remote sensin N
?J & bpy

Article

Spatial Patterns of Land Surface Temperature and
Their Influencing Factors: A Case Study in
Suzhou, China

Yongjiu Feng 1:2:3-*, Chen Gao !, Xiaohua Tong ?*, Shurui Chen !, Zhenkun Lei ! and
Jiafeng Wang !

1 College of Marine Sciences, Shanghai Ocean University, Shanghai 201306, China; gcjnws@163.com (C.G.);
chensr96@outlook.com (S.C.); zhenkun.lei@foxmail.com (Z.L.); wangjf93024@163.com (J.W.)
College of Surveying and Geo-Informatics, Tongji University, Shanghai 200092, China
School of Earth and Environmental Sciences, The University of Queensland, Brisbane, QLD 4072, Australia
*  Correspondence: y.fengl@ugq.edu.au (Y.EF); xhtong@tongji.edu.cn (X.T.); Tel.: +86-21-65988851 (Y.F. & X.T.)

check for
Received: 28 December 2018; Accepted: 15 January 2019; Published: 18 January 2019 updates

Abstract: Land surface temperature (LST) is a fundamental Earth parameter, on both regional and
global scales. We used seven Landsat images to derive LST at Suzhou City, in spring and summer
1996, 2004, and 2016, and examined the spatial factors that influence the LST patterns. Candidate
spatial factors include (1) land coverage indices, such as the normalized difference built-up index
(NDBI), the normalized difference vegetation index (NDVI), and the normalized difference water
index (NDWI), (2) proximity factors such as the distances to the city center, town centers, and major
roads, and (3) the LST location. Our results showed that the intensity of the surface urban heat island
(SUHI) has continuously increased, over time, and the spatial distribution of SUHI was different
between the two seasons. The SUHIs in Suzhou were mainly distributed in the city center, in 1996,
but expanded to near suburban, in 2004 and 2016, with a substantial expansion at the highest level
of SUHIs. Our buffer-zone-based gradient analysis showed that the LST decays logarithmically,
or decreases linearly, with the distance to the Suzhou city center. As inferred by the generalized
additive models (GAMs), strong relationships exist between the LST and the candidate factors,
where the dominant factor was NDBI, followed by NDWI and NDVI. While the land coverage indices
were the LST dominant factors, the spatial proximity and location also substantially influenced
the LST and the SUHIs. This work improved our understanding of the SUHIs and their impacts
in Suzhou, and should be helpful for policymakers to formulate counter-measures for mitigating
SUHI effects.

Keywords: land surface temperature (LST); surface urban heat islands (SUHIs); spatial patterns;
gradient change; generalized additive model (GAM); dominant factors

1. Introduction

Land radiative temperature, more commonly known as Land Surface Temperature (LST) [1,2],
is a key Earth surface parameter on regional and global scales [3-5]. Accompanied by drastic land-use
change and rapid urbanization, the transformation from natural landscapes to built-up urban areas
has led to changes in land surface physics, as a consequence [6]. The increasing LST makes some
urban areas significantly warmer than the surrounding rural areas. The warmer areas are known as
urban heat islands (UHISs) [7], which can result in local climate change. The UHI and surface UHI
(SUHI) effects increase the local energy consumption and are linked to human health problems [6,8,9],
and even threaten environmental security [10,11]. Su et al. [9] noted that, understanding the spatially
nonstationary relationships between LST and land cover, can help formulate temperature mitigation

Remote Sens. 2019, 11, 182; d0i:10.3390/rs11020182 www.mdpi.com/journal /remotesensing


http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
http://www.mdpi.com/2072-4292/11/2/182?type=check_update&version=1
http://dx.doi.org/10.3390/rs11020182
http://www.mdpi.com/journal/remotesensing

Remote Sens. 2019, 11, 182 2 of 20

strategies for the very young and elderly who are particularly sensitive to temperature. LST derived
from thermal infrared remote sensing has drawn attention from geographers and environmentalist,
over the last two decades [12]. Understanding LST and SUHI dynamics may improve our awareness
of regional environmental change and support sustainable development [13,14]. For this reason, it is
important to analyze the spatial patterns of LST and SUHIs and identify their influencing factors.

A recent review conducted by Zhou et al. [15] provides a comprehensive summary of the main
satellites, methods, key findings, and challenges regarding the SUHI research. This paper also shows
that there are a growing number of publications that analyze the spatial patterns of SUHI, in towns and
cities, worldwide, since 1970. Spatial patterns are essential features of the LST and SUHISs [16] because
the temperature is inherently associated with the location. In the literature, the patterns have been
commonly described using spatial analysis tools, in geographical information systems (GIS). Using an
integrated workflow, including spatial autocorrelation, semivariance, and fractal analysis, Li et al. [17]
quantified SUHI patterns at Shanghai (China), in 1996 and 2004, revealing significant increases in SUHI
degree. Zhang et al. [18] investigated spatial features of SUHIs in Shanghai using a polyline chart,
and analyzed the spatiotemporal SUHI changes over the past three decades. Keramitsoglou et al. [19]
applied object-based image analysis to extract thermal patterns, quantified the satellite-based LST,
and analyzed the intensity and spatial extent of the SUHIs in Athens (Greece). Xiao and Weng [20]
plotted thermal field profiles to reflect the change trend of LST in specified directions. Using buffer
zone analysis, Zhao et al. [21] characterized the radial and circumferential spatial distribution of the
LST in Shenyang (China), revealing the LST gradient in relation to land-use change. These studies
substantially improved our understanding of the spatial patterns of both LST and SUH]I, and helped
further explore the relationships between LST and its influencing factors.

