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A B S T R A C T

In recent years, frequent heat waves have severely reduced the quality of human settlements in big cities. To
reveal the influence of urban spatial form on land surface temperature (LST) in mountainous cities, Chongqing
city in China was selected as a case study. The quantitative relationships between five urban spatial form factors
and LST are analyzed, such as sky view factor (SVF), urban surface roughness (USR), road surface area density
(RSD), building density (BD) and floor area ratio (FAR). The results showed that the spatial scale influence their
correlations. Most urban spatial form factors have a significant positive relationship with LST, besides FAR. The
various regression results have also shown that spatial regression models (Spatial lag model, Spatial error model
and General spatial model) are working better than OLS model, due to the reason that some of the urban spatial
form factors have spatial spillover and spatial heterogeneity effect. Besides the spatial effect, the unique topo-
graphy of mountainous city also has an impact on LST, such as the slope, aspect and underlying surface.
Therefore, the planners should consider those differences in mountainous cities, and using different methods to
mitigate UHI and making the city cope with climate change.

1. Introduction

With the rapid development of urbanization, billions of people
surged to urban areas in the past few decades. Which leads to the
natural covers (e.g., green spaces and water bodies) covert to built-up
impervious covers (e.g., building and road), and more anthropogenic
heat release concentrated in urban areas (Debbage & Shepherd, 2015).
As a result, urban has a higher temperature than their surrounding rural
areas, this phenomenon is known as urban heat island (UHI) effect
(Feyisa, Dons, & Meilby, 2014; Li, Zhang, & Kainz, 2012; Li, Zhou,
Ouyang, Xu, & Zheng, 2012; Skoulika, Santamouris, Kolokotsa, &
Boemi, 2014; Voogt & Oke, 2003). The significant UHI will threaten the
sustainable development of the city and increase its ecological en-
vironmental problems (Li & Norford, 2016). Moreover, UHI combined
with climate change making the extreme heatwaves are more common
in summer, which will put lots of people in danger, especially the el-
derly (Chang, Li, & Chang, 2007), and increase their morbidity and
mortality (Zhang, Zheng, & Chen, 2019). Therefore, there is an urgent

need to study UHI and find some ways to mitigate it.
There are several parameters to reflect UHI, such as air temperature

and land surface temperature. Air temperature from situ measurement
and weather stations are the common index in the early studies
(Howard, 1833; Matthews, 1937). With the development of remote
sensing technology, the LST retrieved from remote sensing images are
widely used by scholars. Based on LST, they try to reveal the spatial-
temporal temperature patterns and its differences between urban and
rural areas (Coseo & Larsen, 2014; Chen, Zhao, Li, & Yin, 2006;
Connors, Galletti, & Chow, 2013; Imhoff, Zhang, Wolfe, & Bounoua,
2010; Li et al., 2011; Lo, Quattrochi, & Luvall, 1997; Shen, Huang,
Zhang, Wu, & Zeng, 2016; Streutker, 2003; Yuan & Bauer, 2007), and
also found LST in urban areas are higher than its surrounding rural
areas, that is surface urban heat island (SUHI).

