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Abstract: Under the circumstance of global climate change, the evolution of thermal environments
has attracted more attention, for which the surface urban heat island (SUHI) is one of the major
concerns. In this research, we focused on the spatiotemporal patterns for two “stove cities” in China,
i.e., Wuhan and Nanchang, based on the long-term (1984–2018) and fine-scale (Landsat-like) series of
satellite images. The results showed opposite spatiotemporal patterns for the two cities, even though
they were both widely concerned to be the hottest cities. No matter which definition of surface urban
heat island intensity (SUHII) was selected, Nanchang presented higher and more fluctuating SUHII
than Wuhan, with a relatively higher land surface temperature (LST) of the urban area and lower
LST of the rural area in Nanchang, especially in recent years. For the spatial pattern, the highest
LST center (i.e., the SUHI) has expanded obviously for the past 35 years in Nanchang. For Wuhan,
the LST in SUHI has gone through a trend of a relatively increase at first, followed by a decrease.
For the temporal pattern, an increasing trend of LST could be detected in Nanchang. However, the
LST in Wuhan presented a slightly decreasing trend. Moreover, the SUHII evolution in Nanchang
decreased at first then increased, while Wuhan showed a slight increasing trend at first, followed by
a decrease for SUHII. In addition, different SUHII definitions would not affect the spatial pattern and
temporal trend of SUHI, but only controlled the exact SUHII value, especially in those years with
extreme weather.

Keywords: surface urban heat island; surface urban heat island intensity; spatiotemporal pattern;
remote sensing

1. Introduction

Urbanization is one of the most important global effects of human forces on the Earth’s
surface [1–4], resulting in the changes of thermal properties (e.g., surface radiation and
humidity) over urban areas [5–7]. To discover the thermal environment changes in urban
area, the urban heat island (UHI) is recognized as a well-known perspective [8,9], which can
be expressed as the air temperature or land surface temperature in urban area being higher
than that in the surrounding rural area [10–13]. The UHI also has a great impact on the
environment (e.g., climate, atmospheric conditions and biodiversity) [3,14–18] and human
beings (e.g., refrigeration energy consumption, increase in morbidity and mortality) [19–21];
therefore, it has received world-wide attention.

A UHI caused by LST is termed a surface urban heat island (SUHI). Because of the
continuous coverage and easy access of satellite images [22–24], SUHIs have been widely
studied with the help of satellite products. For long-term monitoring, coarse-resolution
LST datasets were mostly utilized, such as the Advanced Very High Resolution Radiometer
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(AVHRR) data [25] and the Moderate Resolution Imaging Spectroradiometer (MODIS)
MOD11A1 or MOD11A2 products [22,23,26–31]. The literature helps us understand the
general situation of SUHI at a resolution of 1 km. However, it has been proved that much
heterogeneity in neighborhoods would be lost at a resolution of 1 km [32]. To explore more
elaborate patterns for SUHI, LST series with a resolution higher than 1 km are needed.
Generally, studies with high-resolution LSTs (e.g., Landsat, ASTER) have been conducted
in some cities [6,33–36], but they were mostly carried out every few years so that the SUHI
information was missed in some years. Therefore, to fill in these gaps, in this study, we
focused on the long-term and fine-scale monitoring of SUHI.

Generally speaking, current research has discussed the SUHI patterns from different
perspectives. For example, Imhoff et al. [27] and Zhang et al. [28] interpreted the correlation
between SUHII and ecological control across continental USA, Zhao et al. [31] discussed
the strong contributions of the local background climate to SUHII across continental
USA, Zhou et al. [26,29] described the spatiotemporal patterns of SUHII along with the
variation of some potential drivers in China, Peng et al. [23] figured out the SUHII patterns
and discovered the relationship between SUHII and several features across 419 cities
world-wide and Clinton and Gong [22] detected the global SUHII changes corresponding
to different definitions of rural area, land cover changes and geolocations differences.
However, we could find two inadequacies in these papers: firstly, the comparisons between
cities were not well climate-controlled. In other words, the papers about the contrast
of the thermal environments for those cities with similar climate backgrounds were still
insufficient. Secondly, the definition of SUHII was not uniform in the literature, which
resulted in different SUHII across different papers, even though the same study area was
used. The discussion of SUHII defined by two different rural areas also confirmed that a
large difference existed between different SUHII definitions [37].

