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Rapid urbanization exacerbates the urban heat island (UHI) phenomenon, which significantly affects people’s
daily life and socioeconomic activities. In this study, using Landsat long-time series satellite images, we
attempted to examine the dynamics of surface urban heat islands (SUHI) in Hangzhou from 2000 to 2020.
Directional analysis, correlation analysis, and stepwise regression analysis were employed to detect the re
lationships between land surface temperature (LST) and landscape patterns. The results show that the changes of
SUHI were mainly due to the urban expansion in suburban areas, and the intensity of SUHI in the urban center
kept stable. The correlation between LST and forest was stronger over time with an increased proportion level.
There was no correlation between LST and forest when the forest density was less than 20 ha/km2. However,
when the forest density reached 80 ha/km2, the R2 of their correlation was 0.2921. The landscape configuration
also affected the LST, and agglomerated water and forests showed a more substantial cooling effect. Compared
with dense buildings, scattered buildings showed a weaker warming effect. These findings would be helpful for
the current landscape configuration adjustment and future urban planning, with the promotion of sustainable
development in Hangzhou.

1. Introduction
Nowadays, the rapid urbanization in the world promotes the devel
opment of the urban economy (Estoque and Murayama, 2014), urban
infrastructure, urban transportation system, health care system, and so
on (Zhang et al., 2020). Meanwhile, it also leads to a series of negative
consequences in the environment, including air pollution (Hao et al.,
2020), deforestation (Silva et al., 2017), energy shortage (Franco et al.,
2017), water pollution (Z. Wang et al., 2020), species extinction (Fat
torini, 2011), and the urban heat island (UHI) phenomenon (Li et al.,
2018). As the largest developing country in the world, China has been
experiencing the advantages and disadvantages of urbanization,
particularly in the fast-growing big cities (Hu et al., 2016).
The leading cause of the UHI is the change in the underlying surface
(Meng et al., 2018). Due to urbanization, underlying surfaces gradually
change from natural surfaces to impervious surfaces (Estoque and
Murayama, 2015). As a result, the solar energy hitting the surface is
transformed from latent heat flux to sensible heat flux. In addition, the
materials of impervious surfaces, such as roads and roofs, have low

albedo and high heat storage (Yao et al., 2017). Therefore, the land
surface temperature (LST) in urban areas is higher than that in suburban
areas, resulting in the UHI phenomenon (Rizwan et al., 2008) (Voogt
and Oke, 2003).
Furthermore, the UHI effect changes the atmospheric environment,
which leads to an extremely high temperature in summer (Liu et al.,
2018). The sudden change of hotter environment significantly affects
the health of people living in cities, resulting in respiratory, cardiovas
cular, and emotional health problems (Rocklöv et al., 2014) (Santa
mouris, 2020). In this context, the UHI is highly concerned in recent
years. Therefore, to relieve the UHI intensity is a priority in building a
livable city.
Air temperature (AT) is generally selected as the primary indicator to
measure the urban heat island effect (Zhou et al., 2016). However,
because of the limitation in the distribution of air stations, it is difficult
to obtain AT data on a large area like the whole of Hangzhou. In
contrast, benefiting from relatively broader coverage, it is convenient to
obtain the LST of a large area by the thermal band satellite products.
Besides, researchers have proved a strong correlation between the land
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surface temperature and the atmospheric (Mutiibwa et al., 2015)
(Sekertekin, 2019). As a result, LST is widely used to reflect the UHI
phenomenon, named as surface urban heat island (SUHI) (Guo et al.,
2019) (Yao et al., 2017). In addition, satellite images provide the
detailed surface conditions of Earth with a high spatial and temporal
resolution (Ahmed et al., 2020) (Li et al., 2020) (Rendenieks et al.,
2020). Among all the satellite products, Landsat series satellite images
are the most widely used data sources considering their advantages: 1)
free access; 2) worldwide coverage; 3) long time series; and 4) including
both thermal bands and thematic spectral bands (Deilami et al., 2018).
Therefore, Landsat satellite images are selected to derive the LST and
landscape patterns in this study.
Hangzhou is widely known with the name “the Paradise on the
Earth” (Qian, 2015). Benefit from its natural environment, Hangzhou
was set up earlier in ancient times and gradually developed into a big
city. During its long history, Hangzhou has always been regarded as one
of the most livable cities in China, considering its beautiful natural
sceneries and pleasant climate. However, because of the rapid urbani
zation, the SUHI phenomenon appeared in Hangzhou and significantly
affected the local residents’ living qualities, especially on summer days
(Yang et al., 2021). The high temperature was related to the possibility
of getting the thermoplegia, which had a mortality rate of about 90%,
and this disease was reported every year in Hangzhou in the last five
years (Wu et al., 2021). Although Hangzhou owns the Xixi wetland and
West Lake, playing a prominent role in regulating the summer temper
ature, it is still listed as the top 10 "Stove City" in China (Hou and
Estoque, 2020). The official records showed that during the past 10
years, Hangzhou averagely had 31.2 days with a temperature of more
than 35◦ C in summer, and the average highest temperature was about
32.3◦ C (Tianqihoubao, 2000). As the home for a population of near 10
million, Hangzhou urgently needs to find solutions to relieve the SUHI
phenomenon and build a livable environment for its citizens. In addi
tion, as a coastal city with large inner lakes and mountains, Hangzhou is
representative for SUHI study and the findings are supposed to provide
guidance for other cities with similar natural conditions.
Landscape information is usually an indispensable factor in affecting
the formation of urban heat islands (Du et al., 2016) (Gage and Cooper,
2017). The images with the high spatial resolution provide convenience
for the LST inversion and for the study of the spatial characteristics and
arrangement of land cover patches on LST (Myint et al., 2015). Plenty of
studies have applied the method of calculating landscape pattern index
to explore the relationships between landscape configuration and LST
(Guo et al., 2019) (Li et al., 2011) (Li et al., 2017). The landscape
composition and configuration, such as land fragmentation, strongly
affect the distribution of LST (Du et al., 2016) (Song et al., 2014). Evi
dence from previous studies proves the importance of optimizing the
spatial allocation of landscape to alleviate the UHI effect (Peng et al.,
2020). However, most of the literature discuss the correlation between
landscape composition and LST simply from the linear relationship,
regardless of the different performance of each landscape in different
intervals of density (Guo et al., 2019) (Tan et al., 2021). And the land
scape configuration is usually calculated in a landscape level rather than
a class level for different landscape categories (Yu et al., 2019) (Zhou
and Cao, 2020). In this context, we have conducted the correlation
analysis for landscape composition with different intervals for the key
landscapes, and calculate the landscape configuration of different
landscape categories to make the findings more specific for urban
planners.
Taking Hangzhou as the research area, we built three specific ob
jectives: 1) to investigate the LST and land cover patterns; 2) to obtain
the profiles of SUHI; 3) to analyze the correlation between LST and
landscape patterns in proportion and configuration. The final goal is to
detect how to alleviate the SUHI problem in Hangzhou by modifying the
landscape configuration of land covers.