The SUHI is a consequence of absorbed solar radiation and an-
thropogenic heat release with a synthesized influence of many factors,
such as natural factors (e.g., climate zone, solar radiation and wind
speed) (Ren, Deng, Zuo, Song, & Li, 2016), physical construction factors
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(urban spatial form) (Middel, Hab, Brazel, Martin, & Guhathakurta,
2014; Schwarz & Manceur, 2015; Taleghani, Kleerekoper, Tenpierik, &
Den Dobbelsteen, 2015) and social-economic factors (e.g., population
density, economy and racial characteristics) (Cai, Tang, Chen, & Han,
2019; Huang, Zhou, & Cadenasso, 2010; Huang, Zhou, & Cadenasso,
2011; Kinney, O’Neill, Bell, & Schwartz, 2008; Mitchell & Chakraborty,
2014). Of these factors, urban spatial form exerts a more significant
influence than the other factors in a particular city (Guo, Zhou, Wu,
Xiao, & Chen, 2016; Hebbert, 2014; Li et al., 2016; Middel, Lukasczyk,
& Maciejewski, 2017; Oke, 1979). Urban spatial form refers to a com-
plex and dynamic form of spatial expression, which covers many as-
pects such as land cover, landscape diverse types, building layout and
topography. And it profoundly influences human activities and plays an
important role in the formation and transformation of cities (Conzen,
2001; Fang, Wang, & Li, 2015; Kropf, 2009; Lynch, 1981; Tsai, 2005;
Whitehand, 1992). Previous studies have also found that urban spatial
form has significant differences in thermal effects (Li et al., 2014;
Rinner & Hussain, 2011; Zhou, Huang, & Cadenasso, 2011). For the
land cover, LST is always higher in built-up areas, and lower in vege-
tated areas and water bodies (Li et al., 2016; Sun, Wu, & Tan, 2012).
For the landscape diverse types, high patch density has the effect of
reducing LST, whereas the high largest patch index and contagion index
values may intensify LST (Chen, Yao, Sun, & Chen, 2014; Connors et al.,
2013; Li et al., 2011). For building layout, high density and high-rise
building have been proved that they can increase LST in the center of
the city (Li, Zhang et al., 2012; Li, Zhou et al., 2012; Xiao et al., 2008;
Yang, Su, Xia, Jin, & Ge, 2018), low building density and high floor area
ratio tend to have a lower LST (Giridharan, Lau, & Ganesan, 2005; Guo
et al., 2016; Yin, Yuan, Lu, Huang, & Liu, 2018).

However, some studies reached the paradoxical conclusions. Brian
and Rodgers (2001) argued that the low-density residential contributed
more heat than higher density habitations. Bourbia and Boucheriba
(2010) found that the LST in high-density areas is low by comparing the
ratio of building height and width in several residential areas with
different densities in the day time. Taleghani et al. (2015) pointed out

that compact urban spatial form can provide a comfortable micro-
climate in the Netherlands compared to other studied urban forms.
Similarly, several researchers also concluded that the LST will increase
with the increase of roof area and floor area ratio in compact urban
blocks (Chun & Guhathakurta, 2017; Chun & Guldmann, 2014; Wei,
Song, Wong, & Martin, 2016; Zhao, Fu, Liu, & Fu, 2011).

As noted above, the results of previous studies are contradictory in
the quantitative evaluation of urban spatial form factors and LST, which
means that the relationship between urban spatial form factors and LST
remains under debate and has prevented consensus on how best to
mitigate urban LST by urban planning methods. The reason for the
opposite research conclusions lies in the different methods, spatial
scales, regression models and climatic zones of the different studies.
More importantly, in the current studies, most of the researches is
carried out in plain cities, while mountainous cities are rarely analyzed.
It is particularly necessary to further study the relationship between
urban form factors and LST in high-density mountain cities and reveal
the impact of urban spatial forms on LST to guide urban planning.
Therefore, this paper needs to use multi-scale, multi-model and
mountain city to study the relationship between urban spatial form
factors and LST, and aims to 1) identify the influence of different spatial
scales and regression models; 2) reveal the possible quantitative re-
lationships urban forms and LST in mountainous city; 3) find out the
urban spatial form factors that significantly affect LST.

2. Data and methods

2.1. Study area

Chongqing city in southwestern China is a typical mountainous city,
in which there are high population and building densities. As the ori-
ginal area of Chongqing city, Yuzhong district has the highest popula-
tion density than its other districts. Yuzhong district locates within the
range of N 29°31′50″ – 29°34′20″ and E 106°28′50″ –106°35′10″, si-
tuated on the peninsula which was formed by the intersection of the

Fig. 1. The location (a), elevation (b), slope (c) and bird view (d) of study area.
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Yangtze River and its tributary, the Jialing River, with a land area of
18.35 square kilometers (Fig. 1a). Under the alternating action of river
scour, Yuzhong district forms a unique intervalley denudation platform
slope landform, and there are great topographical differences with a
maximum elevation difference of 300.96m (Fig. 1b and c). Yuzhong
district contains 970,000 people with an average population density of
52,000 people per square kilometers, the average building density is
22.53 percent and road density reach 9.52 km per square kilometers. By
the end of 2014, there were 2109 high-rise buildings over 24m, of
which 407 are super high-rise buildings over 100m (Fig. 1d). There-
fore, it is one of the cities with the highest density and intensity of high-
rise buildings in China. The climate is defined as a typical hot and
humid climate, and its static wind speeds are less than three meters per
second (Yong, Wen, & Zhao, 2004) throughout the year. Combined with
high density and poor ventilation conditions, Yuzhong district has a
worse thermal environment than other districts, as well as other cities
in China (Cai & Han, 2018; Han, Yan et al., 2012; Han, Ye, & Sun, 2014;
Han, Zhao, Yan, & Ye, 2012).

