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ABSTRACT

The Pearl River Delta region has been one of the regions in the world experiencing the
most rapid growth since 1980s. By replacing natural surface with buildings, roads and other
impervious surfaces, high solar radiation absorption and thermal capacity are resulted. It
has become increasingly evident that rapidly developments would influence the climate

within the immediate region.

This project aims to examine the impact of the urban development to the thermal
environment in the PRD, by estimating the long-time series changes of impervious surface
area (ISA) and air temperatures from meteorological stations and Landsat images. From
the meteorological station data, significant warming rates were found for all stations in
average, minimum and maximum air temperatures over the past four decades. The
warming rate of average, minimum and maximum air temperature was 0.28°C, 0.31°C and
0.30°C per decade. Among them, minimum temperatures can best measure the Urban Heat
Island (UHI) intensity. The minimum temperatures are temperatures at midnight with no
incoming solar radiation. The building artificial materials retain heat absorbed during
daytime in urbanized area and release at night. It is found that the highest increase of
minimum temperature is in Shenzhen (0.6°C/decade). There are 15 out of the 21 stations
having a warming rate of minimum temperatures higher than the global rising trend. The
south-western part of the PRD had experienced a higher increase of minimum temperatures

compared to other parts in the same region. The daytime warming trend, represented by



increasing average and maximum temperatures, may be attributed to high surface energy

flux in the afternoon, and anthropogenic energy use in dense urban districts.

The results of ISA in the 1km, 3km and 5km buffers created surrounding the stations were
regressed against the warming rate, the ISA increase in all buffers is positively correlated
to the warming rate, but only weak to moderate relationships are observed in general. A
stronger relationship is demonstrated with both high increase and ISA growth. This
suggests warming can be attributed to factors other than local urban development on
minimum temperatures. Considering the structure of the PRD being a multi-nucleated
megacity with huge population, a regional heat island circulation or heat dome model is
formed due to merging of urban extents The presence of a regional heat dome circulation
over the PRD implies that local temperatures should increase further, even without
significant local developments. The uniqueness of this research is to consider the UHI
effect in a regional scale and it is especially meaningful to urban planners to address and
devise mitigating measures in regional perspectives, such as the design of green belts or

green cover in urban areas, and utilization of other non-concreting building materials.
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CHAPTER 1
INTRODUCTION

1.1 Background

The history of urbanisation in China dates back to 40 years ago before the open-door policy
and the economic reform, which began in 1978. Industrial parks, which were called as
‘Special Economic Zone’ or ‘economic Development Zone’, were established in the Pearl
River Delta (PRD) in the 1980s and 1990s for attracting foreign investment. The migration
of rural workers and the development of factories advanced the phenomenon of

urbanisation in the region.

Urbanization could have a significant impact on climate. By replacing natural surfaces with
buildings, roads and other impervious surfaces, urban areas are likely to have higher solar
radiation absorption, and a greater thermal capacity and conductivity. Therefore, urban
areas tend to show a relatively higher temperature compared with the surrounding rural
areas especially during night-time when heat is stored during the day and released at night.
This “urban —rural” thermal difference, together with waste heat released from urban
houses, transportation and industry, contribute to the development of urban heat island

(UHI) (Weng, 1999).

Typically, there are three ways to measure the UHI effect. The parameter “UHI intensity”

is useful for quantifying the UHI effect, and is defined as a simultaneous “urban-rural” air



temperature difference, with rural as the open countryside and urban as urban core of the
city. However, this differentiation could be confusing and inconsistent (Stewart and Oke
2012). Stewart pointed out that this “urban -rural” differentiation is especially challenging
in the East Asian cities, where “rural” peripheries are characterized by high population
densities and intensively mixed land use. A region-based urbanism which has appeared in
Guangzhou, China, exemplifies that simple “urban-rural” differentiation is not comparable
to city-based urbanism in Regina, USA. Indeed, selecting a “rural” pixel could be
challenging, especially if the study period is long. The Land Surface Temperature(LST)
from this necessarily unchanged pixel may be affected by urban sprawl in multiple
directions, such as in many parts of the Pearl River Delta (region-based urbanism), thus the
measurement of UHI intensity may be rendered inaccurate. A solution is to adopt minimum
temperatures rather than maximums or averages as the UHI is most intense at night (Oke
1982, 1987). This is the best time for analysis of the intensity of UHI. Also pointed out by
Nichol et al (2009), minimum temperature acts as a climatic index of urbanization as the
most urbanized area would retain heat over the whole 24-hour period due to the heat-
storing building artificial materials. Therefore, the values of minimum temperatures are

considered in a higher priority to investigate the intensity of UHI in this study.

Another method to study the impacts of urbanization on the urban thermal environment is
to adopt satellite images covering the region of interest. Xiong et al. (2012) used Landsat
TM/ETM+ images in 1990, 2000, 2005 and 2009 to retrieve LST and the land use/land
cover change in Guangzhou, while Weng (2001) used two Landsat images of 1989 and

1997 to study urban growth related to surface temperature in the Pearl Delta Region (PRD).



Thermal satellite sensors only measure LST and it is necessary to convert the LST pixels
to air temperature as most urban climate research refers to air temperature (To, Nichol, and
Tse 2011). However, the relationship between LST and air temperature remains the
greatest unknown in remotely sensed studies of heat islands. Although there is continuous
energy exchange between the surface and the adjacent air, the scales of operation appear
to be different (Nichol et al. 2009; Voogt and Oke 2003). In the study by Nichol et al.,
(2009), relationships between surface and air temperatures were established over an urban
heat island in Hong Kong, by over 14,000 paired image and air temperature points at the
image time as well as 18 ground points representing contact surface temperature. Air
temperature data from climatic stations are needed for this conversion so that the results

can represent the whole region.

Images from different months of the year, or early/late dates of that month, could cause
significant difficulties in comparing temperatures among the years and measuring trends.
A reliable and accurate temperature normalisation method is needed to allow analysis of
images from different dates. A common way to conduct is to use the formula of Min-Max

Normalization: -

Tsi—-Tmin
Up=———7 (1)

Tmax-Tmin

where U; is the temperature of pixel i; Ty; is the initial temperature of pixel i; T,,;;, is the

minimum temperature of the whole image, and T,;,,, is the maximum temperature. If the



area of interest is large, i.e. a regional study, there are more uncertainties in the pixel values
even if extreme values are removed at 99% confidence level, as different terrain and land
surfaces may appear in the image such as rugged terrain and large water bodies.
Additionally, this formula means that two values i.e. Ty, 4, and T,,;, affect all other values
in the images, while this range between the values could be affected by many factors and
may vary significantly from city to city. Also, since the resulting pixel values range from

0 to 1, there are no absolute values of temperature.

Traditionally, mobile surveys by automobiles have been the most common means of
assessing UHIs in cities. As early as 1927, the first automobile transect was created
showing the thermal cross-sections of Vienna (Schmidt 1930). Nichol & Wong (2008) and
her team conducted a survey in Hong Kong with a 148 km vehicle traverse of air
temperatures on a winter night, combined with “in-situ” ground data and satellite image,
to examine the heat island models. Stewart & Oke (2012) suggested a new “local climate
zone” (LCZ) classification system for UHI studies, it requires inputs of sky view factor,
aspect ratio, building surface fraction, height of roughness elements, etc. These kinds of
studies are conducted at a local-scale, mainly to understand the causes, pattern and intensity
of the UHI effect inside the city. Indeed, there are few UHI studies carried out at a regional

scale, and the interactions between UHIs of different nearby cities has not been investigated.

Population in China is shifting to coastal areas due to their economic advantages and the
Pearl River Delta (PRD) is a good example. The PRD region’s climate has been extensively

studied to examine the effect of urbanization on climate. Wu et al. (2010) investigated the



interactions between the UHIs associated with different city clusters in the PRD region.
The results suggested that the interactions between the UHIs may depend on the strength
of the background wind. Other studies suggested that the land sea breeze circulation in the
PRD region may significantly influence the airflow pattern and air quality over Hong Kong
(Huang et al. 2005; Kok, Lind, and Fang 1997; Lo et al. 2006). Lu, Chow, Yao, Fung, &
Lau, (2009) showed that the urbanization of Shenzhen may significantly enhance sea
breezes to the west of Hong Kong in the early morning in winter, which may enhance the
low-level convergence in Hong Kong and may worsen the problem of air pollution. Chen,
Li, Du, Mao, & Zhang (2015) studied the effects of urbanization on precipitation over the
PRD by using satellite data at high spatial and temporal resolution from the Climate
Prediction Center Morphing (CMORPH) and found that the urban areas had fewer and
shorter precipitation events with a lower precipitation frequency than the surrounding rural
areas. Wang, Ding, Qiao, Guo, & Wu (2015) conducted a research on UHI intensity and
the relationship with low cloud cover, relative humidity, wind speed and precipitation in
the PRD and observed that they are inversely correlated. A long-term study of the effects
of urbanization on the urban thermal environment throughout the PRD region including
Hong Kong has not been undertaken. This would indicate how nearby heat islands may

interact to reinforce the UHI of individual cities and may inform UHI mitigation policies

1.2 Objectives of this study

Two major research questions should therefore be addressed:



1.

Do UHIs of neighbouring cities interact and does a regional scale UHI, as district
from city scale UHIs, exist?

Can a relationship be found between the growth of built-up areas across the PRD
region and trends in air temperature by using long time-series of images and

meteorological station data? Can any spatiotemporal patterns be observed?

This study presents and evaluates the spatiotemporal change of urbanization in the Pearl

River Delta Region from 1987 to 2014 and the relationship with the urban thermal

environment. It focuses on inter-city interactions. There are two objectives of this study: -

1.