Identification of the dominant factors affecting LST is important in understanding LST dynamics,
and is helpful in alleviating the SUHI effect and improving the quality of the urban environment.
LST is closely linked to land-use patterns, land coverage, landscape structures, and land-use
configuration [1,22-24]. Rapid urban growth has led to major land-use pattern change, altering the
underlying surface [25,26]. This results in an increased heat capacity and concomitant ability to release
stored heat [27], thereby intensifying the SUHI effect, especially in megacities. He et al. [28] analyzed
the SUHI changes in China and found that the SUHI intensity is spatially related to the magnitude and
spatial pattern of land-use change. Using geographically-weighted regression, Buyantuyev and Wu [29]
discovered strong relationships between the day—night/seasonal SUHIs and land cover, in Phoenix
(United States). Zhang et al. [30] quantified the impacts of land-use change and population growth on
the spatiotemporal SUHI patterns in Shanghai. Using typical SUHI profiles, Estoque et al. [31] noted
that LST is closely associated with green space and impervious surface areas (ISA), in Southeast Asian
cities, highlighting the mitigating effect of green space on SUHIs. While the relationships between LST
and land-use have been illustrated in many publications, some have argued that land coverage indices
are continuous values that better explain spatiotemporal differences in LST [32].

In the LST literature, commonly applied land coverage indices include the normalized difference
built-up index (NDBI), the normalized difference vegetation index (NDVI), and the normalized
difference water index (NDWI). The exchange of surface latent heat and sensible heat is directly
indicated by NDBI, which is strongly correlated with LST in urban areas [33]. Vegetation coverage is
linked to the biophysical characteristics of plants, and affects the spatial patterns of surface energy,
providing cooling and humidifying effects on the surrounding environments. NDVI strongly correlates
with LST, even in the Arctic [34]. NDWI reflects landscape features, in relation to water status, with a
significant effect on reducing SUHISs [35]. Modelers have applied the three indices and quantitatively
described the impacts on LST, which is recognized to be positively correlated with NDBI but negatively
correlated with NDVI and NDWI [36,37]. The three indices have also been applied in predicting future
LST patterns, by establishing their quantitative relationships [38].

Landscape patterns and composition have been found to have close relationships with LST,
and with SUHIs [39]. Landscape composition is a key factor in distinguishing the effects of land class
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on LST, through spatial autocorrelation [40]. The spatial continuity of urban development is a key
factor that increases the SUHI effect [41], while the green space configuration is one of the important
landscape configurations that reduces it [42]. These studies have addressed the effects of land-use
patterns, land coverage, and landscape configuration on LST and SUHIs, but in addition, the spatial
factors that reflect proximity to urban infrastructure must also be understood.

Spatial proximity was found to be related to land-use and urban patterns [43], which in turn
affect the spatial patterns of LST and SUHIs [44]. The proximity factors include the distances to the
city center, town centers, major roads, and residential areas, and reflect the accessibility to facilities
and high-density, built-up areas. City centers often contain the highest LST [45] and the SUHIs may
impact towns about one-thousand kilometers away [46]. The density of road networks is also strongly
correlated with LST and SUHISs [47]. While proximity factors have often been applied to landscape
pattern modeling [48], their effects on LST have not yet been examined. Until this work, the effects
of these spatial factors on LST and SUHIs, and how they respond to LST and SUHIs, when applied
together with land coverage indices, were not well understood.

To address these issues, we derived spring and summer LST at Suzhou in 1996, 2004, and 2016,
using Landsat imagery, computed SUHIs, using an urban-suburban boundary method, and analyzed
the LST gradients. We then applied a generalized additive model (GAM) to examine the relationships
between LST and important spatial influencing factors, and discussed their changes over time.
We studied the effect of many spatial factors—land coverage indices (NDBI, NDVI, and NDWTI);
distances to the city center, town centers, and major roads; and the spatial location of LST.
The dominant factors for each year were identified to address LST dynamics and provide a rationale
for potential SUHI mitigation and urban environment improvement. Compared to early publications,
our contributions are the inclusion of spatial proximity and location factors, and the use of GAM to
quantify the effects of the factors influencing LST.

2. Methodology

2.1. Study Area and Datasets

Suzhou is the most economically developed city located in the southeastern part of the Jiangsu
Province in Eastern China (Figure 1a,b). It is one of the central cities in the Yangtze River Delta,
urban agglomeration, and is adjacent to China’s economic center, Shanghai. Suzhou has five
administrative districts (Gusu, Xiangcheng, Wuzhong, Huqgiu, and Wujiang) and four satellite cities
(Changshu, Kunshan, Zhangjiagang, and Taicang). Our study area includes the above five districts
that total 2,778 km? (Figure 1c,d; denoted as Suzhou, hereafter).

Suzhou has a subtropical monsoon marine climate with four distinct seasons, abundant rainfall,
and rich water resources [49], facilitating cropping and noncommercial vegetation growth. The superior
geographical location and good climate have led to early industrialization and urbanization in Suzhou,
as compared to other Chinese cities. The built-up area has increased from 12.1% in 2000 to 40.3% in
2015 [49], attributed to the rapid development of the economy and urban infrastructure. Such rapid
urbanization has claimed much ecological and agricultural land and led to a decline in vegetation
coverage. Industrialization, urbanization, and vegetation decline has affected the local climate
substantially, and areas affected by SUHI have expanded significantly [50].

