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Abstract: The effect of the expansion of urban impervious surfaces on surface urban heat islands
(UHISs) has attracted research attention due to its relevance for studies of local climatic change and
habitat comfort. In this study, using five satellite images of Xiamen city, Southeast China (four
images from the Landsat 5 Thematic Mapper (TM) and one from the Landsat 8 Operational Land
Imager/Thermal Infrared Sensor (OLI/TIRS)) acquired in summer between 1989 and 2016, together
with spatial statistical methods, the changes in impervious surface area (ISA) were investigated,
the spatiotemporal variation of the intensity of urban heat islands (UHIs) was explored, and the
relationships between land surface temperature (LST) and the percentage of impervious surface area
(ISA%), the normalized difference vegetation index (NDVI), and fractional vegetation coverage (Fv)
were investigated. The results showed the following: (1) According to the biophysical composition
index (BCI) combined with an ISA post-processing method, Xiamen has witnessed a substantial
increase in ISA, showing a 6.1-fold increase from 1989 to 2016. The direction of ISA expansion was
consistent throughout the study period in each of the five districts of Xiamen; (2) a bay-like UHI form
is observed in the study area, which is remarkably distinct from the central-radial UHI form observed
in previous studies of other cities; (3) the extent of UHIs in Xiamen greatly increased between 1989
and 2016, experiencing a 4.7-fold increase in UHI areas during this time. However, during the same
period, the urban heat island ratio index (URI)—that is, the ratio of UHI area to ISA—decreased
slightly. The UHI area decreased in some urban parts of Xiamen due to a significant increase in
vegetation coverage, urban village redevelopment, and the construction of new parks; (4) sea ports
and heavy industrial zones are the greatest contributor to surface UHI, followed by urban villages;
and (5) LST is strongly positively correlated with ISA%. Each 10% increase in ISA was associated
with an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related
studies. This study presents valuable information for the development of regional urban planning
strategies to mitigate the effects of UHIs during rapid urbanization.

Keywords: urban heat island; impervious surface area; biophysical composition index; remote
sensing; coastal city; Xiamen

1. Introduction

Over the past several decades, urbanization has progressed at an unprecedented rate throughout
the world [1]. In 1950, only 29% of the global population lived in urban areas; however, by 2018, this
proportion was 55%. Furthermore, the UN Population Division estimates that the global percentage of
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urban residents will increase to 68% by 2050 [2]. In 1978, China’s urban population was 170 million,
representing 17.4% of China’s population at the time; however, by the end of 2018, more than 831 million
Chinese lived in cities, accounting for 59.6% of the country’s population. Coastal urban regions in China
have undergone particularly rapid population growth and strong economic growth [3]. Approximately
11.0% of China’s population lives in the Yangtze River Delta, which represents China’s largest “super
city” and contributes approximately 23.5% of the country’s GDP (2018 data) [4]. Urbanization inevitably
involves the transition from natural vegetation coverage to impervious surfaces (e.g., paved roads,
building roofs, and parking lots) [5]. Thus, although it brings great social and economic benefits,
urbanization leads to a number of environmental issues, such as urban heat islands (UHIs), the
degradation of water quality, and loss of biodiversity [6]. The term “surface UHI” refers to the
phenomenon whereby the land surface temperature (LST) in urban areas is higher compared to the
surrounding rural areas [7]. The high temperature of UHIs influences not only the local and mesoscale
climate but also human health, air quality, and ecosystem functions [8]. Therefore, UHIs have received
large research attention around the world [9]. Remote sensing technology can be used to obtain
detailed images of land cover with a high temporal resolution, allowing a synoptic and uniform means
of mapping urban impervious areas and studying the effects of surface UHIs [10].

In recent years, impervious surface area (ISA) has increasingly been used as a key environmental
indicator. Impervious surface areas can reduce water quality and lead to greater soil dryness and higher
air temperatures [9]. Numerous methodologies have been constructed for the extraction of the ISA from
remote sensing images with various spatial scales in order to map ISA and evaluate their dynamics.
Three major classes of algorithms have been used for the extraction of ISA from satellite images,
namely machine learning methods, spectral unmixing techniques, and spectral index (SI) methods.
Machine learning techniques include artificial neural networks (ANNSs) [11], support vector machines
(SVMs) [12], decision tree classification (DTC), classification and regression tree (CART) analysis [6],
and regression modeling [13]. Methods for the determination of empirical relationships between
various spectral and spatial characteristics include linear spectral mixture analysis (LSMA) [14-16],
and the multiple endmember spectral mixture analysis (MESMA) method [17]. A number of Sls
have been constructed to quantify the biophysical characteristics of the earth’s surface, including the
impervious surface area index [18], the normalized difference impervious surface index (NDISI) [19],
the biophysical composition index (BCI) [20,21], the modified NDISI [22], and the combinational
built-up index (CBI) [23]. Spectral indices can be used to derive ISA, usually using a simple linear
composition formula for the original image bands, reflected image bands, or other feature index bands
obtained from imagery. This index-based method does not require much a priori knowledge of image
pre-processing. Therefore, compared to machine learning methods and spectral unmixing techniques,
SIs have the advantages of uncomplicated implementation and computational convenience in practical
applications [20,21]. Furthermore, some Sls (e.g., the BCI) can be estimated using a wide range of
satellite imagery with various spatial resolutions, ranging from coarse resolution (e.g., Moderate
Resolution Imaging Spectroradiometer (MODIS)), to medium resolution (e.g., Landsat 5, Sentinel 2), to
high resolution (e.g., IKONOS) satellite imagery [20].

Satellite-derived LST has been used to study UHIs, and has been used to inform various strategies
for the mitigation of UHIs, climate modeling, and studies of local and global-scale climate change.
In recent years, there has been increasing concern regarding the effect of ISA on LST [14,19,24,25].
However, there have been few studies of the effect of urban development on surface UHIs using
satellite images taken at different times in the same season, especially in coastal cities.