2.2. Data sources and pre-processing

Cloud-free Landsat8 OLI_TIRS remote-sensing images in summer
and winter daytime were downloaded from the website (http://www.
gscloud.cn) (Table 1). Demographic data in these communities in 2014
were collected from the Bureau of Statistics of the Yuzhong district. The
current land use map (2014) and building map (2014), as well as the
regulatory plans (2010) covering the entire district were collected from
the Department of Housing and Urban-Rural Development of the Yuz-
hong government. The digital elevation model (DEM) was created from
the digital topographic maps with a scale of 1: 500.

2.3. Methods

This study included the following four steps to processing and
analysis the data (Fig. 2): (1) Collect data and retrieve LST; (2) Initialize
spatial scales and calculate urban spatial form factors; (3) Pearson
correlation analysis and select the optimal spatial scale; (4) Multiple
regression model analysis.

2.3.1. Retrieve land surface temperature
In this study, LST was retrieved by using the radiation transfer

equation (RTE) (Weng, 2009; Yue & Tan, 2007) and the formula is as
follows:

= + − ↓ + ↑L εB T ε L τ L[ ( ) (1 ) ]λ S (1)

where Lλ is the thermal infrared radiation brightness value received by
the satellite sensor, ε is surface emissivity. Since OLI Band10 has an
approximate spectral range with the thermal infrared band of TM/ETM,
this paper calculated ε using the NDVI threshold method (Sobrino,
Jiménez-Muñoz, & Paolini, 2004) as a reference.

= +ε P0.004 0.986V (2)

where Pv is the vegetation fraction, which can be calculated using the
following formula:
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where NDVI is the normalized vegetation index, NDVIsoil is the value of
the area completely covered by bare soil or non-vegetated, and NDVIveg
is the value of the area completely covered by vegetation. As a matter of
experience (Qin, Li, Xu, Chen, & Liu, 2004), NDVIsoil is 0.05 and
NDVIveg is 0.7. When NDVI is more than 0.7, the value of Pv is 1, when
NDVI is less than 0.05, the value of Pv is 0. NIR is the near-infrared band
(band 5), R is the red band (band 4) in Landsat 8.

The atmospheric downward radiance L↓, upward radiance L↑, and
transmissivity τ are obtained from the NASA website (http://atmcorr.
gsfc.nasa.gov/). Ts is the surface true temperature (K), B(Ts) is the black
body thermal radiance, and it can be calculated as follows:

=
−
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C1 and C2 are radiation constants with values of 1.19104356× 108

(Wm−2 sr−1 μm4) and 1.4387685×104 (μm K) respectively, and λ is
the wavelength (μm). TS can be expressed as follows:

=
+

T K
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For the Landsat 8 TIRS Band 10 data, K1 = 774.89Wm−2 sr-1 μm-1

and K2= 1321.08 K.

= −LST T 273.15S (7)

2.3.2. Initialize spatial scales and calculate urban spatial form factors
Spatial patterns, processes, spatial-temporal distribution and the

mutual coupling of spatial objects are influenced by the spatial scale
(Chun & Guldmann, 2014). In order to find out the optimal spatial scale
in this study area. We select ten spatial grid scales at the intervals of
60m: 30m, 90m, 150m, 210m, 270m, 330m, 390m, 450m, 510m
and 570m. In addition, two other spatial grid scales (1000m and
2000m) are also selected as tentative scales, as they represent fewer
samples (Fig. 3). The mean values of each urban form factors and LST
for every grid on each spatial scale are extracted using the spatial
analyst tools in ArcGIS software (version 10.3).

(a. 30m gird size; b. 90 m grid size; c. 150m gird size; d. 570m grid
size.)