To find the relationship between air temperatures obtained from meteorological

stations and observed changes in ISA surrounding them. This objective is achieved

by: -

(1) Building buffer rings of diameter 1km/3km/5km around the stations and
retrieving ISA by object-based classification, and validation using Ziyuan-
3

(i1) Linear curve fitting of long -time series air temperature trends of 21 stations

in the PRD

To find the spatiotemporal change of the UHIs in the PRD and evaluate the

relationship with the ISA change between the cities. This objective is achieved by:



(1) Establishing the relationship between LST and air temperatures and convert
the LST images to average and minimum air temperature images

(i1) Developing an algorithm to normalise the images from different acquisition
dates in a month to the monthly images

(ii1))  Comparing both sets of average and minimum monthly temperatures across
the years

(iv)  Case studies by creating transects between cities to examine the change of

ISA and minimum and average temperatures

1.3 Outlines

This thesis contains four parts. The flowchart of the thesis is shown in Figure 1.1. Chapter
1 forms the introductory part. It introduces the background of this research, the objectives
for this study and the approaches fill in the research gap. Chapter 2 and Chapter 3 serves
as the literature review. In particular, Chapter 2 reviews the previous studies on UHI, the
methodologies to retrieval the LST and impervious surface area, and the clustering
approaches for further studies on the urbanization. Chapter 3 introduces the backgrounds
of the studied PRD area, the urban developments of since the 1970s. Chapter 4 serves as
the methodology part. it introduces the data used for the study, data processing, and the
approaches to investigate the relationship between ground metrological observations and
the derived ISA results. Chapter 5 and Chapter 6 introduces the results of the study.
Chapter 5 presents the data processing results of satellite datasets, ground observations. It

also introduces the results of correlation exercises to investigate the spatiotemporal change



of urbanization in the Pearl River Delta Region from 1987 to 2014 and the relationship
with the urban thermal environment. It focuses on inter-city interactions and how these
may affect Hong Kong’s climate. Chapter 6 summarized the outputs of this study, the

conclusion of the thesis and the recommended further studies.

Thesis
The Evaluation of Pearl River Delta Regional
Influence on Climate Change in Hong Kong

8!
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Figure 1.1 Flowchart of the thesis



CHAPTER 2
LITERATURE REVIEW

2.1 Previous Studies of the Urban Heat Island (UHI)

The IPCC (2014) pointed out the globally averaged combined land and ocean surface
temperature data as calculated by a linear trend show a warming of 0.85°C over the period
1880 to 2012, while recent anthropogenic emissions of greenhouse gases are the highest in
history. One of the major phenomena associated with climate change is Urban Heat Island
(UHI). It refers to the phenomenon of higher atmospheric and surface temperatures
occurring in urban areas than in the surrounding rural areas due to urbanization (Voogt and

Oke 2003).

Heat islands can be characterized by different layers of the urban atmosphere and for
various surfaces. They are divided into three categories: canopy layer heat island (CLHI),
boundary layer heat island (BLHI), and surface urban heat island (SUHI). The urban
canopy layer extends upwards from the surface to approximately mean building height,
whereas the urban boundary layer is located above the canopy layer (Voogt and Oke 2003).
The CLHI and BLHI are atmospheric heat islands since they represent a warming of the
urban atmosphere, whereas the SUHI refers to the relative warmth of urban surfaces
compared to surrounding rural areas. It is known that atmospheric UHIs are larger at night
while SUHIs are larger during the day (Roth, Oke, and Emery 1989). While atmospheric

heat islands are normally measured by in situ sensors of air temperature via weather station



network, the SUHI is typically characterized as LST through the use of airborne or satellite
thermal remote sensing, which provides a synoptic and uniform means of studying SUHI

effects at regional scales.

As UHI is considered as one of the major problems for human populations in the twenty-
first century as a result of urbanization and industrialization (Ahmed Memon, Leung, and
Chunho 2008; Zhou et al. 2004), the evolution and characteristics of UHI have been
extensively studied during the past several decades. A large amount of heat generated from
urban structures, then they absorb and reradiate solar radiation, and from anthropogenic
heat sources are the major causes of UHI (Ahmed Memon et al. 2008; Oke 1982). In
studying the influence of urban development on changes in local climate, the population
was found to be an indicator of UHI intensity (Karl, Diaz, and Kukla 1988; T. Oke 1973).
T. R. Oke (1973) concluded that even a city of 1,000 people could have a UHI effect and
that the magnitudes of the UHI effects were linearly correlated with the logarithms of the
population. Karl et al.(1988) established regression equations between population and
urban warming in the US climate records. Also, many investigators have shown that the
intrinsic nature of the city and external factors have significant effect on the UHI intensity,
including size of the city, building density, land-use distribution, topography,
meteorological conditions, season, and time of day (Kalnay and Cai 2003; Kim and Baik
2005; Magee, Curtis, and Wendler 1999; Montavez, Rodriguez, and Jiménez 2000; Oke

1982).

10



2.2 Methods for retrieval of Land Surface Temperature (LST)

Satellite multispectral thermal infrared (TIR) sensors measure top of atmosphere (TOA)
radiances, from which brightness temperatures (also known as blackbody temperatures)
can be derived using Planck’s law:

BA(T) = — (2)

S[EXP(;2)-1]

where B;, (T) is the spectral radiance (Wm2um™'sr’! )of a black body at temperature T (K)
and wavelength A (um); C; and C; are physical constants (C;=1.191 x 108 Wum*sr! m?,
C>=1.439 x 10* pm-K). Because most natural objects are non-black bodies, the emissivity
€, which is defined as the ratio between the radiance of an object and that of a blackbody
at the same temperature, must be calculated. The spectral radiance of a non-blackbody is
given by the spectral emissivity multiplied by Planck’s law as shown in equation (1). If the
atmosphere exerts no influence on the measured radiance, LST can be retrieved by making
temperatures as the subject of equation (1) once the emitted radiance and emissivity are
known. However, the fact is TOA radiances are the mixing result of three fractions of
energy: (1) emitted radiance from the Earth’s surface, (2) upwelling radiance from the
atmosphere, and (3) downwelling radiance from the sky. The difference between TOA and
land surface brightness temperatures ranges generally from 1K to 5K in the 10-12 um
spectral region, subject to the influence of the atmospheric conditions (Prata et al. 1995).
Therefore, atmospheric effects, including absorption, upward emission, and downward

irradiance reflected from the surface (Franc and Cracknell 1994), must be corrected before
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land surface brightness temperatures are obtained. These brightness temperatures should
be further corrected with spectral emissivity values prior to the computation of LST to
account for the roughness properties of the land surface, the amount and nature of

vegetation cover, and the thermal properties and moisture content of the soil (Friedl 2002).

Three approaches have been developed to retrieved LST from multispectral TIR imagery
(Schmugge, Coll, and Hook 1998). The first approach utilizes a radiative transfer equation
to correct the at-sensor radiance to surface radiance, followed by an emissivity model to

separate the surface radiance into temperature and emissivity (Schmugge et al. 1998).

B(Ts):[[//l'[zfatm' T'(]-é')Llatm]/T'E (3)

where Lsensor 18 the at-sensor radiance of TOA radiance, i.e., the radiance measured by the
sensor, € is the land surface emissivity, B(7Ts) is the blackbody radiance given by the
Planck’s law and 7y is the LST, L}um 1s the downwelling atmospheric radiance, 7 is the total
atmospheric transmissivity between the surface and the sensor and Ltam is the upwelling
atmospheric radiance. It should be noted that equation (3) depends on the wavelength
considered, but also on the observation angle, although for Landsat, the nadir view provides
good results. The atmospheric parameters 7, L|am, L1am can be calculated from the in situ
radiosoundings and using radiative transfer codes like MODTRAN (Berk, Bernstein, and
Robertson 1989). Therefore, from equation (3) it is possible to find 7 by inversion of the
Planck’s law. Inversion of equation (3) can be interpreted as a correction of the atmospheric

and the emissivity effects on the data measured by the sensor. The main constraint of this
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method is that it needs in situ radiosurrounding launched simultaneously with the satellite

passes.

Single-channel methods use radiance measurements in on Infrared (IR)-window channel
and correct the atmospheric effects to determine LSTs (Price 1983; Susskind et al. 1984).
Therefore, single-channel methods can also be applied to sensors with only one IR channel,
e.g. Meteosat-MVIRI. The method requires that the vertical and horizontal distribution of
temperature and water vapor in the atmosphere is accurately known (Ottlé and Vidal-
Madjar 1992). Again, MODTRAN can simulate satellite measurements over a range of

surface parameters (temperatures, elevations and emissivities) for the given atmosphere.

The split window method uses differential absorption between two channels within one
atmospheric window in order to eliminate the atmospheric influence and calculates LST as
a linear combination of two temperatures. A major disadvantage of this approach is that
the coefficients are only valid for the datasets used to derive those (Dash et al. 2002). In
other words, a set of thermal responses for a specific landscape phenomenon or process
measured using a particular TIR sensor cannot be extrapolated to predict the same TIR
measurements either from other sensors, or from images recorded at different times using

the same sensor (Quattrochi and Goel 1995)

The emissivity caused a reduction of surface-emitted radiance, non-black surfaces reflect
radiance and the anisotropy of reflectivity and emissivity may reduce or increase the total

radiance from the surface (Prata 1993). Therefore, retrieval of LST from multispectral TIR
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data requires an accurate measurement of emissivity values of the surface (Vicent, Ron,
and Guillermo 1997). The emissivity of a surface is controlled by such factors as water
content, chemical composition, structure, and roughness (Snyder et al. 1998). For vegetated
surfaces, emissivity can vary significantly with plant species, areal density, and growth
stage (Snyder et al. 1998). In the meantime, emissivity is a function of wavelength,
commonly referred to as spectral emissivity (Dash et al. 2002). Emissivity for ground
objects from passive sensor data has been estimated using different techniques. Among
these techniques are the normalized emissivity method (Gillespie 1986), thermal spectral
indices (Becker and Li 1990), spectral ratio method (Watson 1992), Alpha residual method
(Hook et al. 1992), Normalised Difference Vegetation Index (NDVI) method (Valor and
Caselles 1996), classification-based estimation (Snyder et al. 1998), and the temperature-
emissivity separation method (Gillespie et al. 1998; Liang 2001). Satellite-measured LST
has been utilized in various heat-balance, climate modelling, and global change studies
since it is determined by the effective radiating temperature of the Earth’s surface, which

controls surface heat and water exchange with the atmosphere.