Therefore, this study aimed to use remote sensing images and spatial statistical methods to
assess the effects of rapid urbanization—and particularly the rapid expansion of ISA—on UHIs in
the city of Xiamen, China, for a 27-year period from 1989 to 2016. This study focused on the changes
in ISA, investigated the area and intensity of UHIs, and revealed the relationships between LST
and (1) the percentage of impervious surface area (ISA%), (2) the normalized difference vegetation
index (NDVI), and (3) the fractional vegetation cover (Fv). The results of this study could be helpful
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for the development of regional urban planning strategies to mitigate the effects of UHIs during
rapid urbanization.

2. Study Area and Data

2.1. Study Area

Xiamen city is situated in the SE coast of Fujian Province, China (117°53’-118°26" E and
24°23'-24°54’ N, and covers an area of 1699.39 km? (Figure 1). The city has undulating terrain,
an elevation range of 0 to 1175 m, and has a subtropical monsoon climate and a mean annual
temperature of 21 °C. The city consists of two main areas—Xiamen Island and four suburban districts,
namely Jimei, Haicang, Tong’an, and Xiang’an.
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Figure 1. The location of Xiamen city. A, B, C, and D show Haicang Bay, Maluan Bay, Xinglin Bay, and
Tong’an Bay, respectively.

Xiamen is one of the four oldest special economic zones in China. In recent decades, due to the
high quality of its urban ecological environment and its diversified and growing economy, the city
has continuously attracted a huge number of new residents and has experienced significant urban
growth [26]. Xiamen has evolved from an “island-like” city to a “bay-like city” with an urban center on
Xiamen Island and various surrounding towns and suburban agglomerations located in the bays and
plains on the mainland [27]. National census data indicate that Xiamen’s resident population grew
from 1.18 million to 4.11 million between 1990 and 2018. The city’s dramatic and rapid urbanization
has led to environmental issues, such as the deterioration of water quality, loss of farmland, and the
eutrophication of offshore waters [28,29]. This urbanization, combined with the city’s diversity of
land-use/land-cover, makes Xiamen an ideal area to investigate the effects of surface urban heat islands.

2.2. Data Collection and Processing

Four Landsat 5 Thematic Mapper (TM) images and one Landsat 8 image (Table 1) were acquired
from the website of the United States Geological Survey (http://earthexplorer.usgs.gov/). Digital
elevation models (DEMs) were acquired from the Geospatial Data Cloud website (http://www.gscloud.
cn/). Landsat 8 is equipped with two instruments, the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS). The Landsat 8 OLI data consist of nine spectral bands. Bands 1-7 and band 9
have a spatial resolution of 30 m, and band 8 is a panchromatic band with a 15-m spatial resolution.
The four Landsat 5 TM images have a cloud cover of less than 1.81% and covered remote mountainous
areas with forests.
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Table 1. Details of the Landsat images used in this work.

Image Type Image ADc;E;nsltlon ASnugrlleE(llg\;agt;:ens) Path/Row Cloud Cover (%)
Landsat 8 OLI/TIRS 27 July 2016 66.42 119/43 1.81
Landsat 5 TM 06 Jun 2009 66.34 119/43 0.31
Landsat 5 TM 23 May 2004 64.68 119/43 0.00
Landsat 5 TM 20 July 1996 56.60 119/43 0.16
Landsat 5 TM 15 Jun 1989 61.40 119/43 1.71

Note: OLI: Operational Land Imager; TIRS: Thermal Infrared Sensor; TM: Thematic Mapper.

Detailed descriptions of the images used in this study are shown in Table 1. The images were
all acquired in the same season with adjacent sun elevation angles and clear sky conditions. All
images were divided using the Universal Transverse Mercator projection (zone 50N). The images
were georegistered with root-mean-square (RMS) errors of less than 0.5 pixels. The images were
pre-processed via an atmospheric correction procedure that is based on the dark object subtraction
(DOS) method [30,31].

3. Methods

3.1. Image-Based Atmospheric Correction Method

The DOS method for atmospheric correction [30,31] was applied to both the Landsat 5 TM and
Landsat 8 OLI images. It can be expressed as:

(Lsat - Lhaze)'n'dz

P = TTESUN-cos@ ' ™

where ESUN represents the exo-atmospheric solar spectral irradiance; p represents the surface
reflectance; Lgy; represents the spectral radiance at the aperture of the sensor (W/(m?-sr-um)); Lyse
represents the path radiance, which is derived using continuous relative scatter [30] for Landsat 5
TM images and using the lowest valid value attribute table method [32] for Landsat 8 OLI images; 0
represents the solar zenith angle (°); and D represents the normalized Earth-Sun distance.
Lsat can be written as:
Lsat = Gain-DN + Bias, 2)

where DN represents the remotely sensed digital number, and Gain and Bias represent the radiometric
gain and bias gain for a specific band, respectively, and were obtained from the head files of images.

3.2. Retrieval of Land Cover

To determine the recent land surface cover in Xiamen, the main land cover was first retrieved,
namely the impervious built land, vegetation, bare land, and water bodies (sea, ponds, beach, rivers,
and lakes). Therefore, the land cover in the study was divided into two classes, namely impervious
areas and non-impervious areas (i.e., vegetation, bare land, and water bodies).

3.2.1. Retrieval of Vegetation Index

The NDVI was used to extract vegetation [33]. This index is given by:

NDVI = (pNIR = PRed)/ (PNIR + PRed). 3)

where pyjr and pgreg represent the spectral reflectance of the red and NIR bands, respectively, for the
Landsat 5 TM and Landsat 8 OLI images.
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3.2.2. Retrieval of Water Index

The modified normalized difference water index (MNDWI) of Xu [34,35] was applied to delineate
open water features. The index is given by:

MNDWI = (pGreen — Pswir1)/ (PGreen + PSWIR1), 4)

where pGreen and pswir: are the spectral reflectance of the green and short-wave infrared 1 bands,
respectively, for TM/OLI images.