According to previous studies (Cai, Han, & Chen, 2018; Chun &
Guhathakurta, 2017; Guo et al., 2016; Sharifi, 2019; Stewart & Oke,
2012; Stewart, 2011; Wei et al., 2016; Yin et al., 2018), several common
urban spatial factors are widely used in urban thermal environment
studies, such as sky view factor (SVF), building density (BD) and floor
area ratio (FAR). Thus, the above three factors are also selected in this
study. Since mountain city with a great undulate topography and un-
ique building spatial form, urban surface roughness (USR) were also
selected. Moreover, as the transportation network in mountain cities is
different from plain cities, the road surface area density (RSD) is se-
lected to reflect this difference. The definition and calculation formula
of urban spatial form factors are in Table 2.

2.3.3. Pearson correlation analysis and select the optimal spatial scale
SPSS software is then used to analyze the Pearson correlation be-

tween urban spatial form factors and the LST on twelve spatial scales.
The best spatial scale is found by comparing the Pearson correlation
coefficients.

2.3.4. Multiple regression model analysis
The ordinary least square (OLS) and three spatial regression models

(space lag model, spatial error model and general space model) are used
to analyze the impacts of urban form factors on LST in GeoDaSpace1.0.
The ordinary least squares (OLS) model is based on an assumption of
independence, and its result ignores the spatial effect between spatial
things (Li, Zhao, Miaomiao, & Wang, 2010). However, due to heat

Table 1
The information of Landsat 8 remote-sensing images in this study.

Season Time Path Row

Summer 11:26 AM, 6 August, 2014 128 39
Winter 11:23 AM, 2 December, 2013 127 40
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conduction, convection and radiation, the land surface and airflow
provide conditions for heat movement, so LST is constantly changing in
space (Kim et al., 2016), and this phenomenon will lead to the auto-
correlation of LST in space. Therefore, we use three spatial regression
models to deal with the problem of spatial interaction.

First, the OLS model is used to test the relationship between urban
form factors and LST using the equation:

= + +y α Xβ u (8)

Where α is constant term; y is the dependent variable, which refers to
LST; X is the explanatory variable, which refers to the urban forms; β is
the regression coefficient, and u is an error term.

Moran's I (Moran, 1950) is then calculated to assess whether the
OLS residuals are related to spatial autocorrelation using the equation:

=
∑ ∑

∑ ∑ − −

∑ −
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w

w x x x x

x x

( )( )

( )i j ij

i j ij i j

i i
2

(9)

Where xi and xj are the values of LST observed at locations i and j; x is
the mean of the x; and Wij is a measure of the spatial relationship be-
tween locations i and j. The value of Moran's I varies between -1 and 1,
with values close to 0 indicating little spatial autocorrelation. If the
value is found to be significant, then a spatial lag model (SLM) need to
be tested to address the spillover effect, which takes the following form:

= + + + ∼y α ρW Xβ ε ε N σ I, (0, )y n
2 (10)

Where ρ is a spatial lag term; W is the spatial weight matrix that con-
tains non-zero element Wij when observation i and j are neighbors and
zero elements otherwise, and Wy represents the average value of y at
neighboring locations (Lesage & Pace, 2014). The Lagrange multiplier
(LM) test can determine whether the y values are affected by un-
observed variables with spatial effects in the model. If the test is posi-
tive, the spatial error term is modified by means of the spatial error

model (SEM) (Eq. (11)) to reduce the residual spatial effects. In addi-
tion, when both the SLM and the SEM models are ineffective in redu-
cing the spatial effects, the general spatial model (GSM) (Eq. (12)) is
appropriately considered (Chun & Guhathakurta, 2017; Lesage & Pace,
2014). The formulas for the SEM and GSM models are as follows:

= + + + ∼y α ρWy λW ε ε N σ I( ), (0, )u n
2 (11)

= + + + + ∼y α ρW y Xβ λW u ε ε N σ I( ), (0, )n1 2
2 (12)

Where λ is a spatial error term coefficient, W1 is the spatial weight
matrix used for LST, and W2 is the spatial weight matrix used for the
error term.