2. Materials and Methods
2.1. Study Area
Hangzhou is located in the plain of the middle and lower reaches of
the Yangtze River, with longitude between 118◦ 21′ E and 120◦ 30′ E and
latitude between 29◦ 11′ N and 30◦ 33′ N. The western regions of
Hangzhou are hilly, and the main mountains include Tianmu Mountain,
Mogan Mountain, and Daming Mountain. In contrast, the eastern re
gions are plain and composed of low and flat terrain, dense river
network, and dense lakes. The natural condition enables Hangzhou to
own abundant agricultural land and fishery ponds and win the reputa
tion of “Land of Fish and Rice” (Qian, 2015).
Hangzhou belongs to the subtropical monsoon climate region with
an average annual temperature of 16.5◦ C and rainfall of 1,450 mm. The
summer season starts from early June to early September, with an
average temperature of 28.1◦ C in the past decade. By 2018, Hangzhou
has a population of 9.8 million and a gross domestic product (GDP) of
1.35 trillion Yuan, showing its significant social and economic impor
tance in China (ZPBS, 2019).
In most cases, a study area is determined based on the administrative
boundary (Hu et al., 2020). However, considering the characteristics of
SUHI, some rural areas outside the administrative boundary should be
included (Hou and Estoque, 2020). Using administrative boundaries is
not conducive to show the complete profile of SUHI. In this context, a
100 km × 100 km area, with the center situated in the Wulin Square, is
selected as the study area (Fig. 1).
2.2. Data Source and Pre-processing
Landsat images in 2000 and 2020, downloaded from the United
States Geological Survey (USGS) (http://earthexplorer.usgs.gov/), were
employed to classify the land cover and calculate the LST (Table 1).
Considering that the impacts of the SUHI phenomenon on people’s daily
life are most apparent in summer, cloud-free satellite images from June
to August were selected to calculate the average LST. If cloud-free sat
ellite images were not available for the classification and the LST
calculation in 2000 and 2020, the images of adjacent years with low
cloud coverage (lower than 10%) were selected (Simwanda et al., 2019).
Radiometric calibration and atmospheric correction were conducted in
the pre-processing. The Terrset software (Version 18.2) was employed to
eliminate the reflection of atmosphere and light on the surface (Chan
der, G. et al., 2009) (Weng, 2009). Finally, the digital number (DN)
values of the multi-spectral bands were converted into reflectance, and
the DN values of the thermal bands were converted into at-satellite
brightness temperature.
2.3. Overall Workflow
The LST map and Land cover map were obtained separately by
ArcGIS 10.2 and ENVI 5.3. Later, the SUHI profiles were obtained based
on the LST map. Next, Fragstats 4.2 was employed to get the landscape
indices. The fishnets of 510 m × 510 m (17 × 17 pixels), 990 m × 990 m
(33 × 33 pixels), and 1500 m × 1500 m (50 × 50 pixels) were set to
divide the whole study area into various statistical units. The grid sizes
were determined by a walking distance of 5 min, 10 min, and 15 min,
with a restriction that the size must be a multiple of 30 considering the
original spatial resolution of Landsat images. Then the “Zonal Statistics”
in ArcGIS 10.2 was applied to summarize the average values in each
unit. Finally, the girds of LST and landscape, and the grid of slope,
derived from the digital elevation model (DEM), were prepared for the
stepwise regression analysis (Fig. 2).
2.4. LST Retrieval and SUHI Intensity
The single-channel algorithm method (Qin et al., 2001) based on the
2
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Fig. 1. Map of the study area: (a) Map of China; (b) Location of Hangzhou in Zhejiang Province; (c) Landsat-7 image of the study area in 2000 displayed in false-color
composite (Red – Band 5; Green – Band 4; and Blue – Band 3).

velocity of light (2.998 × 108 m/s), and b is the Boltzmann’s constant
(1.38 × 10− 23 J/K); ε = land surface emissivity, calculated by formula 2
(Sobrino et al., 2004):

Table 1
Descriptions of the Landsat images used in this study.
(a) Images for classification
City
Hangzhou

Year
2000
2020

Sensor
Landsat-7 ETM+
Landsat-8 OLI/TIRS

(b) Images for LST calculation
City
Year
Sensor
Hangzhou
2000
Landsat-5 TM
Landsat-7 ETM+
Landsat-5 TM
Landsat-5 TM
Landsat-7 ETM+
2020
Landsat-8 OLI/TIRS