3.2.3. Retrieval of Bare Land Index

The modified normalized difference bare index (MNDBal) [36] was used to extract bare land. The
index is expressed as follows:

MNDBal = (pRed - pBlue)/(pRed + pBlue)r (5)

where prqs and ppy,e represent the spectral reflectance of the red and blue bands, respectively, for
TM/OLI images.

3.2.4. Retrieval of Impervious Surface Area

Deng et al. [20] proposed the BCI, the calculation of which involved a modification of the Tasseled
Cap (TC) transformation, to effectively distinguish impervious surfaces or other impervious features
from non-impervious features (e.g., soil and vegetation) based on a vegetation-impervious surface-soil
(V-I-S) triangle model. In this study, the BCI was used to distinguish impervious surfaces in order
to avoid the shortcomings of spectral mixture analysis (SMA) methods regarding the selection of
endmembers and endmember signature specification [15]. The BCI can be calculated as follows:

(H+L)/2-V

BCl=-—— 22"~
(H+L)/2+V

(6)
where H represents the normalized first tasseled cap (TC1) (i.e., high albedo); V represents the
normalized second tasseled cap (TC2) (i.e., vegetation); and L represents the normalized third tasseled
cap (TC3) (i.e., low albedo). These three factors can be given by the following equations:

TC1 = TC1,in
H= 7
TClmax - TClmin ’ ( )
TC2 - TC2in
V =
Tczmax - Tczmin ’ (8)
L TC3 —TC3in ©)

- TC3ax — TCBmin ’

where TCi (i = 1,2,3) represent the first three TC components; and TCimin and TCimax represent the
minimum and maximum values of the ith TC component, respectively.

The TC transformation was performed by constructing linear combinations of the original or
reflected image bands. The TC transformation reflectance coefficients for the TM and OLI images
(Table 2) were obtained from Crist [37] and Li et al. [38], respectively:

Water bodies for five different periods from 1989 to 2016 were masked out before estimating
ISA using the MNDWI. Then, BCI maps of the study area were produced for the five different
periods using Equation (6). Subsequently, impervious surface features were extracted from the BCI
maps using optimum threshold values, which were manually adjusted with the aid of Google Earth
(GE) images. However, it was found that the Landsat 5 and Landsat 8 BCI images were not very
effective for separating impervious surfaces, beach land, and bare soil due to the similarity of the
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spectral characteristics of these three surfaces in Landsat imagery. This problem was also reported
by Deng et al. [20], who determined the BCI in Wisconsin, USA, using Landsat Enhanced Thematic
Mapper Plus (ETM+) and IKONOS images. During rapid urbanization, a large amount of bare land is
converted from vegetation and water bodies. Furthermore, beach land is one of the most important
land cover types for a coastal city, such as Xiamen. To address the problem of their spectral confusion,
we first separated ISA and bare soil using Equation (5) and then separated ISA and beach land using a
combination of TC3 and the DEM [36].

Table 2. Reflectance coefficients the first three Tasseled Cap (TC) components for Landsat sensors.

Sensor TCs Coastal Blue Green Red NIR SWIR1 SWIR2
Land TC1 - 0.2043 0.4158 0.5524 0.5741 0.3124 0.2303
g“ﬂ\iat TC2 - -0.1603  -02819  -0.4934 0.7940 —0.0002  —0.1446
TC3 - 0.0315 0.2021 0.3102 0.1594 —-0.6806  —0.6109

Landsats TC1 0.2540 0.3037 0.3608 0.3564 0.7084 0.2358 0.1691
OLI /TSIRS TC2 -02578  -03064  -0.3300  —0.4325 0.6860 -0.0383  —0.2674
TC3 0.1877 0.2097 0.2038 0.1017 0.0685 —0.7460  —0.5548

Note: SWIR: short-wave infrared.

The overall accuracy (OA) of the three extracted ISA images was assessed. Three higher-resolution
images for the corresponding years were used as reference data to assess the accuracy of the ISA
classification, namely GE images with a spatial resolution of 1 m, which were acquired in December 2003,
October 2009, and June 2016. Six hundred pixels were sampled in eachimage at random. The determined
overall accuracies were 90.67% (2004), 90.50% (2009), and 92.17% (2016), with corresponding Kappa
values of 0.813, 0.810, and 0.843. These results suggest that the ISA classification has a relatively high
accuracy and is appropriate for the purposes of this study.

3.2.5. Impervious Surface Expansion Index (ISEI) and Fan Analysis

Equation (10) was used to calculate the impervious surface expansion index (ISEI) to determine
the intensity of urban growth.

IS; - IS;

ISEI. = ISEl; + AEAE = ——,
j i* 15,(7—1)

(10)
where ISEI; and ISEI; are the ISEl in year i and j, respectively; AE is the inrease of ISEI from year i to
year j; and IS; and IS; represent the impervious areas in the study area in year i and j, respectively.

An equal fan analysis [39] was used to characterize the expansion direction of the urban ISA
in Xiamen between 1989 and 2016. The government offices of Xiamen Island and the four districts
of Xiamen city were chosen as the centers of ISA (Figure 1), respectively, and then five circles were
drawn based on the appropriate radius for each area. Additionally, each circle was divided into 16
fans (equally spaced rays). Radar graphs showing the expansion of ISA were drawn by summarizing
the ISEI in each fan for Xiamen Island and the four districts for each study year.