3. Results

3.1. The distribution of LST

The LST ranges from 22.05℃ to 43.79℃, and there are great spatial
distribution differences (Fig. 4). The low LST located in the central
region such as Eling, where there has a great topographical difference
and difficult to construct, lots of green spaces has appeared in those
regions. The high LST is distributed in the eastern and western regions,
such as Lianglukou, Daping, Shiyoulu, Qixinggang and Daxigou. Where
there are high-density urban construction areas and have few green
spaces, the urban spatial form is dominated by compact high-rise
buildings. Which results the heat energies accumulated in those areas
and has a higher LST.

3.2. Optimal spatial scale

Pearson correlation coefficients between the five urban spatial form
factors and LST on all twelve spatial scales are shown in Table 3. In
summer daytime, most of their correlation coefficients increase with the

Fig. 2. Study framework.

Fig. 3. The process of spatial upscaling.
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spatial scales and reach maximum values at 510m, then decrease gra-
dually. There is a significant positive correlation between LST and SVF,
followed by RSD, USR and BD. While FAR has no significant relation-
ship with LST. With the increasing spatial scale, each grid contains
more land-use types. Therefore, the correlation coefficients between
urban spatial form factors and LST are not significant when the spatial
scale is more than 510m. Consequently, 510m is considered as the
optimal spatial scale to analyze their relationships.

3.3. Correlation between urban spatial form factors and LST

3.3.1. Significant positive correlation between urban spatial form factors
and LST

There is a significant positive correlation between SVF, USR, RSD,

BD and LST (Table 3), which implies that LST gradually increases with
those urban spatial form factors values.

For SVF, the spatial distribution of SVF is strongly dependent upon
urban form conditions. Taking the Chongqing railway station in
Caiyuanba as an example, there is almost no vegetation in the square
and it is covered by impervious concrete and asphalt (Fig. 5). One
sampling line from the northwest to the southeast shows a trend of LST
accompanying a trend of SVF (high-high trend). Exposed to solar ra-
diation, the low heat capacity of impervious land surfaces increases LST
rapidly in such a large open space. At the southeast end of the section,
LST reasonably decreases due to the cooling effect of a body of water
(Yangtze River), even though there is still a high SVF in that area (Cai &
Han, 2018). In contrast, it is easy to see a low-low trend of SVF and LST
in section B-B' in a narrow space in Qixinggang (Fig. 6). Low SVF and

Table 2
The definition and calculation of the formula for urban spatial form factors.

Factor Definition Formula Illustrate

Sky view factor (SVF) The ratio between the radiation received by
a planar surface and the entire hemispheric
radiating environment (Watson & Johnson,
1987).

= − ∑ = ( )SVF sin β1 i
N

i
αi

1
2

3600 N is the total number of the angle elements of the

obstacles in the hemispheric environment, and αi and βi reflect the elevation and
azimuth angles of the angle element i, respectively (Matuschek & Matzarakis,
2010).

Urban surface
roughness (USR)

The relative height difference of urban
surface within a certain region.

= − × − ×( )USR H H( ) 1 500max min
Ap
AL

Hmax and Hmin are the highest and

lowest elevations of a region, respectively, AP and AL are the flat area and total
land area of the region, respectively.

Road surface area
density (RSD)

The ratio of traffic road surface area to a
plot area. =

∑ = ×
RSD N

i N Ai
AL

1
Ai is the area of the raster cell, and N is the number of raster

cells, AL is the area of the land lot.
Building density (BD) The ratio of building base area to plot area.

=
∑ =

BD N
i Ai
AL

1
Ai is the base area of buildings in a land lot, and AL is the area of the

land lot.

Floor area ratio (FAR) The ratio of the total floor area to the land
area of a land lot. =

∑ = ×
FAR N

i Ai Fi
AL

1
Ai is the base area of construction building in a land lot, Fi is

the number of building floors, and AL is the area of the land lot.

Fig. 4. The distribution of land surface temperature in summer daytime.
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low LST are consistently seen in narrow streets and courtyards sur-
rounded by high-rise buildings. In high-rise and high-density areas, the
high buildings always play the role of a barrier against solar radiation
and create large shadowed areas in narrow streets and courtyards. Heat
exchange occurs between the area exposed to the sun and the shadowed
area because of temperature gradients, which results in street canyon
wind through the streets (Chen, 2008). Therefore, a significant positive
correlation is get between SVF and LST, which is similar to that ob-
served in the research of Oke (1987), Unger (2009) and Guo et al.
(2016).

