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Abstract Rapid urban sprawl and growth led to
substantial urban thermal environment changes and
influenced the local climate, environment, and quality of
life of residents. Taking the Chang-Zhu-Tan urban
agglomeration in China as a case, this study firstly
identified the spatiotemporal patterns of surface urban
heat island intensity (SUHII) and the land use/cover
changes (LUCC) based on multi-temporal Landsat TM
satellite data over 21 years, and then investigated the
relationship between LUCC and SUHII by methods of
logistic regression model and centroid shift analysis. The
results showed that green spaces (e.g., cropland, forest-
land) of 899.13 km? had been converted to built-up land
during the 1994-2015 period, which caused significant
urban expansion. The SUHII was the highest for built-up
land, high for unused land, low for cropland and grassland,
and the lowest for forestland and open water. Many areas
experienced extensive rapid urbanization because of the
emergence of the urban agglomeration, which resulted in
the loss of green spaces and increased SUHI effects over
the 21-year study period. In addition, the results of centroid
shift analysis found that the growth of SUHII and the
expansion of high SUHII areas are closely related to the
expansion of an existing urban area in Xiangtan, while the
increases of building density and height in Changsha
resulted in the decrease of SUHII and spatiotemporal
change of high SUHII areas. The analysis of the effects of
land use/cover types on the SUHII in this study will
contribute to future urban land use allocation for the
mitigation of SUHI formation.
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1 Introduction

Global urbanization reached a significant level in the
second half of the 20th century (Savi¢ et al., 2013). By
2015, more than half of the world’s population lived in
urban areas (World Health Organization, 2017). Human
activities modify the natural environment, with an outcome
that reduces natural surfaces, changes urban surface long-
wave emissions, and releases atmospheric pollutants and
waste heat (Zou et al., 2016a, b, 2019; Zhai et al., 2016,
2018; Xu et al., 2018; Jiang et al., 2019). These artificial
factors determine a significant local, regional, and global
climate (Arnfield, 2003; Kalnay and Cai, 2003; Yuan and
Bauer, 2007; Kang et al., 2014). The urban form of urban
agglomeration development in China is an irresistible trend
of pursuing rapid urbanization. The ideal socioeconomic
conditions of urban agglomeration attract rural population
migration from rural to urban or suburban areas. These
population shifts have affected land use regulations and
public policies. The potential interaction between urbani-
zation and urban microclimate change needs to be
evaluated because intensive urbanization has a consider-
able impact on the local microclimate change and the
emergence of urban heat islands, which can affect human
health and urban comfort (Azevedo and Leal, 2017,
Lamarca et al., 2018).

Rapid urbanization may cause urban sprawl, which may
result in the change of land use and land cover. In addition,
rapid urbanization may densify built-up zones and increase
building density and height. The significant LUCC caused
by urban agglomeration development will influence and
change the ecological environment and urban climate.
Owing to the spatial heterogeneity of urban expansion and
land-use dynamics (Liu et al., 2010, 2017, 2018), under-
standing the urban sprawl and growth, as well as the
impacts on climate change, is raising concern in the
context of global warming.
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Remote sensing, with the advantages of low cost and
large coverage, has been widely applied to environmental
monitoring that can be used to help understand LUCC and
rapid urbanization and to estimate the surface urban heat
island (SUHI) effect (Li et al., 2014; Fang et al., 2016;
Kayet et al., 2016). A remotely sensed thermal infrared
(TIR) image can be used to measure land surface
temperature (LST) as well as map and monitor the SUHI
effect, which has also been used for studying urban climate
over a large area (Gluch et al., 2006). Long-term and high-
resolution TIR images from Landsat Thematic Mapper
(TM)/Enhanced TM Plus (ETM +) are suitable to study
the spatiotemporal changes of the SUHI effect and the
impacts of LUCC on SUHI intensity (SUHII) with
urbanization (Liu and Zhang, 2011).

