005; Handayani &
Rudiarto, 2014). For cities located along coastlines or in mountainous areas, a concentric ring model can
clearly differentiate the urban core from its more peripheral structures (Guérois & Pumain, 2008).
Detecting and analyzing the spatio-temporal dynamics of urban environments has, therefore,
become an increasingly critical research topic with real management applications (Masek, Lindsay, &
Goward, 2000; K. C. Seto & Fragkias, 2005; Sexton et al., 2013; X. Yang & Lo, 2002). A key element to
developing an understanding of urbanization processes globally is the consistent monitoring of cities
over space and time (Sexton et al., 2013). This complexity makes urban land monitoring a challenging
task (Sexton et al., 2013). Remote sensing technology offers an exceptional resource that allows
assessment of urban environments over time and space by collecting reflectance of urban land-cover
characteristics (Masek et al., 2000; Woodcock et al., 2008). One common method of using remote
19

sensing in the urban environments is through land use classification (e.g., urban, vegetation, agriculture,
etc.). However, the limitation of static categorical classifications is that they do not represent dynamics
among different land-cover and land use types and therefore is insufficient for further statistical analysis
given its categorical nature of measurement. Furthermore, categorical classification requires a set of
pre-defined classes which might be incomparable for all selected cities.
An alternative method of monitoring urban environments using remote sensing is through spectral
indices – numerical indicators primarily derived from spectral band combinations (Wentz et al., 2014).
Spectral indices produce a continuous measurement of urban land-cover rather than classifying pixels
into categorical classes (e.g. urban vs. non-urban; vegetation vs. non-vegetation). This minimizes the
problems that arise from spectral mixing and inferential land-cover interpretation that result from the
heterogeneity of urban environments (Barnsley & Barr, 1997; Wentz et al., 2014). Two common indices
based on vegetation and urbanized area detection are, respectively, the Enhanced Vegetation Index
(EVI) and the Normalized Built-up Index (NDBI), both of which have been used to assist in characterizing
and quantifying vegetation condition and urbanization (Lyon, Yuan, Lunetta, & Elvidge, 1998; Varshney,
2013). (Huete, Jackson, & Post (1985) and Huete & Tucker (1991) suggested that EVI can be used as an
alternative to other vegetation indices (e.g., Normalized Difference Vegetation Index) for minimizing the
negative effects caused by canopy background and atmosphere interference, and thus enhance
vegetation signals. Conversely, NDBI has been demonstrated to offer accurate and objective
delineations of urban settlements (Zha et al., 2003). Combined, these two spectral indices provide a
means to track the trends of urban and vegetation covers across cities over long time periods.
In general, for any land-cover observation and monitoring program, one of the most crucial
components is a continuous archive of imagery (Wulder et al., 2008). However, the availability of cloudand haze-free images relies heavily on variable local weather conditions and as a result regional
investigations over long time periods at moderate spatial resolutions (i.e., 30m) are still rare. Data gaps
are common for a given pixel in any particular year, which may limit the utility of images given most
existing image processing algorithms (Hermosilla, Wulder, White, Coops, & Hobart, 2015). Thus, data
gaps contribute to lost information for long term urban land-cover monitoring projects. Pixel-based
compositing provides a solution to long term, seamless land monitoring challenges and enables a new
paradigm of Earth observation programs due to the freely accessible Landsat image archive (White et
al., 2014). These new compositing methods take full advantage of multiple decades of Landsat imagery

20

and are able to detect and in-fill missing pixel reflectance values based on the entire temporal trajectory
of any given pixel (Hermosilla et al., 2015).
In this chapter I utilized a relatively simple urban expansion morphological model to compare and
contrast a dense time series of moderate spatial resolution imagery and assess how urban and
vegetation vary at regional scales in time and space. To do so annual gap-free Landsat imagery were
created from 1984 - 2012 of 25 cities across 12 countries in the pan Pacific region. Two spectral
indices—Enhanced Vegetation Index and Normalized Difference Built-up Index—were calculated at an
annual basis and resampled using a hexagon-based ring model for all urban environments. Trajectories
of the two spectral indices were then analyzed based on dynamic time warping and K-means clustering
analysis to investigate intra- and inter-urban variations over time and space.

3.1.

Materials and methods

This chapter used imagery from the entire Landsat Thematic Mapper (TM) Landsat Enhanced
Thematic Mapper Plus (ETM+) archive from 1984 - 2012 (section 2.2) using a pixel-based compositing
method (section 3.2.1) to generate annual gap-free image composites for 25 selected cities. I used
previously defined Global Administrative Areas (GADM version 2.0, Areas, 2012) with a hexagon based
ring model to assess urban vegetation and urban built-up conditions within each city (section 2.4) using
a mask image to minimize seasonal variations and exclude water and snow cover from any subsequent
analysis (section 2.5). I then clustered the performance of each urban environment based on its
temporal and spatial characteristics (section 2.6) to allow inter- and intra city comparisons.

3.1.1.

Landsat surface reflectance product

Surface reflectance images (L1T), including Landsat Thematic Mapper (TM) and Landsat Enhanced
Thematic Mapper Plus (ETM+), were acquired for each urban environment through the United States
Geological Survey (http://espa.cr.usgs.gov). I downloaded images with less than 70% cloud cover that
were acquired within a specific temporal window, from May 1st to September 30th of the years 1985 to
2012. As I focused on differentiating urban land-cover from vegetation, winter imagery in Australia was
more suitable given the high curing rate of vegetation and grasses in Australian urban areas in summer
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(Keast, 2013). With mild winter temperature (Keast, 2013), and with much less deciduous vegetation in
winter with no snow, vegetation is often very green in winter and in fact produces a much greater
contrast with urban features than in summer. As a result, I applied the same uniform temporal window
to Melbourne and Sydney as all other cities. Candidate images were all pre-processed using a mask
function (Fmask) (Zhu & Woodcock, 2012) and the Landsat Ecosystem Disturbance Adaptive System
(LEDAPS; Schmidt, Jenkerson, Masek, Vermote, & Gao, 2013).
Given the wide temporal window used for image selection, seasonal spectral variation due to
agriculture practices can confuse the spectral indices (Hill & Donald, 2003). To minimize the impact
caused by climate and phenological variations at each urban location, an agricultural mask was
generated using a simple random forest classification. To do so the variables including the average,
maximum, minimum, and standard deviation of the two spectral indices from 2008 – 2012 were used on
the assumption that if a pixel was identified as agriculture in the last five-year period, it would likely to
have been agriculture or non-urban land-cover in the earlier years. Training sites of agriculture, forest,
and impervious surface were identified from the available Google Earth imagery.

3.1.2.

Pixel-based image compositing

The best available pixel (BAP) approach was used to produce image composites to mitigate data gaps
in the time series caused by cloud, cloud shadow, or haze. BAP scored every pixel using multiple Landsat
images based on the following criteria: sensor, day-of-year, atmospheric opacity, and proximity to cloud
or cloud shadow using the same criteria as White et al., (2014). Pixels identified by the Fmask algorithm
(Zhu & Woodcock, 2012) as cloud or cloud shadows were masked from the composites. Additionally, a
50 pixel buffer was applied around clouds and cloud shadows to reduce misclassification errors (Griffiths
et al., 2010). The Thematic Mapper (TM) sensor was scored higher than the Enhanced Thematic Mapper
Plus (ETM+) sensor after 2003 to reduce the influence of the scan-line corrector malfunction. Day-ofyear was scored according to a Gaussian function with a maximum score equivalent to the middle dayof-year of the temporal window. Pixels with atmospheric opacity higher than 10% were scored lower to
avoid the selection of hazy observations. The pixels with the highest scores based on these criteria were
then composited into annual images that were used in the disturbance mapping process (White et al.,
2014). Finally, any remaining data gaps were infilled using linear interpolation of the values on the
spectral trends. Two spectral indices, the EVI and NDBI, were calculated to assess urbanization and
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vegetation changes (Equations 1 and 2). Urbanization and vegetation dynamics were then assessed by
analyzing the temporal trajectories from 1985 – 2012 of a given spectral index (i.e. EVI or NDBI).

EVI = 2.5 ×
NDBI =

3.1.3.

NIR − Red
NIR + 6×Red − 7.5×Blue + 1

SNIR − NIR
SNIR + NIR

6789:;<= 1
6789:;<= 2

Concentric ring model

I used the Global Administrative Areas (GADM version 2.0, Areas, 2012) to define administrative
borders (GADM version 2.0, Areas, 2012), which has also been used by a number of regional and global
geospatial urban studies (Gaston, Duffy, & Bennie, 2015; Hawelka et al., 2014). Conventional urban ring
models developed to monitor urban development often utilize absolute distances to define ring widths,
and therefore cities with more variable forms and sizes can confound effective comparisons and crossanalysis. Given I am considering multiple cities, the distance between concentric rings was normalized to
produce a normalized distance index (NDI) which represents how close a particular pixel is to the urban
center (Equation 3). To produce general trends, and reduce high frequency noise, the indices were then
summarised within a hexagon-based (~1km2) concentric ring model which divides each urban
environment into a lattice of rings which were defined using a normalized distance index (Figure 3.1).
The distance of each hexagon to the urban centre is normalized to values between 0 (urban core) and 1
(urban edge). The central hexagon representing the urban core for each individual urban environment
was located at the central business districts (CBD). Temporally, to simplify the subsequent statistical
analysis and minimize the impact of any proxy outliers, I produced epoch images, which were five-year
averaged image composite. Epoch images were then used in the clustering analysis.
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Normalized Distance Index (NDI) =
N

where d =

x] − x^

_

+ y] − y^

MN
MOPQ

6789:;<= 3

_

X ]/^ is the x coordinate of hexagon m/n
Y]/^ is the y coordinate of hexagon m/n
df is the distance between hexagon i to the central hexagon
d]hi is the greatest distance among all hexagons

Figure 3.1 Examples of a hexagon based ring model; (a) Vancouver, Canada; (b) Shanghai,
China; (c) Bangkok, Thailand; (d) Melbourne, Australia.
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3.1.4.

Dynamic time warping and cluster analysis

Once spectral trajectories of EVI and NDBI from 1985 – 2012 were developed, cities were clustered
based on either the temporal changes or the spatial distribution of urban vegetation and urban built-ups
using Dynamic time warping and K-means cluster analysis.
Dynamic time warping (DTW) is an approach originally developed to deal with sequential data was
used to compare each epoch. DTW has been widely used in voice recognition (Müller 2007), pattern
matching (Rath & Manmatha, 2003), and time series analysis (Bemdt & Clifford, 1994; Keogh &
Ratanamahatana, 2005). Specifically, DTW identified the optimal alignment between two temporal
sequences that may vary in time or rate (Bemdt & Clifford, 1994; Salvador & Chan, 2007). Although the
approach was developed for time-dependent sequences, it could also be used to examine trends in any
data stream presented as a linear sequence (Giorgino, 2009), such as in this case where trajectories
along a distance index were compared. The approach computed the similarity of spectral indices
through time by calculating the difference in the index between each epoch pair for each hexagonbased concentric ring from the centre to the edge of the urban environment.
The mean of the differences was then compared to contrast cities. Cities with similar trajectories
through time were expected to have minimal differences and thus a low overall mean across the
epochs. In contrast, if a city has been changing markedly the mean differences would appear greater.
The magnitude of EVI and NDBI were also used to assess and compare the vegetation and urban
dynamics, with an urban environment with more vegetation cover having a greater EVI and lower NDBI.
In general, cities that were undergoing more rapid development were expected to have a greater NDBI
and lower EVI.
Once temporal and spatial change were captured, a K-means cluster methodology was used to group
the mean and standard deviations of the difference curves for both EVI and NDBI as well as the absolute
spectral values across cities. I selected the k value based on the highest silhouette widths by iterating a
K-means clustering analysis 25 times using k from 1 to 25.
I then applied K-means clustering four times using the four sets of variables representing the spatial
and temporal changes of vegetation and urban conditions. The silhouette width provided an indication
of the accuracy of the classification for each individual urban environment and was used to assess the
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clustering performance (Bolshakova & Azuaje, 2003). As silhouette widths approached 1, it was
indicative of a strong likelihood a given urban environment was assigned to the correct cluster
(Bolshakova & Azuaje, 2003; Rousseeuw, 1987). I also computed the ratio of between (BSS) to total sum
of square (TSS) to evaluate the K-means classifications, where BSS was the sum of squared distances per
group means while TSS was the sum of squared distances to the global means.
All image processing in this paper was done in IDL 8.3, ENVI 5.2, and ArcMap 10.2.2 and statistical
analysis in R 3.1.1 using the Cluster package (Maechler, Rousseeuw, Struyf, Hubert, & Hornik, 2012), and
the DTW package (Giorgino, 2009).

3.2.

Results

3.2.1.

Spectral indices

Figure 3.2 demonstrated the hexagon based rings for four example cities’ spatial distribution of
vegetation (colored in green) and urban conditions (coloured in red). A high EVI value was indicative of
marked vegetated cover whereas NDBI corresponded to greater urban expansion and/or urban
densification. In general, EVI and NDBI showed contrasting patterns with urban cores having a much
higher NDBI and lower EVI values than the outer areas.
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As expected, regardless of the magnitude of the EVI and NDBI, all cities had undergone expansions
and/or densifications over the epochs but at varying rates. For example, cities such as Vancouver and
Melbourne experienced less urban expansion than Shanghai and Manila where EVI experienced a
sustained reduction. Likewise, cities where substantial vegetation loss were observed to have a marked
increase in the NDBI. Small satellite settlements around urban centers could also be detected in the
epoch images, such as in Shanghai at epochs 3 and 4, which showed a number of small “cities”
developing around the urban core.

Figure 3.2 Temporal changes of EVI and NDBI of four studied urban environments.
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Figure 3.3 showed that spatially consistent across all urban environments outer areas generally
experienced the highest EVI value and the lowest NDBI value. Despite the varying differences among
each trajectory, EVI values tended to decrease as the distance index increases from the urban center. A
similar pattern can also be observed as NDBI decreases when moving towards outer area of the urban
environment. However, exceptions can be found in cities such as Melbourne where the highest EVI
value was located in the transition area between inner and outer urban areas.