3.3. Retrieval of Land Surface Temperature (LST)

The LST is an important indicator for identifying surface UHIs. Therefore, the LST across Xiamen
city in each study year was derived to study the effect of ISA expansion on surface UHIs. For Landsat
5 TM images, the thermal band 6 was used to retrieve the LST using the algorithm of Artis and
Carnahan [40]. For Landsat 8 TIRS images, thermal band 10 was used in order to retrieve the LST using
the modified single channel (MSC) algorithm of Jiménez-Mufioz et al. [41]. The two methods have the
following three common processing steps: (1) The digital numbers (DNs) of the thermal band were
first converted to a satellite spectral radiance (L) using Equation (11); (2) then, L was further converted
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to the at-satellite brightness temperature (T, in Kelvin) using Equation (12); and (3) T was converted to
the LST using the land surface emissivity (¢), which was estimated from the NDVI [25,41,42]:

L= G'Qcal +B, (11)

T = Ky/In(K; /L +1)), (12)

where G and B represent, respectively, the rescaled gain factor and bias factor of the thermal band, in
W/(m?-sr-m); and K; and K, represent the calibration constants. G, B, K;, and K, were obtained from
the head files of the Landsat 5 TM and Landsat 8 TIRS images. Q. represents the quantized calibrated
pixel value (in DN) of the thermal band.

The Artis and Carnahan algorithm is given in Equation (13):

LST = T/[1+ (AT/p)lne], (13)

where A represents the wavelength of the central band (A = 11.5 um); p = 1438 x 1072 m'K; ¢
represents the land surface spectral emissivity of band 6 of Landsat 5 TM; and Ts is the land surface
temperature (K).

The equation for the MSC algorithm is as follows:

LST = y[e 7 (¢1L + ) + ¥3)| +, (14)

where 11, 1, and 3 represent the atmospheric functions; 7 represents the atmospheric transmission;
and y and 0 represent two parameters expressed by the following equations:

y~T?/(byL) 6 ~ T=T%/b,, (15)

:
g1 = 1/1, 4 = ~L} - L?,wg s (16)

where by is 1324 for the TIRS band 10; T represents the atmospheric transmissivity; and LT and L|
represent the upwelling atmospheric radiance and the downwelling atmospheric radiance, respectively.
The three parameters, 7, LT and L|, were obtained using an atmospheric correction parameter calculator
on the NASA (National Aeronautics and Space Administration) website (https://atmcorr.gsfc.nasa.govy/).
This calculator requires the following inputs: (1) Geographical location; and (2) the date and time of
the Landsat 8 satellite overpass.

3.4. LST Normalization and Determination of Urban Heat Island Ratio Index (URI)

The thermal environment of the urban surface was represented by the LST [43]. To facilitate the
comparison of the LST over a period of time, a normalized LST equation was used, which reduces the
temporal variability of the LST [25,44]:

u; = Ti - Tmin

Tinax — Tmin

/ (17)

where U, is the value of the i-th pixel of the normalized LST image; T; is the initial value of pixel i in
the LST image; and Tmin and Tmax are the minimum and maximum LSTs on the LST image.

The normalized LST image in urban areas characterized by impervious surface areas was further
divided into six levels using a density slice technique based on the mean and standard deviation of the
LST in the normalized LST image (Table 3) [45,46]. The combination of level 5 and level 6 was taken to
be the UHI distribution zone. Thus, the spatial distribution and temporal variation of UHIs could be
simply determined using a single graded urban LST map.
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Table 3. Details of the density slice technique which was used to divide the normalized land surface
temperature (LST) image.

Level U; Value UHI Meaning Description
1 <Ty — 1.55td Very low-temperature zone
2 >T), — 1.55td and <T,, — 0.55td Low-temperature zone No UHI
3 >Ty, — 0.55td and <T), Moderate temperature zone distribution zone
4 >Ty and < Ty, + 0.55td Sub-high-temperature zone
5 >Tp + 0.55td and <T}; + 1.55td High-temperature zone UHI distribution
6 >Ty + 1.55td Very high-temperature zone zone

Note: T, and Std are the mean and standard deviation of the LST in the normalized LST image, respectively; and Uj;
is the value of pixel i of the normalized LST image. UHI: urban heat island.

We introduced the urban heat island ratio index (URI) proposed by Xu and Chen [44] in Equation
(18), below. The URI is the ratio of the UHI area to the urban impervious area, which has been a key
indicator of assessing an urban thermal environment in Technical Criterion for Eco-environmental
Status Evaluation (trial) issued by the Ministry of Ecology and Environment of China. The URI can be
used to investigate the variations in the UHI intensity using multi-date remote sensing data. Generally,
the larger the URI, the stronger the UHI effect is:

1 n
URI = ZZ{ w;P;, (18)
i=

where m represents the number of levels in the normalized LST image (1 = 6 in this study); i is the
level of the UHI; m is the number of normalizations; 7 is the level of the UHI areas (1 = 2 in this study);
w is the weight using the value of corresponding level i (w = 5 or 6 in this study); and P; represents the
percentage of level i.
The mean intensity of UHIs is defined as the difference between the LST of the urban area and the
background LST of the rural area:
Ly = T1s -Thon-1s, (19)

where I, represents the mean intensity of the UHI effect (in K) in the study area, Tig represents the
mean LST (in K) of the urban ISA, and Tyon.1s represents the mean LST (in K) in the non-ISA except for
the sea area.

3.5. Statistical Analysis

Regression analysis was employed to quantify the LST relationships to NDVI, ISA% (Equation (20)),
and Fv (Equation (21)). A zonal analysis method [14] was used to determine the mean LST at each 0.01
increment of the NDVI from —1 to 1, each 0.01 increment of the Fv from 0 to 1, and each 1% increment
of ISA% from 0% to 100%. At each increment of NDVI, Fv, and ISA%, a mean LST value was derived
from all corresponding pixels.