The formation of SUHI effect is mainly caused by
LUCC owing to rapid urban sprawl (Stone et al., 2010).
Numerous studies have investigated the relationships
between land use/cover type and LST by estimating the
surface temperature in different land use/cover patterns
(Connors et al., 2013; Wu et al., 2014; Mohan and Kandya,
2015; Cai et al., 2016; Yang et al., 2017). To quantitatively
evaluate the effects of urban biophysical compositions on
the LST, most studies developed the correlation analysis
between the impervious surface area (ISA), normalized
difference build-up index (NDBI), the normalized differ-
ence vegetation index (NDVI), and LST. These studies
found strong positive correlations between the percentage
of ISA, NDBI, and LST (Guo et al., 2015), and a strong
negative correlation between NDVIand LST (Small, 2001;
Wu et al., 2014). However, the spatial and temporal trends
of SUHI effect over long periods in different land use/
cover patterns have not been adequately elaborated. In
addition, it is inappropriate to use the mean LST in
different land use/cover types to compare thermal patterns,
because an outlier of LST (i.e., extremely low/high LST
pixel values) causes the mean to be under- or over-
estimated. A logistic regression model that is a qualitative
response choice model can evade the issue; it describes the
relationship between response variables (e.g., SUHII in
response to urbanization) and predictor variables (e.g., land
use/cover types) (Hilbe, 2009). This effort will contribute
to the understanding of the relationship between different
land use/cover types in influencing SUHII.

In addition, urban LST is not only related directly
to LUCC because of rapid urban sprawl, but also to
the changes of building density and height. High-density
and tall buildings within the city obstruct winds that
cross through the urban area, thereby aggravating the
SUHI effect, and at the same time high-density and tall
buildings can also mitigate the SUHI effect by providing a
shading effect for reducing incoming solar radiation in
summer (Ichinose et al., 2017; Peng et al., 2017). In
addition to the understanding of the spatiotemporal impact
of LUCC on the SUHI effect, it also needs to explore the
impact of the built-up area of the city’s becoming

progressively more compact. Obviously, more studies
are needed on the spatiotemporal influences of
urban sprawl and building density and height on the
SUHI effect.

In this context, remote sensing, geographic information
system, as well as statistical and spatial analysis techniques
have been used to monitor, analyze, and study urban
thermal environmental change associated with rapid
urbanization. The objective of this study is (i) to
characterize urban expansion by examining the spatiotem-
poral change of land use and land cover and to explore the
preliminary drivers of expansion, (ii) to investigate the
spatiotemporal change of the SUHI effect, and (iii) to study
the relationship between the urban built-up areas and
thermal patterns. In this study, a logistic regression model
and a centroid shift analysis will be used to effectively and
accurately evaluate the effect of urban sprawl and growth
on the SUHI effect at a fine spatial resolution. The analysis
of the effects of land use/cover types on the SUHII will
contribute to future urban land use allocation for the
mitigation of the SUHI formation. The centroid shift
analysis will help track the movements of the urban and
high SUHII areas and investigate the potential relationship
between urbanization development and SUHI effect.

2 Materials and methods
2.1 Study area and data

The Chang-Zhu-Tan urban agglomeration (the main urban
area of Chang-Zhu-Tan) in China is selected as the study
area (Fig. 1). It is located in the northeast part of Hunan
Province, China, and consists of Changsha City, Changsha
County, Xiangtan City, Xiangtan County, Zhuzhou City,
and Zhuzhou County (the latitude ranging from 26°N—
29°N and longitude being 111°E-114°E) with an area of
8485 km?, which increased 1100.67 km? from 2000 to
2015. The urbanization rate of the urban agglomeration
increased from 25.9% to 66.8%, with an annual increase of
2.7% in 2000-2015. The Xiangjiang River runs through
the main urban area. The main urban area is under a humid
sub-tropical climate with the annual mean temperature of
16°C-18°C and annual mean precipitation of about
1400 mm. Rainfall mostly occurs between April and
September. According to the statistics, the study area has
experienced accelerated population and economic growths
from 1987 to 2015 (Fig. 2). The population and gross
domestic product (GDP) have respectively reached
4.80 million and 590.18 billion CNY in Changsha, 1.51
million and 115.92 billion CNY in Zhuzhou, and 1.92
million and 120.63 billion CNY in Xiangtan in 2014. This
area has been experiencing a rapid urban expansion due to
fast-paced economic growth and urbanization.