Figure 3.3 Example annual spectral trajectories of EVI (left column) and NDBI
(right column). See Appendix 1 for all 25 cities.
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Temporally, Figure 3.3 also demonstrated the overall change rates by comparing the differences
between each temporal trajectory. For a given urban environment, a greater distance between
trajectories was expected when there was a marked change in EVI and/or NDBI values. For example,
Manila had much more notable EVI decrease and NDBI increase comparing to cities like Tokyo and
Vancouver. Combined with the distance index, Figure 3.3 illustrated where and how rapidly different
urban environments changed over time. For example, Melbourne and Shanghai experienced more
changes in the transition areas than the centers and edges of the urban environments.

3.2.2.

Dynamic time warping and cluster analysis

Figure 3.4 showed the spatial distribution of vegetation and urban built-up represented by their
separability as derived from DTW analysis across all urban environments. Greater separability values
were indicative of more different trajectory shapes hence dissimilar vegetation or urban spatial
distribution. Overall, the results suggested that the separability was more apparent for the EVI trajectory
than for NDBI as indicated by a slightly higher average separability of EVI (0.36). As DTW estimated the
separability using only the spatial information which incorporated the absolute EVI and NDBI values for
each of the concentric rings, Figure 3.4 highlighted urban environments that experienced a relatively
unusual spatial distribution of vegetation and/or urban patterns. For example, Phoenix (phx) had a large
separability in EVI compared to the other urban environments while Vancouver had an overall higher
separability in terms of NDBI.
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Figure 3.4 Separability metrics estimated by DTW for a. EVI and b. NDBI.

A K-means clustering analysis was then applied to group spatially similar urban environments. A K
value (i.e. number of clusters) will be favored if it generated greater silhouette width (i.e. closer to 1)
and a meaningful clustering analysis (i.e. k < 15). The results indicated 5 optimum clusters resulted in the
highest silhouette width. The averaged trajectory of each cluster is shown in Figure 3.5 for both EVI and
NDBI. Results show variations in EVI and NDBI values for each of the clusters. Cluster 5 showed the
highest EVI and the lowest NDBI in the urban centre, suggesting a relatively greener and less urbanized
environment core than other groups. Cluster 2 and 4 showed a much lower EVI and higher NDBI,
indicating more developed and less vegetative urban environments. Interestingly, although cluster 3 had
an overall higher EVI than cluster 1, 2, and 4, it also had a greater NDBI index, particularly in the suburban areas.
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Figure 3.5 summarized the temporal changes for each epoch periods. Temporal changes were
represented by DTW derived distances between pairs of epoch trajectories. Urban environments were
ordered based on their averaged temporal changes (e.g. distances) between trajectories as shown in the
last columns in Figure 3.5. Although the absolute order varied when comparing EVI or NDBI changes,
more developed urban environments such as Vancouver (van), Seattle (sea), and Phoenix (phx) tended
to have less temporal changes of both EVI and NDBI as indicated by relatively small distances between
epoch trajectories. Urban environments located in less developed regions such South and South-east
Asia tended to experience more temporal changes with varying change magnitudes over different epoch
periods. For example, Dalian (dal) showed marked temporal changes of both EVI and NDBI. Nanchang

Figure 3.5 Average trajectories of a. EVI and b. NDBI for each cluster.

(ncx) showed more notable changes of EVI between epoch 1 and 2 and less change in NDBI.
Interestingly, urban environments such Las Vegas experienced a relatively great temporal change of EVI
yet remained constantly low in NDBI changes suggesting a marked change of vegetation and a constant
stable trend in urban.
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Figure 3.6 Temporal change metrics of a. EVI and b. NDBI.

A K-means clustering analysis was also applied to group temporally similar urban environments.
Combined with the cluster results from Figure 3.5, the final results of K-means clustering were
summarized in Figure 3.7 using the silhouette width of each individual urban environment. The average
silhouette width ranged from 0.37 to 0.60, and the ratio of the between to the total sum of square
(BSS/TSS) ranged from 69% to 92% (Table 3.1). Overall, using temporal changes in NDBI and EVI offered
higher silhouette width and BSS/TSS ratio than spatial separability.

Table 3.1 Cluster analysis summary
BSS/TSS ratio
Spatial distribution
Temporal changes

EVI
68.8%
91%

NDBI
89.2%
92.3%

Silhouette width
EVI
NDBI
0.37
0.48
0.60
0.50

Silhouette width of each individual urban environment indicated how well an urban environment fits
its cluster (Figure 3.7). Urban environments with low silhouette width were likely to be assigned to the
32

incorrect cluster. Low silhouette widths were therefore useful as a measure of uniqueness of a given
urban environment. For example Melbourne and Calgary had low silhouette width (< 0.1) and therefore
had limited similarity in terms of spatial distribution of vegetation (Figure 3.7a). Dalian and Phoenix
were also relatively unique in terms of their spatial distribution of urban vegetation and built-ups (Figure
3.7b). Temporal changes yielded slightly better overall clustering results with a number of urban
environments such as Kuala Lumpur and Phoenix having a low silhouette width (Figure 3.7c-d).

Figure 3.7 Silhouette width based on a. temporal vegetation changes, b. temporal built-up changes, c. spatial
vegetation patterns, and d. spatial built-up patterns (groups are identified by colors).

Figure 3.8 summarized the degree of similarity both spatially and temporally across urban
environments in the pan Pacific region. A likely strong connection (e.g., thicker lines in Figure 3.8)
between two urban environments represented high spatio-temporal similarity. In total, there were
three pairs of urban environments that were consistently being grouped together—Melbourne and
Sydney; Tianjin with Manila; and Singapore City with Kuala Lumpur. In contract, cities such as Las Vegas
and Vancouver demonstrated less similar features both spatially and temporally with any of the other
urban environments.
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Figure 3.8 Number of times cities were grouped together during K-means classification based upon
spatial and temporal variables. Number of groupings ranged from 2 to 4.

3.3.

Discussion

3.3.1.

Urbanization patterns in pan Pacific cities

This chapter integrated a hexagon based ring model with the pixel-based image compositing to
investigate spatio-temporal changes of vegetation and urban built-up among 25 cities across the pan
Pacific region. As anticipated, the majority of the cities in developing countries observed marked
development rates compared to the urban environments in more developed regions. Still, exceptions
existed where urban environments that were not geographically proximal could also be similar in terms
of the vegetation and urban dynamics over time and space. This was likely due to the highly
concentrated early urbanization of large cities in some of the developing nations, such as Hong Kong,
Bangkok, and Shanghai, which may resemble the urbanization patterns of cities in a more developed
regions (Henderson, Yeh, Gong, Elvidge, & Baugh, 2003). I concluded with a simple model which
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generalizes the urbanization process as starting as a centralized landscape, then expanding radially
(Figure 3.9). More mature urban environments, such as Vancouver, Melbourne, and Tokyo tended to
decentralize over time, characterizing an evenly spread spatial pattern with less visible urban cores (e.g.,
Figure 3.8, Melbourne and Vancouver). A similar trend occurred on less developed urban environments
where small and medium sized settlements started blending into each other, forming a more
decentralized urban environment, such as Shanghai. Interestingly, although the trend seemed to be
highly similar across majority of the urban environments, the time required to reach a similar level of
urbanization magnitude was much shorter for developing than developed urban.
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Remote sensing based assessment of urban environments also reflected some of the socio-economic
pressures, particularly for cities that have undergone substantial development over the past few
decades. For example, the population of Shanghai has a 95% growth rate with a population increase
from 11.8 million to over 23.0 million since the 1980s (World Population Statistics, 2013). To
accommodate such a massive population growth, as shown in Figure 3.9, Shanghai has massively
expanded and already started decentralizing and in-filling gaps between the pre-existing urban core and
the surrounded settlements. During the studied period of this work (i.e. 1984-2012), the population of
greater Vancouver has only increased from 1.4 million to 2.3 million, which is about 48% slower than
Shanghai (BC Statistics, 2012).

Figure 3.9 A conceptual representation of urbanization.
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The uneven development rates were likely due to a number of geographical factors including the
current urban areal extent, political system, and urban population distribution (Birch & Wachter, 2011).
In addition, the historical development of each urban environment was also a critical variable. Regions
such as North America and Australia were generally developed much earlier than urban environments in
less developed countries and therefore were likely to be saturated and more stable in terms of urban
expansion and vegetation conditions. Since all images were acquired after the mid-1980s, it was difficult
to show patterns of urbanization in these developed regions.
An uneven developing rate could also be found among different sections (i.e. concentric rings) within
the urban environments, suggesting an intra-urban developing variation. Understanding intra- urban
variation is critical for urban planners to accomplish a balanced and sustainable urban development. By
2050, if all cities doubled their size, roughly 10 to 15% of the productive agricultural land would be
converted into concrete to house the rapidly growing population (Birch & Wachter, 2011). Such a trend
poses a major threat to sub-urban environments around agricultural and farm land as well as water
pollution. Therefore quantitative information is needed for sustainable urban planning, crafting local
developing polices, and setting land use priority to optimize both urban development and resources
allocation.

3.3.2.

Urban densification and expansion

However, urbanization is not only occurring in the form of physical expansion, but also densification.
In most cases, expansion is occurring in rural or sub-urban areas, while intensification can often be seen
in existing urban areas as well as the transition zones between urban core and urban edge. Maps are
needed that are capable of representing urban land extent (i.e. expansion) as well as measuring the
intensity of changes in both pre-existing and newly developed urban environments. Although mapping
of the urban environments has been undertaken through a variety of perspectives and models, such as
urban land-cover classification, urban population, urban heat island effect, etc., I chose an alternative
method using urban and vegetation metrics, using two distinct features of the urban environment.
Spectral indices (i.e., EVI and NDBI) avoid using hard land-cover classifications, and offer quantitative
insights into the physical changes of the urban environments. Another key benefit of spectral indices
over hard classifications is that a continuous numeric measurement provides more options for further
statistical analysis which can help better reveal the relationships and patterns in a dataset.
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Relatively small urban areas, in particular those in less developed countries, are often the subject of
less research interest than larger urban environments and therefore have been often overlooked in
many studies. Previous studies have indicated that about 2/3 of urban residents live in cities of less than
1 million people (Clancey, 2004). Even in United States, where almost 45 million people live in cities with
a population of over 250,000, and another 40 million live in places of between 50,000 and 250,000
(Clancey, 2004). Assess changes in these urban environments using remote sensing offers a way to
provide data to urban planners for closer examination of the dynamics in these urban areas. By including
these smaller urban environments in this paper enables us to provide a more comprehensive picture of
urbanization in the pan Pacific region.
This chapter used the traditional concentric ring model to quantify and compare vegetation and
urban dynamics within and among different urban environments. Each urban environment was assigned
with a single urban core, which is a monocentric model. Although polycentric or multi-nuclei models
suggest that modern urban environments are likely to have more than one functional urban core, in this
research I believe that using a single urban core was sufficient for meeting our key objective of analyzing
changes to urban and vegetation cover over long time periods. First, although the concentric ring model
assigns a single core to each urban environment, I are still able to quantify intra-urban growth by using
the Normalized Distance Index (NDI). The NDI not only allows us to compare urban environment with
varying physical sizes, it also provided a sense of urban development in the surrounding satellite
settlements. For example, a decreasing EVI and increasing NDBI will likely to occur near NDI=0.5 which
indicate some degree of development in the outer areas. Secondly, the major CBD is more likely to be
the most developed area of an urban environment even in a multi-nuclei spatial organization (Wheaton
2004). Lastly, given the wide spectrum of urban environments I studied in this work, some less
developed urban environments (e.g. Fuzhou and Nanchang) are still highly concentric and yet have not
clearly shown evidences of forming additional urban cores. Thus, I decided to apply the concentric ring
model with one major urban core.
In this chapter, I focused on examining the overall trends in vegetation and urban built up than the
actual timing of the change. Using a combination of epoch images and linear interpolation was sufficient
to capture overall EVI and NDBI trends over the study period. Secondly, image quality and availability
varied dramatically across the globe (Wulder et al., 2015). The purpose of using epoch images and linear
interpolation was to essentially further reduce unnecessary noises and outliers while still retain the
trend of land-cover changes.
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Yet, there were two key caveats to be addressed in the next chapter. Firstly, spectral saturation is
known to cause inaccurate descriptions of urban vegetation (Van Der Meer & De Jong, 2000). Studies
have proven the superiority of spectral unmixing compared to spectral indices for quantitatively
estimating vegetation (Elmore, Mustard, Manning, & Lobell, 2000; Hostert, Röder, & Hill, 2003).
Vegetation estimated from spectral indices is not compatible particularly across a heterogeneous region
such as an urbanized environment (C. D. Elvidge & Lyon, 1985; Huete et al., 1985; Huete & Tucker, 1991;
Major, Baret, & Guyot, 1990; Todd & Hoffer, 1998). Additionally, many spectral indices derived from
multispectral images (e.g. NDVI, EVI, and NDBI) are typically constrained to two or three spectral bands,
leaving other spectral information under utilized (Lyon et al., 1998). In this chapter, certain land-cover
types such as snow and ice also showed similar EVI and NDBI values to urban dominated pixels. Thus, by
spectrally unmixing vegetation the influence of these other land-cover types is minimised. Since EVI and
NDBI both use the Near Infrared part of the spectra, information overlapping and redundancy might be
expected when comparing EVI directly against NDBI.
In Chapter 4, an alternative approach, Spectral Mixture Analysis (SMA) was used to spectrally unmix
each pixel using a linear unmixing algorithm. A vegetation fraction value (VF) was then derived to
represent how vegetated each pixel is relative to the most spectrally pure pixel (i.e. endmember) within
each city over the study period.
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Chapter 4
4. How to can urban vegetation be mapped at the sub-pixel scale?
4.1.