For USR, land surface roughness measures the fluctuation of natural
land surface and buildings. It is well known that wind is conducive to
promoting heat exchange and reducing LST. However, when the wind
flows through a city and touches the urban surface, the speed and di-
rection of the wind current will be adjusted, and most wind currents
rise up against the windward side and rarely enter the urban canopy
layer. In an urbanized area with high-density construction, the ob-
struction effect of the buildings on wind currents becomes more and
more obvious. Therefore, it is easy to understand that high levels of
roughness lead to high LST.

For RSD, the total area of urban roads with widths over 7m is ap-
proximately 4.54 square kilometers, 24.74 percent of the total study
area. Almost all roads are made of impervious materials such as asphalt

and concrete, which have high absorption rates and thermal con-
ductivity. Road surfaces directly absorb solar radiant energy during the
day, causing heat to accumulate on their surfaces, and the dissipating of
this heat causes the road surface temperature to rise significantly (Lo
et al., 1997). In addition, vehicles drove on the road emit hot exhaust
gas and transmit heat to near the roads' surfaces, so that the road net-
works like electric stove wires that keep heating in the city.

For BD, BD is the proportion of the area occupied by buildings
within a piece of land, and it also indirectly reflects the amount of
impermeable surface and the distance between buildings. In general,
high-density areas are often composed of dense buildings with small
distances (narrow streets) between buildings. The wind speed in narrow
streets will be decreased by buildings surrounding area, therefore air
ventilation efficiency will be reduced in the area, resulting in an in-
crease of the regional LST. In addition, there are almost no enough free
public spaces such as parks featuring vegetation and squares, which is
not conducive to LST reduction and evacuation. In contrast, when the
number of buildings is small and the distribution of buildings is sparse,
this is conducive to the exchange of hot and cold air, the air ventilation
efficiency in the area is high, and the LST is relatively low. Therefore,
there is a significant positive correlation between BD and LST (Fig. 7).

Table 3
Pearson correlation coefficients between urban spatial form factors and LST.

**P (2-tailed)< 0.01.
*P (2-tailed)< 0.05.

Fig. 5. The high-high trend of SVF and LST along a section line through big open square.
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3.3.2. Not significant correlation between FAR and LST
Even though FAR have a positive relationship with LST, this cor-

relation is not significant (Table 3). FAR reflects the construction in-
tensity of a land lot. In general, a high construction intensity area could
have more buildings and contain more populations. Those areas have
more human activities and anthropogenic heat release, and have a high
LST. However, as the FAR is based on a land lot, the land lot with
different building spatial forms could have a same FAR value, such as
compact mid-rise and open high-rise. Where, open high-rise has more
open spaces and lower LST than compact mid-rise (Cai et al., 2019).
Moreover, the high-rise buildings can provide more building shadows
and reduce the solar energy reaches to the land surface, which will
make the relationship between FAR and LST not significant, even they
have a positive relationship in some studies (Cai et al., 2018).

3.4. Regression models between urban spatial form factors and LST

Several regression models were applied to find the contribution of
urban spatial form factors on LST. Since FAR has no significant corre-
lation with LST, and it has multicollinearity with other factors like SVF.
Therefore, FAR is excluded from the regression models. The results
show that the goodness of fit (R squared) increased from OLS (0.24), to
SLM (0.69), to SEM (0.76), and to GSM (0.80) (Table 4). OLS is a simple
and linear regression model, and it can not eliminate the parameters
with spatial autocorrelations (Yin et al., 2018). As the Moran's I value
for LST reaches 0.56 (P < 0.01) in this study, OLS did not work well.
The spatial regression model (SLM, SEM and GSM) considered the
spatial correlations, and they work better than OLS. However, there
should be noted that only SVF performs as a stable parameter and have

a significant positive impact on LST in the four regression models. Due
to the spatial spillover (significant LM-Lag) and spatial heterogeneity
effect, USR, RSD and BD did not stable and have a significant con-
tribution to LST. Which is inconsistent with other relevant studies
(Chun & Guhathakurta, 2017; Chun & Guldmann, 2018).