2.3 Impervious Surfaces

Impervious surfaces are the anthropogenic features which water cannot infiltrate into the
soil, such as roads, driveways, sidewalks, parking lots and rooftops (Weng 2009).
Impervious surface is found inversely correlated to vegetation cover in urban areas. With
urbanization replacing the natural ground with buildings and roads, resulted in higher solar

radiation absorption, and a greater thermal capacity and conductivity, a significant climate
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impact could be brought to the cities. Therefore, estimating and mapping, including
detecting, monitoring, and analysing impervious surface is valuable not only for
environmental monitoring, but also for urban planning and sustainable urban growth. In
studying urban climate, Yuan & Bauer (2007) have illustrated a strong relationship
between the extent of impervious surface area (ISA) and LSTs, as well as the UHI effect.
Zhou et al. (2012) also pointed out that the need to depict the extent and density of
impervious surface qualitatively and geographically, to study the historical pattern of urban
sprawl, such as the work for the entire state of Missouri for three periods of 1980, 1990,

2000.

2.4 Approaches for deriving Impervious Surface Area (ISA)

As described by Weng (2009), there are a number of digital remote sensing methods
developed to measure ISA, mainly are: (1) image classification, (2) multiple regression, (3)
subpixel classification, (4) artificial neural network, and (5) classification and regression
tree (CART) algorithm. The image classification approach adopted image classifiers such
as maximum likelihood classifier, spectral clustering, or other supervised/unsupervised
classifiers to categorize and obtain impervious surfaces as land-cover or land-use type(s)
(Dougherty et al. 2004; Fankhauser 1999; Hodgson et al. 2003). The multiple regression
approach relates percent impervious surface to remote sensing and geographic information
system (GIS) variables (Bauer et al. 2004; Chabaeva, Civco, and Prisloe 2004). The results
of Yuan and Bauer (2007) suggested that percent impervious surface provides a

complementary metric to the traditionally applied NDVI for analyzing LST quantitatively
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over the seasons for SUHI studies using TIR remote sensing in an urbanized environment.
Compared to the NDVI, the percentage ISA is more stable and less affected by seasonal
changes suggesting that percent ISA may provide an additional metric for analysis of land
surface temperatures and urban thermal pattern. The subpixel classification decomposes an
image pixel into fractional components, assuming that the spectrum measured by a remote
sensor is a linear combination of the spectra of all components within the pixel (Ji and
Jensen 1999; Lu and Weng 2004; Wu and Murray 2003). The artificial neural network
approach applies advanced machine learning algorithms to derive impervious surface
coverage. Flanagan and Civco (2001) developed an artificial neural network (ANN)-based
impervious surface prediction model, which consisted of a two-tier neural network series,
with the final output to be per-pixel impervious predictions and the training data from
Landsat TM spectral reflectance values. The CART approach produces a rule-based model
for prediction of continuous variables based on training data, and yields the spatial

estimates of subpixel percent imperviousness (Yang, Huang, et al. 2003).

Among all the methods mentioned above, image classification is one of the most widely
used methods in the extraction of impervious surfaces (Brabec, Schulte, and Richards 2002;
Fankhauser 1999; Slonecker, Jennings, and Garofalo 2001; Yang, Huang, et al. 2003), but
results are often not satisfactory because of the limitation of spatial resolution in remotely
sensed imagery, the heterogeneity of urban landscapes and the complexity of impervious
surface materials. Urban landscapes are typically composed of features that are smaller
than the spatial resolution of such sensors and are a complex combination of buildings,

roads, grass, trees, soil, water, and so on. Moreover, the difficulty in selecting training areas
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could also lower the accuracy of image classification. As fine spatial resolution data
(mostly better than 5 m in spatial resolution), such as IKONOS and Quickbird, become
available, they are increasingly employed for different applications including impervious
surface mapping. A major advantage of these images is that such data greatly reduce the
mixed pixel problem, providing a greater potential to extract more detailed information on
land covers. However, new problems associated with these image data need to be
considered, notably, the shades caused by topography, tall buildings, or trees (Dare 2005),
and the high spectral variation within the same land-cover class. In addition, the image
classification technique is also vital to the classification results. For pixel-based image
classification, maximum likelihood classification is based on the probability of each pixel
belonging to a training class. A pixel is assigned to the class with the highest probability.
Segmentation is a complementary classification method based on parcels instead of pixels.
It creates regional patches that represent one class within a patch. Such per-parcel
segmentation algorithms divide an image into various homogeneous and continuous
regions (Pekkarinen 2002). Segmentation has been successfully applied in landslide scar
detection (Barlow, Martin, and Franklin 2003), and habitat mapping in Hong Kong (Nichol
and Wong 2008). Parmes (1992) has successfully used segmentation for forest inventories
with SPOT and Landsat images. It is likely that segmentation can give a better description
and classification of rural vegetation since it groups the pixel in segments and minimizes
the internal variance within classes. Thus, the variability of pixels within a class can be

reduced.
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After segmentation, some indices can be applied to estimate the ISA. They are usually the
ratios of various bands so that some features can stand out from the background. Xu (2010)

proposed an imperviousness-related index:

TIR—(VIS; +NIR+MIR;)/3
TIR+(VIS; +NIR+MIR,)/3

NDISI = (4)

where TIR, NIR and MIR are a thermal band, a near infrared band and a mid-infrared band
respectively. VIS is one of the visible bands. Dividing the sum by 3 is to avoid too small
a value of the index. Consequently, the index has a value ranging from -1 to 1. This index
is designed to (a) maximize the radiation that is emitted from impervious surface in the
form of heat by using thermal wavelengths, (b) minimize the low reflectance of NIR, MIR,
and VIS bands by impervious surface, and (c) take advantage of the high reflectance of
MIR by sand and soil. By taking advantage of a ratio-based and a multi-band-combination
algorithm, Xu (2010) believed it could separate the shadow, water, and soil noise from

impervious surface features without using sophisticated pre-processing techniques.

In case water has lower reflectance than impervious surface in visible wavelengths
typically when water is clear, a water index (WI)-derived band can be used instead of the
VIS band in Equation (6) to avoid mixture of water noise with impervious surface features,

that is:

MNDWI = GREEN-MIR (5 )
GREEN+MIR

18



So, the modified NDISI is as follows:

TIR—-(MNDWI+NIR+MIR;)/3

modified NDISI =
TIR+(MNDWI+NIR+MI ;)/3

(6)

This band combination method needs thermal data, this index can only be used in the
multispectral imagery having the thermal bands such as Landsat TM/ETM+ and ASTER,

and is not suitable for the data without thermal bands such as QuickBird and IKONOS.

Besides, due to the inverse correlation between impervious surface and vegetation cover in
urban areas, one potential approach for impervious surface extraction is through
information on vegetation distribution (Bauer et al. 2004; Gillies et al. 2003). The NDVI
or greenness from tasseled cap transformation (TCT) or principal component analysis may
be used to represent vegetation distribution. In particular, TCT is a useful tool to determine
the level of greeness, yellowness and wetness of the pixels, the croplands and soil can be

differentiated using this index.

2.5 Clustering

Clustering is a collection of methods for searching and describing cohesive groups in data,
typically, as “compact” clusters of entities in the feature space (Mirkin, 2011). Two crucial
terms described in a cluster are the internal homogeneity and external separation (Hansen
and Jaumard 1997; Jain and Dubes 1988), i.e., data objects in the same cluster should be

similar to each other, while data objects in different clusters should be dissimilar from one
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another. The techniques of clustering can be applied to interpret the change of temperatures
in different cities in relation to the rate of urbanization. A wealth of clustering algorithms
has been developed to solve different problems from a wide variety of fields, such as
hierarchical method, partitioning method and density-based method. There is no universal
clustering algorithm to solve all problems. Therefore, the characteristics of a problem
should be carefully investigated to select or design an appropriate clustering strategy. In
contrast to hierarchical clustering, which yields a successive level of clusters by iterative
fusions or divisions, partitional clustering assigns a set of data points into K clusters with

any hierarchical structure.

2.5.1 K-means clustering

The K-means algorithm (Forgy 1965; MacQueen 1967) is one of the best-known and most
popular clustering algorithms (Duda, Hart, and Stork 2001; Theodoridis and Koutroumbas
2009). K-means seeks an optimal partition of the data by minimizing the sum-of-squared-
error criterion with an iterative optimization procedure. The basic clustering procedure of

K-means is summarized as follows:

1. Initialize a K-partition randomly or based on some prior knowledge. Calculate the
cluster prototype matrix M = [my, ...mg];
2. Assign each object in the data set to the nearest cluster C; i.e.,

forj=1,...,N,i #,andi =1, ..K; (7)
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3. Recalculate the cluster prototype matrix based on the current partition,

1 G

m=) (8)
J

4. Repeat steps 2 and 3 until there is no change for each cluster.

However, the k -means algorithm has no guidance about what k should be. Ward’s method
may give us hints through the merging cost. It determines the distance between two
centroids of clusters and how much the sum of squares will increase during merging. If the
merging cost increases a lot, it is probably going too far, and losing a significant structure.
An important rule of this method is to keep reducing k until the cost jumps, and then use
the k right before the jump. The adoption of Ward’s method gives a reasonable initial
setting for k-means when k is preset. They supplement each other in that clusters are
carefully built with Ward’s method, whereas k-means allows overcoming the inflexibility

of the merging process over individual entities by reshuffling them.
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CHAPTER 3
STUDY AREA AND DATA USED

3.1Study Area — The Pearl River Delta (PRD)
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Figure 3.1 Location of the study area

The coastal areas in China have undergone rapid development of urban areas since the
1980’s when the economic reform began, it constitutes one of the regions in the world
witnessing the most rapid urban growth in the last 30 years - the Pearl River Delta (PRD)
region. It consists of nine municipalities, namely Guangzhou, Shenzhen, Dongguan,

Foshan, Jiangmen, Zhongshan, Zhuhai, and the urban areas of Huizhou and Zhaoqing.
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Together with HKSAR and the Macao Special Administrative Region, this region is called
Greater Pearl River Delta (GPRD). The total area of it about 42,824 km?. During the early
1980s, Hong Kong manufacturers moved into the Shenzhen Special Economic Zones
nearby as well as other parts of the PRD. The Gross Domestic Product (GDP) of the PRD
grew from just below 12 billion yuan in 1980 to over 1,134 billion yuan in 2003 (Tam,
2005). During the period, the average annual growth rate of GDP in the PRD was 21.9%,
well above that of Guangdong Province (13.6%) and the country as a whole (9.6%)(Tam
2005). Within the PRD region, Guangzhou, Shenzhen, Foshan and Dongguan are the most

prosperous cities.