Introduction

In the previous chapter, I discussed the benefit of using remote sensing to chronologically monitor
urbanization in terms of urban expansion and urban densification (Chapter 3, Section 3.4.2). In this
chapter, I focus on investigating an alternative approach to measure temporal change in vegetation
using spectral unmixing analysis and a Theil-Sen slope estimator. The combination of these two
processing techniques aims to minimize the possible saturation issues from spectral indices (e.g. EVI in
Chapter 3) and data outliers.
Urbanization can be defined as a gradual land-cover change in the form of urban sprawl and
densification (Sexton et al., 2013). Urban sprawl, or urban expansion is the physical growth of a city,
primarily through conversion from non-urban land-cover (e.g. vegetation) to the presence of urban landcover (e.g. impervious surfaces). Urban densification most often occurs adjacent to existing urban areas
where the natural land-cover has already been disturbed to some extent. The interplay between urban
sprawl and densification is consistently re-shaping the local geometric and ecological properties of
urban environments, increasing the density of anthropogenic infrastructure while replacing local
vegetation, interrupting micro climate, habitat loss, energy fluxes, and modifying the water and carbon
cycles (Groffman et al., 2014; Kahn, 2000; Ziter, 2016). Previous studies have suggested that
urbanization has a direct association with a series of environmental issues, such as urban heat island
(UHI, Oke, 1982), habitat loss (McKinney, 2002, 2006), and water shortage (Gober, 2010; Kummu, Ward,
De Moel, & Varis, 2010; Wu & Tan, 2012).
An effective way of mitigating the negative impacts brought about by urbanization is through urban
vegetation (Escobedo, Kroeger, & Wagner, 2011; Nowak & Dwyer, 2007). Urban vegetation is a term
that collectively describes urban greenspaces, including parks, wetland, grassland, and patches of urban
gardens (Kumagai, n.d.; Ridd, 1995; Tooke et al., 2009). The presence of urban vegetation is known to be
beneficial to modifying the local climate, and thus the social, and physical environments through
temperature control (Oke, 1982), air pollution reduction (Nowak et al., 2006), noise and storm water
control (Glass & Singer, 1972), and habitat preservation (Nowak & Dwyer, 2007). Studies have also
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indicated the significant social (Grahn & Stigsdotter, 2003), economic (Tyrväinen et al., 2005), and
aesthetic values (Jim & Chen, 2006; Tyrväinen et al., 2005) associated with urban vegetation. As a result,
urban vegetation has been utilized as an effective tool to achieve sustainable and functional urban
environments. Efforts towards preserving healthy urban vegetation can therefore be found worldwide,
particularly in developed regions, such as in North America and Europe (Nowak, 2002).
In less developed areas, despite the benefits and services offered by urban vegetation, economic
growth and urbanization often receive higher prioritization than preserving and maintaining urban
vegetation (Grimm et al., 2008). Vegetation in these urban environments often grows in more isolated
and fragmented patches compared to vegetation grown in more novel and well-managed urban
environments, making it more challenging to manage for local urban planners. Another concern
associated with poorly managed and fragmented urban vegetation is ecological inequity (N. Heynen et
al., 2006), causing uneven access for local residents to quality urban green space. With the majority of
new urban residents located in less developed regions (Grimm et al., 2008), there is a strong need for
data and methodological approaches that are capable of quantifying and tracking vegetation changes
over space and time (Clancey, 2004).
Remote sensing is an exceptional data source to urban planners and researchers (Jensen & Cowen,
1999). Although studies using fine spatial resolution imagery (Benz, Hofmann, Willhauck, Lingenfelder,
& Heynen, 2004), hyperspectral data (Heiden, Segl, Roessner, & Kaufmann, 2007; Roberts et al., 1998),
and aerial photography (Hodgson, Jensen, Tullis, Riordan, & Archer, 2003) have shown promising results
all have limited spatial and temporal coverage limiting their global application. A recent review by
(Schneider, 2012)highlighted the potential value of multi-temporal dense image stacks generated from
moderate spatial resolution (e.g. 30meters) remote sensing platforms such as the Landsat series of
satellites to urban remote sensing research. Recently, increased accessibility of the Landsat data
archives (Schneider & Woodcock, 2008; Wulder & Coops, 2013) with more sophisticated image
processing procedures (Griffiths et al., 2010; White et al., 2014) and compositing techniques (Hermosilla
et al., 2015) have allowed mapping of urban land-cover as well as quantitatively describing urban
physical features and patterns at regional scales over 30 years.
However, with a 30-meter pixel size, spectral information collected by the Landsat Thematic Mapper
(TM), and Enhanced Thematic Mapper (ETM+) are more likely to contain a mixture of surface materials
(Small, Elvidge, Balk, & Montgomery, 2011). Spectrally mixed pixels are commonly seen in Landsat
images where multiple surface materials jointly occupy one pixel (Keshava & Mustard, 2002). Sub-pixel
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analysis or spectral unmixing has been developed to determine the areal amount of pure, distinct,
surface materials within a single pixel. Spectral unmixing is well established in the remote sensing
literature and has applied in a large number of studies across a broad range of spatial resolutions (Asner
& Heidebrecht, 2002; Van Der Meer & De Jong, 2000; Vikhamar & Solberg, 2003).
While urban environments are highly heterogeneous, there are some common land-cover properties
consistent across all cities, such as vegetation, impervious surfaces, and soil (e.g. the V-I-S model) (Ridd,
1995) and as a result systematic unmixing models can be generated. Spectral unmixing involves two
critical steps, identifying pure surface materials (i.e. endmember) followed by decomposing mixed pixels
(Shi and Wang 2014). Theoretically, the selected endmembers should represent all spectral variations in
the image. Based on previous work (Van Der Meer & De Jong, 2000), although endmembers derived
directly from the image are relatively less divergent compared to laboratory measured spectra, they
have the advantage of sharing a more similar atmospheric conditions which is essential for unmixing
Landsat time series.
The majority of previous research has focused on unmixing single images with less research on
unmixing multi-temporal time series data. Building upon previous urban spectral unmixing research
(Ridd, 1995; Tooke et al., 2009), this chapter aims to further contribute to this field by i) incorporating
pixel based compositing (PBC) techniques to produce seamless annual image composites, ii) examine
the capacity of spectral unmixing approaches to be applied to dense annual Landsat composites from
1984 to 2012 to determine vegetation cover of 25 urban environments in the pan Pacific region; and iii)
generate temporal and spatial information on urban vegetation features based on the distance and
orientation from urban centers and boundaries. Such information is valuable for local urban planners as
it offers insights into the within-urban spatial and temporal dynamics of urban vegetation change, and
importantly, it has potential to assist regional cross-urban study in areas such as the pan Pacific region,
one of the most diverse and fastest growing areas in terms of urbanization (Lo & Marcotullio, 2000b).

4.2.

Materials and methods

The opening of Landsat archive has allowed the chronicling of land-cover changes over a large spatial
area with longer and denser temporal dimensions than previously available. The amount of vegetation
in each pixel and year was determined by applying spectral unmixing analysis to each multi-temporal
urban image stack (section 4.2.1). The temporal trends in urban vegetation were then estimated using
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the Theil–Sen estimator (Sen, 1968; Theil, 1992) on the estimated vegetation fraction (section 4.2.1).
Image processing in this paper was done in IDL 8.3, ENVI 5.2, and ArcMap 10.2.2 and statistical analysis
in R 3.1.1.

4.2.1.

Spectral unmixing

Conventionally, spectral indices have been widely used to extract and monitor vegetation dynamics.
However, spectral indices can saturate in area s of high canopy cover and leaf area index (Jackson et al.,
2004). Alternatively, spectral unmixing approaches allows users to pre-define endmembers and
compute a fraction score representing the abundance of a given endmember (i.e. vegetation). The
classic unmixing process can be summarized in three major steps: (1) identify endmembers (i.e.
spectrally pure pixels); (2) build spectral library; and (3) apply unmixing algorithm (Singer and McCord
1979; Ridd 1995). I used the pixel based compositing (PBC) image stack for each city for endmember
selection and followed the same procedure as Small and Lu (2006) and Tooke et al. (2009) who
incorporated a three endmember model, including a vegetation, a high albedo (i.e. reflected brightness)

Figure 4.1 Image mosaicking and transformation process using a). Pixel based
compositing (PBC) multispectral images (6 spectral bands); b). Mosaicked PBC image
(6 spectral bands) and c). Minimal Noise Fraction transformed PBC mega (3
components bands).

43

and dark endmember. As suggested by others (Wu and Murray 2003), I also included a water mask and
undertook a Minimal Fraction Noise transformation (Green, Berman, Switzer, & Craig, 1988) prior to the
unmixing (Figure 4.1). I selected the first 3 components for collecting endmembers as they explained
over 98% of the variance in all sample urban environments.
A spectral library of the selected endmembers was then developed for each MNF transformed proxy
image based on the following two assumptions (Equation 1). First was linearity where the spectra of
each mixed pixel is a linear combination of the endmembers as recorded in the spectral library. Second
was unity which implies that for each mixed pixel, the sum of fractions (f), should equal to one. Fraction
images with values indicating fractions of each endmember for mixed pixels were generated for each
urban environment and used for the subsequent trend analysis.
j=
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Where R is the unmixed surface reflectance; fi is the fraction or the fraction of the surface reflectance
value of endmember ei; ε is the root mean square error; n is the total number of endmembers.

4.2.2.

Validation

Unmixed vegetation fractions were validated using high spatial resolution Google Earth images for
the corresponding year. As quality and availability of cloud free Google Earth images varied greatly from
region to region, I chose the best available images for the following city, Vancouver (year 2009), Tokyo
(year 2006), Las Vegas (year 2011) and Shenzhen-Hong Kong area (year 2009). The reference vegetation
fraction was determined by defining a random sample of 100 pixels stratified across 10 vegetation
fraction classes. Each pixel was then divided into a 6x6 m grid (i.e. 25 grids per pixel). Each grid was
interpreted as either having a presence or absence of vegetation. The reference vegetation fraction
value was calculated by counting the number of vegetated grids within each pixel (e.g. 20 vegetated
grids equal to 80% vegetation fraction). Spectrally unmixed vegetation fraction was then compared
against the interpreted reference vegetation fraction using correlation analysis.
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4.2.3.

Vegetation trend analysis

When using annual vegetation fraction images, cities located in high latitudes (e.g. Harbin) and
particularly mountainous regions (e.g. Vancouver) may require extra caution. In those cases, pixels with
low vegetation fraction may not necessarily indicate intense urbanization, but rather low vegetated
land-cover types, such as bare rock and snow. One major benefit of utilizing the entire time series is that
it allows changes in vegetation fraction over time to be easily assessed rather than classifying images
into discrete land-cover types based on limited temporal snapshots of the city.
I applied a non-parametric Mann-Kendall test for each pixel to determine whether or not the trend
was significantly monotonic (Mann, 1945). I then applied the Theil-Sen estimator (TS; Sen, 1968; Theil,
1992) to fit only significant vegetation change trends identified by the Mann-Kendall test. Given its
robustness and computational efficiency with distribution-free, non-normal input data requirements
(Wilcox, 2010), the TS estimator has been widely used in remote sensing trend analysis (Fernandes & G.
Leblanc, 2005; Hansen, M. C., Roy, D. P., Lindquist, E., Adusei, B., Justice, C. O., Alstatt, 2008). The TS
estimator provided a slope value by taking the median slope of all pairwise time series data points. This
procedure was repeated for every non-water pixel of all 25 cities. An alpha level of 0.05 was used for all
statistical tests.
To derive the spatial and temporal patterns of urban vegetation changes I analyzed the trend results
using concentric rings which have been widely applied in previous urban studies (Handayani & Rudiarto,
2014) and chapter 3 to demonstrate the spatial distribution of urban vegetation changes. I divided the
60-km radius circular study area into 100 concentric rings (i.e. 600-meter per ring) to summarize
vegetation trends from urban core to urban edge. The 60-km radius circle was also divided into 360
slices (i.e. 1-degree per slice) to generate a directional circular histogram to examine how vegetation
changes based on its direction to urban core. I summarized the median of the direction and slope of the
change trends for each concentric ring and slice.
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4.3.

Results

4.3.1.

Vegetation fraction

Vegetation fraction was estimated for each urban environment (examples in Figure 4.2). Pixels with
high vegetation fraction were largely located outside urban centers. Low vegetation fraction pixels also
successfully delineated small satellite settlements as well as urban corridors that connect existing urban
centers and developing sub-urban settlements (Figure 4.2 a-b). Exceptions can be found in cities located
in dry and deserted regions such as Las Vegas (Figure 4.2 e) where opposite vegetation patterns occur as
urbanized area was relatively much greener than rural and undeveloped areas.

Figure 4.2 Landsat proxy image (left panel) and unmixed vegetation fraction results (right
panel) in year 2000 of a). Tokyo, b). Shanghai, c). Melbourne, d). Mexico City e). Las Vegas,
and f). Vancouver (scale 1: 800,000).

Validation using high spatial resolution Google Earth images showed a correlation coefficient of 0.66,
0.72, 0.72, and 0.77 for Vancouver, Las Vegas, Tokyo, and Shenzhen-Hong Kong area, respectively (Table
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4.1). As shown by the median values in Table 4.1, I found that overall in Shenzhen-Hong Kong and
Vancouver, the estimated vegetation fraction were lower than the reference vegetation fraction values
while in Las Vegas and Tokyo, the estimated vegetation fraction was slightly higher than the interpreted
one.
Table 4.1 . Correlations of interpreted versus estimated vegetation fractions with median values.
Correlation coefficient
Shenzhen-Hong Kong
Las Vegas
Tokyo
Vancouver

0.77
0.72
0.72
0.66

Median
(Interpreted)
0.62
0.36
0.48
0.88

Median
(Estimated)
0.50
0.49
0.50
0.51

Figure 4.3 shows the median value between interpreted and estimated vegetation fraction for every
20% increment. The interpreted vegetation fraction from Google Earth images showed greater
variations than Landsat estimated vegetation fraction as indicated by a wider standard deviation error
bar (Figure 4.3). The estimated vegetation fractions were higher for 0-20% stratum while the interpreted

Figure 4.3 Comparison between estimated and interpreted vegetation fraction of
a) Shenzhen-Hong Kong, b) Las Vegas, c) Tokyo, and d) Vancouver. Error bars
represented the standard deviation of all sample points within each 20%
increment.
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vegetation fractions exceeded the estimated values for the higher vegetation fraction samples (Figure
4.3a, 4.3c, and 4.3d). Las Vegas, however, showed an opposite pattern where the interpreted values
were lower than the estimated vegetation fraction for all strata (Figure 4.3b).