ε = 0.004 × PV + 0.986

Acquisition date and time (local time)
11 October 2000 (10:21:55)
8 September 2020 (10:31:47)
11 November 2020 (10:31:51)

where PV is the vegetation fraction calculated by formula 3 (Carlson and
Ripley, 1997):
(
)2
NDVI − NDVImin
(3)
PV =
NDVImax − NDVImin

Acquisition date and time (local time)
13 June 2000 (10:07:53)
7 July 2000 (10:23:09)
15 July 2000 (10:08:36)
31 July 2000 (10:08:46)
8 August 2000 (10:22:39)
15 June 2018 (10:30:28)
21 August 2019 (10:31:44)
22 July 2020 (10:31:29)

where NDVI is the normalized difference vegetation index calculated by
the surface reflectance of band red (ρRED ) and near-infrared (ρNIR ) using
formula 4:
NDVI =

thermal infrared band and atmospheric profile parameters was
employed to calculate LST (Peres et al., 2018). To derive the surface
thermal radiation intensity, the atmosphere effect, simulated by the
atmospheric model, was eliminated from the total amount of thermal
radiation recorded by satellite sensors. Then, the thermal radiation in
tensity was used to calculate LST (L. Wang et al., 2020) (Sekertekin,
2019). The atmospheric profile parameters used in the atmospheric
model were derived from the National Aeronautics and Space Admin
istration (NASA) (http://atmcorr.gsfc.nasa.gov/).
In this part, the pre-processed Landsat data obtained in section 2.2
were applied to calculate emissivity-corrected LST using formula 1 (Li
et al., 2012) (Weng et al., 2004):
Ts =

Tb
1 + (λ × Tb /ρ)lnε

(2)

(ρNIR − ρRED )
(ρNIR + ρRED )

(4)

Surface urban heat island intensity (SUHII) is used to measure the urban
heat island effect (Estoque et al., 2017) (Feng et al., 2019) (Simwanda
et al., 2019). In this study, we defined the SUHII as the temperature
difference between each pixel and the mean LST of Hangzhou, using the
following formula:
SUHII = LSTPixel − LSTrural

(5)

where LSTPixel represents the LST value of each pixel in the LST map.
LSTrural was calculated from the LST map, representing the mean LST of
the land covers without IS or water pixels (Hsu et al., 2021). The
LSTrural of 2000 was 25.46 ℃, and the LSTMean of 2020 was 27.45 ℃.

(1)

2.5. Land Cover Classification and Accuracy Assessment
Maximum likelihood classification algorithm, a widely used para
metric classifier for supervised classification, was employed for land
cover mapping. Due to the surface characteristics of landscapes, the
study area was classified into six categories: impervious surface (IS),
forest, cropland, grassland, water, and others. The detailed descriptions

where TS is the land surface temperature (℃); Tb = brightness temper
ature; λ = wavelength of emitted radiance (λ = 10.8 µm for Band 10 of
Landsat-8; λ = 11.5 µm for Band 6 of Landsat-5 or 7); ρ = h × c/b (1.438
× 10− 2 mK), where h is Planck’s constant (6.626 × 10− 34 Js), c is the
3
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Fig. 2. Workflow of the study.

of each category are shown in Table 2.
The producer’s accuracy, user’s accuracy, overall accuracy and
kappa coefficient were summarized to reflect the accuracy of the clas
sification results (Russell, 1991). In order to evaluate the accuracy, 500
random points were created through the “create random points” in
ArcGIS 10.2. Next, these points were converted into KMZ files and dis
played in Google Earth to assess the classification results with the
high-resolution satellite images. The original satellite images were
sharpened to a resolution of 15m using panchromatic bands and used as
the ground truth data in the case that historical images were not avail
able in 2000 (Laben and Brower, 2000).

LST maps from the center of the city, starting from the North-South
profile and constructing a new transect by every 45◦ azimuth (Weng
et al., 2004).
In this study, kilometer 0 was set as the city center. Next, a 1500 m ×
1500 m fishnet was created to get the mean LST of every grid in the rows
and columns through the kilometer 0. Finally, we visualized the SUHI
profiles from the scatter diagram. By comparing the SUHI profiles of
different periods and directions, the spatial and temporal changes of
SUHI in Hangzhou in the last 20 years were analyzed (Xiao et al., 2007).

2.6. SUHI Profiling

LST is strongly affected by landscape patterns such as landscape
composition and configuration (Oke, 1982). Composition is quantified
using the proportions of different land cover types to characterize the
variety and relative abundance of patch types within the landscape. On
the other hand, configuration refers to the spatial characteristic, such as
size, shape, complexity, and aggregation of patches (Du et al., 2016). In
this study, five indices were selected to reflect landscape patterns: per
centage of landscape (PLAND), largest patch index (LPI), mean patch
area (AREA_MN), mean shape index (SHAPE_MN), and aggregation
index (AI). PLAND is an index showing the composition, while the other
four indices are indicators showing the configuration. In order to obtain
practical suggestions for different land cover categories, the calculation
was done in a class level, instead of commonly applied landscape level.
The detailed description and the calculation formula are listed in
Table 4.
In addition, for the landscape index of PLAND, which has a strong
effect on the LST (Chen et al., 2014) (Yao et al., 2020), we conducted a
further analysis considering which separate each specific landscape into
different intervals based on its density. To explore the rule, the land
cover density of each land cover type was divided into five