We used seven Landsat images (Table 1) to derive the spring and summer LST patterns and land
coverage indices, and applied vector-based maps (Table 2) to define the administrative boundary and
generate the spatial driving factors. All Landsat images were provided by Geospatial Data Clouds and
these are the best images of Suzhou that could be used for the LST retrieval and further comparison,
considering the negative effects of cloud and cloud shadow. LST derivation and the calculation of the
built-up area, vegetation, and water, were performed using these images. The administrative map was
collected from the Geographical Information Monitoring Cloud Platform (GIMCP) and was employed
to define administrative boundaries, the Suzhou City center (hereafter denoted as the city center),
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and town centers. The road network maps were collected from the Open Street Map (OSM) and were
used to define major roads in 1996, 2004, and 2016. All vector maps were used to extract proximity
factors, such as distance to the city center, town centers, and major roads, representing the spatial
accessibility to urban facilities.

(a) China

(c) Suzhou: infrastructured\
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Figure 1. The Suzhou study area. (a) map of China, (b) administrative map of the Yangtze River Delta,
(c) Suzhou city with the municipal center, town centers, and major roads, and (d) the 12 buffers with
the city center as the central point, where the innermost buffer is a circle of a radius of 2 km, while the
other buffers are rings with a 2 km buffer distance. To examine the Land Surface Temperature LST
spatial patterns in different directions, each buffer was divided into four sectors, i.e., S1 (upper right),
S2 (top left), S3 (bottom left), and S4 (bottom right), using horizontal and vertical lines.

Table 1. Landsat images for LST derivation—satellite, sensor, cloud, date, season, and usage.

Satellite Sensor Date Season Cloud (%) Usage
Landsat-5 TM (30m) 01 May, 1996 Spring 0.0 Derive LST and land coverage indices
Landsat-5 TM (30m) 05 Aug, 1996 Summer 0.4 Derive LST, land coverage indices, and
land-use pattern
Landsat-5 TM (30m) 04 Mar, 2004 Spring* 0.1 Derive LST and land coverage indices
Landsat-5 TM (30m) 23 May, 2004 Spring?* 0.0 Derive LST and land coverage indices
Landsat5 ~ TM(30m)  26Jul, 2004  Summer 0.0 Derive LST, land coverage indices and
land-use pattern
OLI (30m) . . o
Landsat-8 TIRS (30m) 22 Apr, 2016 Spring 0.2 Derive LST and land coverage indices
OLI (30m) Derive LST, land coverage indices and
Landsat-8 TIRS (30m) 27 Jul, 2016 Summer 6.4 land-use pattern

Note: The date of available spring images in 2004 cannot well match those in 1996 and 2016, we therefore assembled
two Landsat images in March and May 2004 and produced their average LST to reflect the thermal patterns in
spring 2004.

Table 2. Vector datasets for proximity layers—scale, feature, date, and usage.

Map Scale Feature Date Usage

Boundary, city center,
and town centers
Road network map 1:1,000 OSM major roads 1996, 2004, 2016  Extract proximity layers

Administrative map  1:1,000,000 2016 Extract proximity layers

2.2. LST Retrieval Method

Before LST retrieval, we performed atmospheric correction of the reflective band observations
for the selected Landsat images. Practically, we applied “Radiometric Calibration” and “FLAASH
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Atmospheric correction” tools in ENVI 5.4, to convert Landsat digital numbers to exoatmospheric
reflectance. These reflective bands were used to produce land coverage indices and land-use patterns.

LST at Suzhou was derived using the Landsat-5 TM thermal band-6 and Landsat-8 TIRS band-10,
based on the radiative transfer equation, as described in early publications [38,51]. The thermal
infrared radiation Lgens(A) can be given by [38,51]:

Lsens(A) = (eABA(TS) + (1 —ex)-La d)-ta + Ly T o

where A denotes the wavelength, ¢, denotes the land surface emissivity, TS denotes the
real temperature of the land surface, B)(TS) denotes the Planck’s law, 7, denotes the total
atmospheric transmissivity, Ly 1 denotes the upwelling radiance, and L) | denotes the downwelling
atmospheric radiance.

The LST derivation procedure (Figure 2) includes four major steps. (1) A radiation calibration
is performed then the land coverage for vegetation, urban area, soil, and water is calculated;
(2) land surface emissivity is calculated, based on the radiance ratio between a natural object and a
blackbody; (3) atmospheric radiation correction is performed by inputting the land surface emissivity,
and upwelling, and downwelling radiances that were retrieved using the Atmospheric Correction
Parameter Calculator (atmcorr.gsfc.nasa.gov), and (4) LST is calculated using an inverse Planck law,
based on thermal radiation of the blackbody, and finally the LST spatial patterns are visualized.

Radiation Calculation of * Calculation of land

S — vegetation — rn
calibration & surface emissivity
coverage

|

Atmospheric
LST patterns <+ LST calculation [+— radiation —
correction

* Upwelling radiance
*  Downwelling radiance

Figure 2. The procedure of LST derivation using Landsat images.