The BCI was used to determine ISA%, which was expressed as follows:

ISA% = (BCI; — BClyi,) / (BClLypax — BCLyin), (20)

where BClnor is the normalized BCI; BCIi is the original BCI value of pixel i; and BCImin and BCImax
represent the minimum value and maximum value of the original BCI, respectively.
Fractional vegetation coverage was calculated after Gutman and Ignatov [47,48]:

f, = (NDVI — NDVIy)ANDVIs — NDVIy), (21)
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where NDVI is the NDVI value of a pixel, NDVIO is the NDVI value for bare soil, and NDVIs is
the NDVI value of a surface with an Fv of 100% (which in this study was obtained from extremely
dense forest).

4. Results and Discussion

4.1. Changes in Urban Impervious Surface Area (ISA)

The results show that the ISA in Xiamen city increased dramatically over the study period,
from 63.06 km? in 1989 to 447.04 km? in 2016, a net increase of 384.01 km? (Figure 2). This corresponds
to an average annual increase rate of 14.22%. The majority of the increase in ISA occurred between
2004 and 2016, when the ISA grew by 238.11 km?2. The increase in ISA was mostly concentrated in the
areas surrounding Xinglin Bay, Tong’an Bay, Malyuan Bay, and Xiamen Island (Figure 2). Between
1989 and 2016, Xiamen underwent a transformation from an “island-like” city to a “bay-like” city.
There may be two main reasons for this transformation. Firstly, a development plan was launched
in 2003 to combat overpopulation and unbalanced economic development between rural and urban
areas in Xiamen, which prioritized the development of areas around the four aforementioned bays to
form new urban centers [26]. Secondly, Xiamen's ISA growth is constrained by its proximity to the
coast. The bay-like city form is distinctly different from inland cities, where the main pattern of ISA
expansion approximately follows the form of concentric circles surrounding a central area (i.e., “urban
sprawl”) [27].

.l&‘s:%"“' S
* Legend

I 1989

I 1989-1996

[T1996-2004

[ 2004-2009
10 I 2009-2016

Figure 2. The calculated expansion of impervious surface area (ISA) in Xiamen city during 1989-2016.

As shown in Figure 3, the increase in ISA in Xiamen between 1989 and 2016 came at the cost of
vegetation and water areas. A total of 82.53% of the added ISA, which was constructed between 1989
and 2016, was converted from vegetated areas, representing a loss of vegetated land at a rate of over
11.76 km? per year. Meanwhile, 17.26% of the added ISA was converted from water areas, mostly sea
areas adjacent to land. Only 0.21% of the added ISA was converted from bare land and other land-cover
categories. In many coastal cities, coastal reclamation is one of the most important approaches to
supply land resources to support an expanding population. However, coastal reclamation can lead to
marine environmental problems, such as a reduction in the quality of the marine environment, habitat
degradation, and a reduction in coastal biodiversity. In 2016, the Xiamen local government designated
981 km? of ecologically sensitive areas (such as sea, reservoir water sources, ecological forests, and
basic farmland, etc.) as an ecological protection “red line” in an attempt to strictly protect ecological
resources and control urban expansion.
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Figure 3. Map detailing the conversion of water, vegetation, and bare land to ISA in Xiamen between
1989 and 2016.

The spatial distribution of the expansion of ISA in Xiamen city during the study period is presented
in Figure 4 and Table 4. In Xiamen Island, the ISA expanded multi-directionally before 2009, that is,
to the northeast, east-northeast, and east. However, between 2009 and 2016, the expansion was more
uni-directional, that is, towards the northeast, and lower ISEI values were observed. In the Jimei,
Haicang, Xiang’an, and Ton’g’an districts, the ISA expansion was uni-directional before 2004; however,
between 2009 and 2016, the expansion became multi-directional, and higher ISEI values were observed.
In Jimei District, the ISA mainly expanded to the west between 1989 and 2004, and then expanded
gradually to the west-northwest and northwest between 2004 and 2016. In Haicang District, the ISA
expanded to the northwest between 1989 and 1996, to the west-southwest between 1996 and 2004,
and to the west-southwest and northwest-west-northwest during 2004-2016. In Xiang’an District, the
ISA mainly expanded to the north between 1989 and 2004, and expanded significantly to the north,
north-northeast, and north-northwest between 2004 and 2015. In Tong’an District, the ISA mainly
expanded to the south-southwest between 1989 and 1996, expanded to the south and south-southwest
between 1996 and 2004, and expanded gradually to the south, south-southwest, and southwest between
2004 and 2016. In Xiamen Island, the ISA mainly expanded to the northeast, east-northeast (ENE), and
east between 1989 and 2009. However, between 2009 and 2016, the ISA expansion sharply decreased in
all directions except the northeast.



Sustainability 2020, 12, 475 11 of 21

NNw_ 30 NNE NNW_ 35 NNE
2 s 3.0
NW o NE NW 25 NE
15 2.0
WW 10 ENE WNW R ENE
05
W 00 E )
W = E
WSW ESE
WSW ESE
SwW SE
SSW SSE SW SE
s
SSW SSE
® 1080 ——1996 2004 ——2000 ——2016 s
(a) (b)
N N N
NNW_ 25 NNE NNW 25 NNE NNW 30 NNE
2. \E 20 25
L . ) NW NE
NW NE 2.0
1
15
WNW ENE WNW ENE WNW b ENE
05
W E W 0.0 E w g E
WSW ESE WSW ESE wsw ESE
SW SE SW SE sw SE
SSW SSE SSW SSE SSW SSE
S S s
(c) (d) (e)

Figure 4. Spatial distribution of the expansion of ISA in various areas of Xiamen city during 1989-2016.
(a) Xiamen Island. (b) Jimei District. (¢) Haicang District. (d) Xiang’an District. (e) Tong’an District.

Table 4. Spatial characteristics of the expansion of impervious surface area (ISA) in Xiamen city
during 1989-2016.