2.7. Landscape Composition and Configuration

The SUHI profile is a left to right rural-urban-rural cross-sectional
transect, with the temperature rising to the urban core and then
decreasing to the rural on the other side (Kafy et al., 2020). Spikes,
valleys, plateaus, and basins in the profile usually reflect specific spatial
locations of the LST in the whole area (Estoque and Murayama, 2017).
To get the profiles, four transects of North-South, West-East,
Northwest-Southeast, and Northeast-Southwest were drawn across the
Table 2
Land cover categories and their descriptions.
Category

Description

IS

Impervious surfaces, such as buildings, roads, sidewalks and parking
lots.
Natural or planted forest, woodland and shrub land with tree canopy.
Cultivated land without tree canopy.
Herbaceous plants without tree canopy.
Water bodies such as lakes, ponds, rivers, wetlands and reservoirs.
Features other than the five categories mentioned above.

forest
cropland
grassland
water
others

4

Y. Wu et al.

Sustainable Cities and Society 79 (2022) 103717

was based on the highest correlation coefficient (R2) (Zhan et al., 2013).
And the variance inflation factor (VIF) was applied to evaluate the
collinearity between independent variables in the models (Asgarian
et al., 2015). Compared with the traditional method like ordinary least
square (OLS) regression, the stepwise regression analysis has better
performance in overcoming multi-collinearity (Guo et al., 2019). The
stepwise multiple regression formula is expressed as formula 7:

segmentations, named low (0-20%), medium-low (20-40%), medium
(40-60%), medium-high (60-80%) and high (80-100%). The most
influential segmentations were determined by calculating the regression
coefficients and R2 value of each segmentation.
2.8. Correlation Analysis
In order to find out the relationship between LST and landscape
composition and configuration, fishnets of three sizes (510 m × 510 m,
990 m × 990 m, and 1500 m × 1500 m) were built as to the basic unit for
the correlation analysis. The average temperature, as well as the land
scape pattern index, was summarized by the three fishnets. The scatter
plot was used to show the correlation between the indices and LST, and
the factors with little correlation (R2 < 0.2) were excluded. The final
selected factors were: PLAND_IS, LPI_IS, AREA_MN_IS, SHAPE_MN_IS,
AI_IS, PLAND_forest, LPI_forest, AREA_MN_forest, SHAPE_MN_forest,
AI_forest, PLAND_ water, LPI_ water, AREA_MN_ water, SHAPE_MN_
water, AI_ water, DEM, and Slope.
Each variable was normalized before conducting the regression
analysis to eliminate the influence of dimension using formula 6:
Yi =

Xi − XMIN
XMAX − XMIN

Y = β0 + β1 X1 + β2 X2 + ... + βn Xn

(7)

where Y is the dependent variable; β0 is the constant; Xi (i=1, 2,..., n) is
the independent variable; and βi (i=1, 2,..., n) is the standard regression
coefficient.
3. Results
3.1. Spatial-temporal Dynamics of LST and Land Cover in Hangzhou
The LST map (Fig. 3) shows that the urban area of Hangzhou and the
scattered towns in the surrounding had a high LST in 2000. These towns
were not spatially connected. In 2020, the high LST regions expanded
outward with the aggregation of built-up areas: This trend was signifi
cant in the plains of the north, northeast, and southeast, but not in the
hilly areas of the northwest and southwest. Comparing the LST map with
the land cover map (Fig. 3), we can say that the expansion of IS was
highly related to the expansion of the high LST areas. The land cover
classification results of 2000 and 2020 indicate that the dominant
change was from cropland to IS. Cropland decreased from 425663.78 ha

(6)

where Xi is the original value of a variable, XMIN is the minimum value of
a variable, and XMAX is the maximum value of a variable.
Later, stepwise multiple regression analysis was conducted to
determine the relative importance of each indicator. The optimal result

Fig. 3. The LST map and land cover map of Hangzhou in 2000 and 2020.
5
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in 2000 to 285912.86 ha in 2020, while IS increased from 105129.63 ha
in 2000 to 254998.26 ha in 2020. This change was dominant mainly in
the north, northeast, and southeast. Though forest had a decrease of
2867.60 ha and water had a decrease of 1365.80 ha, both forest and
water did not significantly change during the 20 years. Table 3 shows
the accuracy assessment results of classification. The overall accuracy
was 89.60% in 2000 and 85.20% in 2020, the kappa coefficient was
85.71% in 2000 and 80.75% in 2020, respectively. Table 5 shows the
mean LST and the standard deviation of each land cover type. Among all
the categories, IS had the highest mean LST, 28.24◦ C in 2000 and
30.27◦ C in 2020. In contrast, water had the lowest mean LST, 24.74◦ C in
2000 and 26.35◦ C in 2020. Forest had a lower mean LST than cropland
and grassland in both 2000 and 2020. The mean LST of cropland,
grassland and others were close to the average, indicating their weak
influence in warming or cooling the environment.

Table 4
Description of spatial metrics (McGarigal et al., 2012).
Metric

Formula

percentage of
landscape
(PLAND)

PLAND = Pi =
∑n
j=1 aij
(100)
A

largest patch
index
(LPI)

LPI =

mean patch area
(AREA_MN)

mean shape
index
(SHAPE_MN)

3.2. SUHI Profile

aggregation
index
(AI)

The SUHI profiles of Hangzhou are shown in Fig. 4. Regardless of
direction, the mean LST showed a typical SUHI pattern that the tem
perature increased from the left to the center, then decreased as it
approached on the right, with several spikes and valleys. In 2000, the
suburban area had a low level of socioeconomic development, leading to
a weak warming effect and making the profile more like an urban heat
island. In contrast, in 2020, various small towns developed and formed
new spikes with higher LST, making the profiles more tortuous. For the
north-south direction, there were LST plateaus at 6 km away from the
city center, and a spike at 9 km from the city center in 2000. While in
2020, three main spikes appeared at 21 km (north), 12 km (north), and
12 km (south) away from the city center, respectively.
Furthermore, there were three relatively lower spikes in the 40 km
(north), 27 km (south), and 40 km (south) away from the city center in
2020. All the spikes which were not apparent in 2000 grew a lot in the
20 years, and a new spike appeared in the west of 45 km in the east-west
direction, with the temperature reaching 29◦ C. Thus, we can say that the
mean LST became higher in 2020, but the profiles also got more tortuous
and more spikes.