2.3. Selected Influencing Factors

2.3.1. Land Coverage: NDBI, NDVI, and NDWI

NDBI is an urban impervious surface index that represents the intensity of the urban built-up
area and is an important analytical tool in characterizing land development, urbanization, and land
surface parameters [36]. NDVI is a live green vegetation indicator, reflecting the vegetation coverage
by separating vegetation from water and soil [52]. NDWI is a liquid water metric that denotes the
coverage of water bodies and land water content [53]. The NDBI, NDVI, and NDWI calculations were
performed using the Band Math tool in ENVI 5.4. The three indices were calculated as [54]:

NDBI = SWIR—NIR

UG
NDVI = Nixeg ©)
_ Green—
NDWI = Green+NIR

where SWIR denotes the short-wave infrared band, NIR denotes the near-infrared band, R denotes
the red band, and Green denotes the green band. For calculating the indices using Landsat imagery,
this can be rewritten as:

Band5—Band4 Band6—Band5
NDBI ~ BZZd5+BZZd4(TM/ETM+) ~ BZZd6+BZZd5(OLI)

Band4—Band3 Band5—Band4
NDVI ~ gt panas (TM/ETM+) ~ piterpiia (OLI) ©)

Band?— Banda Band3— Bands
NDWI ~ gt pands (TM/ETM+) ~ gios—panas (OLI)


atmcorr.gsfc.nasa.gov
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Figure 3 shows that the high NDBI was distributed principally in the city center, but over time
the areas with high NDBI expanded from the city center to the urban fringe; meanwhile, there were
no substantial differences in the NDBI, between spring and summer. Figure 4 shows that there was a
decrease in NDVI, over time, and the NDVI was higher in summer than in spring. Figure 5 shows
that the broad waters at Suzhou were distributed in the eastern and southern regions, and the spatial
patterns of NDWI differed between spring and summer, and among the three years.
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Figure 3. Normalized difference built-up index (NDBI) for spring and summer 1996, 2004, and 2016.

3Okm

(b) 2004 spring NDVI

Legend

I [0.7.05]
B (0.6.0.7)
I [05.0.6]
4.0.5]
[ 103041
[0 [02.03]
[ [0.102]
] [0.001]
[ 1-0.100]
[ [02-01)
[ [03.02]

N
A 0 15 30,
LS 7-06]

(d) 1996 summer NDVI (e) 2004 summer NDVI () 2016 summer NDVIT I (-08-07)

Figure 4. Normalized difference vegetation index (NDVI) for spring and summer 1996, 2004 and 2016.
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Figure 5. Normalized difference water index (NDWI) for spring and summer 1996, 2004, and 2016.

2.3.2. Distance-Based Proximity Factors

We applied the vector datasets (see Table 2) to extract the proximity factors to address the influence
of distance to city center (D-city), town centers (D-town), and major roads (D-road), for each year.
Maps of these spatial factors were produced using the ArcGIS 10.2 Euclidean distance tool, with all
factors measured in kilometers (Figure 6). The lower values of these proximity factors are found near
centers and roads, because the proximity was calculated using an inverse distance weight. The D-city
maximum is about 62 km, occurring to the south of Suzhou, and the D-town peak is about 12 km,
much shorter than D-city. Due to the road network construction in Suzhou, the length and density of
road networks increased during the past two decades, leading to a decrease in the maximum D-road
from ~10 km in 1996 to ~5 km in 2004, and then to ~4 km in 2016.

Max: 61.9 km
Min: 0.0 km

(a) Distance to the City center

Max: 11.9 km
Min: 0.0 km

(b) Distance to town cneters

Legend

I High

N

15

Low e—— km

Max: 9.8 km
Min: 0.0 km

(¢) Distance to 1996 roads

Max: 5.4 km
Min: 0.0 km

(d) Distance to 2004 roads

(e) Distance to 2016 roads

Figure 6. Proximity factors influencing LST patterns at Suzhou.
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LST is a land surface parameter that is spatially heterogeneous, which implies that it may be
strongly correlated with spatial coordinates [55]. We therefore incorporated both longitude (D-X) and
latitude (D-Y), as additional spatial influencing factors, in exploring their effects on LST at Suzhou.

2.4. Analysis Methods

SUHISs are caused by artificial heat, heat storage of artificial constructions, and reduction of green
space. At local and regional scales, Landsat-derived LST has been widely applied to examine SUHI
variation [15], which in turn reflect the impacts of changing LST on the environments. SUHIs can be
defined based on an LST classification that can be performed using an urban-suburban boundary
method [15,56,57]. The terrain’s effect on the SUHI intensity was not considered in this research,
because our study area was very flat [57]. We computed SUHI intensity (AT) by [58]:

AT = LST,;;pan — LSTsupurban ()

where LST,,;,, is the mean LST of urban areas and LST;,p,,p4n is mean LST of the suburban area.

We followed Zhou et al. [56] to define the urban area each year, using the segmentation of
the built-up density map, which was produced using a moving 1km x1km grid. The segmentation
threshold for urban identification was 0.5 at Suzhou, for all three years, where the suburban area was
taken as the same size as the urban area (Figure 7). We followed Meng et al. [57] to define the SUHI
level (Table 3), which has five grades, to show the temperature range and SUHI at Suzhou.

I Built-up land
B Water

I Forest

i [ Cropland

‘ B Unused

(a) 1996 land-use

B Urban
B Suburban

>z

0518 (o G D B

(d) 1996 boundary identification (e) 2004 boundary identification  (f) 2016 boundary identification

Figure 7. The land-use patterns and urban-suburban boundaries in 1996, 2004, and 2016. The land-use
patterns were produced, based on the Landsat images, in summer, using a support vector machine (SVM)
classifier. The urban-suburban boundaries were produced by following earlier publications [56,57].



Remote Sens. 2019, 11, 182 9 of 20

Table 3. Surface Urban Heat Island (SUHI) classification criteria at Suzhou [57].

Level Temperature Range Calculation Method
I Low temperature LSTsuburban < LSTori < (LSTsuburban + AT)
II Sub-low temperature (LSTsuburban + AT) < LSTqyi < (LSTsupurban + 2AT)
I Middle temperature (LSTsupurban + 2AT) < LSToy < (LSTsupurban + 3AT)
v Sub-high temperature (LSTsuburban + 3AT) < LSTqyi < (LSTsuburban+4AT)
\Y% High temperature LSTor > (LSTsupurban + 4AT)

Note: LST,,; is the LST of each pixel, for each season, each year.