District Period Increase in ISA ATSEI Expansion
1989-1996 22.94 0.205 NE-ENE-E
Xiamen Island 1996-2004 25.81 0.202 NE-ENE-E
2004-2009 16.67 0.208 NE-ENE-E
2009-2016 5.89 0.053 NE
1989-1996 10.40 0.093 W
Jimei 1996-2004 15.45 0.121 \W
2004-2009 24.65 0.308 W-WNW-NW
2009-2016 29.90 0.267 W-WNW-NW
1989-1996 8.41 0.075 NW
Hai 1996-2004 19.81 0.155 NW, WSW
aicang
2004-2009 15.44 0.193 NW-WNW, WSW
2009-2016 21.26 0.190 NW-WNW, WSW
1989-1996 9.17 0.082 SSW
Tong/an 19962004 15.22 0.119 S-SSW
2004-2009 31.51 0.394 S-SSW-SW
2009-2016 34.45 0.308 S-SSW-SW
1989-1996 5.07 0.045 N
Xiane’ 1996-2004 13.52 0.106 N
iang’an
2004-2009 23.10 0.289 NNW-N-NNE
2009-2016 30.78 0.275 NNW-N-NNE

Note: ISEI: Impervious Surface Expansion Index.
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4.2. Changes in Urban Heat Islands

Figure 5a—e shows the distribution of UHIs in Xiamen city over the study period. As can be seen in
the figure, similar to the changes in ISA shown in Figure 2, the distribution of UHIs varied significantly.
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Figure 5. Graded urban land surface temperature (LST) maps indicating the distribution of urban
heat islands (UHIs) in Xiamen city from 1989 to 2016. The different colors represent LST levels 1-6,
representing increasing LST. XMU: Xiamen old downtown area; TAU: Tong’an old downtown area; A:
Haicang bonded port zone; B: Xinyang industrial area (IA); C: Dongfu IA; D: Guankou IA; E: Xinglin
IA; F: Northern industrial zone in Jimei District; G: Tong’an IA; H: Tong’an Chengdong IA; I: Xiangbei
IA; J: Xiang’an IA; K: Airport industrial and logistics park; L: Xiangyu bonded zone with seaport and
logistics park. The blue line indicates the coastline.

Table 5 shows statistics of the LST of impervious and non-impervious areas (NIAs) in Xiamen
from 1989 to 2016. As shown in the table, in general, impervious areas exhibited a higher LST
than non-impervious areas. The mean intensities of the UHIs (that is, the mean difference in LST
between the urban ISA and the NIAs) were, on average, 3.56, 2.92, 3.01, 3.93, and 6.36 K in 1989,
1996, 2004, 2009, and 2016, respectively. The large standard deviations of LST for ISA indicate that
these surfaces experience a large variation in LST due to the use of diverse construction materials.
Furthermore, the higher standard deviation of the LST for NIAs in 2009 and 2016 shows that great
temperature fluctuations occurred over the study area in these years (Table 5). These results indicate
that urbanization increased the LST by an average of 3.56 and 6.36 K in 1989 and 2016, respectively,
by replacing natural environments (vegetation and water) with non-transpiring, non-evaporating
surfaces such as stone, asphalt, and concrete. This observation suggests that the construction of ISA
could contribute to the development of UHIs much more than the construction of NIAs (such as
forestland, water, and cultivated land), and that urban expansion raises the land surface temperature.
Therefore, the effects of UHIs can be mitigated by optimizing land development, land-use planning,
and constructing areas of natural vegetation.
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Table 5. Statistics of the LST (in K) of impervious and non-impervious areas in Xiamen city from 1989

to 2016.

Year Non-Impervious Areas Impervious Areas

Tmin Tmax Tmean SD Tmin Tmax Tmean STD
1989 297.10 307.91 301.06 1.56 298.05 307.91 304.62 1.56
1996 295.35 304.74 299.22 1.55 296.73 304.74 302.14 1.23
2004 295.44 307.56 299.54 1.31 295.44 307.56 302.55 1.68
2009 295.80 312.64 301.49 1.74 298.68 312.64 305.42 1.94
2016 296.45 323.11 307.20 3.07 301.55 323.11 313.56 2.39

Note: Tmin, Tmax, and Tmean refer to the maximum LST, minimum LST, and mean LST. SD represents one standard
deviation of Tmean.

The distribution and intensities of UHIs in Xiamen city changed greatly from 1989 to 2016. In 1989,
the UHI hotspots (i.e., clusters of neighboring thermal patches that have higher UHI grades) [49]
mainly occurred in the old downtown area of the city (Figure 5a), which contains a number of urban
villages and traditional heavy industries. As urbanization continued, new hotspots appeared in the
districts of Jimei, Tong’an, Haicang, and Xiang’an. By 2016, the number of UHI hotspots in the urban
area had increased to 12 (Figure 5e). The new hotspots were likely due to the rapid development of
airports, seaports (such as the Xiamen Xiangyu Bonded Zone and the Haicang Bonded Port), and heavy
industries, such as the food, automobile, petrochemical, and machine-building industries (Figure 5).
For example, there are plans to construct an industrial area with a size of approximately 12 km? in the
main industrial zone in Tong’an District, which would become the largest industrial area in Xiamen
city. Almost all of the UHI hotspots in Xiamen exist along the coastline of Xiamen Island or in the
four bay areas, except for two hotspots in Xiang’an District (Figure 5e). The spatial distribution of
UHI hotspots results in a bay-like UHI form. This form is obviously distinct from the central-radial
UHI pattern caused by ISA expansion in the form of concentric circles around a central area that was
observed in other cities in previous studies. In the central-radial UHI pattern, the highest UHI grades
appear in the central area and UHI grades gradually decrease with increasing distance from the center.
The central-radial UHI pattern was observed by Mathew et al. [50] in Chandigarh City, India. The UHI
form in Xiamen is similar to that reported for Hong Kong by Li and Zhang [51].