The PRD is part of the Guangdong province which located at the Southeast China with
latitude from 21°to 23° N and longitude 111°to 115°E. It has a subtropical climate with an
annual mean temperature of 21 to 23 °C and annual precipitation of 1500 to 2500 mm. The
PRD exhibits a dry season, from October to February, and a wet season, from March to
September. A Region of Interest (ROI) of approximately 211 km x 201 km was selected
(frame in blue) for this study (Figure 3.1). This area was decided based on Landsat imagery
of Path 122 Row 44. It covers the major cities in the region, including Guangzhou,
Dongguan, Shenzhen, Foshan, Zhongshan, Huizhou and Hong Kong. Before 1985, the
GPRD region had been mainly dominated by farms and small rural villages. However, after
the boom of the economy during the past 40 years, vast areas of farmland have been turned
into urban areas (Chen et al. 2006) and the problem of environmental degradation, has
become a major concern for both Hong Kong and Guangdong. The PRD of China is

selected for this study because of its unique and immense size, as well as its multi-nucleated
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structure of urban form. The environmental degradation has become a major concern in
this world’s largest megacity in terms of size and fast-growing population. The population
of the PRD urban area had grown from 27 million in 2000 to 42 million in 2010 (World
Bank, 2017). The urbanised area is 52,000 km? approximately (based on DMSP nightlights
imagery in 2012). The investigation on the extent to which urbanisation alone has
influenced temperatures in PRD through the formation of an urban heat island is the focus
of this research. The deliverables of this study are expected to provide suggestions for
policy makers to consider the mitigation measures of the influence of urbanisation on

climate.

8Dec1987 ] : & 29-Nov-2013

Figure 3.2 Comparison of 1987 and 2013 satellite view of the PRD area

Figure 3.2 gives an overview of the changes in the PRD during 1987 and 2013. The Landsat
images illustrated urban land coverage expansion during the 27- year period that the
metropolis area has increased significantly. This expansion over the period provides an
opportunity to detect gradual temperature changes influenced by an escalating presence of
urban materials.
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3.2 Data used

3.2.1 Air temperatures from meteorological stations

Figure 3.3 indicates the locations of the stations collecting data used in this study. The 21
stations include Hong Kong Observatory (HKO), Ta Kwu Ling (TKL), Shenzhen, Baoan,
Dongguan, Huiyang, Boluo, Zengcheng, Longmen, Zonghua, Fogang, Qingyuan, Huadou,
Sanshui, Guangzhou, Nanhai, Panyu, Shunde, Heshan, Xinhui and Zhongshan. Daily air
temperatures (Minimum, Average and Maximum) from 1975 to 2014 were retrieved for

all stations, except Ta Kwu Ling with available data from 1988 to 2014 only.
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Figure 3.3 The location of the meteorological stations

25



Table 3-1 Table showing the meteorological stations and the city they belong to

Name

Latitude

Longitude

City

Population

(Year)

City Type

Area

Baoan

22.38

113.48

Shenzhen

2.3M (2000)

4.0M (2010)

District (I)

733 sq.km.

Boluo

23.11

114.17

Huizhou

0.8M (2000)

1.2M (2014)

Country (IT)

2795 sq.km.

Dongguan

22.58

113.44

Dongguan

1.7M (1990)
6.4M (2000)

8.2M (2010)

City (I1I)

2460 sq.km.

Qingyuan

23.40

113.05

Qingyuan

3.1M (2000)
3.6M (2010)

3.8M (2015)

City (III)

3650 sq.km.

Zonghua

23.33

113.35

Guangzhou

0.6M (2010)

District (I)

1974 sq.km.

Fogang

23.53

113.31

Qingyuan

0.2M (2000)

0.3M (2015)

Country (II)

1302 sq.km.

Guangzhou

23.10

113.20

Guangzhou

12.8M (2012)

14.5M (2017)

City (III)

3843 sq.km.

Heshan

22.46

112.58

Heshan

0.4M (2000)

0.5M (2016)

City (III)

1108 sq.km.

HKO

22.18

114.10

Hong Kong

5.7M (1991)
6.7M (2001)

7.1M (2011)

City (III)

1106 sq.km.

Huadou

23.23

113.13

Guangzhou

0.5M (1993)
0.6M (2000)

0.9M (2007)

District (I)

961 sq.km.
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1.0M (2017)

Huiyang 23.04 114.22 Huizhou 0.4M (2000) City (III) 1262 sq.km.
0.6M (2010)

Longmen 23.44 114.14 Huizhou 0.3M (2000) Country (IT) 2058 sq.km.
0.4M (2017)

Nanhai 23.01 113.06 Foshan 1.7M (1999) District (I) 1074 sq.km.
2.0M (2008)
3.2M (2019)

Panyu 22.57 113.22 Guangzhou 1.7M (2010) District (I) 530 sq.km.

Sanshui 23.10 112.53 Foshan 0.4M (2008) District (I) 874 sq.km.
0.6M (2015)

Shenzhen 22.33 114.06 Shenzhen 1.0M (1987) City (IIT) 1991 sq.km.
7.0M (2000)
12.5M (2017)

Shunde 22.51 113.15 Foshan 1.6M (2000) District (I) 806 sq.km.
2.5M (2016)

TKL 22.31 114.09 Hong Kong | 5.7M (1991) City (III) 1106 sq.km.
6.7M (2001)
7.1M (2011)

Xinhui 22.32 113.02 Jiangmen 0.8M (2016) District (I) 1354 sq.km.

Zengcheng 23.18 113.50 Guangzhou 1.4M (2017) District (I) 1614 sq.km.

Zhongshan 22.30 113.24 Zhongshan 1.3M (2002) City (IIT) 1783 sq.km.
3.2M (2017)

The Google Earth view provides a glimpse of the immediate surrounding environment of
each meteorological station with its high resolution images. The 1km, 3km and 5km buffer

of each meteorological station was also imported to investigate the corresponding land use
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settings. Table 3.2 (a-v) lists a brief summary of the land use settings of the used

meteorological stations in this study.
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Table 3-2 (a-v) Summary of the stations’ surrounding environment

(a)
Station Name Station Location | 1km buffer S5km buffer
Shunde 5-6 storey high | Highly There is a large | Similar to the
buildings built | urbanized, very | piece of 3km  buffer
by concrete few vegetation | vegetation ring,  more
covers are cover on the vegetation
observed. other side of covers are

the river. A
park is shown
at the
southwest of
the station.

found at the
north and
southwest of
the station.

Image on 2 February, 2015
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(b)

Station Name

Station Location

1km buffer

Skm buffer

Shenzhen

6-7 storey high
buildings and
skyscrapers are
shown.

Many high-rise
buildings are
found, and are
densely
located. There
is a large park
located at the
west.

there is a large
piece of
vegetation
cover on the
other side of
the river. A
park is shown
at the
southwest of
the station.

Fish ponds
are shown at
the south of
station and
they are
within the
HKSAR
territory.

Image on 2 January, 2015
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(©)

Station Name Station Location | 1km buffer S5km buffer
Boluo 2-3 storey There are large | Farmland is Similarly, the
buildings with pieces of found at the vegetation
trees at the vegetation north and covers
roadside. located at the northeast of the | mainly
center, station inside appear at the
northeast, and | the 3km buffer | northern
northwest of ring. The built- | buffer ring,
the station. up areas are while built-
mostly located | up areas
at the south. appear at the
south. A park
is found at

IBDIuo

Image on 2 February, 2015

the southeast
of the station.
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(d)

Station Name

Station Location

1km buffer

Skm buffer

Xinhui

Residential area
with 4-5 story
height building

There are
mostly built-up
areas near the
station and the
pattern of the
house blocks
are ordered.

Some housing
estates with tall
buildings at the
north of the
3km buffer
ring.
Vegetation
covers appear
from the north
to west.

Similarly, the
built-up areas
are situated at
the south and
the
vegetation
covers spread
from North to
South.

Image on 2 February, 2015
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(e)

Station Name Station Location | 1km buffer Skm buffer
Baoan Baoan There are a few | There are built- | Vegetation
International large building | up areas shown | cover is
Airport structures at the east of found at the
appear at the the 3km buffer | northeast of
northeast of the | ring. They the station.
station. appear to be
department
stores and
supermarkets.

Image on 2 February, 2015
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®

Station Name Station Location | 1km buffer Skm buffer
Heshan 5-6 storey There are There are some | There are
buildings vegetation bare grounds at | some large-
covers at the the northeast of | scale housing
northwestand the 3km buffer | estates at the

the southeast.
The built-up
areas are
located at the
center part
from north to
south with
green space in
between. The
blue structures
maybe
factories.

ring. The built-
up areas at the
northeast
appear to be
more neat and
may have
undergone
centain degree
of city
planning.

south of the

5km buffer
ring.

Image on 2 February, 2015
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(2

Station Name Station Location | 1km buffer 5km buffer
Panyu Mixed with There are only | There are some | They are
mid-rise to very few vegetation mostly built-
high-rise vegetation covers found at | up areas,
buildings. covers are the north and including
shown. northeast of the | those at the
station. other side of

the river.