We used GAM to examine the relationship between LST and its potential influencing factors.
As an extension of a generalized linear model, GAM connects LST with all factors, using smoothing
functions, where the factors are added into the model, one by one. The GAM can be given by [59]:

E[Y|X] = G<a+éfi<Xi)> ©)

where E is the expected value, Y is the dependent variable, X are the independent variables, G is a
connect function, « is the linear error, d is the number of independent variables, and f; is the smoothing
function. Using specific parameters, Equation (5) can be expressed as:

LST ~ s(NDBI) +s(NDVI) +s(NDWI) +s(D — city) 4+ s(D — town) 4+ s(D — road)

+s(D—X) +s(D—Y)+e ©)

where LST is the dependent variable (LST); s is a natural cubic spline smoothing; NDBI, NDVI, NDWI,
D-city, D-town, D-road, D-X and D-Y are the spatial influencing factors; and ¢ is an error term.

GAM generates two statistics [10,48]—the accumulated deviance explained (ADE) and the Akaike
information criterion (AIC) when examining the relationships between LST and influencing factors.
ADE reports how much the independent variables explain the dependent variable (LST) regarding
the modeling residual deviance [59]. AIC measures the relative quality of the model and is inversely
proportional to the fitting performance. A smaller AIC suggests a better model [10]. GAM is a
stepwise model that incorporates the independent variables, one by one, by which the ADE and
the AIC collaboratively determine the rank-order of each variable. Anterior variables yield stronger
effects while posteriors yield weaker effects. In Equation (6), the rank-order of the driving factors was
arranged by the categories presented in Section 2.3, but this would be different when inputting real
samples. GAM was implemented using the R-Gui package “mgcv”.

3. Results

3.1. Spring and Summer LST

LST at Suzhou was derived using the radiative transfer equation, based on the near-infrared
bands of Landsat images [60-62]. We calculated vegetation coverage and land surface emissivity for
atmospheric radiation correction [63,64], and converted surface heat radiation intensity to LST [65,66].
We derived the spring LST data (Figure 8a—c) using the method presented in Section 2.2 and used the
summer LST data (Figure 8d—f), reported by an earlier publication [38] on the Taihu Lake Basin.

The LST maps clearly show that the warmest regions lie in and near the city center and have
expanded in spatial extent, with urban growth (Figure 8). Table 4 shows that, for spring 1996, 2004,
and 2016, the lowest LST decreased by about 1~2 °C, but the highest LST significantly increased by
about 10 °C; for summer, the lowest LST decreased slightly by ~1 °C, but the highest LST increased
significantly by ~10.5 °C. The mean LST values show that Suzhou became warmer with time, rising by
~0.5 °C in spring per year and by ~0.3 °C in summer per year, suggesting a faster warming in spring
than in summer. Except for spring 1996, the range and standard deviation of LST increased with time,
suggesting greater LST differences, across space and time.
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Figure 8. The LST patterns at Suzhou derived using the Landsat images.

Table 4. The summary statistics of spring and summer LST at Suzhou in 1996, 2004, and 2016.

Year Season (°C)  Min (°C) Max (°C) Range (°C)  Mean (°C) SD

1006 Spring 1.00 32.00 31.00 11.09 462
Summer 20.30 43.55 23.26 28.28 2.56

2004 Spring 313 30.30 27.17 14.46 3.67
Summer 20.12 53.31 33.19 30.72 312

Spring 248 4159 39.11 20.63 435

2016 Summer 19.07 53.89 34.82 33.95 3.69

3.2. Spring and Summer SUHI

Table 5 shows increasing SUHI intensity (AT) over time, and stronger SUHI intensity in summer
than in spring. Figure 9 shows clear increases in the areas with high temperature (strong SUHI effect),
for both spring and summer, across the three years, and shows a different spatial distribution of SUHI
intensity between these two seasons. For all three years, Figure 9 also shows larger areas that were
affected by SUHISs, in summer than in spring. Specifically, the area in spring increased from 223 km?
in 1996 to 626 km? in 2004, and to 1116 km? in 2016; meanwhile, the area in summer increased from
556 km? in 1996 to 1170 km? in 2004, and to 1295 km? in 2016. These indicate a substantial warming
trend associated with the rapid urban growth and drastic land-use change, across the study area.

Table 5. Mean LST and SUHI intensity (AT) for spring and summer 1996, 2004, and 2016.

1996 2004 2016
Season
LSTurban LSTsuburban AT LSTurban LSTsuburban AT LSTurban LSTsuburban AT
Spring 4.73 3.58 1.15 7.06 5.87 1.19 22.84 20.52 2.32

Summer 19.80 17.91 1.89 25.26 21.99 3.27 41.37 37.77 3.60
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Figure 9. SUHI intensity maps at Suzhou for spring and summer 1996, 2004, and 2016. Levels I~V
indicate the SUHI grades with the areas in white excluded from computation.

3.3. LST Gradients in 1996, 2004, and 2016

Based on the sector layout in Figure 1d, we examined the relationships between LST and the
distance to the city center, then presented the curves with the highest R?s (Figures 10 and 11).

Clear decreases in LST were detected in both spring and summer, for all three years.
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Figure 10. Spring LST gradients in the buffer zone and the four sectors.
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Figure 11. Summer LST gradients in the buffer zone and the four sectors.