This work suggests that seaports and heavy industrial activities may increase the temperature of
the urban environment. For example, seaports that are built on massive areas of reclaimed wetland
have extremely high ISA, and could lead to the presence of large UHIs. As shown in Figure 6(b1),(c1),
there is a great difference in the UHI level between zones of heavy industry (Guankou industrial area)
and zones of high-technology industry (Xiamen software park). Zones of heavy industry have high
impervious surface areas, large areas of endothermic roofing, and produce large amounts of waste heat,
and could therefore also contribute to the creation of UHIs. This was also noted by Zhao et al. [49].
On the contrary, zones of high-technology industry form “cool” islands as they have low impervious
surface areas, lower endothermic roofing area, no waste heat release, and large areas of vegetation.
Additionally, from Figure 6(al), a clear difference can be observed between “cool” islands in high-rise
residential areas and heat islands in urban villages. Figure 6(al) indicates that high-density low-rise
urban villages with low vegetation cover are another important thermal source for Xiamen city. There
are a number of urban villages in Xiamen. Therefore, re-planning of the old downtown area, from
urban villages to high-rise residential areas, is an important approach to mitigate UHIs.
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Figure 6. Graded urban land surface temperature (LST) maps for three impervious surface types (“1”
suffix) for 2016, and their corresponding Google Earth images (“2” suffix). (a) Residential areas (urban
villages and high-rise areas). (b) Guankou industrial area. (c) Xiamen software park. The red line in
(a2) indicates the division between urban villages and high-rise residential areas.

In this study, the UHI distribution zone was defined as the superposition of levels 5 and 6 of
the normalized LST data. The total areas of the UHI distribution zone were 20.07, 39.47, 56.73, 82.88,
and 114.98 km? in 1989, 1996, 2004, 2009, and 2016, respectively, accounting for 1.18%, 2.32%, 3.34%,
4.88%, and 6.77% of the total area of the city in that year, respectively. As shown in Figure 7, before
2009, Xiamen Island had the largest UHI area among the five studied zones (Xiamen Island and Jimei,
Haicang, Tong’an, and Xiang’an districts). In 2016, the area of UHIs in Tong’an District exceeded that
in Xiamen Island, and the area of level-6 UHIs in Jimei District was greater than that in Xiamen Island.
This finding suggests that the greatest intensity of UHIs may not always be located in Xiamen Island,
and that UHI centers had spread from Xiamen Island to outside of the island by 2016. In 2016, Xiamen
Island contained 51.6% of the population of Xiamen city and had a high population density of 12,823
people per square kilometer. However, in the same year, the UHI area in Xiamen Island only accounted
for 22.04% of that of Xiamen city. This indicates that population density is not a key factor related to
surface UHI in Xiamen city.
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Figure 7. Variations in the area of UHIs in Xiamen city with an LST of level 5 (L5) and level 6 (L6)
during 1989-2016.

The URI values were 0.281, 0.285, 0.239, 0.231, and 0.229 in 1989, 1996, 2004, 2009, and 2016,
respectively; that is, while the area of UHIs increased over the study period, the URI decreased. In 1989,
9.23% of the urban area of Xiamen city corresponded to the highest LST level (level 6) while 22.6%
corresponded to level 5; by 2016, the same values had reduced to 7.48% and 18.57%, respectively. This
can be clearly observed in the old downtown area by comparing Figure 5a,b,e. This indicates that the
relative area of UHISs slightly reduced in the old downtown area during the study period. As shown in
Figure 5, in 1989, there was a large concentrated area with a level-6 LST in this area; however, the LST of
this area had largely reduced to level 4 or 5 by 2004 and had reduced even further by 2016. This change
can largely be attributed to the fact that the local government and the public took measures to improve
the living environment of the old downtown area. First, in the early 1990s, Xiamen’s local government
proposed a new policy for the development of industry, which encouraged the development of the
tertiary industry in Xiamen Island and the removal of primary and secondary industries to areas
outside of Xiamen Island. Therefore, a large number of heavy industry factories were moved out
of Xiamen Island. Second, since 1989, Xiamen's ecological green space has been greatly expanded.
For example, in 2001, Xiamen had 31 parks with a combined area of 4.51 km? while in 2016, it had
120 parks with a combined area of 26.04 km?. Moreover, by the end of 2020, the number of parks in
Xiamen city (including integrated parks, mountain parks, special parks, and community parks) is
expected to reach 342 and cover a total area of 124.20 km?, including 40.52 km? of green buffers and
83.68 km? of park green. Additionally, in the 1990s, plans for the redevelopment of urban villages were
proposed by Xiamen’s local government. Some urban villages in Xiamen city have been transformed
from high-density low-rise residential areas with scarce vegetation cover to low-density high-rise
residential areas with high vegetation cover. All of the above efforts have contributed significantly to
mitigating the effects of UHIs in Xiamen city.

4.3. Relationships between LST and ISA%, Vegetation Fraction, and NDVI

Impervious surfaces and water and vegetation areas are all critical biophysical components of
urban ecosystems, and the interactions between these three components can significantly affect the
urban temperature.

As shown in Figure 8(al-a5), a very strong linear relationship (R? > 0.93) was observed between
the mean LST and the ISA% throughout the study period, with the R? value exceeding 0.96 between
1989 and 2009. The steepest slope of the linear correlation between LST and ISA% was observed for the
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Landat-8 image acquired in summer 2016, indicating that the magnitude of UHIs (i.e., the difference
in LST between urban and rural areas) was largest in summer 2016. The lowest difference between
the LST of rural and urban areas was found for the image acquired in summer 1996, which indicates
that the lowest UHI magnitude occurred at this time. Each 10% increase in ISA was associated with
an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related studies.
Yuan and Bauer [14] reported a 0.95 K increase in summer LST corresponding to a 10% increase in ISA
in the Twin Cities Metropolitan Area, Minnesota, USA while Li et al. [15] observed a 0.52 K increase in
summer LST corresponding to a 10% increase in ISA in Shanghai, China.
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Figure 8. Relationships between mean LST and (a) ISA%, (b) vegetation fraction, and (c) the normalized
difference vegetation index (NDVI) during 1989-2016.