4. Discussion

4.1. Influence of topography on LST

Chongqing city is a mountain city, and it has an intervalley denu-
dation platform slope landform and great topographical differences,
which may have an impact on the urban thermal environment.
Therefore, we analyzed the influence of topography factors on LST,
such as slope and aspect. The results showed that slope has a significant
negative relationship with LST in summer daytime (-0.26**, P < 0.01),
and this correlation decreased to -0.162** (P < 0.01) in winter day-
time. The plain land with small slope value usually selects as con-
struction zone, building and impervious surface are concentrated in
those areas. On the contrary, the land with high slope value are difficult
to construct, and those areas always remain as green spaces, they have a
lower LST than plain areas.

In summer, the LST in various aspect decreased from southwest
(43.9 ℃), to south (43.8 ℃), to east (43.7 ℃), to east (43.4 ℃), to
southeast (43.2 ℃), to northeast (43.2 ℃), to northwest (43.0 ℃), and
to north (42.6 ℃) (Fig. 8a). In winter, the LST decreased from south
(15.6 ℃), to southeast (15.4 ℃), to southwest (15.3 ℃), to east (15.2
℃), to west (14.9 ℃), to northeast (14.6 ℃), to northwest (14.5 ℃), and
to north (14.3 ℃) (Fig. 8b). Which illustrated that the south aspect

Fig. 6. The low-low trend of SVF on LST along a section line through narrow space.

Fig. 7. Impacts of building densities on LST.
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tends to have a higher LST, and the north aspect tends to have a lower
LST both in summer and winter daytimes. The south aspect is directly
facing to the sun, while the north aspect is back to the sun. Which
means the south aspect can receive more solar energies than north as-
pect, and the south area has fewer shadows from building or mountain,
the significant negative correlation between shadows and LST also
identified those effect (-0.307, P < 0.05). With the rise of shadows in
the winter time, the correlation between shadows and LST has also
increased (-0.633, P < 0.01).

In this study area, it has 26.5 percent land with a slope above 15
degrees, and about 40 percent area faced to the north (northwest, north
and northeast). This means that the influence of topography on LST was
cover a large part of the study area. Thus, it is necessary to consider
those impacts on mountainous city studies.

4.2. The unique urban spatial form in a mountainous city

As a mountainous city, the composition of the underlying urban
surface is very complicated (Table 5). There is almost no flat land in this
study area, which has a difference of elevation more than 200m. The
profiles of a mountainous city change with the relief of the terrain.
What's more, due to the limitations of the terrain, there are many rivers
and dispersive lawns. Additionally, the roads are narrow and curved,

which is quite different from those of plain cities. With the continuous
renewal and development of urban construction, the differences in the
shape of the buildings, the height of the buildings and the colour of the
buildings are becoming more and more obvious, which makes the
landscape more diverse on the underlying surface. In a plain city, the
underlying surface is flat and even, the architectural layout of the city is
often relatively homogeneous, and the buildings have a similar shape,
height and colour. Moreover, most of the water bodies are made of
lakes, and the centralized parks and meadows make up the green
spaces. This may be one of the reasons why our research results are not
as clear as those from previous studies in other cities (Chun &
Guhathakurta, 2017; Chun & Guldmann, 2018). In addition, Cai and
Han (2018) found that water bodies have a significant impact on the
relationships between the urban form factors and LST, particularly at a
distance from the riverside of less than 250m. Hence, this paper tries to
eliminate those samples within 250m of the riverside in the 510m'
spatial scale and recalculate the four models using the remainder of the
samples. The result shows that the R2 value increases from 0.69 to 0.74
in the SLM model; however, the R2 value of the other three models does
not improve significantly. This implies that the cooling effect of the
body of water may have a modest degree of influence on the regression
models.

Table 4
The four regression models between urban form factors and LST.