Therefore, to detect the contrast for cities under the similar climate background, and to
explore the error brought by different SUHII definitions, we carried out long-term and fine-
scale comparisons for different SUHII definitions, taking the cities Nanchang and Wuhan as
the study area. Nanchang and Wuhan have gone through rapid urban expansion, and they
have both been regarded as “stove cities” for a long time. In addition, in the current SUHII
studies for Wuhan and Nanchang, we could not conclude a uniform SUHII due to the
different SUHII definitions. For example, Yao et al. [38] claimed that the average SUHII on
a summer day in Nanchang is 3.37K, Zhou et al. measured the average SUHII on a summer
day in Nanchang as around 1–2K [26] and Wu et al. found the SUHII in Nanchang to be
around 3.60–6.94K [39]. The large difference among the papers informed us that it was not
well discussed how the long-term and fine-scale SUHII is controlled by different SUHII
definitions. Hence, the purpose of this study is to investigate spatiotemporal patterns for
different SUHIIs and figure out how the SUHII acts in different cities with similar climate
backgrounds. With the help of Landsat images, MOD11A1 product and AVHRR surface
reflectance product, we were able to generate the long-term (1984–2018) and fine-scale
(Landsat-like) LST series by spatiotemporal fusion. Based on the generated LST series, the
SUHII for each year could be obtained; exhaustive discussions are described in this paper
to present the thermal environment evolution in Nanchang and Wuhan.

2. Study Region and Data

Nanchang and Wuhan were selected as the study area in this research. Nanchang is the
capital city of Jiangxi province (Figure 1), and is located between 115◦27′ E–116◦35′ E, and
28◦10′ N–29◦11′ N, with a total administrative area around 7402 km2. Wuhan is the capital
city of Hubei province, and is located between 113◦41′ E–115◦05′ E, and 29◦58′ N–31◦22′ N,
with a total administrative area around 8494 km2. Affected by a subtropical monsoon
climate, Nanchang and Wuhan experience hot summers. According to the meteorological
data by the National Climate Center, Nanchang and Wuhan have been regarded as some
of the hottest “stove cities” in China up to now, and could be considered as the ideal areas
to study SUHI.
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image used in this research for Wuhan, from a Landsat 8 OLI image from 09/15/2018. 
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over several months during 1984–2018, covering 91.4% of Nanchang and 80% of Wuhan, 
from the United States Geological Survey (USGS) website (http://glovis.usgs.gov/ (access 
on 30 September 2020)). The spatial resolution for different Landsat thermal bands used 
in this research was 120 m (Landsat-5 TM), 60 m (Landsat-7 ETM+) and 100 m (Landsat-8 
TIRS), respectively, and they were all resampled into 30 m resolution when downloaded. 
In general, 26 Landsat images were collected for Nanchang, and 30 Landsat images were 
collected for Wuhan, with the time span between two adjacent years less than three years. 
From 2000 to 2018, the MOD11A1 product corresponds to the dates of the cloud-free Land-
sat images, covering the whole summer (1 June to 31 August) were obtained from the 
Level-1 and Atmosphere Archive & Distribution System Distributed Active Archive Cen-
ter (LAADS DAAC) website (https://ladsweb.modaps.eosdis.nasa.gov/ (access on 30 Sep-
tember 2020)). The spatial resolution for the MOD11A1 product was 1000 m. The AVHRR 
surface reflectance product (version 4) covering the whole summer were collected from 
the National Oceanic & Atmospheric Administration (NOAA) Climate Data Record 
(CDR) from the NOAA website (https://data.nodc.noaa.gov/ (access on 30 September 
2020)). The spatial resolution for AVHRR surface reflectance product was 0.05 degrees, 
which included surface reflectance for the red band and near-infrared band, and bright-
ness temperature for the mid-infrared band and thermal infrared bands. From 1984 to 
1999, the AVHRR data covering the whole summer and corresponding to the dates of 
cloud-free Landsat images were also collected. Global Multi-resolution Terrain Elevation 
Data 2010 (GMTED2010) were obtained from The Environment for Visualizing Images 
software (ENVI), with a spatial resolution of 30 s [40]. (2) Reanalysis data. The water vapor 
for LST inversion was collected from the National Centers for Environmental Prediction 
(NCEP)/National Center for Atmospheric Research (NCAR) reanalysis dataset [41], with 
a spatial resolution of 2.5 degrees. 

Figure 1. The study area. (a) The location of Jiangxi and Hubei province in China; (b) the location
of Nanchang in Jiangxi province; (c) the Landsat image used in this research for Nanchang, from
a Landsat 8 OLI image from 09/14/2017; (d) the location of Wuhan in Hubei province; (e) the Landsat
image used in this research for Wuhan, from a Landsat 8 OLI image from 15 September 2018.