Figure 4.4 illustrates an annual vegetation fraction time series in Las Vegas. Unlike other urban
environments, as urbanization develops in Las Vegas, vegetation fraction gradually increases particularly
near the sub-urban and the small satellite urban areas. Urban densification can also be seen through
time as vegetation fraction decreased in urban center.

48

Figure 4.4 Annual vegetation fraction (0 – 100%) results of Las Vegas.

4.3.2.

Temporal characteristics of vegetation fraction

As shown in Figure 4.5, for a given pixel, a negative trend slope indicates a decreasing vegetation
fraction while a positive slope indicates an increasing vegetation fraction during the study period (i.e.
1984-2012). By comparing all 25 urban environments, it was apparent that each urban environment was
highly variable in terms of temporal vegetation changes. To capture only the statistically significant
trend, slope values with a Man-Kendall p-value greater than 0.05 were not included in the subsequent
analysis hence masked out in Figure 4.5. The absolute value of the trend slope (refer to as vegetation
slope) represented the magnitude of vegetation loss and/or gains. In general, most vegetation loss
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occurred outside the existing urban core, except in Las Vegas where urbanization caused vegetation
gains in sub-urban areas and the urban core only experienced a slight vegetation fraction decrease.

Figure 4.5 Theil-Sen estimated vegetation trend slope (p < 0.05) of a). Calgary, b). Dalian, c). Seattle, d). Las
Vegas, e). Manila, f). Shenzhen-Hong Kong, g). Seoul, and h). Vancouver (scale: 1:700,000). Water is colored
as grey.

4.3.3.

Spatial dynamics of vegetation fraction

Median vegetation trend slope value per ring was extracted and plotted for all 25 urban
environments (Figure 4.6). In general, in terms of spatial distribution of the trends, there were four main
types of urban environment trends. The first includes cities such as Shenzhen-Hong Kong area (Figure
4.6a) which exhibited a gradual decline in vegetation from the urban center through to the outer areas.
Second set of cities included cities such as Las Vegas that had consistently increasing vegetation slope as
the distance from urban center increases (out to 20-km in the case of Las Vegas) (Figure 4.6b). The third
type contains cities such as Shanghai (Figure 4.6c) where vegetation slope was mostly negative across
the 60km radius circle. These types of cities were mostly located in China, including Dalian, and
Nanchang. The last type of cities such as Vancouver (Figure 4.6d), Tokyo, Sydney, Edmonton, and
Calgary, where vegetation changes were relatively minimal as indicated by a near zero vegetation
change trend. These types of cities were mostly located in developed regions.

50

Figure 4.6 Vegetation trend slope median per ring (600-meter per ring). Green represents median slope
value. Grey represents confidence interval of smoothed slope value (black). Appendix 2 shows circular
histogram of all 25 cities.

Figure 4.7 exhibits the temporal vegetation trend in terms of vegetation loss or gain with respect to
its direction from the urban center between 1984 and 2012. The results reflected the variability across
cities with each city having varying magnitudes and spatial distribution of vegetation. Dalian, for
example, had a great amount of vegetation decrease in the west of the city (Figure 4.7a) while
Shenzhen-Hong Kong area experienced more intense vegetation loss in the north (Figure 4.7b). Most
inland cities such as Nanchang and Changsha have a greater spread of vegetation loss (Figure 4.7c and
4.7e). More developed cities such as Vancouver (Figure 4.7d), although not showing as much vegetation
loss as other less developed urban environments, it still showed some degree of vegetation decrease
(e.g. the northern and south-eastern part of the Vancouver).
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Figure 4.7 Circular histogram of vegetation trend with slope median value per bin (1-degree per bin).
The bar length indicated the percentage of pixels with a decreasing vegetation trend. The median
slope value was colored with a red-yellow-green scheme with red representing the most negative
slope, green representing the most positive slope, and yellow represent stable vegetation fraction.
Water is colored as black. Appendix 3 shows circular histogram of all 25 cities.
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4.1.

Discussion

4.1.1.

Urban boundaries

This chapter demonstrated advances in previous chapter. These include more appropriate definitions
of city limits, using advanced image processing approaches to extract the vegetation of pixels and
updated validation approaches. Compared to chapter 1, I defined urban boundaries using a 60-km
radius buffer from the city center, rather than using an inconsistent global database of administrative
borders. Although radius buffers are an unconventional and less intuitive way to define urban
boundaries, it minimizes issues associated with finding temporally consistent administrative boundaries
across multiple different jurisdictions (e.g. China vs United States). Global Administrative Areas (GADM)
is an exceptional data source that provides urban boundaries of individual countries and is often used in
defining urban boundaries however it is apparent that the boundaries are at a spatial scale not
compatible with the 30-meter spatial resolution of Landsat imagery. For example, rapidly expanding
cities such as Changsha, which comprises a number of urban centers was not well captured as they fall
outside Changsha’s administrative border (Figure 4.7e). The dimension of the radius buffer is however
dependent on the location (i.e. coastal vs inland) and the physical footprint of the city. The larger the
radius buffer, the more image data that is required to be downloaded and processed. For very large
megacities such Shanghai and Tokyo, a 60-km radius buffer may not be sufficient cover all of the
vegetation changes associated with urban development as opposed to cities such as Las Vegas and
Calgary where the majority of the urban environments easily reside within the 60-km radius buffer. I
acknowledge that a fixed radius buffer is likely less optimal for coastal cities such Dalian (Figure 4.5b) as
most of the area within the 60-km buffer is water with limited land mass for investigating vegetation
changes at the further distances.

4.1.2.

Spectral unmixing vs spectral index

Secondly, compared to the traditional spectral indices, the integration of spectral unmixing and TheilSen (TS) estimated trend slopes offers increased ability to compare and contrast vegetation across urban
environments. A spectral index for a given pixel can be difficult to compare across different urban
environment over time. A number of studies have discussed the ecological meaning of vegetation index
values compared to vegetation fraction estimates (Pettorelli et al., 2005). In this chapter I observed
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similar vegetation fraction values from natural forest, wetland, and agricultural vegetation across the 25
cities (e.g. Figure 4.2). The absolute score of an unmixed vegetation fraction pixel can be interpreted as
the quantity and/or the quality of different types of vegetation. Using the vegetation fraction of a single
pixel at a single snapshot can be prone to a range of errors and distortions as discussed as discussed
through-out this paper resulting in potential confusion especially in heterogonous urban environments.
Therefore, the slope of change in vegetation fractions derived from a time series of spectrally unmixed
vegetation fractions is likely to be a more robust representation of the relative vegetation change at a
sub-pixel level which is less sensitive to individual data outliers caused by factors such as phenological
variations and vegetation types. Another well-known challenge in urban remote sensing is separating
bare ground and soil due to their spectral similarity (Weng, 2012). Therefore, I reduced reliance on the
urban built up index (e.g. Normalized Difference Built-up Index in chapter 3) and assumed vegetation
loss was primarily caused by urban growth within the 60-km radius buffer.

4.1.3.

Google Earth as a validation tool

Lastly, I included a validation procedure to examine the vegetation fractions using Google Earth
Desktop. Google released Google Earth in 2005 allowing users to seamlessly examine any location on
the globe by streaming the best available imagery. With up to 10 petabytes of data and sophisticated
built-in images pre-processing such as geo-referencing and image mosaicking, Google Earth is a reliable
data source for visual assessment and interpretation has previously been unavailable to remote sensing
researchers (Bey et al., 2016). I found that for two of the Asian megacities, namely, Bangkok and Manila,
the results confirm those of Murakami, Medrial Zain, Takeuchi, Tsunekawa, & Yokota (2005) who
detected a decreasing population density from the urban center to urban boundaries indicating a less
active urban development in the rural and suburban area. Although, the administrative boundaries were
used in Murakami, Medrial Zain, Takeuchi, Tsunekawa, & Yokota (2005) they concluded that the urban
growth had continued beyond the city limits. Similarly, I detected that vegetation condition was less
disturbed as the distance from the urban center increases, likely causing by less urban activity in such
areas. Xian & Crane (2006) also reported the reverse trend between vegetation and urban impervious
area in Las Vegas, indicating urbanization can potentially increase the vegetation cover. Practically,
Google Earth is an ideal alternative for validation purposes. Compared to conventional high spatial
resolution aerial photography and satellite imagery, Google Earth imagery has two main advantages.
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First, Google Earth imagery is freely accessible. To date, most of high spatial resolution remote sensing
data is expensive with limited access. Second, Google Earth images offers a rich temporal record of
locations worldwide. The timeline option in Google Earth enables easily navigate through time allowing
users to select the highest possible quality, cloud free imagery, for validation purpose. However, the
validation process also exposed uncertainties and new challenges. Compared to previous studies (Small
et al., 2011; Small & Lu, 2006), our correlation coefficients between 0.66 and 0.77 were relatively low.
This is partially due to challenges associated with human interpretation of vegetation fraction scores in
highly vegetated locations. In spectral mixture analysis, a common validation process often involves
applying spectral unmixing on high resolution aerial photography or satellite imagery. Given digital high
spatial resolution imagery was not readily available for all of the cities of interest I believe visual
interpretation approaches were appropriate recognizing the benefit of Google Earth (Dorais & Cardille,
2011) as a reliable source of validation images that match the scale of this work.

4.1.4.

Potential drivers of urban vegetation change

Previous studies (N. C. Heynen & Lindsey, 2003; J. Liu, Zhan, & Deng, 2005; Luck, Smallbone, &
O’Brien, 2009) have summarized a list of potential physical drivers behind urban vegetation change,
including topography, proximity to water, climate, as well as vegetation type. As a result common
patterns across a number of cities are evident. Cities such as Mexico City and Edmonton developed in
flat terrains are more likely to expand evenly around urban center hence vegetation loss in all directions.
Cities such as Dalian and Shenzhen-Hong Kong exhibited a typical linear urbanization pattern, which is
often seen in coastal cities. In such cases, urbanization is largely restricted by water bodies. Although,
due to the poor accessibility, mountainous topography can also be a limiting factor in spatial
urbanization, it does not restrict urbanization as much as large water bodies. Climate and vegetation
type, have more absolute effects on the amount and condition of vegetation within an urban area. Cities
located in dry and desert regions such as Las Vegas and Phoenix shown opposite vegetation change
patterns compared to more temperate or tropical urban environments. In such cities, urbanization often
brings with it increases in vegetation, replacing inhabitable landscapes with vegetated human
settlements such as manicured gardens, parks, golf courses and public spaces. Such vegetation gains are
not always viewed positively and be harmful for local environments by disturbing underground water
tables (Gober, 2010) and introducing invasive species (McKinney, 2002).
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Besides the aforementioned physical factors, there are a number of other social and cultural factors
that are likely to contribute to the observed vegetation changes and their spatial distribution. Drivers
such as the increasing demand of single-family housing (Kestens, Thériault, & Des Rosiers, 2004) and
advanced fast transportation systems (Janelle & Beuthe, 1997) not only boost people’s desire to live
further away from the urban center, but also increase the inequality within urban environments in
terms of accessing quality urban vegetation (Lu & Chen, 2004).
Recent efforts by urban researchers and local managers have focused on the relationships between
social and cultural drivers with urban related land-cover changes (Swetnam et al., 2011). Next chapter,
another remote sensing derived metric, nighttime lights (NTL) was introduced and compared against
conventional census date to examine the casual relationship between population and GDP on urban
brightness.
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Chapter 5
5. Are bright cities big cities ?
5.1.

Introduction
In this chapter, I first intercalibrated Nighttime lights (NTL) data using a localized modelling

approach to ensure temporal consistency and minimize effect caused by saturated NTL pixels (Small &
Elvidge, 2013). Second, I spatially delineated and track urbanization patterns using the Theil-Sen
estimator for 25 urban environments across the pan Pacific region. Then, I examined the causality of
two common socio-economic variables (population and GDP) on NTL using panel Granger causality
procedures. This approach allows a statistical verification of the possible drivers of urban development,
by examining the effect of exogenous macro-level socio-economic factors on physical city growth. This
chapter demonstrates new ways of investigating relationships between NTL data and socio-economic
development.
Cities have multi-faceted definitions, including the permanent areas of heavily human-induced
infrastructure and the socio-economic entities that facilitate industrial development and population
growth (Lo & Marcotullio, 2000a; Montgomery, 2008). City growth, commonly known as urbanization, is
thus the interplay between its physical and socio-economic environments. Reliable assessment and
quantification of urbanization is critical to better allocate resources and optimize developing efficiency.
Sustainable city growths rely primarily on reliable and consistent measurements of urbanization. The
key metrics that have been utilized to examine such activity and its associated variations fall into two
main categories. First are demographic metrics such as births and deaths, immigration and emigration,
leading to estimates of population size and density. The second set of metrics are associated with the
wealth of a city such as regional gross domestic product (GDP). These data can be acquired in a number
of ways. Population data are often recorded through censuses where the resident population is polled
locally using forms and interviews. Alternatively, economic data are most often complied directly by
state government or local administrative units.
Census and economic data are often in tabular format with limited value for monitoring spatially
explicit changes that are much needed in urban studies (Jensen & Cowen, 1999). It was not until the
1970s that remote sensing satellite imagery become an alternative data source for monitoring city
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growth in a more repeatable and comprehensive manner and offers a much richer source of information
than conventional survey data (Schneider, Friedl, & Potere, 2009). However, most urban remote sensing
applications mainly focused on extracting physical features such as delineating city boundaries
(Henderson et al., 2003) or mapping and quantifying land-cover changes (Venter et al., 2016).
Characterizing the socio-economic nature of cities has still primarily remained the domain of census
data.
Early studies such as (Welch, 1980) uses lights to model urban population and energy, while Croft
(1973) uses the nighttime space photographs to map burning waste in oil fields. More recently, digital
NTL data have been increasingly used on mapping urban and urbanization related human activities such
as delineating urban expansion (Small et al., 2005), modelling economic activities (Ebener et al., 2005),
and CO2 emissions (Ghosh et al., 2010). Yet, the interpretation of NTL brightness, also known as digital
number values (DN), is highly subjective and varies from study to study (Donaldson & Storeygard, 2016).
In this chapter, I interpreted NTL values in a more general fashion to represent overall human activities.
Thus, I assume that an increasing NTL value is indicative of growing human activities rather than one
specific variable in previous studies.
Much of the existing research has shown encouraging results correlating NTL with other ancillary
variables such as GDP and population size. However, few have investigated the causal interaction
between NTL and socio-economic development. Analyzing the causal relationships between NTL and
socio-economic variables can be more valuable than traditional correlation approaches for
understanding the drivers of city growth, and prioritizing long-term policy drafting and practical urban
planning.