Independent variables Dependent variable: LST

OLS SLM SEM GSM

Constant 31.77** 3.26* 32.06** −3.39
(59.68) (1.99) (31.13) (-0.63)

Sky view factor (SVF) 0.02** 0.02** 0.01** 0.01**
(4.81) (5.03) (3.49) (3.05)

Urban surface roughness (USR) −2.79× 10-4* −1.51× 10-4* −0.50× 10-4 −0.96× 10-4

(-2.42) (-2.05) (-0.77) (-1.46)
Road surface area density (RSD) −0.04× 10-4 0.05×10−4 0.03×10−4 0.09×10−4

(-0.26) (0.47) (1.74) (1.15)
Building density (BD) −7.17× 10-4 3.04×10−4 8.45×10−4 8.21×10−4

(-0.37) (0.24) (0.93) (0.82)
Spatial lag term (ρ) — 0.84** — 1.06**

(17.46) (6.56)
Spatial error term (λ) — — 0.87** −0.10

(21.29) (-0.38)
R² 0.24 0.69 0.76 0.80
Moran's I 0.56
LM-Lag 58.13**
LM-Error 52.28**

() t-stat.
**P < 0.01;
*P < 0.05;

Fig. 8. The box plots of LST in eight aspects: (a) summer daytime, (b) winter daytime.
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4.3. Limitations

In this study, we only focus on the contribution of physical con-
struction factors (urban spatial form) to LST. It is well known that LST is
a consequence of absorbed solar radiation and anthropogenic heat
sources with a synthesized influence of many factors. Many studies
show that anthropogenic heat sources play an important role in urban
area warming (Fang et al., 2016). Anthropogenic heat sources are in-
trinsic energy sources that promote LST rises, including industrial ac-
tivities, building energy consumption, automobile exhaust and human
metabolism (Sailor & Lu, 2004), which are emitted into the atmosphere
and transmitted in urban spaces, causing a change in the heat transfer
mechanism. What's more, this paper simplifies the shape of the build-
ings, treats them into three-dimensional cubes, and ignores the differ-
ences in the roof, which may have some influence on the results of the
study. Moreover, only the LST derived from remote sensing images
cannot directly reflect the level of heat stress of human bodies and this
paper does not verify the relationships using air temperature because
synchronous measurements are difficult in the big urban area. In ad-
dition, many studies show that water bodies can release heat to the
surrounding air because of the high heat capacity at night or in winter
(Chun & Guhathakurta, 2017; Moyer & Hawkins, 2017; Steeneveld,
Koopmans, Heusinkveld, & Theeuwes, 2014), which will be considered
in future studies.

In future work, it is necessary to conduct a comparative study
among several mountainous cities and find the common relationships
between urban spatial form factors and LST. Of course, more factors
should be considered, such as the materials, colours, shapes and roofs of
buildings and anthropogenic heat sources. In addition, it is worth
studying on relationships between urban spatial forms and LST based

on time-series image data in the four seasons. Nonlinear regression
models can also be used to analyze the relationship between urban
spatial form and urban heat island and provide more powerfully pre-
diction.

5. Conclusions

In this study, we found that the spatial scale influences the corre-
lations between urban spatial form factors and LST, and the optimal
spatial scale changed over the season. Therefore, the spatial scale
should be considered in other studies. There is a significant positive
correlation between SVF, USR, RSD, BD and LST, and the positive
correlation between FAR and LST is not significant. FAR has also
multicollinearity with other factors. Even though the spatial regression
models (SLM, SEM, GSM) working better than the OLS model, it should
be noted that some urban spatial form factors did not show a significant
contribution to LST in the spatial models, due to their spatial spillover
and spatial heterogeneity effect. Besides the spatial effect, the unique
topography of mountainous city also has an impact on the urban
thermal environment, such as the slope, aspect and underlying surface.
Which implies that the thermal environment in mountainous cities is
more complicated than plain cities, the planners should also consider
the topography impact and using different methods to mitigate UHI,
and making the mountainous cities cope with climate change.
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Appendix A

Table A1

Table 5
Comparison of underlying surface between mountainous city and plain city.

Type Roads Buildings Profiles Water bodies Green spaces

City in plain

Regular networks Monotonous building layout Flat ground Lakes Centralized parks, meadows
City in mountain

Irregular networks Diverse building layout Coarse ground Rivers Dispersive lawn

Table A1
The meanings of the abbreviations in the text.

Abbreviation Meaning Abbreviation Meaning

LST land surface temperature UHI urban heat island
SUHI surface urban heat island SVF sky view factor
USR urban surface roughness BD building density
RSD road surface area density FAR floor area ratio
SEM spatial error model RTE radiation transfer

equation
NDVI normalized difference

vegetation index
SLM spatial lag model

OLS ordinary least square GSM general spatial
model
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