To generate the LST series for SUHI monitoring, two main sources of data were needed
(Table 1). (1) Satellite data. Cloud-free Landsat images (Landsat 5/8) were obtained over
several months during 1984–2018, covering 91.4% of Nanchang and 80% of Wuhan, from
the United States Geological Survey (USGS) website (http://glovis.usgs.gov/ (accessed on
30 September 2020)). The spatial resolution for different Landsat thermal bands used in
this research was 120 m (Landsat-5 TM), 60 m (Landsat-7 ETM+) and 100 m (Landsat-8
TIRS), respectively, and they were all resampled into 30 m resolution when downloaded.
In general, 26 Landsat images were collected for Nanchang, and 30 Landsat images were
collected for Wuhan, with the time span between two adjacent years less than three years.
From 2000 to 2018, the MOD11A1 product corresponds to the dates of the cloud-free
Landsat images, covering the whole summer (1 June to 31 August) were obtained from
the Level-1 and Atmosphere Archive & Distribution System Distributed Active Archive
Center (LAADS DAAC) website (https://ladsweb.modaps.eosdis.nasa.gov/ (accessed
on 30 September 2020)). The spatial resolution for the MOD11A1 product was 1000 m.
The AVHRR surface reflectance product (version 4) covering the whole summer were
collected from the National Oceanic & Atmospheric Administration (NOAA) Climate
Data Record (CDR) from the NOAA website (https://data.nodc.noaa.gov/ (accessed on
30 September 2020)). The spatial resolution for AVHRR surface reflectance product was
0.05 degrees, which included surface reflectance for the red band and near-infrared band,
and brightness temperature for the mid-infrared band and thermal infrared bands. From
1984 to 1999, the AVHRR data covering the whole summer and corresponding to the dates
of cloud-free Landsat images were also collected. Global Multi-resolution Terrain Elevation
Data 2010 (GMTED2010) were obtained from The Environment for Visualizing Images
software (ENVI), with a spatial resolution of 30 s [40]. (2) Reanalysis data. The water vapor
for LST inversion was collected from the National Centers for Environmental Prediction
(NCEP)/National Center for Atmospheric Research (NCAR) reanalysis dataset [41], with
a spatial resolution of 2.5 degrees.

http://glovis.usgs.gov/
https://ladsweb.modaps.eosdis.nasa.gov/
https://data.nodc.noaa.gov/
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Table 1. Data used in this research.

Data Dates

Landsat-5 (TM)

Nanchang:
19860723,19881016,19890715,19911025,19920520,19930710,19950918,
19960904,19970502,19980825,19990929,20000915,20010630,20021007,
20030924,20040521,20051031,20060831,20071005,20091026,20110728

Wuhan:
19870926,19880811,19890307,19900902,19910719,19920416,19931012,
19940508,19950831,19961004,19970921,19981026,19990927,20000913,
20020903,20030501,20040722,20050420,20061101,20080420,20090906,

20101112,20110608

Landsat-7 (ETM+) Wuhan: 20010722

Landsat-8 (OLI/TIRS) Nanchang: 20131005,20141008,20150909,20160927,20170914
Wuhan: 20130613,20141006,20151025,20160723,20171030,20180915

MODIS

Nanchang:
20000915,20010630,20021007,20030924,20040521,20051031,20060831,

20071005,20091026,20110728
Wuhan:

20000913,20010722,20020903,20030501,20040722,20050420,20061101,
20080420,20090906,20101112,20110608

MOD11A1 covering the whole summer in Nanchnag and Wuhan from 2000 to 2018

AVHRR

Nanchang:
19860723,19881016,19890715,19911025,19920520,19930710,19950918,

19960904,19970502,19980825,19990929
Wuhan:

19870926,19880811,19890307,19900902,19910719,19920416,19931012,
19940508,19950831,19961004,19970921,19981026,19990927

Surface reflectance covering the whole summer in Nanchnag and Wuhan from 2000 to 2018

GMTED2010 2010

Water vapor (reanalysis data)

Nanchang:
19860723,19881016,19890715,19911025,19920520,19930710,19950918,
19960904,19970502,19980825,19990929,20000915,20010630,20021007,
20030924,20040521,20051031,20060831,20071005,20091026,20110728,

20131005,20141008,20150909,20160927,20170914
Wuhan:

19870926,19880811,19890307,19900902,19910719,19920416,19931012,
19940508,19950831,19961004,19970921,19981026,19990927,20000913,
20010722,20020903,20030501,20040722,20050420,20061101,20080420,