5.2.

Materials and methods

In 1992, the first digital NTL acquired by the Defense Meteorological Satellite Program's Operational
Linescan System (DMDP/OLS) was released by NOAA’s National Geographical Data Center (NGDC). NTL
has been used extensively to track urban activity and its associated temporal characteristics, enabling
researchers and urban planners to quantitatively compare and contrast spatio-temporal patterns. The
full NTL temporal record enables us to chronicle the development of urban patterns and produce
spatially explicit estimates that reflect a city’s growth or decline (Ma et al., 2012). However, in most
years, DMSP-OLS operates a dual-sensor system, meaning that there are two sensors recording
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spontaneously. Thus, an intercalibration was needed (section 5.2.1) to build a robust time series of NTL
(section 5.2.2). Using a panel version of Granger causality test (section 5.2.3), census data were then
compared against NTL time series.

5.2.1.

Intercalibrate nighttime lights time series

Annual average visible cloud-free nighttime lights composites (Version 4) were acquired from NOAA
(http://ngdc.noaa.gov/eog/dmsp.html) covering 1992 - 2013. Images were formatted as Digital
Numbers (DNs) ranging from 0 to 63 with a higher DN representing higher illumination or brightness of
lights.
Due to the lack of an onboard calibration mechanism, robust intercalibration is a critical step to allow
images from different years or sensors to be directly comparable. Recently, Pandey, Zhang, & Seto
(2017) quantitatively evaluated nine most commonly used intercalibration techniques using a Summed
Normalized Difference Index (SNDI, Equation 1). Similar to Zhang et al. (2016) and Elvidge et al. (2014) I
built a 3rd degree polynomial model to calibrate each image to a reference year. A reference year was
selected based on maximal DN values across the selected cites, an approach which has been used
previously (Bennie et al., 2015; C. Elvidge et al., 2014; Li et al., 2013; Z. Liu, He, Zhang, Huang, & Yang,
2012; Pandey, Joshi, & Seto, 2013). Rather than using one single model for all cities, I fitted a polynomial
model for each individual city to account for local NTL variations.
I evaluated the calibration results for each city using SNDI, which quantified the level of convergence
in NTL temporal series of a given city. SNDI is the total of Normalized Difference Index (NDI, Equation 2)
which assessed the absolute difference of total DN values (TDN, Equation 3) between two sensors in the
same year between two different sensors. As suggested by Zhang et al. (2016) and Pandey et al. (2017)
an effective intercalibration should yield a much lower SNDI than the raw images. My intercalibration
SNDI was then compared against raw data, Zhang et al. (2016), and Elvidge et al. (2014).
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A challenge associated with NTL data was a pixel saturation issue which can occur due to the limited
radiometric range of NTL sensors. Recently Zhang et al. (2013) incorporated a series of vegetation
images to desaturate NTL data on the assumption that there is an inverse relationship between
vegetation abundance and NTL brightness. However, since our goal of this chapter was to investigate
the casual relationship between NTL, GDP and population, the inclusion of another input variable (e.g.
vegetation) would complicate the process of interpreting statistic analysis. In addition, Zhang et al.
(2013) suggested a limited improvement of NTL variability for fast growing cities compared to more
established legacy cities. The inverse relationship between NTL and vegetation may not hold for
developing cities in this chapter. As a result, NTL images used in this chapter were calibrated but not
alerted to accommodate potential saturation issues.

5.2.2.

Generate NTL temporal trend

As indicated by previous studies, a “lit” pixel did not necessarily coincide with human activities due to
the potential “blooming” effect caused by diffused or scattered light from neighboring pixels (Small &
Elvidge, 2013). I therefore used a threshold of DN = 12 as a threshold between lit and non-lit or dimed
pixels (Small et al. 2011). I then generated NTL trends for all 25 urban environments over the 21 years.
In order to capture any development in initially low-lit area, NTL trends were generated for all nonwater pixels, including the ones with a DN value below 12. A Mann-Kendall non-parametric test (Mann,
1945) was used to determine the significance of the monotonic trend in NTL. The TS estimator, which
has been widely used with time series data (Hansen, M. C., Roy, D. P., Lindquist, E., Adusei, B., Justice, C.
O., Alstatt, 2008) to describe temporal change in intensity, was applied to pixels identified by Mann-
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Kendall as statistically significant (p < 0.05). Those pixels were then used to calculate the trend slope
values based on the median of pairwise data points from 1992 to 2013.
Based on the slope values, I then grouped the 25 cities into two classes. The first class contained
cities which have experienced rapid NTL growth over the 21-year period. The second class represented
cities with much lower or no slope in trend in NTL, indicative of little urban growth over the time.
Specifically, cities in rapid NTL growth group needed to have at least 20% of pixels experience significant
changes. In addition to the slope values I also examined the NTL with a predefined threshold (e.g.
DN=12) to determine for which year a given pixel exceeded the threshold value, indicating the year
urban establishment in that pixel passed the brightness threshold.

5.2.3.

Granger causality test

Although NTL has been extensively used as a proxy to anthropogenic activities, many econometric
theories and tools have rarely been applied with the NTL time series. The most notable challenge is that
econometric tools often require decadal or even centurial time series as input in order to capture the
often weak relationship between two given economic variables (Levin, Lin, & Chu, 2002). NTL imagery
collected by DMSP/OSL has a relatively short time span (i.e. 1992-2013) and therefore are often not well
suited to econometric tools. Recent studies (Hsiao, 2007) however have shown encouraging results for
utilizing relatively short time series for causation testing through panel data that are a collection of
entities (e.g. cities) where the variables are observed across time.
Statistically, the Granger causality test (Granger, 1969) describes the strength of association between
two time series by testing whether or not the inclusion of one time series (xt) can improve the
forecasting of future values in another time series (yt). If the addition of xt significantly improves a
model’s explanatory power in predicting yt, I could conclude that xt “granger causes” yt.
In this chapter, the panel version of the Granger causality test combined individual short-time series
data in a form of cross-sectional structures that increased the test efficiency and power by raising the
number of observations and degrees of freedom (Hoffmann, Lee, Ramasamy, & Yeung, 2005). In this
chapter, a total of three panel data sets were generated for causality test, namely, total DN (TDN), total
population (TPOP_Total), and total GDP (TGDP_Total) for each of the 25 cities. As a result, each panel data set
had a total of 25 cross-sections (N=25 cities) and 22 temporal units (T=22 years). Total DN was
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calculated as the sum of DN values of all lit pixels for each year to represent both the area and intensity
of the NTL. I also examined the differences between cities which are rapidly developing (N=13) versus
those which are more established (N=12).
Granger causality tests required all panel data to be stationary and co-integrated based on two panel
unit root tests; the Levin & Lin (Levin et al., 2002), known hereafter as the LLC test and Im & Pesaran
(2003), known hereafter as IPS. The panel co-integration test of Johansen (Johansen, 1988) was applied
to examine co-integration among all pairs of temporal variables (test results in Appendix 4).
The rejection of Granger causality tests H0 (p < 0.01) indicated a unidirectional causal relationship
from one input variable to the other. I employed the panel Granger causality test proposed by
Dumitrescu & Hurlin (2012), thereafter DH, which respected the heterogeneity within relatively small
panel data sets.

5.3.

Results

5.3.1.

Intercalibrating NTL time series

Overall, all calibration methods successfully reduced the systematic biases in the NTL images with a
lower SNDI than for the raw data across most of the cities (Figure 5.1). Although Zhang et al. (2016) and
Elvidge et al. (2014) yield lower SNDI at the global scale, our city level calibration shows a marginally
better calibration result in terms of minimizing systematic biases. Haikou (HAK), Nanchang (NCX), and
Vancouver (VAN) all have a relatively higher SNDI value compared to the other cities tested.

62

1.8

Raw

Zhang

Elvidge

Lu

1.6
1.4

SNDI

1.2
1
0.8
0.6
0.4
0.2
van

tjn

tko

sin

syd

shh

sel

sea

ncx

phx

mex

mel

man

lav

kul

hksz

har

hak

fuz

den

edm

dal

csx

cal

bak

0

Figure 5.1 Sum of normalized difference index (SNDI) derived from raw image, Zhang et al., (2016),
Elvidge et al., (2014), and Lu (this chapter).

5.3.2.

Quantifying spatio-temporal changes

Large inter- and intra-city variations were apparent. For example, in Denver (DEN), steeper slopes
were clustered in the north and east side of the city while in Kuala Lumpur (KUL), intensive NTL changes
were located in the south (Figure 5.2). The majority of pixels with rapid change were found in less
developed cities (e.g. HAR) while more developed cities exhibited more stable NTL trends (e.g. CAL).
Variations occurring within the same city also clearly exposed NTL change hotspots and the growth of
surrounding satellite cities during the study period (e.g. BAK, SHH).
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Figure 5.2 NTL change rate represented by Theil-Sen slope values showing the rate of change from 1992
to 2013. Water is colored as white. Cities were grouped based on its growth intensity. Left panel contains
cities with fast and more dynamic urban growth while the right panel include cities with more stable and
less development.

Spatially, the recent urban development generally occurred on the outer rings of each urban area
(Figure 5.3; e.g. FUZ and CSX). Timing of urban development was also variable with cities such as Seoul
and Kalua Lumpur dominated by land-cover changes in the early stage of the time series while changes
in Changsha and Dalian were relatively more recent.
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Figure 5.3 . The year when a given pixel within each urban environment exceeded the predefined DN value. Dark grey pixels represent existing urban areas prior to 1992 while light grey
indicating areas with no sufficient light sources in 2013.

I observed a wide range of variation within and across all 25 cities in urban development (Figure 5.4).
For example, Tokyo (TKO) and Hong Kong (HKSZ) have over 75% of land urbanized prior to 1992 while
most cities in China had less than 10%. Cities such as Shanghai (SHH) and Tianjin (TJN) experienced
substantial growth over the period studied with nearly 50% of the land crossing the pre-defined
threshold value. A few cities, however, had less growth with approximately 75% of land remaining
undeveloped.
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Figure 5.4 Urban land breakdown of changed, undeveloped, and existing urban areas, ranking the 25
cities from the highest proportion of lit pixels (i.e. TKO) to the least (i.e. HAK).

5.3.3.

Granger causality test

The Causality test results differ depending on the cities analyzed (Figure 5.5). Expectedly, across all
cities, both population and GDP played a major role in directing changes of NTL. Additionally GDP and
NTL also “granger caused” changes in population (p < 0.01, Figure 5.5a). This implied that the brightness
of cities follows increases in both population and GDP equally and that neither population nor GDP
alone is responsible for increasing the NTL. Unexpectedly, the test also suggested GDP and NTL “granger
cause” population growth suggesting that population change was the outcome rather than the cause of
urban development (Figure 5a).
Stratifying the cities by development stage I found contrasting and unexpected results. In the case of
more established cities with few NTL changes over the analysis period, the causal relationship from NTL
to population was no longer significant yet changes in population “granger caused” both GDP and NTL
(Figure 5.5b). This suggested that in cities with relatively stable NTL, population and GDP were likely the
key driver of local economic and urban development but not the other way around.
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For fast changing and more dynamic cities, there were only two significant casual relationships –
growth in NTL and GDP leading to an increase in population. Unexpectedly, there was no significant
causal association between GDP and NTL (dash lines in Figure 5.5c). This suggested that in rapidly
changing cities population increases were driven by brighter and more economically active urbanization.

Figure 5.5 Causal interactions among NTL (nighttime lights), POP (population size), and GDP
(Gross Domestic Product) of a) all cities, b) established cities, and c) dynamic cities. A solid line
represents a statistically significant causal relationship while a dotted line indicates no
significant causality. Arrow head indicates the direction of causal relationship and a doubleheaded arrow represents a bi-directional causal relationship.

5.4.

Discussion

5.4.1.

NTL calibration

The calibration method in this chapter successfully minimized the systematic biases at the city scale,
enabling direct comparisons among images taken by different sensors (Figure 5.1). Pandey et al. (2017)
suggested that a global calibration (i.e. national level) could outperform regional models which does not
appear to be the case in this study. I found that intercalibrated models at city scale achieved relatively
lower SNDI across all 25 cities than using calibration parameters from previous studies (Figure 5.1). One
rationale was that the majority of the pixels used in the calibration process were brightly lit (i.e. pixels
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located in urban area) which had a much higher contribution to the overall SNDI statistics than dimly lit
pixels (Pandey et al., 2017). It was also noticeable that the calibration performance varies across cites.
Images with large portion of dimly lit pixels were more likely to suffer from less optimal calibration due
to existence of random noises and the skewed radiometric DN values. Island cities or cities surrounded
by large green spaces may have a relatively less even distribution of DN values, which may explain our
inconsistent calibration performance in Figure 5.1. Cities with higher SNDI values were either located in
developing regions (e.g. Changsha and Haikou) or cities with higher cover of vegetation cover (e.g.
Vancouver). Generally, those cities had fewer brightly lit pixels than cities such as Tokyo. Therefore, I
concluded that a locally fitted intercalibration model will likely work better in areas dominated by high
DN pixels.