max(aij )
(100)
A
AREA MN =

1
×
10, 000 × n
∑n
a
i=1 ij
SHAPE MN =
0.25pij
√̅̅̅̅̅
aij

1
×
n

AI =
]
[
gi
(100)
max(gi )

Description

Range

The percentage of the
landscape comprised of
the corresponding patch
type (%).
Proportion of the largest
cropland patch within
an analysis unit.

0 < PLAND ≦
100
0 < LPI <
100

Average area of the
corresponding patches
within an analysis unit.

AREA_MN >
0

Average shape index of
the corresponding
patches within an
analysis unit.
Aggregating degree of
the corresponding
patches within an
analysis unit.

SHAPE_M≥1

0 ≦ AI ≦ 100

Note: Pi is the proportion of the landscape occupied by patch type i; aij is the area
(m2) of patch ij; A is the total landscape area (m2); max(aij ) is the maximum area
(m2) of patch ij; n is the total number of patches in the landscape; pij is the
perimeter (m) of patch ij; gi is the number of like adjacencies between pixels of
patch type i based on the single-count method; and max(gi ) is the maximum
number of like adjacencies between pixels of patch type i based on the singlecount method.
Table 5
Percentage (%), mean LST (◦ C) and standard deviation (Std) for each land cover
category in Hangzhou in 2000 and 2020.

IS
forest
cropland
grassland
water
others
overall

3.3. Impacts of landscape Composition and Configuration on LST

2000
percentage

mean LST

Std

2020
percentage

mean LST

Std

10.51
36.07
42.57
2.01
7.24
1.60
100.00

28.24
24.84
25.92
25.94
24.74
26.21
25.70

1.80
0.61
0.16
0.17
0.68
0.36
-

25.50
35.78
28.60
1.40
7.11
1.62
100.00

30.27
26.59
28.36
28.93
26.35
29.37
28.09

1.54
1.06
0.19
0.59
1.23
0.91
-

Fig. 5 and Fig. 6 show the correlation between LST and landscape
Table 3
Confusion matrix table for the accuracy test of classification results.
2000
IS
Forest
cropland
grassland
Water
Others
Total
PA
OA
KC
2020
IS
Forest
cropland
grassland
Water
Others
Total
PA
OA
KC

IS

forest

cropland

grassland

water

others

total

UA

46
1
5
1
0
0
53
86.79%
89.60%
85.71%

2
193
7
1
0
1
204
94.61%

10
3
166
7
2
2
190
87.37%

1
0
1
7
1
0
10
70.00%

2
0
3
1
33
0
39
84.62%

1
0
0
0
0
3
4
75.00%

62
197
182
17
36
6
500

74.19%
97.97%
91.21%
41.17%
91.67%
50.00%

114
0
2
1
2
1
120
95.00%
85.20%
80.75%

6
191
10
3
1
0
211
90.52%

12
1
88
8
1
0
110
80.00%

2
0
3
8
0
0
13
61.54%

11
0
4
1
22
0
38
57.89%

3
0
2
0
0
3
8
37.50%

148
192
109
21
26
4
500

77.03%
99.48%
80.73%
38.10%
84.62%
75.00%

Note: PA stands for producer’s accuracy; UA stands for user’s accuracy; OA stands for overall accuracy; KC stands for Kappa coefficient.
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Fig. 4. The heat island profiles in four directions of Hangzhou in 2000 and 2020.

composition in 2000 and 2020, respectively. The results indicate that: 1)
no matter how large the grid size was, IS always had a pronounced
heating effect, and forest always had an apparent cooling effect; 2) the
warming effect of IS in 2020 was greater than that in 2000; 3) the
warming effect decreased with the reduction of the analyzing grid size;
4) the cooling effect of forest in 2020 was greater than that in 2000, and
had no noticeable change by grid size; 5) though there was no correla
tion between water and LST at a grid size of 1500 m, the correlation

increased with the decrease of the analyzing grid size and had a weak
relation (R2 > 0.2) at 510 m.
The scattered plot in the correlation analysis showed that IS, forest,
and water had a more significant effect on LST among all the land cover
types. In this context, the in-depth analysis was taken place in these
three categories. Table 6 shows the results of the R2 of five segmenta
tions. For IS, there were two R2 summits of all the segmentations, 0-20%,
and 60-80%. From 2000 to 2020, the high value of R2 became higher,
7
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Fig. 5. The scatter plots of each land cover density and the mean LST in grids of 510 m, 990 m, and 1500 m in 2000.

and the low value of R2 became lower. Besides, the changes in grid size
didn’t have a significant impact on the results.
Both in 2000 and 2020, the value of R2 increased with the increase of
PLAND of forest, and the change of grid size had no significant effect on
this trend. Considering the whole samples as well as the samples in each
segmentation, the values of R2 increased from 2000 to 2020. For the

impact of water on LST, the results were complicated. The grid size
showed a significant influence on determining the correlation between
water and LST. The value of R2 decreased significantly with the increase
of grid size, which was consistent with the findings in Fig. 5 and Fig. 6.
For the results of separated segmentations, the patterns of R2 differed in
different grid sizes. When the grid size was 510 m, the highest values of
8
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Fig. 6. The scatter plots of each land cover density and the mean LST in grids of 510 m, 990 m, and 1500 m in 2020.
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Table 6
Correlations between LST and landscape composition under each segmentation.