20090906,20101112,20110608,20130613,20141006,20151025,20160723, 20171030,20180915

3. Materials and Methods

In order to monitor the spatiotemporal patterns for SUHII in Nanchang and Wuhan,
a long-term and fine-scale series for LST was required. A long-term and fine-scale LST
generation procedure has been proposed in our previous research [42]. In detail, to meet
the demand of high spatial and temporal resolution, we generated the long-term and
fine-scale summer mean LST (SMLST) by spatiotemporal fusion. Furthermore, to compare
the difference between several definitions of SUHII, the OCZ, UC, and rural area for
Nanchang and Wuhan were extracted to gain the LST difference (i.e., SUHII). To generate
a more precise extent for those areas, a linear spectral mixture analysis (LSMA) method
was involved [43]. The flowchart of the whole method is shown in Figure 2. The details are
discussed in the following sections.
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3.1. Generation of Summer Mean Surface Temperature Series

The LST inversion was first conducted in Landsat and AVHRR data. Briefly, after
radiation calibration and atmospheric correction by the Fast Line-of-sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH), the Landsat images were inversed into LST by
single-channel LST inversion method, for which only the TOA radiance, the emissivity and
the water vapor were needed [34,35,44–47]. In addition, a simple split-window LST algo-
rithm was applied to retrieve AVHRR LST, which only required the brightness temperature
and emissivity for two thermal infrared bands of AVHRR product [48,49].

Based on the inversed LSTs, a spatiotemporal fusion model was utilized to gener-
ate a series of LSTs with high spatiotemporal resolution. In detail, we normalized the
LST between AVHRR LST and MODIS LST by robust fitting with Huber M-estimator
(Li et al., 2014) to produce a uniform MODIS-like dataset. Next, the MODIS-like images
were averaged for the whole summer to obtain a representative SMLST for each summer.
In the meantime, a linear regression was conducted between the Landsat LST and the
MODIS-like LST to reduce the difference between different sensors. Finally, the normal-
ized Landsat LST, MODIS-like LST and MODIS-like SMLST were put into the spatial
and temporal nonlocal filter-based data fusion model (STNLFFM, software downlink:
http://sendimage.whu.edu.cn (accessed on 30 September 2020)) [50]. The reference pairs
and target image are shown in Table 2. Thus, the representative, comparable and high
spatiotemporal resolution SMLST series for Nanchang and Wuhan were generated.

3.2. Calculation of the Surface Urban Heat Island Intensity

The SUHII was widely defined as the LST difference between urban and rural areas
(Equation (1)). Thus, the distinction of “urban” and “rural” was of great importance. In
this paper, we attempted to discover how different SUHII definitions affect the SUHII
pattern. According to the current studies, the urban area could be defined as: (1) the old
city zone [6,23,38] and (2) the urban core [26,51,52]. The rural area could be defined as:
(1) the pervious surface outside the urban core within the administrative district [6,53]
(Rural-1) and (2) buffers far from urban core [27,28,51] (Rural-2). Therefore, we used those
two urban extents and those two rural areas in this research (Figure 3), and finally, four
SUHII could be gained. The details for the extraction of these regions were discussed
as follows:

SUHII = ALST(urban) − ALST(rural) (1)

http://sendimage.whu.edu.cn
http://sendimage.whu.edu.cn
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where ALST (urban) represents the average LST in urban areas and ALST (rural) is the
average LST in rural areas. Specifically, the water body is excluded from the SUHII
calculation. For more information on water body exclusion, we refer to our previous
research [54].

Table 2. Reference LSTs and target LSTs for spatiotemporal fusion in Nanchang and Wuhan.

1984–1999 Fusion 2000–2018 Fusion

Nanchang Wuhan Nanchang Wuhan

RD 1 TD 2 RD TD RD TD RD TD

19860723 1984 19870926 1984 20000915 2000 20000913 2000
19860723 1985 19870926 1985 20010630 2001 20010722 2001
19860723 1986 19870926 1986 20021007 2002 20020903 2002
19881016 1987 19870926 1987 20030924 2003 20030501 2003
19881016 1988 19880811 1988 20040521 2004 20040722 2004
19890715 1989 19890307 1989 20051031 2005 20050420 2005
19890715 1990 19900902 1990 20060831 2006 20061101 2006
19911025 1991 19910719 1991 20071005 2007 20061101 2007
19920520 1992 19920416 1992 20071005 2008 20080420 2008
19930710 1993 19931012 1993 20091026 2009 20090906 2009
19930710 1994 19940508 1994 20110728 2010 20101112 2010
19950918 1995 19950831 1995 20110728 2011 20110608 2011
19960904 1996 19961004 1996 20131005 2012 20130613 2012
19970502 1997 19970921 1997 20131005 2013 20130613 2013
19980825 1998 19981026 1998 20141008 2014 20141006 2014
19990929 1999 19990927 1999 20150909 2015 20151025 2015