5.4.2.

Is 60-km buffer ideal

It was unsurprising to see that cities with more dynamic and fast changing rates were located in Asia.
According to United Nation’s review in 2001, on average, Asian cities were at least 50 years behind
Europe and North America in terms of urbanization level (United Nations, 2002). Mega-cities in Asia on
the other hand showed highly dominating and disproportional impact on regional and national
economic development. Studies (Jones, 2002) have suggested that urban dwellers have an overall better
living standard such as education and consumption level, hence attracting substantial amount of inmigration from rural areas. Understanding the spatial pattern and the timing of urban development in
those fast changing cities could offer valuable information on efficient land resources allocation which
can further reduce the per capita cost of infrastructure and basic services (Cohen, 2006). In contrast,
urbanization tended to be less concentrated in more developed cities due to their advanced urban
network (Cohen, 2006). As a result I noticed that while a 60-km radius buffer was sufficient for fast
changing and more dynamic cities, it was clearly not large enough to capture recent urbanization
activities in more developed cities (Figure 5.2 & 5.3). Other alternatives such as algorithmically derived
urban extent have been used in previous literatures, focusing on primarily tracking urban land-cover and
land use over time. This approach however, still required a fixed boundary to define where the city ends.
Although this chapter used a ground distance of 60 km to delineate urban boundary, other distance
measuring approaches such as travel time ratio (Dijst & Vidakovic, 2000) or Manhattan distance
(Apparicio, Abdelmajid, Riva, & Shearmur, 2008) may affect the casualty tests. One limitation regarding
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to the boundaries of selected cities was the spatial scale difference between remote sensing data and
census record which was often collected using administrative units. The scale inconsistency between
these two data sets may alter the final results. Yet, since the census data used in this chapter
represented metropolitan area which in general covers a relative larger area than normal administrative
units, the results were still able to offer valuable insights on decoupling the relationship between NTL
and socio-economic development.

5.4.3.

Chicken or the egg: causal relationship between NTL and socio-economic factors

A large number of econometric studies have reported inconsistent results when examining
interactions between socio-economic and environmental variables. Mozumder and Marathe (2007)
summarized a number of studies and found mixed causal relationship results depending on the study
location, types of variables, and duration of time series used. Knapp & Mookerjee (1996) tested the
underlying interaction between population growth and global CO2 and concluded a weak long-term
equilibrium but strong short-term relationships between population and CO2. Seto & Kaufmann (2003)
also employed panel causality procedures with remotely sensed images to estimate the economic
drivers of land conversion in urban areas and concluded that investment in capital construction is driving
urban land conversion.
It has long been thought that population was the primary driver of urban brightness while economic
development was rather a form of outcome of urbanization. In this chapter, I found that population and
GDP revealed contrasting effects on NTL trends between stable and more dynamic cities. Statistically,
changes in NTL were significantly driven by both population and GDP growth in more established, slow
changing cities. Previous work (Dietz, Rosa, & York, 2007; Satterthwaite, 2009) has indicated that rather
than growing population alone, it was the high consumption lifestyle, economic and political decisions
that lead to urban growth. My results showed that in more developed cities, it was in fact both the
population and economic development that drives urban NTL changes.
However, in fast changing, yet often less developed cities, the growth of NTL brightness and GDP
were driving population changes rather than the other way around. In those cities, a major source of
population increase was through large in-migration from rural and neighboring areas and involves
densification and conversion of existing farm, forest or barren land to urban land-cover types (Jones,
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2002). My results implied that migration was more attracted to cities with promising economic
conditions and undergoing fast urbanization paces.
In the following chapter, vegetation fraction (chapter 3) and NTL time series (chapter 4-5) were
compared against each other using three candidate relationships, namely, linear, quadratic, and cubic
models, in order to confirm the Environmental Kuznets Curve (EKC) theory.
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Chapter 6
6. Testing EKC theory: What is the relationship between urban vegetation and nighttime
brightness across pan Pacific cites?

6.1. Introduction
My goal in this chapter is to evaluate the relationship between human development and
environmental quality within, and across, cities at a pixel level using results from previous chapters. I
used vegetation fraction value (Chapter 3) to represent urban vegetation cover while NTL time series
(Chapter 4) was used as a proxy to urban economic development.
Cities worldwide strive to grow not only economically strong but also environmentally sustainable.
Understanding relationships between urban activity and the environment has critical implications for
achieving long-term sustainability and evaluating policy decisions (Panayotou, 1997). Declines in
environment conditions such as the loss of vegetation (Chapter 3), highlight the need for stricter
regulations and government efforts that prioritize environmental recovery over economic development.
Conversely, improvements in the environmental conditions within cities suggest sustainable and
planned development.
Despite the fact that the relationship between urban economic development and the impact on
environment has been widely debated (Schaltegger & Synnestvedt, 2002), there is no consistent
framework from both theoretical and empirical studies that provide suggestions as to how cities can
develop in a sustainable and environmentally friendly manner. Many studies conclude an irreversible
and monotonic impact on the environment brought about by human development primarily as a
consequence of economic activities (Akbostanci, Türüt-Aşik, & Tunç, 2009; Stern, 2004). High rates of
economic activity such as extraction of natural resources typically produce large quantities of waste and
pollution (Hoornweg, Bhada-Tata, & Kennedy, 2013). For example, Fodha & Zaghdoud (2010) found a
linear trend between per capita CO2 emissions versus per capita GDP in Tunisia. Similarly, Akbostanci,
Türüt-Aşik, & Tunç (2009) showed that per capita CO2 emissions increased monotonically with per capita
income in Turkey.
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Others argue that the negative impact of human development in cities decreases over time in
response to more efficient production (Bartlett, 1994; Beckerman, 1992). These studies suggested that
urban environments ultimately reduce the impact of environmental degradation through increased
wealth and education. For example, Panayotou (1997) found across 30 countries the level of ambient
SO2 (a key indicator of pollution) decreased as GDP per capita increased. A more recent study (Aldy,
2005) investigated the relationship between the consumption of CO2 per capita versus income per
capita in the United States, and suggested a similar trend where CO2 levels reduced with increasing
income.
Schaltegger & Synnestvedt (2002) suggested one hypothesis for the often conflicting conclusions of
these previous studies. First, a lack of consistent and compatible data, with which to assess both
environmental degradation and economic activity, largely complicates the process of comparing cities
across time and space. Common datasets on economic development include statistics on local Gross
Domestic Production (GDP) and income level. However, these were commonly compiled by local census
departments, which often do not share similar scales and resolutions in terms of temporal updates and
spatial details. Various measurements of airborne and water pollutions were frequently used as the
basis of environmental performance (Grossman & Krueger, 1991; Selden & Song, 1994; Shafik, 1994).
However, using pollution emissions as an indictor of environmental performance received criticism
(Stern, 1998). For example, the Hecksher-Ohlin hypothesis (Heckscher, 1919; Ohlin, 1952) suggested
that developing countries are more likely to produce goods that are labour- and resources-intensive
given their inexpensive and abundant resources. More developed countries tend to focus on tertiary
goods and services and human capital development with a relatively small environmental footprint.
Additionally, it is difficult to compare spatially and temporally inconsistent measurements over time that
are exclusively recorded for a specific production or industry type and are not representative of other
environmental issues over the entire cityscape (Cadenasso, Pickett, & Schwarz, 2007).
Environmental Kuznets Curve (EKC) theory hypothesizes a U-shaped relationship where
environmental performance decreases at the early stage of economic development and recovers as the
economy reaches a certain turning point (Kuznets, 1955). Indicators such as income levels and
measurements of certain pollutants are often used to represent economic development and
environmental performance, respectively. Appling EKC based approaches at both inter- and intra- city
scales provides insights into the balance between human activity and environmental sustainability. For
example, at the urban core, downtown or city centre there may be low vegetation cover and high levels
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of human development and density, whereas outer suburban areas may be more likely to exhibit an
opposing pattern with increased vegetation cover and lower human activities. As a result, the
relationship between human development and environment performance is not a simple linear decline
and will likely vary within and across cities.
Indicators of both the economic and environmental conditions within city environments range from
simple tabular data to more complex spatially explicit predictions. In comparison to statistics on
airborne and water pollution, or industrial output that have commonly been used for EKC analysis,
changes in urban vegetation cover is a relatively direct measurement of the environmental conditions
within a city with urban greenspace being shown to be indicative of effective environmental
management and government regulation (Zhao et al., 2016). Conversely declining urban vegetation
cover has been linked to intensification of human development and increases in impervious surfaces
(Quigley, 2002, 2004). Conventionally, information on urban vegetation cover has been generated from
land use or land use maps, both of which represent vegetation cover as a categorical variable (e.g.
vegetation vs. non-vegetation). Vegetation cover can also be effectively observed from satellite imagery
due to the reflective properties of foliage in the visible and near infrared regions of electromagnetic
spectrum.
Changes in satellite-derived nighttime light (NTL) intensity has also been shown to be a good
indicator of economic activity particularly in cities (Bennett & Smith, 2017; Small & Elvidge, 2013; Small
et al., 2005). The most common and perhaps the earliest interpretation of NTL is as a proxy to economic
development, on the assumption that a brighter city is a wealthier city (Doll, Muller, & Morley, 2006).
The main benefits of NTL compared to conventional socio-economic data is its compatibility and
consistency over time and its capability of providing reliable estimates especially for undocumented
regions or areas with poor census data. Although the use of remote sensing data has been
demonstrated in urban studies (e.g. Seto & Kaufmann 2003; Zhang, Pandey, & Seto 2016), uncoupling
the relationship between human development and the environment has not been fully articulated.
There is also a need to examine whether trends in these metrics are generalizable across and within
different cities.
In this chapter, I statistically tested the relationship between economic and environmental conditions
on fine spatial detail (30-meter spatial resolution) of 25 cities across the pan Pacific region from 1992 to
2012.
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6.2. Materials and methods
Two sets of variables were needed for testing the EKC theory. Firstly, intercalibrated NTL time series
(section 6.2.1) were used as a proxy for urban economic development (x-axis on EKC). Secondly,
vegetation fraction values (section 6.2.2) were used as an indicator for environmental conditions (y-axis
on EKC). A pixel-based model fitting procedure was used to find the optimal relationship based on
Akaike Information Criteria (section 6.2.3). Parameters of the optimal model were then used to
determine the directionality and magnitude of the relationship between VF and NTL (section 6.2.4).
Lastly, a join-count statistics was used to examine the spatial autocorrelation of each individual models
(section 6.2.5).

6.2.1.

Human development and economic indicator—Nighttime lights

I used NTL images acquired by the Defense Meteorological Satellite Program (DMSP) from 1992 to
2012 (https://ngdc.noaa.gov/eog/viirs/download_dnb_composites.html). Cloud-free NTL composites
measured the brightness level of the target and have been widely used to represent human activities. In
order to capture changes in the relationship between NTL and vegetation cover, I excluded pixels that I
re already bright at the beginning of the time series (i.e. 1992) on the assumption that they would not
undergo any more significant brightness changes for the analysis period. To be defined as a bright pixel,
it had to exceed the 95-brightness percentile of the entire time series of a given pixel.

6.2.2.

Environment condition indicator – Vegetation fraction

I used the annual vegetation fraction (VF) images derived from spectrally unmixed Landsat
composites as proxies to environmental condition for the 25 cities from 1992 and 2012. VF images I re
developed using spectral unmixing analysis (SMA) which assumes each pixel contains multiple pure landcover materials, known as endmembers, and decomposes each pixel into fractions of those
endmembers. Chapter 4 developed an annual VF layer at a 30m resolution for all 25 selected cities using
annual Landsat composites.
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6.2.3.

Model fitting

Common approaches of examining EKC theory generally utilise two sets of time series variables, one
representing economic development and the other indicating the environmental performance. Various
forms of statistical fits have assessed the validity of the EKC framework (Figure 6.1) and three common
relationships from previous literature, namely, linear, quadratic, and cubic models. I then attempted to
identify the most appropriate model for each qualified pixel within each city by comparing those three
relationships (Figure 6.2). In theory, a linear model represents monotonic and irreversible relationship
while a quadric model is likely indicative of the EKC theory. A cubic model is more complicated than
linear and quadratic relationships, suggesting a rather more modulating relationship between
vegetation fraction and nighttime lights.

Figure 6.1 An Illustration of previous studies attempting to quantify the relationship between
economic indicators versus an environmental variable. (Note that all figures have been
simplified to only highlight the relationship between the corresponding variables.

Specifically, I applied model-fittings for each of the pixels within the city limits using the three models
and selected the best model based on two criteria. First, the best model must have an AIC score (Akaike
Information Criteria) that is at least two units lower than other two competing models (i.e. ∆AIC ≥ 2)
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(Burnham & Anderson, 2003; Gergel et al., 2004). The second criteria relied on F tests (p < 0.05) to
eliminate statistically insignificant models that may score a low AIC value (Gergel et al., 2004). A water
mask (Chapter 3) was applied to exclude water bodies from model fitting processing.

Figure 6.2 Vegetation fraction (VF) time series regresses against Nighttime time light (NTL)
time series pixel by pixel. Three candidate models (linear, quadratic, and cubic) I re used to
determine the most appropriate model based on AIC score and statistics significance. The
red pixel symbolizes where the city center is while the blue pixel represents water which
was excluded from all subsequent model fitting.

6.2.4.