The distribution of LST at Suzhou, varied over time, and the spatiotemporal changes in LST were
highly affected by proximity to the city center (Figures 10 and 11). In 1996, both spring and summer
followed logarithmic functions, for all four sectors, suggesting that LST decayed with the distance to
the city center. In 2004, both spring and summer followed the logarithmic functions for S2 and 54,
and followed linear functions for S3; however, for S1, spring followed a logarithmic function while
summer followed a linear function. These suggest that the relationships between LST and the distance
to the city center were more complex in 2004 than in the other two years. In 2016, all sectors followed
linear functions, where S3 decreased most rapidly in spring but least rapidly in summer, as inferred
by the slopes. In 1996, 2004, and spring 2016, the city center was the warmest location for all sectors;
in summer 2016, the city center was not the warmest location for S1, 52, and S3 (Figure 11). These may
be due to the impact of cloud in the city center and the relatively low LST in 54, where nearly half were
excluded in the SUHI because they did not belong to any SUHI levels (Figure 9f).

3.4. Factor Effects on LST

The GAMs show that the AIC decreased when more factors were included in the models.
The factors explained more than 75% of the ADEs for spring and explained more than 54% of the
ADE:s for summer, when all eight factors were included in the GAMs (Table 6). This suggests that these
factors yield a stronger ability in explaining the LST distribution in spring, than in summer. The effects
of the selected factors on LST vary with time, as inferred by the factor rank-order. Note that rank-order
is determined, based on both the ADE and AIC, regardless of their positive or negative effects on
the SUHIs.

For spring, the D-Y (horizontal direction) factor substantially affected the LST distribution but
was less influential in summer 1996, 2004, and 2016. Regarding the positional factors, except for
summer 2004, the D-Y (horizontal direction) was more influential than the D-X (vertical direction).
For summer, NDBI was the most influential factor for LST in 1996 and 2004, but had a significantly
decreased influence on LST, in 2016. For both spring and summer, the land coverage indices were more
influential than the spatial proximity factors. For spring, D-city produced a stable effect on LST in
spring but only ranked fifth, while in summer this factor produced a less important role in contributing
to SUHIs (Table 7). For 1996, the LST did not yield a statistically significant correlation with D-town,
while in 2004 and 2016 there were weak correlations between them. The D-road factor produced a
weak and varying effect on LST for spring, but yielded a weak and stable effect on LST for summer.
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Table 6. Generalized additive models (GAMs) linking LST and its influencing factors in 1996, 2004,

and 2016.
1996 2004 2016
Season  Rank Driving Driving Driving
ADE (%)  AIC ADE (%)  AIC ADE (%)  AIC
Factor Factor Factor

1 +D-Y 51.3 642771  +NDVI 61.9 552643  +D-Y 46.6 6465.20
2 +NDBI 63.7 607516 ~ +D-Y 76.0 4967.77  +NDWI 67.2 5874.43
3 +NDWI 69.1 5881.10  +NDBI 82.2 461361  +NDBI 784 5373.09

Spring 4 +D-X 72.7 575256  +NDWI 83.1 455296  +D-X 81.6 5188.70
5 +D-city 74.6 5673.85  +D-city 83.7 451878  +D-city 83.2 5090.98
6 +NDVI 75.5 5648.72  +D-town 84.0 450896  +D-road 84.3 5021.60
7 +D-road 75.8 5637.41 +D-X 84.3 449406  +D-town 85.0 4981.46
8 +D-towns 75.8 563824  +D-road 84.3 449568  +NDVI 85.4 4952.90
1 +NDBI 423 511099  +NDBI 56.3 531595  +NDWI 183 6566.45
2 +NDWI 50.3 494303  +NDWI 59.0 524730  +NDVI 36.5 6263.40
3 +D-city 53.7 4869.08  +NDVI 62.9 5139.85  +D-Y 45.0 610155
4 +NDVI 55.8 481321  +D-X 64.1 511277  +D-X 479 6045.81

Summer g +D-Y 56.4 4807.30  +D-city 64.9 5091.08  +NDBI 50.3 5996.70
6 +D-X 57.4 478789  +D-Y 65.5 5079.15  +D-town 51.6 5973.33
7 +D-road 58.1 4776.39 +D-road 65.8 5070.68 +D-road 529 5945.46
8 +D-towns 58.2 477586  +D-town 65.9 5058.02  +D-city 54.2 5931.15

Note: For both spring and summer 1996, D-town was not statistically significant, showing that this factor was not
correlated with LST in 1996. The inclusion of D-town could not improve, and even reduced, the GAM performance
for 1996. We, therefore, excluded D-town in analyzing the 1996 LST.

Table 7. Spring LST change in response to the spatial influencing factors. A negative correlation

between LST and the proximity factors suggests an intensifying effect on SUHIs, while a negative

correlation between LST and the other types suggests a mitigating effect on SUHISs.

Interval and Trend

Driving Factor Year Effect
Interval Trend Interval Trend
1996 > —0.4* ya Monotonous
NDBI 2004 > —0.3* N Monotonous
2016 —0.3*-0.0 SN >0.0 Ve Piecewise
1996 —0.4*-0.0 Va >0.2 N Piecewise
NDWI 2004 —0.3*-0.1 N >0.1 N\ Piecewise
2016 > —0.4* N Monotonous
1996 > —0.23* AV Piecewise
NDVI 2004 > —0.3* Ny Monotonous
2016 >0.0 N Monotonous
1996 >0 km N Monotonous
D-road 2004 >0km AV Monotonous
2016 >0 km N Monotonous
1996 0-10 km N > 10 km Va Piecewise
D-city 2004 0-10 km Ny > 10 km S Piecewise
2016 0-25 km AV > 25 km Ve Piecewise
1996 Not significant
D-town 2004 >0 km N Monotonous
2016 0-2 km ¢ >2km N Monotonous

Note: “ 7" denotes a positive correlation, “ " denotes a strong positive correlation, “\,” denotes a negative
correlation, and “\,\,” denotes a strong negative correlation. An asterisk “*” denotes that these values are the

minima of the corresponding factors.