Image on 2 February, 2015
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(h)

Station Name Station 1km buffer 5km buffer
Location

Zhongshan Large-scale Green areas | It is estimated that | There are a
housing estates | are found the housing estates | large
at both sides of | next to the in the 1km buffer vegetation
the river . The | housing are transformed cover at the
left side are estates. from southeast of

villas and right
side are tall
buildings.

Zhongshan

~

farmlands/fishponds
as some are still
there nearby.

Image on 2 February, 2015

the station.
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(@)

Station Name | Station Location | 1km buffer Skm buffer
Huadou Old buildings They are There are some | There are
with 3-4 storey | mostly built-up | lake parks at the | more green
high. areas with a southeast of the | areas at the
few sports 3km buffer ring. | east of the
ground. Skm buffer
ring.

Image on 2 February, 2015
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@

Station Name Station Location | 1km buffer 5km buffer
Nanhai Mid-rise to The station is There are Vegetation
high-rise located factories at the | covers are
residential between the southwest of found at the
buildings green space the 3km buffer | northwest
between the ring and northeast
house of the Skm
buildings. buffer.

Image on 2 February, 2015
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(k)

Station Name Station Location | 1km buffer 5km buffer
Sanshui 5-6 storey high | Very few There are more | At the other
buildings. pieces of vegetation side othe
vegeatation covers at the river at the
covers are north and west | south, the
found. of the 3km farmlands are
buffer ring. seen.

Image on 2 February, 2015
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M

Station Name Station Location | 1km buffer 5km buffer
Huiyang 3-4 storey high | There are many | The building Vegetation
residential skyscrapers at | blocks appear | covers range
buildings. the west of the | to be less from the west
1km buffer densely located | to the south
from the at the east; at the Skm
station. Almost | some buffer ring;
no vegetation | vegetation others appear
cover is seen. cover is seen as | to be all
well. built-up
areas.

Image on 2 February, 2015
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(m)

Station Name Station Location | 1km buffer 5km buffer
Dongguan Vegetation is Two large There is a Most built-up
found at the vegetation government areas are
roadside. The covers are central building | observed,
buildings are found at the and square at except the
mid-rise to northwest and | the south of the | vegetation
high-rise. the southwest 3km buffer cover near
respectively. ring. There are | the hillside at
Some sports more open the southeast
grounds are space near to of the Skm
located at the them. buffer ring.
southwest.

Image on 2 January, 2015
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Station Name Station Location | 1km buffer 5km buffer
Fogang 2-4 storey high | The station is More Most of the
building and the | located in a vegetation areas in the
density between | community covers are Skm buffer
the buildings are | where found at the ring are
moderate. buildings are north and south | vegetation
relatively of the 3km covers.
lower. Taller buffer ring.

buildings are
found at the
outer buffer.

‘?-*Foga_ng

Image on 2 February, 2015
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(p)

Station Name

Station Location

1km buffer

Skm buffer

HKO

The station is
surrounded by
vegetation, but
it is enclosed by
many high-rise
buildings.

There are many
skyscrapers in
this buffer, and
they are
densely
located. Some
sports ground a
nd a park are
observed.

Most of the
built-up areas
are packed with
high-rise
buildings.

High-rise
buildings are
also found at
the other side
of the sea.

Image on 2 February, 2015
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Station Name Station Location | 1km buffer S5km buffer
Qingyuan Mid-rise to The density of | Open spaces The open
high-rise the buildings are found both | spaces are
buildings are are moderate. at the east and | larger
observed. west of the towards both
3km buffer the west and
rings. the east.
Some open

space appear
at the south
as well.

Image on 2 February, 2015
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Station Name Station Location | 1km buffer 5km buffer
Zengcheng Village houses | Mostly The settlements | It can be seen
with tile tops. famlands with | are found from | that the
some the north to the | downtown
settlements at east, as well as | areas are near
the northeast. some at the the south of
southwest. The | the Skm
remainings are | buffer ring.
covered by
vegetation.

Image on 2 February, 2015
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(s)

Station Name Station Location | 1km buffer S5km buffer
Guangzhou Located inside a | The station is The 3km buffer | More high-
university. in the campus | rings shows rise buildings
area of South more are observed
China downtown at the Skm
University of areas. buffer ring.

Technology.
There are
vegetation,
buildings and
open space.

‘Guangzhau

Image on 2 February, 2015
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Station Name Station Location | 1km buffer 5km buffer
Longmen N.A. Mostly covered | Only some The east side
by vegetation scattered of the Skm
and some settlements are | buffer ring
settlements are | found in the shows the
found at the 3km buffer downtown
central and ring. area of
northwest of Longmen.
the buffer. All the other
parts are
mainly
covered by
vegetation.

Image on 2 February, 2015
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(w)

Station Name | Station 1km buffer S5km buffer
Location
TKL The station is | The settlements | Mostly covered | Similar to the

located at a
large green
space.

are scattered in
this buffer.
Some open
storage uses are
observed.

by vegetation.
The settlements
are spead
towards the
northwest and
southeast
direction.

3km buffer ring
descriptions.

Image on 2 February, 2015
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Station Name | Station Location | 1km buffer Skm buffer
Zonghua The station is The pattern of | Large pieces of | More
near to a high- | the building vegetation vegetation
rise residential | blocks are cover appear at | cover is
building. ordered. There | the north of the | observed
is very little 3km buffer. farther away
vegetation from the
found.. station.

e

Z6nghua

Image on 2 February, 2015
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3.2.2 Landsat images

Satellite images provide a holistic view of the region of interest. They facilitate the spatial
distribution analysis of the thermal environment for local climate patterns and processes
(Comrie 2000). Images from Landsat Multispectral Scanner (MSS), Landsat Thematic
Mapper (TM), Landsat Enhanced Thematic Mapper Plus (ETM+), to Landsat 8
Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) were used. A variety
of classification approaches, including spectral mixture analysis (Lu and Weng 2006; Wu
2004; Wu and Murray 2003), regression tree modeling (Xian and Crane 2005; Yang,
Huang, et al. 2003; Yang, Xian, et al. 2003), decision tree classification (Dougherty et al.
2004; Jantz, Goetz, and Jantz 2005), subpixel classification (Civco et al. 2002), neural
network classification (Civco and Hurd 1997), and multiple regression (Bauer et al. 2004)
have shown that Landsat remote sensing has the potential for mapping and monitoring
impervious surface area. Landsat TM, ETM+ and OLI data have several advantages for
this application: synoptic view of multicounty areas, digital, GIS compatible data,
availability of data since 1984, and economical costs. These are all important factors in

selecting Landsat imagery in this study.

MSS images consist of four spectral bands with 60-meter spatial resolution. TM images
consist of seven spectral bands with a spatial resolution of 30 meters for Band 1 to 5 and
7. Spatial resolution for Band 6 (thermal infrared) is acquired at 120 meters, but products
processed before February 25, 2010 are resampled to 60-meter pixels. Products processed

after February 25, 2010 are resampled to 30-meter pixels. ETM+ images consist of eight

50



spectral bands with a spatial resolution of 30 meters for Band 1 to 5 and 7. Band 6 (thermal
band) is acquired at 60-meter resolution. Products processed after February 25, 2010 are
resampled to 30-meter pixels. The resolution of band 8 (panchromatic) is 15 meters. OLI
and TIRS images consist of nine spectral bands with a spatial resolution of 30 meters for
Band 1 to 7 and 9. The resolution for Band 8 (panchromatic) is 15 meters. Thermal bands
10 and 11 are useful in providing more accurate surface temperatures and are collected at
100 meters, resampled to 30-meter in delivered data product. The sequence of each satellite

being launched is illustrated in the following figure: -

[ Landsatl (MSS) |
1972
[ Landsat2 MSS) |
1975
Landsat 3 (MSS) [
1978
[ TadsadMSSTM) ]
1982
T TandsatSMSYTM)
1984
[ Tamdsat7@®@IMH ][] [
1999
Landsat 8 (OLI and TIRS) [N 1
2013

1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 220

Figure 3.4 Timeline for launching Landsat series

Landsat imagery (path 122/row 44) were downloaded from the USGS Earth Resource

Observation Systems Data Center (http://glovis.usgs.gov). Selection of clear, cloud- and

haze-free imagery was a high priority and the selected images had only a few areas with
clouds. Landsat images taken on the same day of the years for this study are difficult to
acquire due to the subtropical monsoon climate with cloudy and rainy days. There were 35

images downloaded in total and the details are listed in Table 3.3.
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Table 3-3 Details of Landsat images

LM2 12/24/1975 LT5 11/20/2004
LM2 02/10/1977 LTS5 11/23/2005
LM3 10/19/1979 LE7 12/04/2006
LM3 11/06/1979 LE7 12/09/2008
LT5 12/08/1987 LE7 01/10/2009
LT5 11/24/1988 LT5 11/02/2009
LTS5 10/05/1993 LE7 10/28/2010
LTS5 10/24/1994 LE7 12/31/2010
LTS5 12/30/1995 LE7 11/02/2012
LTS5 03/03/1996 LE7 10/04/2013
LE7 11/15/1999 LE7 10/20/2013
LE7 01/02/2000 LC8 11/29/2013
LE7 09/14/2000 LE7 12/07/2013
LE7 11/1/2000 LE7 12/23/2013
LT5 03/01/2001 LE7 10/07/2014
LT5 12/30/2001 LC8 10/15/2014
LE7 12/12/2003 LC8 11/16/2014
LT5 06/13/2004

The earliest available data is the image captured in 1975, it allows a comparison of the

urbanization in GPRD before the rapid economic development to nearly 40 years later.
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CHAPTER 4
METHODOLOGY