510 m

990 m

1500 m

0-20
20-40
40-60
60-80
80-100
0-100
0-20
20-40
40-60
60-80
80-100
0-100
0-20
20-40
40-60
60-80
80-100
0-100

2000
IS

forest

water

2020
IS

forest

water

0.0917***
0.064***
0.0739***
0.078***
0.1125***
0.5811***
0.1568***
0.0927***
0.0635***
0.1745***
0.1185***
0.5476***
0.2215***
0.1449***
0.0402***
0.1542***
0.0017***
0.538***

0.0002***
0.0017***
0.0136***
0.0266***
0.172***
0.3588***
0.0001***
0.0054***
0.0164***
0.0351***
0.2296***
0.3733***
0.001***
0.0002***
0.0517***
0.0394***
0.2307***
0.38***

0.0014***
0.0187***
0.0211***
0.0458***
0.2215***
0.2828***
0.0005***
0.0333***
0.0346***
0.0862***
0.0967***
0.1763***
0.006***
0.035***
0.323***
0.016***
0.191***
0.1007***

0.0943***
0.0319***
0.0479***
0.1078***
0.0722***
0.5921***
0.2153***
0.0639***
0.124***
0.1412***
0.0473***
0.663***
0.269***
0.0611***
0.0871***
0.1166***
0.0255***
0.6896***

0.0001***
0.0093***
0.0206***
0.0315***
0.1841***
0.4705***
0.0001***
0.0139***
0.0322***
0.0641***
0.264***
0.5023***
0.0007***
0.0195***
0.0782***
0.1169***
0.2921***
0.5195***

0.0138***
0.0455***
0.0498***
0.0807***
0.2869***
0.3626***
0.0011***
0.0491*
0.0586***
0.0521***
0.1395***
0.2284***
0.0015***
0.0824*
0.0955***
0.2153***
0.1431***
0.1385***

Note: UC stands for unstandardized coefficient; SC stands for standardized coefficient.
* Sig. level p < 0.05.
** Sig. level p < 0.01.
*** Sig. level p < 0.001.

R2 appeared both in the segmentations of 80-100%. When the grid size
reached 990 m, the summit of R2 appeared in the segmentation of 80100% and 60-80% in 2000 and 2020, respectively. With a grid size of

1500 m, the summit of R2 appeared in the segmentation of 40-60% and
60-80% in 2000 and 2020, respectively.
The results of stepwise multiple regression analysis are shown in

Table 7
Results of the stepwise regression analysis for Hangzhou in 2000 and 2020.
Year 2000
Grid Size
Variables
(Constant)
PLAND_IS
AREA_MN_IS
SHAPE_MN_IS
AI_IS
PLAND_forest
AREA_MN_forest
SHAPE_MN_forest
AI_forest
PLAND_water
AREA_MN_water
SHAPE_MN_water
AI_water
DEM
R2
Adjusted R2
Year 2020
Grid Size
Variables
(Constant)
PLAND_IS
AREA_MN_IS
SHAPE_MN_IS
AI_IS
PLAND_forest
AREA_MN_forest
SHAPE_MN_forest
AI_forest
PLAND_water
AREA_MN_water
SHAPE_MN_water
AI_water
DEM
R2
Adjust R2

510 m
UC (Std. Error)
0.391 (0.001)
0.325 (0.002)
-0.043 (0.003)
0.003 (0.001)
0.032 (0.002)
0.065 (0.003)
0.004 (0.001)
-0.150 (0.002)
0.058 (0.004)
-0.009 (0.001)
-0.350 (0.004)
0.721
0.721
510 m
UC (Std. Error)
0.294 (0.001)
0.298 (0.002)
-0.129 (0.004)
0.010 (0.002)
-0.048 (0.002)
0.075 (0.004)
0.013 (0.001)
-0.188 (0.003)
-0.055 (0.007)
-0.028 (0.001)
-0.227 (0.005)
0.753
0.753

990 m
SC

VIF

0.576***
-0.046***
0.013**
-0.125***
0.061***
0.018***
-0.267***
0.052***
-0.033***
-0.386***

1.655
1.583
1.87
5.289
1.366
3.181
1.735
1.547
2.275
2.532

SC

VIF

0.682***
-0.101***
0.024***
-0.150***
0.055***
0.044***
-0.227***
-0.024***
-0.073***
-0.198***

3.572
1.531
2.834
6.626
1.441
3.886
1.869
1.424
2.147
2.727

1500 m

UC (Std. Error)
0.395 (0.001)
0.330 (0.006)
0.048 (0.008)
-0.047 (0.007)
-0.036 (0.002)
0.065 (0.005)
-0.098(0.006)
-0.103 (0.008)
0.039 (0.008)
-0.008 (0.002)
-0.318 (0.007)
0.757
0.757
990 m
UC (Std. Error)
0.299 (0.004)
0.394 (0.007)
0.067 (0.007)
-0.173 (0.015)
0.029 (0.005)
-0.052 (0.005)
0.091 (0.009)
-0.508 (0.011)
0.282 (0.013)
-0.009 (0.003)
-0.277 (0.011)
0.798
0.798

Note: UC stands for unstandardized coefficient; SC stands for standardized coefficient.
** Sig. level p < 0.01.
*** Sig. level p < 0.001.
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SC

VIF

0.529***
0.054***
-0.040***
-0.141***
0.071***
-0.165***
-0.125***
0.031***
-0.033***
-0.402***