20160927 2016 20160723 2016
20170914 2017 20171030 2017
20170914 2018 20180915 2018

1 RD is the reference pair dates. 2 TD is the target image dates.
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Therefore, we could obtain four SUHIIs in this research: (1) LST in OCZ subtracted
the LST in Rural-1 (SUHII1); (2) LST in OCZ subtracted the LST in Rural-2 (SUHII2);
(3) LST in UC subtracted the LST in Rural-1 (SUHII3); (4) LST in UC subtracted the LST in
Rural-2 (SUHII4). The temporal trend of SUHII for the past three decades was estimated
by a Mann–Kendall test [55,56].

3.2.1. Urban Area Extraction

In this manuscript, we extracted two urban extents: OCZ and UC. In practice, the
OCZ was defined as the district which was consistently urban for the past three decades.
For Nanchang and Wuhan, the urban core in 1986 and 1987 was selected as the OCZ,
respectively. The UC was defined as the city extent for each year. According to our
previous research [54], we utilized LSMA to extract impervious surface area (ISA) for each
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year with the assistance of Landsat data. Next, the extracted ISA was aggregated into UC
by city cluster algorithm [23,57,58]. After the exclusion of some misclassifications, the UC
for Nanchang and Wuhan in each year was extracted. The urban area extraction part was
done in our previous research [54].

3.2.2. Rural Area Extraction

In this paper, we extracted two rural areas: the pervious surface outside the urban
core (Rural-1 area) and buffers far from the urban core (Rural-2 area). In practice, by
excluding all the ISAs and water bodies within the administrative district, we could obtain
the rural-1 area.

For the rural-2 area, the most important point was how to detect the suitable distance
away from the urban core. It is well known that the extent of SUHI is generally greater than
the urban area size [30,59,60]. In other words, there exists a district outside the urban area
which was still influenced by the urban heating effect. Thus, there should be a maximum
distance affected by urban heating. This maximum distance was considered as the urban
heat island footprint (UHIF) [60–62]. Theoretically, the LST would decrease as the distance
to the urban area became longer but within the UHIF; beyond the UHIF, due to the uniform
climate and homogeneous land cover (mostly vegetation) in the rural area, the LST would
be relatively stable, even though the distance to urban area still increased. Hence, if we
generated different buffers surrounding the urban area and recorded the average LST for
each buffer, the LST evolution with the increase of the distance to the urban area would
present as a decrease at first, which then levels off. The breakpoint at which the trend for
LST changes from decreasing to stable was defined as the UHIF. In practice, we generated
21 rings for each urban area in this research. In detail, for each urban area, we generated its
1 km buffer to 21 km buffer (increased by 1 km) within the administrative division. Next,
the area within the 1 km buffer can be marked as the first ring, the area between the 1 km
buffer and 2 km buffer would be marked as the second ring and so forth. An example can
be seen in Figure 4. Thus, we could find that the UHIF for Nanchang in 2017 was 9 km.
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Therefore, the rural-2 area in this research could be considered as the district consis-
tently unaffected by urban heating. Thus, it should meet the following conditions: (1) the
rural-2 area located within the administrative division, (2) the land cover in the rural-2
area should be pervious surface (ISAs and water bodies excluded) and (3) the rural-2
area was beyond the UHIF. In practice, the area between the UHIF boundary and the
administrative division boundary was considered as the extent of the rural-2 area for each
year. Particularly, an elevation threshold was set to eliminate the elevation effect between
the urban and rural area. In detail, the maximum and minimum elevation of the urban
area (OCZ and UC), extracted with the help of GMTED2010, were set as the threshold for
the rural (Rural-1 and Rural-2) elevation. Those pixels with an elevation higher than the
maximum of urban elevation or lower than the minimum of urban elevation were excluded
from the rural area.
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4. Results
4.1. Temporal Evolution for Surface Urban Heat Island

Based on the methods above, the long-term and fine-scale series of SMLSTs were
gained for Nanchang and Wuhan. For Nanchang, the LST averaging from 1984 to 2018 for
OCZ, UC, Rural-1 and Rural-2 was 313.50K, 311.69K, 304.62K and 303.60K, respectively.
Thus, we could find that the OCZ was the area for highest LST, and the area less affected by
UHI (Rural-2) would present a lower LST. For Wuhan, the LST averaging from 1984 to 2018
for OCZ, UC, Rural-1 and Rural-2 was 310.80K, 309.32K, 305.10K and 305.01K, respectively.
Similar conclusions could be drawn that the LST in OCZ was also the highest, and the LST
in Rural-2 was also the lowest.