4.1 0bject-based classification for retrieving ISA

4.1.1 Buffers surrounding the stations

Referring to Figure 4.1, the atmospheric correction was applied to the Landsat images using
the Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) model. It
corrected wavelengths in the visible through near-infrared and shortwave infrared regions,

up to 3 um. Unlike many other atmospheric correction programs that interpolated radiation

transfer properties from a pre-calculated database of modelling results, FLAASH
incorporates the MODTRAN4 radiation transfer code. Layer-stacking was also applied in
order to build a new-multi-band file using ENVI Classic. For SLC-off data in ETM+
images, mosaicking method was used in ENVI/IDL that individual bands of each image
need to be gap-filled separately. The nearest time of the image was chosen to gap-fill the
spectral bands of the images. For the thermal band, the method of interpolation was used.
The last step before inputting the data was to pan-sharpen the images if the corresponding
panchromatic bands were available. The resulted spatial resolution of the pan-sharpened

image was 15 meters.
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Input Data

Gap-filled (for some
ETM+ images)

Atmospheric
Correction (FLAASH)

Pan-sharpening
(ETM+ and OLI)

Layer-stacking

Segmentation (with

thematic layer of
1/3/5km buffer)

’ Hierarchical rule-based classification ‘\
] ‘
| Brightness >=248 and Y 1
" <=275 !
| Nl !
| 1
| NDBal >=-0.28 and Y. Bare Soil |
| NDBuilt-up >0.06 + Built-u I
1
! Y
1 il 1
- 1
| Ul >-0.12 and NDBuilt-up >0.2 I
\
N = /
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Figure 4.1 Procedures of mapping impervious surface changes using time series Landsat

imagery

eCognition was employed to classify the impervious surface using object-oriented image
classification. It is based on fuzzy logic, allows the integration of a broad spectrum of
different object features, such as spectral values, shape and texture, in other words,
individual pixels are grouped according to certain criteria and rule (Chubey, Franklin, and
Wulder 2006). During segmentation, it needs multiple trials to obtain satisfactory results
as image pixels segments depend upon the size and compactness defined. The final
classification accuracy and statistical measurements correlation may be affected
significantly by the quality of the segmentation achieved. After segmentation, decision tree
rule-based classification will be adopted to extract features using textural analysis, the size
of segments, statistical variability presents between different groups of pixels and other

statistics per unit. Various thresholds will be decided to optimize the classification results.
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To begin with, layer mixing was performed to visually separate the vegetation and water
areas. As large areas of fish ponds appeared in the images, using Red, NIR and MIR can
enhance the representation of the image (Figure 4.2). Then, multiresolution segmentation
technique was employed to combine the groups with similar properties by user generated
parameters such as weights to bands, compactness and shape. After several trials, the
segmentation criteria were decided as below (Table 4-1). An example of the segmentation

results was shown in Figure 4.3.

Figure 4.2 True-color image (left) and false-color image (right)

Table 4-1 The parameters set for segmentation

Scale Parameter 30
Shape 0.1
Compactness 0.5
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Figure 4.3 Original data (left) and image objects after segmentation (right)

There were 3 buffer rings created surrounding the meteorological stations in order to study
the relationship between the urbanization and the change of air temperatures. The idea of
creating a 1km diameter buffer originated from Oke (2006), that the circle of influence on
a screen-level temperature sensor is around 0.5km radius typically, depending on building
density However, the building density information from historical Digital Surface Model
(DSM) cannot be obtained for this study. The 1km diameter buffer can still allow analysis
in 2D direction. Besides, the 3km and Skm buffers are built in order to give comparisons
to 1km buffer with a larger variety of surface cover types, while providing statistics
whether urban development existed farther from the station has any relationship with the

temperature indices. The design of the buffer rings was set out as below (Figure 4.4):-
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1km buffer 3 km buffer ring 5 km buffer ring
* indicate the location of station

Figure 4.4 Buffer design for ISA estimation

Hierarchical rule-based classification was developed to retrieve the ISA from Landsat
images. Referring to Figure 5, cloud masking was applied to those images with cloud cover
by using the feature properties of “Brightness”. Then, both Normalised Difference
Bareness Index (NDBal) (Kawamura and M. 1996) and Normalised Difference Built-up
index (NDBuilt-up) (Chen et al. 2006) were adopted to retrieve bare soil and built-up area
as some built-up areas were shown to be in light tone. They were described in Equation (9)

and Equation (10) respectively.

SWIR1-thermal
NDBal = SWIR2—-thermal ( 9 )

SWIR1-NIR

NDButh—up=m (10)
SWIR2-NIR
ur = SWIR2+NIR (11)
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Urban Index (UI) (Zha, Gao, and Ni 2003) in Equation (11) together with ND Built-up
were adopted the extract impervious areas. The values of the parameters shown in Table

4-1 are for reference only, there were minor adjustments for individual images.
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4.1.2 Validation of the ISA using Land Utilization Map (LUM)

Our team has processed the Land Utilization Map (LUM) 2014 of the PRD based on
Landsat-8, ZiYuan-3 (ZY-3), Gaofeng-1(GF-1). Landsat-8 is used to process the LUM
covering the whole PRD, ZY-3 and GF-1 were adopted to cover the important areas of the
PRD. The LUM was validated by 59 GPS and some random points selected from satellite
images. This LUM of PRD was classified into 11 groups, including built-up, construction

/working area, airports and woodland.

ZY-3 is the first of a new series of high-resolution civilian remote sensing satellites, a
project that was initiated in March 2008 by China. Two cameras (front facing and rear-
facing) have a spatial resolution at 3.5m and ground swath of 52.3km while the ground
facing camera has a spatial resolution at 2.1m and ground swath of 51.1km. The high-
resolution panchromatic cameras and an infrared multispectral scanner have a spatial
resolution at 6.0m and ground swath of 51.0km. The temporal resolution is 5 days. GF-1
is another high-resolution optical Earth observation satellites launched by China in 2013.
It is configured with two 2 m Panchromatic/8 m multispectral camera and a four 16m
multispectral medium-resolution and wide-field camera set, the temporal resolution is 4

days.

The accuracy assessment of the LUM was conducted by 553 points and in particular, built-
up achieved 96% of accuracy. Therefore, the built-up area of this LUM 2014 was adopted

to validate the results of classification of ISA in this study. Landsat-8 image captured on
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16" Nov 2014 was assessed by the LUM. Shapefiles of the ISA image objects were
exported from eCognition and added to ArcMap as a layer. The three ISA buffer rings
were dissolved of each station; the polygons were then overlaid on the corresponding built-
up areas of the LUM. The two areas were compared. Table 4-2 shows the accuracy of the

classification ranges from 79.97 % to 99.63%, which is satisfactory for further analysis.
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Table 4-2 Accuracy of the ISA eCognition classification results

Built-up Classified ISA  Accuracy (%)

from (km?)
LUM(km?)
Baoan 6.864 6.626 96.525
Boluo 7.237 5.89 80.281
Dongguan 17.734 14.253 80.372
Fogang 8.176 7.609 93.069
Guangzhou 17.812 15.316 85.987
Heshan 12.396 11.429 92.204
HKO 10.793 9.569 88.657
Huadou 14.332 13.475 94.023
Huiyang 14.588 13.703 93.929
Longmen 1.769 1.414 79.966
Nanhai 17.687 17.057 96.435
Panyu 17.155 16.365 95.398
Qingyuan 6.581 6.521 99.078
Sanshui 12.909 12.689 98.291
Shenzhen 17.473 17.281 98.904
Shunde 12.115 11.156 92.087
TKL 3.106 2.812 90.540
Xinhui 10.365 10.044 96.903
Zengcheng 0.079 0.072 91.679
Zhongshan 11.025 9.416 85.404
Zonghua 9.106 9.072 99.629

4.2 LST retrieval from Landsat images

All of the images downloaded are Level 1T products, which means ground control points
were included to provide systematic radiometric and geometric accuracy (USGS, 2013).
There were 31 images listed in Table 3-3 out of 35 contains TIR band(s), which LST can

be calculated.
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ENVI is adopted for processing the LSTs from the Landsat images. All the equations are
entered using the band math function in the software. The first step was to convert the DN
values of the Landsat TM/ETM+/TIRS TIR band into the spectral radiance by using

Equation (12).

La=gain x QCAL +offset (12)

where L, is the spectral at the sensor’s aperture in W/m2umsr’!; gain is the rescaled gain
in W/m?um'sr! and offset is the rescaled bias in W/m2um'sr'!; and QCAL is the

quantized calibrated pixel value in DN.

The next step is to estimate the land surface emissivity(e). Firstly, NDVI was used to

retrieve the vegetation proportion (Py) by using the formula below:

NIR-RED

NDVI = (13)
NIR+RED

It is an index to distinguish pixels with soil cover and pixels with full vegetation cover.
NDVIs at 5% and 95% of the data were retrieved as NDVIs; and NDVIy and then the

vegetation proportions (Pv) was calculated using equation (14):

(NDVI-NDVI) ]2

by = [(NDVIV—NDVIS) (14)
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Instead of using NDVI to define different classes, supervised classification was carried out
by the maximum likelihood algorithm to obtain water, built-up and vegetation coverage
with more than 100 samples selection. Class C (Water), C> (Vegetation) and Cs (Built-up)
were classified, while emissivity for waterbody(ewater) could take 0.995 from experience.

Emissivity of vegetation (eveg) and built-up (ewuit) can be calculated using the following:

Eveg= 0.9625+0.0614* Pv-0.0461* P, (15)

£buil=0.9589+0.086* Pv-0.0671%* P2 (16)

Atmospheric correction is necessary as the emitted signal on a ground target is both
attenuated and enhanced by the atmosphere (Barsi et al. 2005). A radiative transfer model
to estimate transmission(t), upwelling radiance(L1) and downwelling radiance (L]) can
help convert Landsat TIR at-satellite data to surface temperature products. The
corresponding data of the images after 19 January 2000 were processed on

http://atmcorr.gsfc.nasa.gov/, which is an atmospheric correction tool developed by Barsi

et al. (2005). Those images before the date used MODTRAN4 radiation transfer code.
Once these parameters are ready, the Top-of Atmosphere (TOA) temperature to surface-

leaving temperature can be achieved by using the following formula:

Lr-[Li-Lt-t*(1-e) * L]/t * ¢ (17)
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where Lris the radiance of a blackbody target of kinematic temperature 7, L; is the at-sensor
temperature, L1 is the upwelling radiance, L| is the downwelling radiance, T is the

atmospheric transmission and ¢ is the emissivity of the surface.