We further identified intervals of factor values and the trends affecting LST, based on GAM plots
that reflected the relationships between LST and each influencing factor. Eighteen items were included
in both Tables 7 and 8, with six spatial influencing factors in each of the three years. For spring, ten of
these items illustrated monotonous correlations between LST and the factors, while the other seven
items illustrated piecewise correlations; for summer, eleven of these items illustrated monotonous

correlations, while the other six items illustrated piecewise correlations. Compared to monotonous

correlations, piecewise correlations suggest more complex relationships between LST and the factors.
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Table 8. Summer LST change in response to the spatial influencing factors. A negative correlation
between LST and the proximity factors suggests an intensifying effect on the SUHIs, while a negative
correlation between LST and the other types suggests a mitigating effect on the SUHIs.

Interval and Trend

Driving Factor  Year Effect
Interval Trend Interval Trend Interval Trend
1996 > —0.60* ya Monotonous
NDBI 2004 —0.3-—02 N -02--015 A~ >—0.15 N Piecewise
2016 > —0.33* a Monotonous
1996 > —0.70* N Monotonous
NDWI 2004 > —0.43* AV Monotonous
2016 > —0.52* AW Monotonous
1996 > —0.25* N Monotonous
NDVI 2004 0-0.1 ya >0.1 ¢ Piecewise
2016 > —0.1* N Monotonous
1996 >0 km AV Monotonous
D—road 2004 >0 km AV Monotonous
2016 >0 km Ny Monotonous
1996 0-10 km AW >10 km N Piecewise
D—city 2004 0-30 km AV > 30 km Va Piecewise
2016 0-40 km AV > 40 km N Piecewise
1996 Not significant
D—town 2004 >0 km N Monotonous
2016 0-3 km N >3 km a Piecewise

NDBI was positively correlated with LST, in most cases, but was correlated, piecewise, with LST
in spring 2016 and summer 2004. This factor clearly showed an intensifying effect on the SUHIs at
Suzhou. For spring 2016, the positive correlations had two pieces with a critical point at 0.0 (Table 7),
where NDBI in the [-0.3, 0.0] range was primarily associated with water bodies, agricultural land,
and forest, and NDBI greater than 0.0 was primarily associated with rural residential land and built-up
urban areas. For summer 2004, the LST-NDBI relationships had three pieces with two critical points
at —0.2 and —0.15 (Table 8). The [-0.3, —0.2] NDBI range was primarily associated with water
bodies, agricultural land, and forest, the [-0.2, —0.15] NDBI range was primarily associated with rural
residential land, and an NDBI greater than —0.15 was primarily associated with built-up urban areas.
As shown by Figure 3, the built-up urban areas in the city center did not maintain the same NDBI
values across the years, leading to varying effects on the SUHIs. NDWI was correlated, piecewise,
with LST in spring 1996 and 2004, where NDWTI in the [—0.4, 0.0] range corresponded to the rural
residential land and built-up urban areas; for the other time-points, this index was monotonously,
negatively correlated with LST. These indicate that NDWI was basically a mitigating factor for the
SUHIs at Suzhou. NDVI between 0.0-0.1 showed a positive correlation with LST in summer 2004,
but showed monotonously negative correlations with LST, in other cases. This demonstrated that a
higher NDVI linked to a lower LST, and NDVI yielded a significant mitigating effect on the SUHIs
at Suzhou.

D-road was negatively correlated with LST, for both spring and summer, in all three years.
This suggests that areas closer to major roads were linked with a higher LST, denoting an increased
effect of D-road on the SUHIs. There were complex correlations between D-city and LST because
both seasons, in all three years, yielded piecewise intervals and trends. Within 10 km from the city
center, D-city had a clear intensifying effect on the SUHIs for spring 1996 and 2004, and summer 1996;
within 30 km and 40 km from the city center, the factor also showed a clear intensifying effect on the
SUHISs, for summer 2004 and 2016, respectively. When D-city was greater than these critical distances,
this factor had a lesser effect on LST (Tables 7 and 8). The increasing critical distance of D-city implied
the spatial expansion of SUHIs at Suzhou, accompanied by its urban growth, leading to the increased
effect of the city center on the SUHIs. D-town showed a mitigating effect on the SUHISs, for both spring
and summer 2004; whereas, for 2016, this factor intensified the SUHIs within 2-3 km but mitigated the
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SUHIs when D-town was greater than the critical distance. The increasing critical distance of D-town
from 2004 to 2016 indicated the expansion of the built-up areas in town centers and the increased effect
of the town centers on the SUHIs.

4. Discussion

We used Landsat imagery to derive LST patterns and generate SUHIs at Suzhou, for spring and
summer 1996, 2004, and 2016. The warmest regions lay in and near the city center, and had expanded
in spatial extent, with urban growth. The spatial distribution of the SUHI intensity was different
between the two seasons, and the spatial expansion of Level-V SUHIs was significant, but minor,
during 2004-2016. The gradient analysis showed clear decreases in LST, with an increasing distance
from the city center, out to the urban fringe. We applied GAMs to examine the relationships between
LST and its influencing factors, including NDBI, NDVI, NDWI, D-city, D-town, D-road, D-X, and D-Y.
Our results showed the ability of these factors to explain LST variations, with the most influential
factor being D-Y in spring 1996 and 2016, NDVI in spring 2004, NDBI in summer 1996 and 2004,
and NDWI in summer 2016. The GAMSs adequately captured the LST dynamics over the past 20 years,
and identified temporal changes in factor effects.