Directionality and magnitude

Once the best model form was identified, I extract the leading coefficient (i.e. the parameter of the
variable with the highest exponent) and its associated t test. For each pixel with a statistical (p < 0.05)
trend, I then determined both the direction and magnitude of the trend (i.e. a positive vs negative
leading coefficient). A positive leading coefficient can be interpreted as a growing vegetation with a
booming economic development.

6.2.5.

Join-count statistics

In order to examine the spatial patterns of the trends within individual cities I computed the global
spatial autocorrelation index using join-count statistics (Cliff & Ord, 1970). Join-count statistics are
widely used to measure spatial association for categorical data (Getis & Ord, 1992). This chapter used
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the Queen case contiguity to define neighbouring focal cells and three possible combinations of
neighbouring cell components, typically known as BB (black-black), WW (white-black), and BW (blackwhite) joins. A BB join indicated that the neighbouring cells have been assigned to the same model while
a WW join indicated that none of the adjacent cells had a statistically significant relationship. The BW
join indicated that neighbouring cells have been assigned different trends.
Once assigned join-counts I re examined in comparison to a random distribution to establish if any
trends within cities were clustered. I calculated the ratio between total join counts for each individual
model and values from a random spatial pattern (refer to as Rj/r thereafter). Theoretically, with a higher
ratio, I would expect a stronger spatial association.
Lastly I divided the classic EKC figure into 4 quadrants to compare and contrast differences across
cities through time representing (i) initial development with rapid environment degradation, (ii) slowing
environmental degradation with a more mature economy, (iii) economic prosperity with a recovering
environment and finally (iv) a prosperous economy and sustainable environment.

6.3. Results
6.3.1.

Model selection

Only pixels with statistically significant trend were qualified for model fitting. Eight cities had more
than 70% of their area consisting of statistically significant (p < 0.05) relationships. More than half of the
cities (i.e. 19 out of 25) had over 50% of pixels successfully fitted to one of the three relationships (i.e.
linear, quadratic, or cubic). Overall, coastal cities (e.g. Shenzhen-Hong Kong, Vancouver etc.) had a
relatively fewer qualified pixels compared to inland cities.

6.3.2.

Goodness of fit

A linear relationship indicates a monotonic trend between VF and NTL while quadratic or cubic
models were indicative of at least one directional change between urban VF and NTL with the
correlation coefficient providing an indication of goodness of fit (Figure 6.3). Overall, despite the fact
that linear models were the most popular candidate relationship (Figure 6.4), they explained the least of
the variation between NTL and VF compared to quadratic and cubic models. Four cities from China (i.e.
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Changsha, Shenzhen, Shanghai, and Tianjin) exhibited cubic patterns rather than quadratic. Phoenix and
Tokyo had almost an equal proportion of linear and quadratic models comparing to the rest of the cities.
The majority of Asian cities showed a dominating pattern of cubic relationships when compared to
North American cities (Figure 6.4). Cities from high income countries were more dominated by linear
models. It was also apparent that cities located in tropical and temperate climate schemes were more
likely to have more quadratic and cubic models than cities from continental and arid climate schemes.

2

Figure 6.3 Histograms of r values for each selected model.

6.3.3.

Spatial distribution of fitted models

Pixel-based model fitting allowed visualization and investigation of the spatial distribution of all fitted
models. Cities showed varying patterns of model distribution. For example, linear relationships
dominated the urban centers of Tokyo and Shenzhen (Figure 6.5a-b) while in Manila and Shanghai, city
centers were characterised by more quadratic models (Figure 6.5d-e). Another noticeable difference
among cities were the varying range of leading coefficients for each model. Cities such as Calgary (Figure
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6.5c) had a narrower range of coefficient values (i.e. from -0.31 to 0.27) compared to cities such as
Shanghai (i.e. range from -3.23 to 2.79).
Although clusters of pixels within each city were apparent, the spatial distribution of these clusters
varied from city to city. Figure 6.6 shows how strong the spatial association was for each model within a
city. Quadratic relationships tended to have a similar or slightly lower spatial association than cubic
models except for Vancouver and Tokyo. Interestingly, I also noticed that coastal cities had an overall
higher spatial association than inland cities.

Figure 6.4 Percentage of pixels for each selected best model type at a city level.
Only pixels with significant changes were used for calculating the percentage of
each model. Pixels that did not fit any of the three functions were not concluded.

6.3.4.

Locations of cities on an EKC

I found no cities located in quadrant i, confirming that all 25 cities have likely passed the stage
where environmental degradation drastically outpaces economic growth (Figure 6.7). Overall, four out
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of six cities positioned in quadrant ii were located in Asia, with the exception of Las Vegas (lav) and
Phoenix (phx). Interestingly, other cities from Asia such as Shanghai, Seoul, and Bangkok have been
grouped with cities from high income North American cities. The majority of quadrant iv cities were
located in relatively more developed regions with a minimal increment on brightness but noticeable
increases in vegetation. Cities that experienced noticeable vegetation fraction decrease were mostly
from Arid or Continental climate schemes.

Figure 6.5 The top panel represents the best model selected based on AIC score and F-test at pixel level.
Coefficients of leading variables for each selected model were shown in the bottom panel. The sign of
each coefficient determines the directionality of the relationship while the absolute value of the
coefficient indicates the magnitude of impact of NTL on VF.
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Figure 6.7 Spatial autocorrelation represented by the ratio between total counts of joins and a
random spatial pattern calculated by Join-count statistics for each model. Theoretically, with a
higher Rj/r, I would expect a stronger spatial association.

Figure 6.6 Positions of the examined cities on the EKC curve. It
classifies the 25 cities using the summed value of NTL and VF pixels
excluding water.

81

6.4. Discussion
Questions as to whether EKC trends exist were examined using various socio-economic and
environmental indicators yet with a variety of contradictory conclusions. I examined the validity of the
EKC hypothesis at both inter and intra urban scales. To do so I examined the relationship between
human development and the environment represented by nighttime lights (NTL) and vegetation fraction
(VF) by fitting a variety of model forms.
I found that linear models were the most dominating relationship across the wide range of examined
cities, particularly in high-income cities from North America and Oceania. On the other hand, the
pattern was less obvious for middle and low-income cities. For example, the city of Haikou in China is a
middle high-income city but it was also dominated by linear models. In terms of spatial-temporal
pattern, I found that in general, sub-urban in Asian cities experienced more temporal changes of VF and
NTL comparing to high income cities. I also noticed dramatic differences of spatial autocorrelations
(Figure 6.6). Across the pan Pacific cities, there was little evidence of quadratic or cubic relationships
(Figure 6.4). Although quadratic models were not the most dominating among all three tested models, I
still found certain hotspots or clusters of areas displaying a typical EKC theory. These hotspots of
quadratic models also demonstrated a stronger spatial association comparing to other two candidate
models (i.e. Tokyo, Vancouver). Together, these two results indicated that the hypothesized EKC likely
exists within city confines and is likely highly clustered. For example, in spite of a general vegetation
decrease in Shanghai’s metropolitan area, a substantial vegetation increase was observed on
Chongming Island located to the north of Shanghai city centre. The integration of both within, and
across, city comparisons furthers the discussion of the existence of EKC trends and avoids generalizing
entire cities using measurements from a single dataset. Both positive and negative parameters were
present in all three tested model by examining the parameter with the highest order. Overall, our
findings, using vegetation fraction and artificial light brightness at a pixel level, suggest that at least in
certain part of the cityscape, the environment recovers with a growing economy.
Clean energy supplies, urban greenspaces, and efficient public transportation systems are being
aggressively built in many cities worldwide. Evidences suggest that wealthier and more developed cities
place a higher value on environmentally conscious policies. For example, despite its strikingly high urban
density, the city of Hong Kong reserves much of its landmass for parks and nature reserves (Corlett,
1999; Ng, 2010). Since 1976, the government of Hong Kong enacted the Country Park Ordinance to
82

initialize, monitor, and manage Hong Kong’s urban parks and reserves. In 2011, approximately 40% of
Hong Kong was forested (Ng, 2010).
There were a few potential caveats in interpreting the patterns that I found in this chapter. First of
all, even with correction and calibration, the well-known saturation issue of NTL data could cause total
brightness values to plateau, particularly in more developed high income cities (Zhang, Schaaf, & Seto,
2013). Secondly, the prevalence of more efficient lighting technology could potentially lead to a
decrease in total brightness value with a growing economy, explaining the minimal increase or even a
decrease in total brightness. However, I found limited literature on how exactly the shift in lighting
source affects the brightness values observed by VIIRS sensors. Thirdly, according to previous research,
cities that were historically green were more likely to recover from environmental degradation. The
results suggested that the majority of vegetation decreases occurred in Arid and continental climate
schemes where vegetation grows expectedly slower than temperate and tropic areas.
Much of the current research uses data with a relatively short time span that is unlikely to capture
the full time frame over which the Kuznets curve is based upon. As a result, cities are undergoing
transitions across different stages of the curve in terms of economic development and environment
recovery. Although in this chapter, I found that every city exhibited some degree of vegetation recovery,
the presence of EKC does not guarantee that economic development is able to automatically resolve
environmental degradation issues. One of the key assumptions of EKC is that the economy does not
suffer from a declining environmental quality. EKC assumes that economy and production will remain
growing regardless of the environmental performance (Stern, Common, & Barbier, 1996). There is a
chance that, even with the existence of statistically significant EKC, vegetation loss occurred at the takeoff stage of the economy has crossed the ecological capacity threshold irreversibly. Many vegetationrelated ecological properties such as biodiversity were not as easy as pure “vegetation” to capture using
satellites. As a result, it is challenging to quantitatively test the robustness of this assumption.
Ultimately, human development is believed to be highly relevant to environmental performance (Arrow
et al., 1995). Extending from current chapter, future research could incorporate additional quantitative
and spatially classified climate and economic schemes to further verify the existence of EKC theory and
even potentially identify list of drivers causing the varying developing patterns observed in this chapter.
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Chapter 7
7. Conclusion
Contemporary cities are collectively more dynamic, multi-dimensional, and complex than ever
before. Cities worldwide strive to grow not only economically strong but also environmentally
sustainable. The balance between the economy and environment has been challenging particularly for
cities in the pan Pacific region, which is seeing some of the most rapid urban growth rates globally.
Urbanization and its associated physical and socio-economic characteristics are interacting at a much
faster pace and occurring at a range of spatial and temporal scales.
This work applied time series of satellite images, chronically monitoring the relationship between
urban environment and economics. From pixel to cityscape scale, this approach has the advantage of
being intuitively appealing, simple to reproduce and implementable in practical urban planning and
management. The derived information is useful for planners to compare and visualize land use patterns
as well as for policy-makers to better understand inter-and intra- city development in polycentric and
highly connected global urban systems.

7.1. Research innovation
This dissertation provides key innovations for characterizing regional urbanization dynamics using
open access remotely sensed images:
•

The integration of the classic concentric ring model and gap-free time series of satellite data
unlocked new ways to informing urban environment and socio-economics dynamics (Chapter 3).

•

Urban vegetation was derived using an innovative spectral unmixing approach on an entire time
series image stack, allowing an improved understandings of vegetation in urban environments
across the pan Pacific region (Chapter 4).

•

A classic econometric model was used to examine the casual relationship between
conventionally collected census information and advanced remote sensing nighttime lights data
(Chapter 5).
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•

Relationships between urban environment and economic development were tested using
remote sensing derived proxies. The results advanced our understanding of changing
environment and socio-economic characteristics from pixel to regional scales (Chapter 6).

7.2. Answers to proposed research questions
7.2.1.

How can remotely sensed derived metrics inform urban environment and socio-economics
dynamics within and across cities in pan Pacific region?

Remote sensing data, particularly Landsat and NTL time series demonstrated advantages over
conventional tabular formatted census data. Varying political and cultural backgrounds within the pan
Pacific region limited and complicated inter- and intra city comparisons. Remote sensing derived metrics
offered measurements that were not only spatio-temporally consistent but also comparable across
different cities, unlocking new ways for regional and global scale urban studies.
Two spectral indices (i.e. EVI and NDBI) group 25 pan Pacific cities into 5 classes. The average
silhouette width ranged from 0.37 to 0.60, while the ratio of the between to the total sum of square
(BSS/TSS) ranged from 69% to 92% for EVI and NDBI respectively. Dynamic Time Warping (DTW) derived
separability metrics showed an averaged distance of 0.36 (EVI) and 0.28 (NDBI) among all cities. Spectral
unmixing analysis successfully estimated vegetation fraction at a sub-pixel level. Validation using high
spatial resolution Google Earth images showed a correlation coefficient ranging from 0.66 to 0.77.
Comparing to categorically dividing the cities into land use or land-cover classes, spectral indices and
vegetation fraction images offered continuous measurements of the urban environments and socioeconomic dynamics that were valuable for further modelling processes.

7.2.2.

What models exist to examine the relationship between urban environment and socioeconomic develop over time and space?

Linear trends between urban environment and economic development are assessed to be the most
dominating among all three tested relationship (i.e. linear, quadratic, and cubic). Remote sensing
derived metrics, namely vegetation fraction (VF) and nighttime lights (NTL) time series were used as a
proxy to urban environment and economic respectively.
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The result implied that the vegetation changes within cities in pan Pacific regions were monotonic
and irreversible. Despite the dominance of linear models, EKC-like quadratic models also existed within
all examine cities. In majority of the cities, quadratic models tended to be more spatially clustered
compared to linear and cubic models. The results statistically quantified the behaviour of how
vegetation responses to city brightness changes, furthering the discussion of EKC theory by integrating
remote sensing observations as means of measuring environmental performance and human
development, bridging the gap between conventional econometric theories with Earth observation
platform.

7.2.3.

What similarities and differences exist across cities in the pan Pacific region both spatially and
temporally?