Lastly, the radiance to surface temperature is converted using the equation below:

T = —2 — —2735 (18)

S K1
In &1+1)

where Ts is the surface temperature in degree Celsius, K; and K> are the pre-launch
calibration constants chosen to optimize the approximation for the band pass of the sensor.
For Landsat 5, K; is 607.76 W/m?pm!sr! and Kz is 1260.56 K, for Landsat 7, K; is 666.09
W/m2um'sr! and K» is 1282.71K, for Landsat 8, K; is 774.89 W/m?um'sr! and K, is

1321.08 K for band 10.

Since the satellite images are acquired at 10 to 11a.m., the LSTs retrieved from satellite
images were validated using the daily average LSTs collected by the stations. Figure 4.5
shows the relationship of these two datasets, y refers to average LST from stations and x

refers to image LST.
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Figure 4.5 Relationship of image LSTs with station average LST

The R? between these sets of data is 0.796 (n=273) with root-mean-square-error (RMSE)
of 0.057. Small RMSE reflects the LST images are accurately computed when comparing
to the values observed by the stations. Large R? suggests the two sets of data fit well in a

linear relationship.

4.3 Conversion of LST to air temperature

Satellite images measure the LST rather than air temperature, therefore it is necessary to
convert the LST images to air temperature since the UHI is measured by air temperature.
The air temperature collected at the 21 stations on the image dates were regressed against
the corresponding image LSTs (Figure 4.6 and 4.7). Equations (19) and (20) were applied
to the LST images to produce both minimum and average air temperature (T.) images

respectively.

65



T, = 0.7019 = LST — 3.319 (19)

T, = 0.668 * LST + 1.7795 (20)

The R? between LST and T, are 0.709 (n=613) for minimum T, and 0.777 (n=619) for
average Ta. The significant R? values mean the data are close to the fitted regression
equations and suggest the station air temperatures are suitable for converting the LST to air

temperatures.

35
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Figure 4.6 Relationship of image LSTs with station minimum Ta
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Figure 4.7 Relationship of image LSTs with station average Ta

4.4 Derivation of monthly images

A new algorithm is developed to convert the T. image of a particular day to a T. image
representing that month. This is necessary to allow comparison of temperatures among the
years. Limitations of using the normalization formula (Equation 1) is explained in Chapter

One.

This new normalisation algorithm starts by obtaining the monthly average air temperatures
(%) and their standard deviation (o1) from the station daily (average and minimum)
temperatures. The average and minimum value of air temperature on the day of the image
for pixel at each station are acquired. A number is thus calculated indicating how much
and which direction this value is of 0 away from the monthly average temperatures(x), i.e.
02. The pixel values from the T, images of the stations from Section 4.2 are also extracted.

The algorithm is explained by Equation (21):-
67



Ta (image month) = T, (image day) - o1(int)* o,(int) (21)

where o1(7/nt) refers to the interpolated image of o1 of all the stations using station air
temperatures using Kriging method, o2(in¢) is the interpolated image for pixel air
temperature o, at all stations using Kriging method. Ta (/image day) refers to the resulting
image from Section 4.2. For images that were acquired on the same month and year, Ta

(image month) were averaged.

Kriging is a geostatistical method of interpolation based on statistical models that involves
autocorrelation, and calculates the statistical relationship among the surface points. It has
the ability to measure the certainty and accuracy of the prediction surface. On the other
hand, other deterministic interpolation methods such as Inverse Distance Weighting (IDW)),
Natural Neighbor and Spline, mainly concern the smoothness of the resulting surface based
on the surrounding values. Kriging was adopted to interpolate the data as it considers the

spatial arrangement of the measured points and generates results that best fit our purpose.

The method is validated using 7 Automatic Weather Station (AWS) in Hong Kong as a test
of the monthly images. They are Lau Fau Shan, Tsing Yi, Shan Tin, HK International
Airport, Shek Kong, Tai Mo Shan and Tate’s Cairn. There are two reasons for selecting
these stations, namely be long time record of temperatures and being included in the image

coverage. The details of the stations are shown in Table 4-3.
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Table 4-3 List of stations for validating the new normalisation algorithm

Station Latitude Longitude  Beginning Year
HK Int’l Airport  22°18°34”  113°55°19” 1997
Lau Fau Shan 22°28°08” = 113°59°01” 1985
Sha Tin 22°24°09”  114°12°36” 1984
Shek Kong 22°26°10”  114°05°05” 1996
Tai Mo Shan 22°24°38”  114°07°28” 1996
Tate’s Cairn 22°21°28”  114°13°04” 1997
Tsing Yi 22°20°53”  114°06°33” 1987

The monthly minimum and average air temperatures of these stations were plotted against

the values obtained from the corresponding monthly images.
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Figure 4.8 Relationship of image monthly minimum Ta with station monthly minimum

Ta
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Figure 4.9 Relationship of image monthly average Ta with station monthly average Ta

The results (Figure 4.8 and 4.9) show an RMSE of 0.987 for the monthly minimum
temperatures (n=112) and 0.959 (n=106) for the monthly average temperatures. The RMSE
is a standard statistical metric to measure model performance in climate research studies

and both values showed an RMSE lower than 1°C, which is seen as acceptable for this

study.
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4.5 Case studies by transects between stations

To study inter-city relationships in urban growth and related changes in air temperature, 64
transects were created (Figure 4.10). Some of these transects were selected as case studies,
and along these, a point was added at every 1km. For the whole image area, a fishnet with
resolution of 1km was created using ArcMap. The size of 1km was selected based on the
likelihood that it includes different land cover types, but is not too large to have overlapped
areas of transects nearby. Using “Feature to Polygon™ function changed the feature (line)
into polygons- “lkm x lkm grid” (Figure 4.11). Lastly, only those polygons which
intersected with points created on the transects were selected and the remaining ones were
deleted. For monthly Ta images, the pixel values were resampled to 1km using the nearest

neighbour method for comparability with the ISA results obtained in the grids.
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Figure 4.10 Transect network between the cities (stations)

Before inputting the images to eCognition for segmentation, the images were clipped by
this “1km x 1km grid” shapefile to reduce the file size. A larger scale parameter could thus

be applied (Table 4-4).

72



Figure 4.11 “lkm x 1km grid” along the transects

Table 4-4 Parameters set for segmentation of grids along transects

Scale Parameter 5
Shape 0.1
Compactness 0.5

Instead of using Equation (9) to (11), Tasselled Cap transformation was used for
compressing spectral data into a few bands associated with physical scene characteristics,
with minimal information loss. The reason for using the Tassel Cap coefficients is due to
its effectiveness to differentiate vegetation, soil, and water content, which are often mixed
up with built-up areas. One of these bands represents the degree of greenness of the pixels,
another represents the degree of yellowness of vegetation, and the last one represents
wetness of the soil. Table 4-5 and Table 4-6 show the coefficients for Landsat TM and

ETM+.
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Table 4-5 Tassel Cap Coefficients of TM

Band Channel 1 Channel 2 Channel 3 Channel4 Channel5 Channel 7

Brightness 0.3037 0.2793 0.4343 0.5585 0.5082 0.1863

Greenness | -0.2848 -0.2435 -0.5436 0.7243 0.0840 -0.18

Wetness 0.1509 0.1793 0.3299 0.3406 -0.7112 -0.4572

Table 4-6 Tassel Cap Coefficients of ETM+

Band Channel 1 Channel 2 Channel3 Channel4 Channel5 Channel 7

Brightness 0.3561 0.3972 0.3904 0.6966 0.2286 0.1596
Greenness | -0.3344 -0.3544 -0.4556 0.6966 -0.0242 -0.2630

Wetness 0.2626 0.2141 0.0926 0.0656 -0.7629 -0.5388

4.6 Clustering Analysis

Linear trend lines were generated by inputting the daily minimum air temperatures, and the
warming rate was obtained from each station. Additionally, the percentage ISA for the

buffer rings surrounding each station were retrieved. The flow is explained in Figure 4.12.
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Figure 4.12 Flow of the clustering analysis

According to IPCC (2007), global surface temperatures between 1906 and 2005 rose at a
rate of 0.074 °C per decade. Background temperature increase is subtracted from each
station temperature change. The adjusted temperature values, together with the impervious
area (ISA) change within the 1km, 3km and S5km buffer rings (Table 4-7) were input to
SPSS for clustering analysis. Clustering analysis can group a set of objects with similar
characteristics into the same group, while differentiating from the other groups. Although
both the increase of minimum temperature and ISA change for all the stations are positively
correlated, except a slight decrease of minimum temperature was found in Zonghua;
clustering technique can help us understand the characteristics of each station, including
the rate of increase in minimum temperature for each of the buffers. Some stations may
have higher values in a particular buffer, and by analysing the corresponding rate of
increase in minimum temperature, similar cases can be allocated into the same group.

Ultimately, the spatial pattern of the cluster membership can be evaluated.
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Table 4-7 Increase of minimum temperature, adjusted values, 1km, 3km and Skm buffer

change of each station from 1975 to 2014.