The long-term temporal trends for LST in the OCZ, UC, Rural-1 and Rural-2 areas are
shown in Figure 5. For Nanchang, it was easy to detect that the LST in OCZ was higher
than the LST in UC in the whole time series, and the LST in the Rural-1 area was higher
than the LST in the Rural-2 area from 1984 to 2018. The temporal evolution of LST showed
an increasing trend in the urban and rural area. However, for Wuhan, the LST in the Rural-1
area was higher than the LST in the Rural-2 area from 1984 to 2003, and this phenomenon
reversed after 2004. A slightly decreasing trend was detected for urban and rural LST in
Wuhan, which was opposite to the LST evolution of Nanchang.
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Comparing the LST in urban and rural areas, we could obtain four long-term series
of SUHII for each city. Generally speaking, the SUHII values in Nanchang averaged from
1984 to 2018 were 8.87K, 9.89K, 7.07K and 8.09K for SUHII1, SUHII2, SUHII3 and SUHII4,
respectively. There was no doubt that the difference between the highest LST (OCZ) and
the lowest LST (Rural-2) generated the highest SUHII. A similar result was obtained in
Wuhan, where the SUHII2 is also the highest, with SUHII values of 5.70K, 5.79K, 4.22K and
4.30K for SUHII1, SUHII2, SUHII3 and SUHII4, respectively. In addition, we could find
that the SUHII differences caused by different SUHII definitions were lower in Wuhan.

As for the temporal evolution, the temporal trends for those four SUHII are shown in
Figure 6. For Nanchang, it could be seen that SUHII2 was the highest in the long series, and
SUHII3 was the lowest. However, SUHII1 was the highest SUHII in Wuhan from 1984 to
2003, and SUHII2 was the highest from 2004 to 2018. SUHII3 acted as the lowest SUHII in
Nanchang, but in Wuhan, SUHII4 was the lowest before 2003 and SUHII3 was the lowest
after 2003.
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Interestingly, opposite trends can be seen in Nanchang and Wuhan with regards to
the temporal evolution of SUHII. The temporal variation of SUHII for Nanchang decreased
at first then increased no matter which SUHII definition was selected. However, Wuhan
showed a slight increasing at first, then a decreasing trend for SUHII evolution. The
fluctuation range (maximum SUHII subtracted minimum SUHII) of each temporal trend
in Nanchang was 6.19K, 6.53K, 6.35K and 6.74K for SUHII1, SUHII2, SUHII3 and SUHII4,
respectively. Moreover, the fluctuation range (maximum SUHII subtracted minimum
SUHII) of each temporal trend in Wuhan was 2.70K, 2.70K, 2.73K and 3.29K for SUHII1,
SUHII2, SUHII3 and SUHII4, respectively. We could also find that the fluctuation range
for different SUHII was almost the same. In other words, different calculations of SUHII
would not change the type of temporal trend, but only controlled the value of SUHII in
each year.

Hence, we could generally consider the different SUHII trends as parallel lines. In this
way, we could generate the average SUHII of each year in Nanchang and Wuhan with the
error bar (Figure 7). From Nanchang, the lowest SUHII occurred in 1992, and the highest
SUHII occurred in 2018. The SUHII in Nanchang decreased from 1984 to 1992, and then
increased from 1992 to 2006. A relatively slight decrease was found from 2006 to 2009;
finally, the SUHII continued to increase from 2009 to 2018. For Wuhan, the SUHII slightly
increased from 1984 to 1990, and then decreased from 1990 to 2009. A relatively sharper
increase was detected from 2009 to 2012; finally, the SUHII continued to decrease from 2009
to 2018. The highest SUHII was shown in 2012 and the lowest SUHII was found in 2016.
Referring to the temporal trend for ISA in OCZ gained from our previous research [54], in
Nanchang, we detected an ISA evolution trend opposite to the SUHII evolution trend—first
increasing, then decreasing. However, the SUHII trend in the time series was consistent
with the ISA variation in OCZ in Wuhan. Therefore, it could be concluded that the SUHII
should be the balance between urban and rural areas. The one-sided description of land
cover change in urban or rural areas could not exactly present the true variation of SUHII.