Cities showed both inter- and intra variations in terms of spatial and temporal changes of vegetation
and nighttime lights brightness. Regional similarities were found (Chapter 3) particularly in Asian
countries where the relationship between vegetation fraction values and NTL brightness was less linear
than North American cities. Climatically, vegetation dynamics tended to be more alike within the same
climate scheme (Chapter 6) among different cities.
In terms of spatio-temporal patterns of urban environment and economic development, I found
three pairs of urban environments that were strongly similar to each other namely, Melbourne with
Sydney; Tianjin with Manila; and Singapore City with Kuala Lumpur.
Characterizing the relationships between VF and NTL revealed new patterns. Mostly, Asian cities
showed a dominating pattern of cubic relationships when compared to North American cities. While
cities with higher economic activity level were more dominated by linear models yet patterns were less
obvious for middle and low-income cities.

7.2.4.

Characterizing urban built-up and greenspace over time and space

A key element of developing an understanding of urbanization processes globally is the consistent
monitoring of cities over space and time (Sexton et al., 2013). Detecting and analyzing the spatiotemporal patterns of urban environments have become an increasingly critical research topic with
practical management applications. Early studies indicated that a city can be divided into a series of
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expanding rings, also known as the concentric ring model (Burgess, 1925). This model has been used
widely even for cities with less regular concentric growth patterns.

In Chapter 2, built upon the classic concentric ring model, I used remote sensing derived spectral
indices, namely the Enhanced Vegetation Index (EVI) and the Normalized Difference Built-up Index
(NDBI). As expected, patterns from these two indices illustrated opposing trends. Spatially, urban cores
had a much higher NDBI and lower EVI than outer areas. I also observed the existence of a developing
multi-core pattern in cities where both EVI and NDBI did not follow a simple linear trend. Temporally,
urban vegetation showed much greater variation than built-up marked by results from Dynamic Time
Warping (DTW) where the separability among each trajectory was much greater for the EVI trajectories
than for NDBI’s.
Commonality can still be found among the 25 cities however. Two sets of K-means cluster analyses
were applied to group spatially and temporally similar cities. K-means clustering analysis indicated an
optimal number of five classes. As anticipated, the majority of the urban environments in developing
countries experienced noticeable development rates compared to the urban environments in more
developed regions. I summarize the degree of similarity both spatially and temporally across urban
environments in the pan Pacific region. In total, there are three pairs of urban environments consistently
being grouped together, namely, Melbourne with Sydney; Tianjin with Manila; and Singapore City with
Kuala Lumpur. In contrast, cities such as Las Vegas and Vancouver had less similar features both spatially
and temporally with any of the other urban environments.
Compared to the traditional spectral indices the integration of spectral unmixing and Theil-Sen (TS)
estimated trend slopes offers increased ability to compare and contrast vegetation across urban
environments (Chapter 3). Spectral indices for given pixels can be difficult to compare across different
urban environments over time. Spectral unmixing analysis (SMA) demonstrated new ways to study
urban greenspace dynamics. A spectral library of spatially and temporally pure pixels successfully
estimated vegetation fraction value at a sub-pixel scale for all cities. When using annual vegetation
fraction images, cities located in high latitudes (e.g. Harbin) and particularly mountainous regions (e.g.
Vancouver) may require extra caution. In those cases, pixels with low vegetation fraction may not
necessarily indicate intense urbanization, but rather low vegetated land-cover types, such as bare rock,
ice, and snow.
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Temporally, there were four types of urban vegetation changing patterns. The first included cities
such as Shenzhen-Hong Kong area which exhibited a gradual decline in vegetation from the urban center
through to the outer areas. The second set of cities includes cities such as Las Vegas that had
consistently increasing vegetation slope as the distance from urban center increases. The third type
contains cities including Shanghai where vegetation mostly decreased over time. And lastly cities such as
Vancouver, Tokyo, Sydney, Edmonton, and Calgary, where vegetation changes were relatively minimal
as indicated by a near zero vegetation change trend. These types of cities were mostly located in
developed regions.

7.2.5.

Characterizing social-economic dynamics over time and space

Contemporary cities are collectively dynamic, multi-dimensional, and complex. Urbanization and its
associated physical and socio-economic characteristics are interacting at a much faster pace and
occurring much beyond local level. In this work, such characteristics were reflected by inter- and intracity variations derived from the nighttime lights imagery for 25 cities in pan Pacific region.

7.2.6.

Contrasting effects of GDP and population on NTL

Large inter- and intra-city variations of urban economic activities were apparent as indicated by
nighttime lights (NTL) time series (Chapter 4). Tokyo and Shen Zhen-Hong Kong had over 75% of land
with active brightness prior to 1992 while most cities in China had less than 10%. Cities such as Shanghai
and Tianjin experienced substantial growth in their economies over the study period with over 50%
growth. Other cities, however, experienced less economic growth with approximately 75% of land
remaining undeveloped.
Across all cities, both population and GDP played a major role in directing changes of NTL. According
to the Granger causality test, the brightness of cities followed increases in both population and GDP
equally and neither population nor GDP alone is responsible for increasing the NTL. Unexpectedly, I
found that GDP and NTL “granger caused” population growth suggesting that population change was the
outcome rather than the cause of GDP and NTL growth. A wealthier and more economically active city
would likely to attract more population.
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Population and GDP revealed contrasting effects on NTL trends between stable and more dynamic
cities. It has long been thought that population was the primary driver of urban growth while economic
development was an outcome of booming populations. For cities with minimal NTL changes over the
analysis period, the causal relationship from NTL to population was not statistically significant yet
changes in population “granger caused” both GDP and NTL. This implied that in cities with relatively
stable NTL, population and GDP were likely to the key drivers of NTL changes but not the other way
around. Previous work (Dietzel et al., 2005; Satterthwaite, 2009) found that rather than growing
population alone, it was the high consumption lifestyle, economic and political decisions that led to
urbanization.
In fast changing cities however, growth in NTL and GDP unexpectedly led to an increase in
population. There was no significant causal association between GDP and NTL, suggesting that in rapidly
changing populations the increases were driven by the economic development. In those cities, the main
source of population increase was through immigration from rural and neighboring areas, involving
densification and conversion of existing farm, forest or barren land to urban land-cover types. Chapter 4
demonstrated that migration was more likely to be attracted to cities with promising economic
conditions and undergoing fast urbanization paces.

7.3. Testing the EKC theory
The relationship between urban development and environment appeared to be linear in the majority
of the cities (Chapter 5). There was little evidence of quadratic or cubic relationships. A linear
relationship indicated a monotonic irreversible relationship between urban vegetation fraction (VF) and
NTL.
In general, I demonstrated that within the study period (i.e. 1992-2012), the hypothesized
Environmental Kuznets Curve (EKC) was not the dominating relationship among all three tested models
(i.e. linear, quadratic, and cubic). Linear models were the most dominating model yet explained the least
amount of variation of all marked by an overall relatively low r2 value.
The hypothesized EKC likely existed within city limits and was highly clustered. Our findings, using
vegetation fraction and artificial light brightness at a pixel level, suggested that at least in certain part of
the cityscape, the environment recovered with a growing economy. Cities that showed a dominating
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vegetation decreasing trend could also contained substantial vegetation recovery particularly in wealthy
cities where clean energy supplies, urban greenspaces, and efficient public transportation systems have
been aggressively built.
The majority of Asian cities showed a dominating pattern of cubic relationships when compared to
North American cities. While higher income level cities were relatively more dominated by linear
models, such patterns were less obvious for middle and low-income cities. Chapter 5 also showed that
cities located in tropical and temperate climate schemes had more quadratic and cubic models than
cities from continental and arid climate schemes likely due to varying phenological responses to local
climate conditions.

7.4. Research challenges
7.4.1.

Urban boundary

Like other ecosystems, urban environments rarely have definitive boundaries. Attempts to use two
sets of urban boundaries, namely, conventional administrative boundary (Chapter 3) and a 60-km
circular buffer (Chapter 4, 5, and 6) posted one of the main challenges for urban research in this thesis.
The integration and connectivity among today’s urban environments had outpaced the conventionally
defined city administrative boundaries. The trade-off however was the ease of integrating census-based
data with remotely sensed data when using administratively defined boundaries. The key factors
determining how to define urban boundaries in remote sensing studies include the consistency,
availability, and the quality of local census data. Administrative boundaries can be considered when high
quality census data were available. While an artificially drawn circular buffer boundary was free from
the local jurisdiction systems, offering a unique alternative for urban studies that focused less on social
and economic aspects and more towards ecological and environmental dynamics.

7.4.2.

Urban heterogeneity

Another major challenge was a function of urban environmental heterogeneity where each medium
resolution pixel (i.e. 30m) can contain more than one land-cover or land use types. Although spectral
unmixing analysis (Chapter 4) showed potential in time series urban vegetation studies, the process of
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selecting spectrally pure endmembers could be improved using a more systematic procedure. Regional
and global scale studies would likely to involve cities located in varying climate and ecologically complex
locations, causing difficulties in collecting spectrally consistent yet global comparable endmembers.
Given that, this dissertation does not directly compare the absolute vegetation fraction values. Rather I
computed the rate of vegetation for each individual city at a pixel level using Theil-Sen slope, a metric
that was more comparable both within and across cities. Such a comparison however limited my ability
to compare and contrast cities on an annual basis.
Additionally, spectral responses from non-forested vegetation (e.g. agriculture, golf courses) were
likely to be mixed with more ecologically functional vegetation (e.g. parks, grassland). Highly responsive
pixels such as snow and ice on the other hand are spectrally similar to pixels within cities, both of which
had a high reflectance throughout the Landsat spectral bands.

7.4.3.

NTL Saturation

Due to the limited radiometric range of NTL sensors, NTL data were often saturated in bright areas
such as at the city centre. Zhang et al. (2013) incorporates a series of vegetation images to de-saturate
NTL data on the assumption that there is an inverse relationship between vegetation fraction values and
NTL brightness. However, the inclusion of another input variable (e.g. vegetation) complicated the
process of interpreting statistic analysis particularly in Chapter 6 where vegetation was compared
directly against NTL. The use of saturated NTL data potentially could hinder our ability to capture to full
temporal profile in brightly lit areas.

7.4.4.

High quality census data

Characterizing the socio-economic nature of cities was still primarily remained the domain of census
data. Local census and economic data used in Chapter 4 had varying collecting intervals and qualities. In
many developing regions, census data were collected infrequently with questionable qualities. The
scarcity of well maintained census data was one of the main obstacles when comparing against remotely
sensed derived information that was derived using an institutionally different collecting approach and
scale.
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However, local census data still play an important role in urbanization researches. One of the main
challenges of this dissertation, or remote sensing derived model in general, was the lack of reliable
validating data. High quality census data can not only be used in the model fitting process but also
provide an alternative sources for model validation and ground-truthing purposes.
7.4.5.

Future research opportunities

Real-time accurate information derived from remote sensing devices offers wall-to-wall evaluations
of new policies and regulations. Previous literature highlighted the gap between on-ground initiatives
and the associated spectral responses from remote sensing sensors (Liu et al., 2005). With new remote
sensing sensors being designed to continuously image the Earth, it is possible for future research that
quantifies such delays as a measurement of local policy effectiveness.
Beyond the local scale, many global remote sensing products focused on urbanization are now
available (e.g. Román et al., 2018). Regional to global scale, temporally informed, urban research is
starting to emerge. However, a more comparable metric is needed for comparing and contrasting cities
on an annual basis, particularly for characterising vegetation and other ecological dynamics. Given the
diverse climate and ecological conditions, future research should focus on developing metrics integrated
with climate variables to account for local climate variations.
Landscape metrics (e.g. measurements of area, density, and edge) have been used widely with
remote sensing data. The spatial configuration of each city offers a unique perspective of the current
land use patterns, effectively informing future plans. However, the relationship between the landscape
configuration and urban temporal changes is less explored (K. C. Seto & Fragkias, 2005). Relating time
series data with landscape metrics will be critical to better understand the rate of landuse changes in a
language that is more familiar to urban planners.
An even less charted topic is the marriage between advanced remote sensing data and conventional
econometric theories and models at regional and global scales. Many classic econometric theories such
as Environmental Kuznets Curve were developed and tested using spotted and discontinuous data, often
before the era of advanced Earth observation data. The integration of remote sensing derived variables
will greatly minimize the uncertainties, allowing a more systematic and repeatable test.
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Appendix 4
Panel unit root tests indicated that not all panel data sets were stationary in level. TDN was stationary
in level (p < 0.01) as indicated by both LLC and IPS procedures. However, the test results were mixed for
other socio-economic panel time series. TGDP_Total contained a panel unit root in level and achieved
stationarity at 1st difference. TPOP_Total was stationary in both level and 1st using IPS procedure but
contained panel unit roots in levels using LLC test. Given the mixed test results, I used only the 1st
difference panel data sets for subsequent analysis.

TDN
TPOP_Total
TGDP_Total

Level
LLC
-2.94605 ***
-0.15784
2.06186

1st difference
Level
LLC
IPS
-13.8317 ***
-4.26640 ***
-5.36286 ***
-2.65526 ***
-8.51984 ***
-0.18361
10% (*), 5% (**), 1% (***)

1st difference
IPS
-14.7862 ***
-5.97486 ***
-8.16482 ***

Johansen Fisher co-integration test indicated a significant presence of long-run relationship between
TDN, TPOP_Total, and TGDP_Total . I rejected the null hypothesis – no long-run relationship, at the 1%
significance level for all pairs of panel data sets. The existence of a long term equilibrium allowed for
testing Granger causality between nighttime lights and socio-economic changes.
Time Series Pairs

TDN ~ TPOP_Total
TGDP_Total ~ TPOP_
Total
TDN ~ TGDP_Total

H0: number of cointegration
vectors

Fisher
statistic
(trace test)
None
140.6***
At most 1
55.27
None
144.6***
At most 1
73.44
None
202.0***
At most 1
66.83
10% level (*), 5% level (**), 1% level (***)
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Fisher statistics
(max-eigen
test)
128.3***
55.27
137.4***
73.44
178.3***
66.83