City AT min Adjusted Alkm A3km ASkm

(°C)/decad AT min (%) (%) (%)

e (°C)/decad
e

Shenzhen 0.6 0.526 72 59 52
Shunde 0.57 0.496 99 45 25
Boluo 0.47 0.396 80 31 11
Xinhui 0.43 0.356 51 29 25
Zhongshan 0.4 0.326 35 26 31
Heshan 0.39 0.316 59 40 20
Panyu 0.37 0.296 90 56 39
Baoan 0.35 0.276 29 13 16
Huadou 0.35 0.276 79 43 32
Nanhai 0.35 0.276 69 59 35
Sanshui 0.3 0.226 79 53 17
Dongguan 0.28 0.206 94 57 50
Huiyang 0.27 0.196 69 47 26
Fogang 0.25 0.176 85 35 8
HKO 0.22 0.146 32 32 9
Qingyuan 0.14 0.066 66 35 17
Zengcheng 0.14 0.066 21 7 5
Guangzhou 0.13 0.056 55 48 42
TKL 0.08 0.006 23 14 7
Longmen 0.07 0.004 5 7 8
Zonghua -0.03 0 64 40 18

Table 4-8 Standardized values of Table 4-7

AT min Alkm A3Km ASKkm
0 0 o
City (°C)/decade oo ) (%)
Shunde 1.76417 1.47740 48604 10757
Shenzhen 1.95820 45956 133159 2.01361
Boluo 1.11739 76114 -.35950 88074

76



Xinhui .85868 -.33210 -.48029 10757
34125 -1.16146 -1.44663 -.52777
Baoan
Heshan .59996 -.03052 .18406 -.24540
47061 1.13812 1.15040 1.09589
Panyu
Zhongshan .66464 -.93527 -.66148 53114
Huadou 34125 72344 36525 .60173
Nanhai 34125 34646 1.33159 81351
. .01786 72344 96921 -.45718
Sanshui
. -.17617 34646 .60684 17817
Huiyang
-.11149 1.28891 1.21079 1.87242
Dongguan
-.30553 94963 -.11792 -1.09253
Fogang
HKO -.49956 -1.04836 -.29910 -1.02193
. -1.01698 23337 -.11792 -.45718
Qingyuan
-1.01698 -1.46304 -1.80900 -1.30431
Zengcheng
-1.08166 -.18131 .66723 1.30767
Guangzhou
-1.41799 -2.06621 -1.80900 -1.09253
Longmen
TKL -1.40505 -1.38764 -1.38623 -1.16312
-1.44386 15797 .18406 -.38659
Zonghua
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Table 4-8 shows the standardized values of the variables. It is important to put the data into
the same scale by standardizing the values, with mean at 0 and standard deviation as 1 so
the data are in equal scale that allow comparison. Next, it is crucial to define a suitable
number of cluster for K-means clustering. As the larger the number of cluster is, the smaller
the cluster is and it is more difficult to explain. Here, the Ward’s method is adopted to
determine the most reasonable number. It is a commonly used method in deciding the

number of clusters. For each cluster, the means for all the variables are computed. Then,




for each object, the squared euclidean distance to the cluster means is calculated, and these
distances are summed for all the objects. At each stage, the two clusters with the smallest

increase in the overall sum of squares within cluster distances are combined.

Agglomeration Schedule
Coefficients

807

Values

40

201

r T T T T T T T T T T | T
12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Stage

Figure 4.13 Ward’s method from hierarchical clustering method

The Ward’s method shows the number of stage versus the agglomeration schedule
coefficients. The agglomeration schedule provides information on the number of stations
being combined at each stage of the clustering process. The coefficient refers to the squared
Euclidean distance between the cases being evaluated. The “elbow” point or distinctive
break was found at stage 17 and 18, the value in the coefficient axis jumped from 24.5 to
32.6, therefore the number of clusters was set as three, as demonstrated in Figure 4.13. If

the number £ of cluster is fixed, k-means procedures can be started.
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The number of maximum iterations is set as 10, meaning that if the data don’t converge in
10 iterations, the data is not good enough for clustering as the centres are still changing and

the clusters are not very stable.

79



CHAPTER 5
RESULTS AND DISCUSSION

5.1 Results

5.1.1 Warming rates derived from the meteorological station data

The linear fitting of the yearly average, minimum and maximum air temperature showed
that significant warming rates were found for all stations (Table 5-1), except a slight
decrease for Zonghua (Minimum Temperature). The ranges of warming rate of average,
minimum and maximum air temperature air temperature was from 0.07°C/decade in
Zonghua to 0.53°C/decade in Shunde, 0.07°C/decade in Longmen to 0.6°C/decade in
Shenzhen, and 0.01°C/decade in TKL to 0.51°C/decade in Panyu, respectively. The actual
warming rate of average, minimum, and maximum air temperature was 0.28+0.13°C
/decade, 0.31+£0.17 °C /decade and 0.30+0.14 °C /decade of these observation stations,
respectively. In addition, the small p-values for all stations indicated significant linear
fitting models. Since the minimum and maximum air temperature showed the same average
warming rate per decade, and the average air temperature was just slightly lower, both
nighttime and daytime warming trends are significant. However, a higher standard
deviation for minimum air temperature were observed, meaning that some extreme values
of warming rate (e.g. Shunde 0.57°C /decade, Shenzhen 0.60°C /decade, Zonghua -0.03°C
/decade) appeared. As minimum temperatures can indicate the UHI intensity due to its
nature in the urbanized area, it is more important to investigate the minimum temperature
warming trend that better suits our purpose for this UHI study. The daytime warming trend,
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demonstrated by increasing average and maximum temperatures, may be attributed to the

increase of human activities during daytime; electricity and transportation, factories

production and energy consumed in homes and other businesses would produce greenhouse

gases that trapped heat near the earth’s surface and raising the temperature.

Table 5-1 Warming rate (°C/ decade), Determination coefficient (r?) and Significance

Level (p) of the linear fit of the air temperature from 1975 to 2014 for the used stations

*TKL started temperature recording in 1989

Average Air Temperature

Minimum Air Temperature

Maximum Air Temperature

r2

r2

r2

Station Name | Warming P Warming P Warming P
Rate Rate Rate

Baoan 0.34 0.61 <0.001 0.35 0.57 <0.001 0.36 0.57 <0.001
Boluo 0.34 0.59 <0.001 0.47 0.73 <0.001 0.30 0.39 <0.001
Dongguan 0.27 0.34 <0.001 0.28 0.33 <0.001 0.19 0.15 <0.001
Fogang 0.20 0.28 <0.001 0.25 0.36 <0.001 0.20 0.18 <0.001
Guangzhou | 0.14 0.12 <0.001 0.13 0.09 <0.001 0.24 0.29 <0.001
Heshan 0.43 0.65 <0.001 0.39 0.60 <0.001 0.49 0.57 <0.001
HKO 0.18 0.33 <0.001 0.22 0.37 <0.001 0.10 0.08 <0.001
Huadou 0.37 0.58 <0.001 0.35 0.56 <0.001 0.40 0.56 <0.001
Huiyang 0.28 0.44 <0.001 0.27 0.46 <0.001 0.30 0.33 <0.001
Longmen 0.08 0.06 <0.001 0.07 0.03 <0.001 0.15 0.13 <0.001
Nanhai 0.40 0.52 <0.001 0.35 0.46 <0.001 0.47 0.55 <0.001
Panyu 0.41 0.64 <0.001 0.37 0.50 <0.001 0.51 0.69 <0.001
Qingyuan 0.15 0.16 <0.001 0.14 0.15 <0.001 0.25 0.20 <0.001
Sanshui 0.30 0.36 <0.001 0.30 0.40 <0.001 0.32 0.33 <0.001
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Shenzhen 0.39 0.54 | <0.001 |0.60 0.68 | <0.001 |o0.14 0.13 | <0.001
Shunde 0.53 0.73 | <0.001 | 0.57 0.80 | <0.001 | 048 0.62 | <0.001
*TKL 0.13 0.02 <0.001 0.08 0.02 <0.001 0.01 0.09 <0.001
Xinhui 0.33 0.53 | <0.001 |0.43 0.65 | <0.001 |0.19 0.17 | <0.001
Zengcheng 0.15 0.16 <0.001 0.14 0.13 <0.001 0.34 0.39 <0.001
Zhongshan | 0.37 0.43 [ <0.001 | 0.40 0.46 | <0.001 | 037 036 | <0.001
Zonghua 0.07 0.03 <0.001 -0.03 0.01 <0.001 0.35 0.43 <0.001
AVERAGE | 0.28 - 0.31 - 0.30 -
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Figure 5.1 The change of minimum temperatures from 1975 to 2014

*TKL started temperature recording in 1989

According to an ongoing temperature analysis conducted by scientists at NASA’s Goddard

Institute for Space Studies (GISS), the average global temperature on Earth has increased
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by about 0.8°C since 1880. Two-thirds of the warming has occurred since 1975, at a rate
of roughly 0.15-0.20°C per decade. As illustrated in Figure 5.1, more than 70% of the
stations, 15 out of 21 stations resulted more than 0.20°C increase per decade. This result is
significantly more than the global trend. Shenzhen has resulted the highest increase of

0.60°C per decade, the lowest increase was found in Longmen(0.07°C/decade).

C Minimum temperature in 1975 (derived from the linear model)
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Figure 5.2 (a)-(b)The change of minimum temperatures from 1975 to 2014
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*TKL started temperature recording in 1989

Figure 5.1 considers the warming rates per decade of different stations, while Figure 5.2
provides another perspective by considering the values of minimum temperature at the
beginning and the end of the study period. In 1975 (Figure 5.2(a)), HKO is the station
obtaining the highest value (21°C), and is significantly higher than other stations, ranging
from 1.7°C to 3.8°C. It is the only station with a value over 20°C being observed. There is
over 80% of the stations valued between 18°C to 19°C, excluding TKL due to its
temperature recording only starts in 1989. In 2014 (Figure 5.2(b)), HKO is still the highest
among all stations, however, the differences between it and other station are smaller,
ranging from 0.5°C to 2.5°C, except five stations. Apart from HKO, there are nine more
stations obtained values above 20°C, meaning nearly 50% of the stations with values over
20°C. On the other hand, Longmen is the station with the smallest value both in 1975 and
2014, and is the only station with both values below 18°C. Even though the warming rate
of both HKO and Longmen are not as significant as other station, as discussed in Figure
5.1, the results shown in Figure 5.2 by illustrating the absolute values still worth attention
as it may provide insights to understand the relationship of ISA and minimum temperature

of the early developed locations.
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