The observed air temperature data from a meteorological
station were compared with satellite image data from the
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Fig. 1 Study area: the main urban area of Chang-Zhu-Tan, China.
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years 1994, 2000, 2006, 2010, and 2015. Five nearly
cloud-free Landsat TM/OLI images were selected for this
study. Landsat-5 TM images at about 11 am local time on
29 Sept 1994, 13 Sept 2000, 10 Jun 2006, and 26 Jul 2010
were freely downloaded from the website of U.S.
Geological Survey, and have 30 m and 120 m spatial
resolution for the visible/infrared and thermal bands,
respectively. The collected Landsat-8 Operational Land
Imager (OLI)/Thermal Infrared Sensor (TIRS) image on
6 Aug 2015 has 100 m spatial resolution for thermal bands
10 and 11, as well as 30 m spatial resolution for the visible/
infrared. Due to the unavailability of clear-sky Landsat
images, this study used images with slightly different dates
to investigate LSTs. The time difference between these
images might create some error when comparing LST
values from those dates. The in situ surface temperatures in
2006 and 2015 were observed to validate the retrieved
LSTs. The observed hourly surface temperature from
Changsha weather station in 2006 was collected from
Hunan province meteorological observatory. In 2015, the
surface temperatures from East, North, and South bus
stations in Changsha City were observed during the
satellite passing the ground stations.

LUCC was detected to examine the effects of urbaniza-
tion in the Chang-Zhu-Tan urban agglomeration. Land use/
cover data with 18 categories in 2000 and 2010 were
collected from the Land and Resources Department in
Hunan Province. The digital orthophoto maps (DOMs)
with 5 m spatial resolution in 2010 and 2015, as well as
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Fig. 2 The changes of GDP and population in Changsha, Zhuzhou, and Xiangtan during the 1987-2015.
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multi-temporal nighttime light data from the U.S Air Force
Defense Meteorological Satellites Program/Operational
Linescan System (DMSP/OLS) in 1994, 2000, and 2006,
were acquired to monitor urban expansion for delineating
the boundaries between the urban areas and the rural areas.

2.2 Image processing

2.2.1 Land use/cover classification and urban expansion

A land use/cover classification is essential to investigate
LUCC from 1994 to 2015. In the study area, land use/cover
types were divided into six categories: cropland, forest-
land, grassland, open water, built-up land, and unused
land. The spatial patterns of land use/cover types in 1994,
2006, and 2015 were obtained referring to the color, size,
shape, and texture from Landsat false-color composite
images using a visual interpretation method through ENVI
5.0. In addition, high spatial resolution Google Earth
imagery as an auxiliary data could help identify the
category during the process of the visual interpretation.
The overall accuracy of the land use/cover maps was
88.84% in 1994, 82.62% in 2006, and 87.27% in 2015,
which met the recommended accuracy of land use/cover
data (Janssen and Vanderwel, 1994). The pre-existing land
use/cover data with 18 categories in 2000 and 2010,
meeting the required accuracy, were reclassified and
resampled for remaining consistent with category and
spatial resolution of land use/cover data in 1994, 2006, and
2015.

The training samples of the urban and surrounding rural
areas in 1994, 2000, and 2006 were automatically
generated by integrating the indexes retrieved from
Landsat remotely sensed images (e.g., spectral informa-
tion, texture, and impervious surface area) with DMSP/
OLS nighttime light data. The support vector machine
classifier was then utilized to distinguish the urban areas
and the rural areas with reference to the training samples.
In addition, a visual interpretation method was required to
optimize and delineate the boundary between the urban
areas and the rural areas for 1994, 2000, and 2006. The
boundary extractions for 2010 and 2015 were developed
based on the high spatial resolution DOMs through the
visual interpretation method.

