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Abstract
The global surface air temperature (Ta) has increased significantly in the past several decades. However, it
remains disputable how much effect rapid urbanization has had on warming trends in mainland China. In this
study, a gridded Ta dataset was created using satellite data. Then, a series of satellite-based methods to
evaluate the contribution of urbanization to warming were developed. Subsequently, the contribution of
urbanization to warming during 2001–2018 was estimated. The national average Ta was found to have
increased significantly (0.23 C/decade) in mainland China. At the national scale, the contribution of urbanization to warming was negligible (less than 1%) since built-up areas account for only approximately 2.66% of

Corresponding author:
Lunche Wang, Key Laboratory of Regional Ecology and Environmental Change, School of Geography and Information
Engineering, China University of Geosciences, Wuhan 430074, China.
Email: wang@cug.edu.cn

2

Progress in Physical Geography XX(X)

the area of China. At the regional scale, the contribution of urbanization was also small in most areas and was
even negative in some areas. At the local scale, the contributions of urbanization to warming were 53.18%,
54.30% and 47.25% for the mean, maximum and minimum Ta, respectively, averaged for 31 major cities. This
study demonstrated that the contribution of urbanization to warming was significant at the local scale, while
the contribution of urbanization to large-scale warming was limited. The contribution of urbanization was
underestimated at the local scale but overestimated at the national and regional scales by many previous
studies due to the sparse and uneven distribution of meteorological stations.
Keywords
Air temperature, urban heat island, remote sensing, urbanization, regional warming, mainland China

I Introduction
Global surface air temperature (Ta) has
increased significantly in the past several
decades, causing several severe issues, such as
glacier retreat (Roe et al., 2016), permafrost
degradation (Shakhova et al., 2017), perturbations in ecosystems (Prăvălie, 2018) and
increased frequency of heat waves (Luo and
Lau, 2017; Sun et al., 2014). Thus, it is vitally
important to accurately reveal the magnitude
and associated drivers of global warming.
One of the drivers of warming is urbanization, which can cause the urban heat island
(UHI) effect that contributes to warming (Ren
and Zhou, 2014). The contribution of urbanization to warming at the global scale is small
(Hansen et al., 2010; Parker, 2006; Zhao and
Wu, 2017). However, it remains in dispute how
much rapid urbanization has contributed to
warming in mainland China at the national scale
(Jin et al., 2018; Li et al., 2019; Ren and Ren,
2011; Ren and Zhou, 2014; Shi et al., 2019; Sun
et al., 2016; Wang et al., 2015a). For example,
Ren and Zhou (2014) found that the contribution of urbanization to the increase in mean Ta
in mainland China was 15.4% over the period
1961–2008. Wang et al. (2015a) found a negligible contribution (approximately 0.35%) of
urbanization to the warming trend in mainland
China for the period 1951–2010. Sun et al.
(2016) found that the contribution of urbanization to warming was approximately one-third in