4.185
3.278
1.485
4.023
1.390
4.296
3.515
1.510
1.914
2.882

SC

VIF

0.638***
0.072***
-0.070***
0.041***
-0.119***
0.059***
-0.426***
0.179***
-0.019**
-0.204***

6.412
2.672
1.885
2.243
6.252
1.526
4.233
3.474
1.582
3.193

UC (Std. Error)
0.427 (0.004)
0.306 (0.012)
0.070 (0.017)
-0.081 (0.016)
-0.015 (0.005)
-0.020 (0.004)
-0.097 (0.010)
-0.093 (0.017)
-0.411 (0.012)
0.616
0.615
1500 m
UC (Std. Error)
0.339 (0.004)
0.404 (0.009)
-0.139 (0.035)
-0.374 (0.018)
0.190 (0.031)
-0.489 (0.016)
0.646
0.646

SC

VIF

0.425***
0.058***
-0.061***
-0.030**
-0.071***
-0.139***
-0.077***
-0.497***

3.204
2.282
1.595
1.393
2.935
2.362
2.114
2.421

SC

VIF

0.588***
-0.046***
-0.270***
0.079***
-0.346***

2.209
1.670
2.173
2.047
1.604
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Table 7. Considering collinearity, several factors were removed in each
model to ensure that the variance inflation factor (VIF) values were
lower than 7.5 (Guo et al., 2020). The R2 and adjusted R2 of every model
were more than 0.7, indicating reliable results of the models. In 2000,
the three factors with the highest weight were PLAND_IS, PLAND_water,
and DEM in all the grid sizes (510 m, 990 m, and 1500 m). But the
factors with the lowest weight were different in each grid size. For 510
m, the lowest factors were AI_IS, AI_forest and AI_water. For 990 m, the
SHAPE_MN_IS, SHAPE_MN_water, and AI_water were the lowest. While
for 1500 m, three factors of IS, the AREA_MN_IS, SHAPE_MN_IS, and
AI_IS, owned the lowest weights. In 2020, the PLAND_IS, PLAND_water,
and DEM continuously had the highest weights. But the lowest factors
were totally changed in 2020. The lowest weights were AI_IS, AI_forest,
and SHAPE_MN_water for grid size 510 m; AI_IS, SHAPE_MN_forest and
AI_water for grid size 990 m; SHAPE_MN_IS and AREA_MN_water for
grid size 1500 m.

cooling the environment.
Previous studies show that the proportion of impervious surface is
positively correlated with LST (Chen et al., 2014) (Du et al., 2020)
(Simwanda et al., 2019). In general, the warming effect of impervious
surfaces becomes stronger with increasing proportion. However, the
result of the segmented analysis (Table 6) shows a different trend. Under
the three grid sizes, when the density of impervious surface was less than
20 ha/km2 or between 60 ha/km2 to 80 ha/km2, the warming effect was
more significant than the case that its density reached 80 ha/km2 and
more. This fact reflected the importance of extracting the most suitable
density of impervious surfaces in urban planning considering the LST
benefit. Meanwhile, the cooling effect of forest did not fluctuate with the
density. The correlation monotonically got stronger with the density
increase, further demonstrating the forest’s influence to cool the LST and
moderate the SUHI problem (Gage and Cooper, 2017).
From the perspective of landscape composition, to prevent the
gradual enhancement of the heat island effect, urban planners are sug
gested to increase the area of forest, as most papers have proposed
(Elmes et al., 2017) (Huang et al., 2011) (Kong et al., 2016). In the case
of the forest, regardless of the segmentation it falls in, an increase in the
proportion of forest could achieve a significant cooling effect. On the
other hand, before the warming effect of impervious surface reaches its
spikes, the density of IS should be controlled, ideally less than 60
ha/km2. In contrast, for districts with IS density reached 60 ha/km2,
decreasing the proportion of impervious surfaces are ineffective for
mitigating the surface UHI. In general, urban planners should consider
the landscape composition in different segments to make policies indi
vidually to gain a better thermal environment with the least influence on
urban development.

4. Discussion
4.1. The Profile of Hangzhou
In terms of spatial pattern, the SUHI in central Hangzhou did not
change much from 2000 to 2020, and the high-temperature area and its
shape kept a stable extent, which was different from the temporal
changes in Nigeria that experienced a great expansion in the center (Nse
et al., 2020), but similar to the patterns in Baguio City (Estoque and
Murayama, 2017). Combined with the LST map and land cover map, the
expansion of central Hangzhou was limited by the Qiantang River and
the western hills. The most remarkable expansion has occurred in sur
rounding cities, leading to new LST spikes in the SUHI profile. For
example, in the east-west direction, a new LST spike in the west at 45 km
away from the city center and three new LST spikes in the east at around
27 km away from the city center appeared in 2020. The former was due
to the development of the urban economy and society in 2013 (ZPBS,
2013), which promoted Lin’an initially developed into a small town. In
comparison, the latter was due to the rapid urbanization caused by in
dustrial agglomeration under the urban policy released in 2014 (PGZP,
2014), which accelerated the development of Dajiangdong Industrial
Cluster. What’s more, because of the expansion of the surrounding cities,
several new spikes appeared in the southeast (32 km), northwest (40
km), northeast (40 km), and southwest (25 km). In addition, the Qian
tang river running through the whole city led to sudden drops of the
mean LST, making the SUHI profile more tortuous, similar to the spatial
patterns detected in Kolkata (Nimish et al., 2020).