2.2.2 Measuring SUHII based on Landsat images

The LSTs in 1994, 2000, 2006, and 2010 were retrieved

Table 1 Accuracy assessment of retrieved LST (unit: °C)

from the TIR band six of Landsat-5 TM images using the
mono-window algorithm (Qin et al., 2001). Landsat 8
TIRS image including two spectrally adjacent thermal
bands 10 and 11 in 2015 was acquired to retrieve LST
using the split-window algorithm (Rozenstein et al., 2014).
The calibration parameters of the satellite sensor and the
Planck equation were used to estimate the surface
temperature. The parameters including upwelling and
downwelling atmospheric radiances, atmospheric trans-
mittance, and surface emissivity were applied to atmo-
spheric and emissivity corrections. The atmospheric
transmittance, as well as atmospheric upwelling and
downwelling radiances, were obtained using the MOD-
TRAN 4.0 code (Kneizys et al., 1996). Thus, the LST data
on 29 Sept 1994, 13 Sept 2000, 10 Jun 2006, 26 Jul 2010,
and 6 Aug 2015 were generated and resampled into 30 m
spatial resolution. The accuracy assessment of LST was
performed using in situ LST data. Table 1 shows that the
differences between the retrieved LSTs and in situ LSTs in
2006 and 2015 were all less than 2°C.

The use of SUHII can reduce the effect of global climate
change for the analysis of the microclimate change,
because it is the difference in LST between the urban
areas and the surrounding rural areas according to the
definition of UHI intensity (Oke, 1973; Magee et al., 1999;
Kim and Baik, 2005). The SUHIIs in the study were
obtained based on the differences between the average
LSTs in the urban and rural areas. The differences between
the LSTs in all pixels and the mean LST in rural areas were
calculated for identifying the spatial patterns of SUHIIs
(Schwarz et al., 2011).

2.2.3  Analyzing the effect of LUCC on the SUHII

For a comprehensive view of the impact of the rapid
urbanization on the SUHII level, a logistic regression
model was used to examine how the LUCC was related to
thermal landscape. The use of the logistic regression model
was to address the issue that an outlier of LST (i.e.,
extremely low/high LST in pixel) influenced the compar-
ison of the mean LSTs in different land use/cover types. In
the previous study, a logistic regression model had been
used to obtain the probability of race (e.g., White, Black)
exposure to high air pollution level (Zou et al., 2014; Wong
et al., 2016). Logistic regression is commonly utilized to
model the probability of a binary outcome such as a
logistic function of independent variables. Detailed
principles of logistic regression modeling are as follows:

Year Weather station In situ LST Retrieved LST Difference

2006 Changsha 37.8 36.6 1.2
East bus station 49.7 51.5 -0.8

2015 North bus station 48.0 49.9 -1.9
South bus station 49.4 49.3 0.1
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odds = P/(1-P), )

P= ea+bx/<1 + ea+bx)’ (2)
L Pl/(1 —Pl)

odds ratio = m, 3)

where odds is the probability of the outcome event to occur
(i.e., P) divided by the probability of the event not to occur
(i.e., P/(1-P)). Odds ratio (OR) indicates the relative value
by which the odds of the outcome increase (i.e., OR greater
than 1.0) or decrease (i.e., OR less than 1.0) (Hilbe, 2009),
e is the exponential constant, equal to 2.71828. P; denotes
the probability of the case group to occur, P, denotes the
probability of the control group to occur, x represents the
explanatory variables which are either interval-level or
“dummy”, a and b represent partial regression coefficients
of independent variable x.