The relationships between the mean LST and the NDVI are presented in Figure 8(c1-c5). Overall,
a negative correlation is found between LST and the NDVI from 1989 to 2016. However, the trends
are not stable, with a significant change in behavior being observed at an NDVI of around 0.2 for all
the studied years. This indicates heterogeneous effects from various non-vegetated areas, such as
wetland, bare soil, and high-density urban surfaces. These observations suggest that using the NDVI
to investigate UHISs is complicated since the NDVI is sensitive to land use changes caused by rapid
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urbanization. Furthermore, previous research found that the relationship between LST and the NDVI
experiences strong seasonal changes [14,15].

The Fv has been considered to be a very accurate representation of vegetation abundance [16].
The results of the zonal analysis (Figure 8(b1-b5)) indicate that a strong negative correlation exists
between LST and Fv, with R? values exceeding 0.94 for all the studied years. Each 0.1 increase in Fv
was associated with a decrease in summer LST of 0.43 to 0.97 K. This result also compares well with
the results of previous studies. Li et al. [15] reported a 0.61 K decrease in summer LST and a 0.31 K
decrease in spring LST corresponding to a 0.1 increase while Ma et al. [16] reported a 0.80 K decrease
in summer LST corresponding to a 0.1 increase.

Yuan and Bauer [14] and Li et al. [15] observed a strong linear relationship between LST and ISA%
using zonal analysis and the LSMA. Conversely, another study [22] found an exponential relationship
between these two parameters based on a per-pixel analysis and the NDISL The results of the present
study suggest that a linear relationship exists between LST and ISA% using zonal analysis and the BCI,
similar to the findings of Yuan and Bauer [14] and Li et al. [15].

5. Summary and Conclusions

Landsat 5 TM and Landsat 8 TIRS/OLI thermal infrared images are of great use in the analysis
of UHIs. Using quantitative remote sensing images and statistical methods, this study investigated
the impacts of rapid urban expansion on the UHIs of a coastal city (Xiamen city, China) between 1989
and 2016.

The ISA can be a key environmental indicator. In this study, the ISA was estimated from the
remote sensing images using the BCI method. It is essential to distinguish impervious surfaces from
bare soil and beach land when using the BCI method to estimate urban ISA in places that have
experienced rapid urbanization, especially in coastal cities; however, this is complicated due to the
similar spectral properties of these three surface types. The use of the BCI combined with an ISA
post-processing method produced satisfactory results in terms of ISA identification accuracy (overall
accuracies >90.50% and Kappa values >0.810).

The results show that the ISA of Xiamen city increased 6.1-fold between 1989 and 2016. This
rapid expansion of ISA was mainly attributable to the reclamation of coastal, arable, and forest land.
The ISA expansion was gradual, and was mostly focused along Haicang Bay, Xinglin Bay, Tong’an
Bay, Malyuan Bay, and the coastline of Xiamen Island. The directions of ISA extension were generally
consistent throughout the study period in all of the five districts of Xiamen city.

The results of this study indicate that the intensity, size, and distribution of UHIs in Xiamen city
changed during the study period due to urban expansion. The expansion of ISA is a major contributor
to the size and intensity of UHIs, and therefore to urban climatic warming. Moreover, the results of this
study show that the spatiotemporal variation of UHISs is very likely to be due to surface changes caused
by the rapid expansion of ISA, the reduction of vegetated areas, and the development of industries
that produce large amounts of waste heat. Due to the fact that ISA expansion is constrained by the
coastline, combined with urban development planning, Xiamen has a bay-like UHI form. This UHI
form is markedly distinct from the central-radial UHI form observed in other cities in previous studies.

In Xiamen, sea ports and heavy industries are the most important contributors to surface UHIs
while another important contributor is urban villages. In contrast, high-rise residential areas and
new-technology industry produce relatively “cool” temperature islands. This result suggests that
certain measures (e.g., the appropriate distribution of industry, increasing the coverage of forest and
park lands, the use of less endothermic roofing material, and the re-planning of urban villages) could
effectively alleviate the effect of UHIs, and could thus increase the healthiness of the urban environment
and promote sustainable development. Between 1989 and 2016, the total area of UHIs increased
4.7-fold (i.e., the area of UHIs increased at a lower rate than the ISA did). However, during the same
period, the ratio of the UHI area to the total ISA decreased slightly. Furthermore, the size and intensity
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of UHIs reduced in some parts of Xiamen city during the study period due to a significant increase in
vegetation coverage, the re-planning of the old downtown area, and the construction of new parks.

The results of the zonal analysis suggest that a strong positive correlation exists between LST
and ISA%, consistent with the findings of recent research. Each 10% increase in ISA was associated
with an increase in summer LST of 0.41 to 0.91 K, which compares well with the results of related
studies. The relationship between LST and the NDVI is more complicated, since the NDVI is sensitive
to variations in land use cover and seasonal variations; however, at higher NDVI values, a negative
linear correlation is observed between LST and the NDVI. This study indicates that the analysis of the
ISA is useful for investigating changes in surface UHIs over time.

This study presents useful information for the sustainable planning of urban areas and for the
mitigation of the effects of UHIs. Urban ISA growth patterns may affect the distribution patterns of
UHIs. Bay-like cities may be less compact than central-radial cities. Determining which ISA growth
pattern(s) are helpful to mitigate UHIs strongly merits future research. Furthermore, it is recommended
that more remote sensing images with a higher spatial resolution (e.g., from the Sentinel-2 or Gaofen-1
satellites) and covering more metropolitan areas in different climatic zones should be extensively
investigated to improve the quantitative remote sensing of land surface temperature in order to better
determine the effects of urban development on the thermal environment of urban areas.
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