From Figure 7, the greatest difference was found in 2006 for Nanchang, with the error
bar around 3.90K. The greatest difference was 2.60K for Wuhan in 2016. Those years were
both the inflection points in the temporal trends of SUHII. Thus, we could find that the
error bar was relatively greater at extreme points. Intuitively, the pink or blue stripe in
Figure 7 would be wider at extreme points, which were also the extreme points of the LST
variation detected in Figure 5. Thus, a conclusion could be drawn that the SUHII variation
by different SUHII definitions would be heavier under a circumstance of extreme weather.
In other words, for those colder or hotter years, different SUHII definitions would bring up
larger differences.
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4.2. Spatial Distribution for Surface Urban Heat Island

Based on the generated SMLST series, the spatial distribution for SUHIs in Nanchang
and Wuhan could be detected. In each year, referring to the relative density classification [6],
we could figure out the region of higher and lower LST, and thus, point out the SUHIs.
Using this method of spatial illustration, different SUHII definitions would not affect the
distribution of SUHI. Thus, we could obtain a uniform conclusion for the spatial pattern of
SUHIs no matter which SUHII definition was selected. Moreover, comparing the SUHI
distribution with the land cover map (Figure 8), the correlation between the SUHI and land
covers could also be found. The spatial distribution for SUHII of each year in Nanchang
was listed in Figure 9. From Figure 9, before 2002, the highest LST center could be found
adjacent to the Ganjiang River (center 1). The other highest LST was scattered on the
southeast and southwest of Nanchang. In the period from 2002 to 2018, we obtained the
two highest LST centers in Nanchang. One was still the urban core along the Ganjiang
River (center 1). The other was the built-up aggregation of Jinxian county located in the
southeast of Nanchang (center 2).

For the past 35 years (1984–2018), an obvious expansion could be seen for center 1. In
the beginning, center 1 was a small section located on the eastern bank of the Ganjiang
River. With the development of Nanchang, center 1 gradually expanded. Different from
the development of the eastern bank of the Ganjiang River, the highest LST on the western
bank of the Ganjiang River was scattered at the outset, and gradually gathered as time
went by, finally combining with the eastern part and turning into a large center. The extent
of center 1 was 10.75 km2 in 1984, and it changed into 398.82 km2 in 2018. Center 1 has
expanded 37 times compared to its original extent. Center 2 was not obvious before 2002.
Most parts of the southeastern area in Nanchang presented as the highest LST before
2002. From 2002 to 2018, center 2 could be clearly distinguished with its surrounding
area. Compared with the development of center 1, the expansion of center 2 was not rapid.
Qualitatively, the extent of center 2 almost remained the same from 2002 to 2018, as can
be visually interpreted from Figure 8. Quantitatively, the center 2 has experienced a slight
variation of expanding at first and then shrinking. The largest extent of center 2 occurred
in 2014 with 32.88 km2.

The spatial distribution for SUHII of each year in Wuhan is illustrated in Figure 10.
From Figure 10, an obvious SUHI was detected adjacent to the Yangtze River—the urban
core of Wuhan. The SUHI has gone through a dramatic expansion from 1984 to 2018. An
interesting phenomenon could be found that the SUHI was centralizing at first and then
scattering (the red and yellow area in Figure 10). Different from the spatial pattern of SUHII
in Nanchang, the SUHI center in Wuhan showed a gradually decreasing of LST from 2008
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to 2018, especially after 2013. Up to 2018, those highest LST points (red color in Figure 10)
has shifted from near the Yangtze River to away from the Yangtze River. An obvious shift
of the SUHI center could be detected from the central of Wuhan to the surrounding area,
which was highly distinguished with the pattern of SUHII in Nanchang. The water bodies
in Wuhan were stable, presenting as the lowest LST center for the past 35 years.