In this study, the logistic regression model was
implemented in SPSS software. In this process, the
SUHII levels (< 0°C, 0°C—H4°C, 4°C-8°C, 8°C-12°C,
12°C-16°C, and > 16°C) were dichotomized as the
dependent variables. The land use/cover types (cropland,
forestland, grassland, open water, built-up land, and
unused land) were selected as independent variables. In
addition, the reference categories in SUHII levels and land
use/cover patterns should also be determined to obtain the
relative risk.

The centroid shift analyses of the high SUHII ( > 4°C)
and urban areas in Changsha, Xiangtan, and Zhuzhou were
conducted to examine the dynamic changes in thermal
patterns and urbanization between 1994 and 2015. The
centroid shift analysis can explore the influences of urban
sprawl and growth on the SUHI effect. The mean center
tool is a measure of central tendency in ArcGIS (Scott and
Janikas, 2010). The mean center is the average x and y
coordinates of all pixels in the high SUHII areas or the
urban areas. The coordinates of the centroid are calculated
by Egs. (4) and (5) (Scott and Janikas, 2010).

X = Z?:l(Ati X Xti)/z; Ay, 4
Y, = Z;(An‘ X Yn‘)/Z?:lAﬁ, )

where X,; and Y,; are the coordinates for each pixel of the
high SUHII area or the urban area in the ¢ year,  is the total
number of pixels, and A4 is the area of each pixel in the ¢
year. The result of the X; and Y, coordinate pair is the
location of the high SUHII area-based weighted mean
center, which is called the SUHII area centroid, and the
urban area-based weighted mean center is called the urban
area centroid. The centroids between 1994 and 2015 were
used to investigate how the spatial pattern of the high
SUHII area changes with urban sprawl and growth.

3 Results

3.1 Spatiotemporal patterns of LUCC and urban sprawl

The land use dynamics and temporal changes in the urban
agglomeration from 1994-2015 are shown in Fig. 3. The
land use/cover maps including six categories (cropland,
forestland, grassland, open water, built-up land, and
unused land) between 1994 and 2015, which were
identified to characterize the biophysical features of the
urban landscape. It indicates that built-up areas were more
concentrated in the central parts of the Changsha,
Zhuzhou, and Xiangtan in 1994 (Figs. 3(a) and 4(a)) but
expanded in different directions over time (Figs. 3(b)-3(e)
and Figs. 4(b)-4(e)). The area of cropland had a
continuously decreasing trend, especially from 2006
onwards, while the built-up land was experiencing a
continued expansion during this period. Table 2 shows that
the area for cropland decreased by 823.55 km?* from 1994
to 2015. By contrast, the area of built-up land increased by
899.13 km? during this period. The overall growth in the
built-up land was mostly attributed to the loss of cropland
and forestland. Urban expansion and shrinking cropland
were significantly presented in the study area. To
investigate the effect of urbanization on the SUHI effect,
the boundaries between urban and surrounding rural areas
in Changsha, Xiangtan, and Zhuzhou between 1994 and
2015 were delineated as shown in Fig. 3. The considerable
increases occurred in the urban areas during the 1994—
2015 period, i.e., 432.67% of the total area in Changsha,
88.36% of the total area in Zhuzhou, and 150.95% of the
total area in Xiangtan. The urban agglomeration experi-
enced considerable urbanization in multiple directions
during the study period.

3.2 Spatiotemporal variations of SUHIIs between 1994 and
2015

Figure 5 shows the monthly average air temperature in the
period from 1994 to 2010 in Changsha. The highest
temperatures occur between June and September. The
monthly average maximum and minimum air temperatures
between June and September in 2015 exhibit small
variations. A small variation in temperature was observed
in the studied months (approximately 3.2°C in maximum
air temperature and 3.0°C in minimum air temperature). If
the first half month in September was selected to compare
the air temperature between June and September, the
changes in temperature were approximately 1.7°C in
maximum air temperature and 2.1°C in minimum air
temperature.