China has experienced rapid urban growth, with extensive expansion of high-density built-up
areas [38,49] and large buildings with reinforced-concrete floors, in the city center. With increased
demands for improved living space quality and the reconstruction of the downtown areas, more green
space has been built in the city center, recently, slightly alleviating the SUHI effects in downtown
Suzhou. Our buffer-zone analysis showed both decay and negative linear LST gradients, from the city
center to the fringe areas (D-city), but the GAM analysis showed more complex relationships between
the LST and D-city. This might have been caused by (1) differences in spatial extent applied to these
two methods and hence the differences in LST, and (2) that our LST gradients were calculated based on
the mean LST, but the GAMs were established based on the specific LST value at each sampling point.

The LST in Suzhou and its influencing factors have been studied previously [67,68]. In these
studies, Zhang et al. [67] used MODIS images to derive LST and investigate diurnal changes of SUHI
intensity, in July 2007. Their results showed that the average LST range observed by MODIS in July
2007 was 30-45 °C. According to Table 4 and the warming rate (0.3 °C per year), our LST range in July
2007 would have been 21-54 °C, which was wider than that reported by Zhang et al. [67]. These authors
have also noted that the maximum LST appeared in the city center, in accordance with our findings.
The literature also showed that the LST decreased substantially with increasing distance from the
city center, confirming the LST gradients that we retrieved using buffer zones. More importantly,
our sector-based LST gradients reflect spatial variations that help to identify the dominant factors of
the LST at Suzhou. Using Suzhou as the case study area, Liu et al. [68] found a positive correlation
between LST and the ISA in 2010, and a negative correlation between LST and NDVI, consistent with
our results.

Previous research has also shown that LST is positively correlated with NDBI [33,36], but is
strongly negatively correlated with NDVI and NDWI [34,35,38]. This suggests that these three indices
are closely related to LST, as is our case in Suzhou, except summer 2016. As inferred by the GAMs,
the impacts of NDBI in spring 2016 and summer 2004, NDWI in spring 1996 and 2004, and NDVIin
summer 2004 were piecewise, indicating more complex relationships between these factors and LST.
The NDWI range [—0.4, 0.0] in spring 1996 that was related to the built-up urban areas, reinforced the
SUHIs at Suzhou. An NDBI range (e.g., [—0.3, —0.2] in summer 2004), related to the agricultural land
and forest, could mitigate the SUHIs, while an NDVI range (e.g., [0.0, 0.1] in summer 2004) related to
the built-up urban areas could strengthen the SUHIs (Table 8). These suggest that the land coverage
indices of a specific land-use may vary over time, leading to changes in affecting the LST and SUHISs.
Additionally, numerous studies have identified that both LST and SUHIs are correlated with the city
center, town centers, and road networks [45-47], but few have studied the effects of their proximity
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on the LST. Our results show that LSTs are correlated to the location of the city center, town centers,
and roads, and also correlated with proximity to urban facilities (Table 6).

Our study described the LST spatial patterns and gradients at Suzhou and successfully identified
the dominant factors and their variation through time, using GAM, which is a nonparametric method
that links LST and its influence, using smoothing functions. The advantage of GAM is quantifying the
importance of each LST factor, using the explained accumulated deviance. GAM is a global regression
method like ordinary least squared (OLS) regression, which has also been applied to identify the
explanatory power of independent variables for LST [69]. While global regression techniques have
widely been used in SUHI analysis, the SUHI distribution is recognized as spatially varying and
appears to be non-stationary across space. To address the spatial heterogeneity in LST, and its spatially
varying relationships with land cover, local regression methods, such as geographically weighted
regression, are suitable choices [9,23].

5. Conclusions

We derived LST patterns at Suzhou, in spring and summer 1996, 2004, and 2016 using seven
Landsat images and explored LST evolution and its spatial influencing factors, using GAMs.
Our results showed that the SUHI level and magnitude have increased continuously, during the
past 20 years, and the spatial distribution of SUHI intensity was different between the two seasons.
The SUHIs in Suzhou were principally distributed in the city center in 1996, but expanded to near
suburban in 2004 and 2016, and there was only a minor extent expansion of Level-V SUHIs, during
2004-2016. Buffer-zone-based gradients showed that LST decreased logarithmically or linearly with the
increasing distance to the city center. GAMs indicated that, in most cases, LST was positively correlated
with NDBI, and negatively correlated with NDVI and NDWI. Among the candidates, the dominant
factor that affected LST was NDBI, followed by NDWI and NDVI. LST was significantly influenced
by its location, especially D-Y (the horizontal direction) in spring, and was moderately influenced by
proximity layers, such as D-city and D-road, and the D-town layer was less important, compared to
the former two factors. Our results indicated that while land coverage indices are the determinants for
LST and SUHLISs, spatial proximity and location were also important influences.

Our buffer-zone-based method is applicable to the analysis of LST patterns elsewhere, and GAMs
are readily applicable to capture nonlinear LST dynamics and identify their biophysical and spatial
determinants. This research improves our understanding of LST and SUHI in Suzhou and other cities
in the Yangtze River Delta, and should be helpful for policymakers to formulate counter-measures to
mitigate the effects of SUHI and create more sustainable and environment-friendly cities.
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