Compared with the current studies, the long-term and fine-scale SMLST series helped
us detect more details for SUHI evolution. For example, we could figure out that the
expansion rate of the highest LST center was not steady year by year in Nanchang. The
expansion before 2003 was relatively lower than that after 2003 in Nanchang, and the
pattern of the highest LST center was different, taking 2008 as the cut-off point. If we only
measured the SUHI for several years, such as every ten years or every five years, we would
miss the exact transformation across the years. For example, for the low LST in Nanchang,
from 2005 to 2015, if we only took the images in 2005 and 2015 into consideration, we might
conclude that the LST of Poyang Lake was relatively stable. However, the long-term and
fine-scale SMLST series leads to a different conclusion, namely that the Poyang Lake has
gone through a dramatic LST variation. Therefore, to comprehensively monitor the SUHI
distribution and evolution, the long term and fine scale were of great importance.
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5. Discussions

Based on the above analysis for SUHI in Nanchang and Wuhan, we could find obvi-
ously opposite patterns for the two cities, even though they are both considered well-known
“stove cities”. Theoretically, under the same climate background, the two cities should
receive similar sun radiation with adjacent latitudes. However, four opposite patterns were
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observed for the two cities: (1) LST evolution: an increasing trend of LST in Nanchang
and a slight decreasing trend of LST in Wuhan, (2) SUHII variation: a temporal trend of
first decreasing and then increasing in Nanchang, and a temporal tendency of first slightly
increasing and then decreasing in Wuhan, (3) SUHI center: gathering of the highest LST
from 1984 to 2018 in Nanchang, while the LST in SUHI center decreased from 2008 to
2018 in Wuhan and (4) spatial pattern of SUHI: obvious expansion of the SUHI center in
Nanchang, while the SUHI center centralized at first and then scattered in Wuhan.

In Wuhan, as a new-first tier city in China, the Gross Domestic Product (GDP) has
changed from 8.38 billion in 1984 to 1341.03 billion in 2018. In Nanchang, as a second-tier
city in China, the development level was relatively lower than that in Wuhan, with a GDP
of 2.58 billion in 1984 and 364.09 billion in 2018. A large difference in economy could be
detected for the two cities. In other words, the development foundation in Nanchang
was relatively weaker. Thus, Nanchang was consistently dependent on some ISA-related
industries. Finally, it resulted in an increase in the LST and SUHII, and the highest LST
centralizing in Nanchang. However, in Wuhan, as a relatively developed city, the industrial
upgrading and transformation should be considered in the development progress. Finally,
the LST and SUHII would be alleviated, and the SUHI center was gradually transferred
from the downtown to the urban fringe.

The population movement might be another factor leading to the opposite patterns
for those two cities, as the anthropogenic heat emission was also an important part of
SUHII. On the one hand, more people moved into Wuhan to seek for work, attracted by
the relatively rich development foundation. On the other hand, the people in Nanchang
tended to seek for work elsewhere due to the relatively weaker development foundation in
Nanchang. Thus, the SUHII in Wuhan presented as increasing at first, and a decreasing
tendency was found in the early years for Nanchang.

There are some other limitations in our study. Firstly, the error of LST inversion and
spatiotemporal fusion need to be reduced to alleviate the relatively obvious fluctuation
for SUHII across years. Secondly, the spatial resolution of the reference AVHRR images
is too coarse to catch the slight change before 2000, which is why the variation of Poyang
Lake is hard to figure out before 2000. Thirdly, the policies or plans by the government
were seldom discussed in this paper. The interaction between the specific urban plans and
SUHII changes is expected to be interpreted in our future work.

6. Conclusions

In this paper, to investigate the difference between “stove cities”, we have mapped
and analyzed the spatiotemporal patterns for SUHII in Nanchang and Wuhan based
on the long-term (1984–2018) and fine-scale (Landsat-like) SMLST series. In particular,
to discuss the difference brought up by different SUHII definitions, we compared the
temporal evolution for different SUHII. The highest SUHII was generally defined by the
difference between LST in OCZ and LST in the previous surface unaffected by UHI. The
lowest SUHII was defined by the difference between LST in UC and LST in the previous
surface outside the UC. Although a large SUHII difference existed between different SUHII
definitions, the temporal trend of SUHII would not be affected by SUHII definitions.
Under these definitions, opposite patterns were found regarding the LST evolution, SUHII
variation, SUHI center transformation and spatial SUHI pattern for Nanchang and Wuhan.
The differences in these two “stove cities” were probably due to the large difference in
development level.

Briefly speaking, the spatiotemporal patterns for SUHII help us interpret the historical
progress and geographical division of the change in thermal environment in each city. To
some extent, the opposite spatiotemporal patterns of two “stove cities” with similar climate
background told us that the thermal environment evolution was more affected by the cities’
development rather than the natural climate. The spatiotemporal pattern of SUHI in each
city also informed us that the long term and fine scale were necessary for SUHI monitoring.
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An LST series with a longer term and finer scale would help us figure out more details of
the SUHI evolution, so as to comprehend the transformation within a short time.
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