Figure 6 shows the spatial distributions of the LSTs
between 1994 and 2015. The significant LST gradients
between the urban areas and the surrounding rural areas in
Changsha, Xiangtan, and Zhuzhou were observed during
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this period. In response to rapid urbanization and shrinking
cropland, Changsha City, Xiangtan City, and Zhuzhou City
exhibited the higher LST and appeared the relatively fixed
and expanding area. By contrast, Changsha County,
Xiangtan County, and Zhuzhou County show the relative
lower variation in the LST because of larger vegetation
coverage. The inter-annual variation in SUHII is shown in
Table 3, i.e.,, the SUHII in the study area increased
significantly from 1994 to 2015. The SUHII was classified
into six levels (< 0°C, 0°C—4°C, 4°C-8°C, 8°C-12°C,
12°C-16°C, and > 16°C), and the size of each class
interval is 4°C with reference to the SUHII of the study
area in Table 3. Figure 7 shows the overall spatial patterns
of the SUHII from 1994 to 2015, which can be used to
analyze the correlation with the LUCC. Over the past
20 years, dramatic changes have occurred in land use/cover
patterns, which exert a great influence on the thermal
environment. The highest SUHII zones were found inside
the urban area, and the higher or high zones had a scattered
distribution which looked like an isolated heat island.
Then, the isolated heat island had been merged into the
central area gradually over time for creating a larger area.
The significant decreased and increased areas occurred in
SUHII (< 0°C) and SUHII (0°C—4°C) levels respectively
from 1994 to 2006. After that, the trend was not obvious.
The trends of areas of the SUHII (4°C—8°C), SUHII (8°C—
12°C), SUHII (12°C-16°C), and SUHII (> 16°C) levels
were similar and increased significantly from 1994 to

2015, especially from 2006 onwards. Owing to the similar
changes and small areas of these SUHII levels, the four
levels can be integrated into a high SUHII level. The
centroid shift analysis of the high SUHII (>4°C) areas
with urbanization were then established.

3.3 Change analysis of SUHIIs by the spatiotemporal
patterns of LUCC

The probability the high SUHII occurring in land use/cover
patterns, as well as the centroid shift analyses of the high
SUHII and urban areas, was studied for investigating the
effects of LUCC on the SUHII and further showing their
explicit spatial characteristics. The ORs were computed
using SUHII levels as the dependent variables, and the land
use/cover types as independent variables to further
determine the change patterns of high SUHII in the
different land use/cover types. The SUHII ( < 0°C) level
and cropland were regarded as the reference category
respectively owing to the significant decrease of cropland
area. Table 4 shows ORs of SUHII levels in land use/cover
patterns, and no data is deemed to be statistically
insignificant. The table shows that the significant SUHI
effect in 1994 focused on the SUHII (0°C—4°C) and SUHII
(4°C—8°C) levels, and the high SUHII was most likely to
occur in the built-up land owing to the large OR value.
During the 1994-2015 period, the high SUHII was also
mainly focused on the built-up land compared to cropland,
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Table 2 The change of land use and cover between 1994 and 2015 (unit: km?)

Land use/cover type 1994-2000 2000-2006 20062010 20102015 1994-2015
Cropland -26.92 —-58.39 —170.51 -567.73 —823.55
Forestland —14.79 —46.70 —108.96 +90.41 —80.04
Grassland -0.10 —-0.38 -0.63 +2.81 + 1.7
Open water +18.30 -0.57 -1.82 -16.49 —-0.58
Built-up land +23.46 +105.73 +279.47 +490.47 +899.13
Unused area +0.05 +0.31 +2.44 -0.33 +2.47

especially SUHII ( > 4°C) level, whereas the low SUHII
was observed in the areas of forestland and open water. The
high SUHIIs in 2010 and 2015 were also exhibited in the
unused land. The effect of grassland on the SUHII
compared to cropland had no significant regularity. In
2000 and 2015, cropland was more significant than
grassland in cooling the surface temperature, whereas the
grassland had the cooling benefit in 2010.