4.3. The Effects of Landscape Configuration on LST
Results on landscape composition have proved the effectiveness of
increasing trees and water bodies and decreasing artificial constructions
in cooling LST. However, the demand for social and economic devel
opment forces the local government to continuously plan new built-up
estates at the cost of green space and water. Therefore, it isn’t easy to
control the SUHI from the perspective of landscape composition. A more
acceptable way for urban planners is to reshape the cooling and
warming landscapes according to the ideal landscape configuration to
obtain a better thermal environment (Zheng et al., 2014).
The results of the stepwise regression analysis showed that scattered
and small patches of IS had less warming effect than integrated and large
patches (Table 7). In other words, instead of arranging the buildings
aggregated together and leave wide open space in the surrounding areas
(Fig. 7a), reserving spaces between buildings to create a less dense
building complex (Fig. 7b) could help to cool the LST. In contrast,
aggregated and large patches of forest (Fig. 7d) showed a stronger
cooling effect than scattered and small patches (Fig. 7c), suggested that
planting trees together in a neighboring scale is more efficient in cooling
the surrounding lands than separately planting trees for each building.
For water bodies, aggregation and shape are two main configurations in
determining the cooling effect. Scattered and fragmented water bodies
such as the Xixi Wetland (Fig. 7e) are suggested to be connected by
digging small ponds or canals to achieve a better cooling effect. On the
other hand, integrated water bodies such as the West Lake (Fig. 7f)
create more cooling effect value than scattered ponds with the same
total area. Hangzhou is currently running a new urban development
plan, and the city is expected to expand continuously, especially to the
west (CGPRC, 2016). In this context, the strategies mentioned above are
helpful not only in the urban core but also in the suburban areas with
aggregated and large patches for sustainable urban development.

4.2. The Effects of Landscape Composition on LST
Landscape composition plays a vital role in determining the sur
rounding LST. Similar to the findings of related studies (Estoque and
Murayama, 2017) (Gage and Cooper, 2017) (Sun et al., 2020), the
warming effect of IS (Fig. 6, R2 reached 0.59) and the cooling effect of
forest (Fig. 6, R2 reached 0.48) were significant. From 2000 to 2020, as
the urbanization process accelerated, the correlation between IS and LST
increased, indicating that the warming effect of IS became more sig
nificant. In addition, the value of R2 decreased with the increase of grid
size in 2000, while increased by 2020. The evidence proves that the
effect of impervious surfaces on LST has risen to a larger spatial scale.
Both in 2000 and 2020, the grid size did not significantly influence the
correlation between forest and LST, suggesting a larger range of grid
sizes in detecting the cooling effect of forest in further studies. In the
case of water, the negative correlation between grid size and cooling
effect was unique. Consistent with the previous finding (Hou and Esto
que, 2020), the correlation between LST and water proportion decreased
with the increase in the analyzing grid size. In addition, grassland failed
to show a significant influence on LST in all the grid sizes in 2000 and
2020, revealing that building lawns widely in the city was insufficient in

4.4. Limitations and Future Perspectives
Limitations should be mentioned to achieve a better understanding
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Fig. 7. Six Google Earth images with typical landscape configuration: (a) complex buildings; (b) scattered buildings; (c) scattered forests; (d) aggregated forests; (e)
fragmented water bodies; (f) integrated water bodies.

of our findings for practical uses. First, this study is based on the LST
data derived in summer daytime which only shows the SUHI patterns.
Considering that the patterns of SUHI and UHI derived from air tem
perature are not quite similar during the daytime, the results are sug
gested to be referred to in the case of modifying the land surface
temperature, not the air temperature. Second, in the case of water body,
several suggestions have been provided for relieving daytime SUHI.
However, the role of water body in adjusting the LST of surrounding
area are complicated. Although previous studies have proved that dur
ing daytime, water bodies with a relatively large size could significantly
reduce the LST within approximately 1 km scale (Cai et al., 2018)
(Zheng et al., 2021). It is worth noticing that during nighttime, water
bodies usually own a higher temperature because of its high specific heat
capacity. In this context, from the perspective of relieving LST for the
whole day, forest is a preferred cooling resource than water bodies.
Third, the landscape metrics applied in this study didn’t contain the
information of height. However, for certain land cover categories such
as built-up (IS) and forest, the difference in third dimension could affect
the heat diffusion, thus affect the patterns of SUHI. In this context, future
studies are suggested to add 3-dimensional indicators for landscape
configuration to obtain more detailed information in similar studies.

with cooling resources, and the construction of buildings are recom
mended to set apart open spaces between them to alleviate the SUHI
effectively. The effect of water on LST was complex and varied severely
under different analyzing grids. As a result, more detailed analysis with
higher resolution images and more grid sizes to extract the cooling effect
of water was recommended.
This study attempted to explore the development status and influ
encing factors of urban heat islands in Hangzhou and provide sugges
tions for future urban planning. The mentioned findings above were
supposed to provide information for urban planners to adjust to the
current landscape to relieve the SUHI phenomenon and eventually
contribute to the construction of a livable city and sustainable
development.
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Discussing the SUHI changes in Hangzhou in the past 20 years, we
suggested ways to alleviate the SUHI phenomenon. Analyzing the SUHI
profiles, we detected that the change of landscape composition in the
city center was not significant, but the urbanization in the surrounding
areas accelerated obviously. The correlation analysis revealed that forest
and water played an essential role in regulating urban temperature. In
the case of IS, the increase in building density had the strongest warming
impact when the current density of IS was less than 20 ha/km2 or be
tween 60 ha/km2 to 80 ha/km2. Therefore, increasing the area of water
and forest and controlling the density of buildings in an ideal range (less
than 60 ha/km2) are helpful to alleviate the SUHI effect in Hangzhou. In
landscape configuration, we investigated that integrated large water
bodies and forest patches had more significant cooling effects than
scattered patches. In addition, buildings were more suitable for scattered
layout considering the need to moderate the SUHI. Therefore, spaces
between scattered forests and water bodies are suggested to be filled in
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