Figure 8 shows the centroid locations and shifts of the
urban and high SUHII (> 4°C) areas from 1994 to 2015.
Overall, the centroid shifts in urban areas and high SUHII
areas over time occurred from east to west in Changsha,

from southwest to northeast in Zhuzhou, and from north to
south in Xiangtan. The trends of centroid shifts between
urban areas and high SUHII areas in Xiangtan during this
period were the most similar. Table 5 shows that the
shortest distance of the centroids between the urban areas
and high SUHII areas was 0.33 km in 2006 and occurred in
Xiangtan. The SUHII of Xiangtan increased significantly
from 1994 to 2015, and was larger than Changsha and
Zhuzhou in 2010 and 2015. These indicate that the growth
of SUHII and the expansion of high SUHII areas are
closely related to the expansion of an existing urban area in
Xiangtan. It also demonstrated that the existence of SUHI
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Fig. 6 Spatial distributions of LSTs retrieved from Landsat images. (a) 1994, (b) 2000, (c) 2006, (d) 2010, and (e) 2015.
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Fig. 7 Spatial patterns of SUHIIs. (a) 1994, (b) 2000, (c) 2006, (d) 2010, and (e) 2015.
Table 3  Variation of SUHII between 1994 and 2015 (unit: °C)
Year Mean LST Mean LST in urban areas Mean LST in rural areas SUHIIT
1994 26.6 29.8 26.5 33
2000 24.9 29.5 24.8 4.7
2006 30.6 36.2 30.4 5.8
2010 33.5 39.7 33.2 59
2015 39.9 46.7 39.5 7.2

effect is difficult to refute as it grows simultaneously with
the expansion of the urban area that causes the change in
surface temperature. Table 5 shows that the maximum
distance of centroids between the urban areas and the high
SUHII areas was 2.15 km in Changsha for the year 2015.
The SUHII increased in Xiangtan and Zhuzhou, but
decreased in Changsha from 2006 onwards.

4 Discussion

Urban agglomeration has become one of the most
distinguishing features of recent urbanization worldwide
(Wu, 2014). This study investigated the spatiotemporal
distributions of SUHII and urbanization, and studied the
effects of urban sprawl and growth on the SUHI effect in
the Chang-Zhu-Tan urban agglomerations. The results

showed that the area of cropland had a continuously
decreasing trend, especially from 2006 onwards, while the
built-up land was experiencing a continued expansion.
This was because the government of Hunan Province
proposed a regional planning to build Chang-Zhu-Tan
urban agglomeration in October 2005. Changsha, Xiang-
tan, and Zhuzhou began to develop quickly for merging
into the urban agglomeration. Recently, most studies found
that the built-up area increases the SUHII dramatically
while the vegetation can cool the environment, which was
also demonstrated in Chang-Zhu-Tan main urban area
(Zeng et al., 2010; Lan and Ming, 2018). Similar to
previous finding, our study found that the high SUHII was
mainly focused on the built-up land compared to cropland,
whereas the low SUHII was observed in the areas of
forestland and open water. These findings highlight the
importance of vegetation cover and open water for urban
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Fig. 8 Centroid locations and shifts of the urban and high SUHII areas between 1994 and 2015.

Table 5 The SUHIIs and centroid distance between urban areas and high SUHII areas

City Centroid distance/km SUHII/°C

1994 2000 2006 2010 2015 1994 2000 2006 2010 2015
Changsha 1.27 1.45 1.27 1.43 2.15 3.1 3.8 6.2 5.9 45
Zhuzhou 1.47 0.81 1.04 1.83 0.35 33 5.4 4.6 5.1 6.9
Xiangtan 1.09 0.61 0.33 0.68 0.80 3.6 5.5 5.1 6.2 7.8

comfort and confirm that urban areas have a significant
impact on the conditions in the surrounding environment
and the existence of urban microclimates (urban heat island
and urban cool island).

Different from the previous studies, this study identified
the spatiotemporal patterns of the SUHII and the LUCC
over the past 21 years, and found that the areas of the high
SUHII (4°C-8°C), SUHII (8°C-12°C), SUHII (12°C-
16°C), and SUHII ( > 16°C) levels increased significantly
in response to the rapid urban sprawl of the study area. The
logistic regression model compared to the previous liner
regression analysis and comparative method is a new tempt
for studying the relationship between the SUHII and
LUCC. This may affect the result to some extent and can
be adopted in contribution analysis of impact factors. The

centroid shift analysis method used from this study might
provide new insights for such future efforts. According to
the centroid shift analysis, the decreased SUHII and the
largest centroid distance between the urban areas and the
high SUHII areas during the period 1994-2015 occurred in
Changsha. This is because other factors such as the
anthropogenic heat flux and shading effects of buildings
except urban sprawl may also play important roles in
affecting the SUHII. For instance, heat releases caused by
the extensive air conditioning usage in summer can
exaggerate the SUHII (Wang et al., 2015). Meanwhile,
high-density and high-rise buildings can easily form
shadows, and thus decrease the LST in urban areas (Du
etal., 2016; Peng et al., 2017). Therefore, the centroid shift
analysis can help investigate the spatiotemporal character-
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istics of urban development according to the move of the
SUHII hotspot area; at the same time urban sprawl or the
increases of building density and height can also help
ascertain the spatiotemporal change of the high SUHII
areas. Several limitations should be discussed in this study.
LST data of a high temporal resolution should be used to
investigate the effects of LUCC on the thermal environ-
ment at a high spatial resolution; it provides more effective
and accurate information for policy-makers and urban
planners. However, remote sensing images were limited by
the revisit period and cloud contamination. The spatio-
temporal changes of nighttime SUHIIs with urbanization
were not studied. Although images from Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) and Moderate Resolution Imaging Spectro-
radiometer (MODIS) were widely used to obtain nighttime
SUHII, both ASTER and MODIS were launched in 1999,
and images from MODIS had a large spatial scale. In
addition, more detailed land use/cover types (e.g., paddy
land, dry land, woodland, residential land, and commercial
land) should also be considered. When local climate
knowledge is considered in pursuing urbanization, smart
design needs to be stressed and studied for improving the
local urban climate. Some possible countermeasures
should be proposed. For example, Emmanuel and
Fernando (2007) found that the best thermal comfort was
concentrated in the high-density building zone during
daytime. Santamouris (2013) found that cool pavements
contributed significantly to the decrease of urban tempera-
ture. Peng et al. (2017) proposed that daytime thermal
distress can be reduced by enhancing the shading effects,
and by improving air ventilation based on more E-W
horizon corridors in pursuing a compact urban form. Thus,
understanding the relationship between urban morphology
and urban microclimate is necessary to urban planners for a
quality urban thermal environment in a future study.

5 Conclusions

In the study, an integrated approach including remote
sensing technique, GIS, and statistical analysis was
employed to analyze dynamics of LUCC and thermal
characteristics in response to the rapid urban expansion
and growth in the Chang-Zhu-Tan urban agglomeration
between 1994 and 2015. It is obvious that hotspots of
urban micro-climate exist and expand because of the
presence and development of urban agglomeration from
1994 to 2015. In detail, the decreases in cropland,
grassland, and forestland, together with the increased
size of buildings, resulted in increases of SUHII and the
expansion of high SUHII area over the 21-year study
period. Meanwhile, high-rise and high-density buildings
contribute to the formation of shadows, and thus decrease
the SUHII and change the spatial movement of the high
SUHII area in urban areas. The centroid shift analysis

provides new insights for studying the spatiotemporal
relationship between the high SUHII area and the urban
sprawl and growth. It can help explore the spatiotemporal
characteristics of urban development referring to the
movement of the high SUHII area. At the same time,
urban sprawl or the increases of building density and
height can also help ascertain the spatiotemporal change of
the high SUHII areas. The findings in this study can help
improve planning and decision making in the urban
environment management and future studies about the
adverse effects of SUHIs in urban areas.
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