mainland China during 1961–2013. These studies used data from meteorological stations (the
numbers of stations for these studies were different) to analyze the contribution of urbanization to warming. Their study areas and
definitions of the contribution of urbanization
were the same, and the study periods were generally similar, but the results were quite different.
As a result, the contribution of urbanization to
warming in mainland China needs to be further
investigated. At the local scale, we recognize that
the contribution of urbanization to warming was
great (generally between 10 and 40%) (Liao
et al., 2017; Wang and Ge, 2012; Wang et al.,
2015b; Yang et al., 2011; Zhao et al., 2014).
Most of the previous studies used meteorological stations to examine the effect of urbanization on warming trends (Jin et al., 2018; Liao
et al., 2017; Park et al., 2017; Ren and Zhou,
2014; Sun et al., 2016; Wang et al., 2015a). The
commonly used method is to compare the trends
of Ta between urban and rural meteorological
stations (Karl et al., 1988; Liao et al., 2017;
Mohsin and Gough, 2010; Park et al., 2017;
Wang et al., 2015b). However, this method
may lead to uncertainties: (1) most of the
meteorological stations are situated in or around
built-up urban areas (Sun et al., 2016; Wang
et al., 2015a). It is difficult to select purely rural
stations that are surrounded by land cover types
other than built-up urban areas. For instance,
Wang et al. (2015a) defined rural stations as
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those stations having a proportion of urban area
less than 10% within a radius of 11 km. Therefore, the rural stations used in previous studies
may undergo urbanization, which causes an
underestimation of the urbanization effect.
(2) Urbanizing areas generally showed higher
increasing trends of UHIs than stable urban
areas (SUAs) (Yao et al., 2017; Zhao and Wu,
2017). However, due to the sparse distribution
of meteorological stations, previous studies
often used one station to represent the Ta of
an entire city (Liao et al., 2017; Wang et al.,
2015a; Yang et al., 2011). The contribution of
urbanization may be overestimated when the
station is located in urbanizing areas. Similarly,
the contribution of urbanization may be underestimated when the station is located in SUAs or
exurban areas. (3) The number of meteorological stations is sparse in western China (Niu
et al., 2018; Ren and Zhou, 2014; Sun et al.,
2016). For instance, Wang et al. (2015b)
showed that there were no meteorological stations in certain 2.5  2.5 latitude–longitude
grid boxes in western China. Another widely
used method is to compare the trends of Ta
between meteorological stations and reanalysis
data, since the reanalysis data are insensitive to
land use changes (Fall et al., 2010; Kalnay and
Cai, 2003; Kalnay et al., 2006; Park et al., 2017;
Wang and Yan, 2015; Zhou et al., 2004). However, the quality of reanalysis data was relatively low, and the trends of Ta differed
substantially for different reanalysis data (Wang
and Yan, 2015; Xu et al., 2018). Overall, a new
method to quantify the contribution of urbanization to warming, and to avoid the aforementioned uncertainties, needs to be introduced.
Satellite sensors can provide spatially continuous monitoring of the land surface, which
can avoid the aforementioned uncertainties.
Satellite-based land surface temperature (Ts) and
Ta are often strongly related, although the relationship has spatiotemporal variations and
depends on land cover type and vegetation (Good
et al., 2017; Shiflett et al., 2017; Weng, 2009; Xu
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et al., 2018). The relationship between Ts and Ta
can be built and then the areas without Ta observations can be predicted using this relationship
and spatially continuous Ts data. Thus, spatially
continuous Ta data can be mapped. This method
has been widely used to estimate Ta from local to
global scales (Benali et al., 2012; Hooker et al.,
2018; Li et al., 2018; Xu et al., 2018; Zhu et al.,
2013). In the present study, the seasonal average
Ta was first mapped using Moderate Resolution
Imaging Spectroradiometer (MODIS) Ts data.
Next, since the station-based point data are different from satellite-based gridded data, a series
of satellite-based methods to evaluate the contribution of urbanization to warming was developed. Finally, the contribution of urbanization
to warming was systematically examined at the
national, regional and local scales in mainland
China for the period of 2001–2018.

II Study area and data
1 Study area
Mainland China covers approximately 9.6 million km2 (Figure 1). In mainland China, temperature and precipitation decrease gradually
from south to north and from southeast to northwest, respectively. Moreover, recent decades
have observed rapid economic development and
urbanization in mainland China: (1) the urban
population increased from 310.02 million in
1990 to 775.35 million in 2015 (United Nations,
2018), and (2) the real gross domestic product
(GDP) increased from 1.87 trillion yuan in 1990
to 68.91 trillion yuan in 2015.

2 Data
Land cover information in 2000, 2005, 2010 and
2015 was derived from the China’s Land Use/
Cover Datasets (CLUDs). CLUDs have national
coverage, high spatial resolution (30 m) and
high accuracy (greater than 90%) (Kuang
et al., 2016; Liu et al., 2014). Daily mean, maximum and minimum Ta data from 699
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Figure 1. Locations of meteorological stations and 31 cities (or urban agglomerations) in mainland China.
BJ: Beijing; HT: Hohhot; SJZ: Shijiazhuang; TY: Taiyuan; TJ: Tianjin; CC: Changchun; HB: Harbin; SY: Shenyang;
LZ: Lanzhou; UQ: Urumqi; XA: Xi’an; XN: Xining; YC: Yinchuan; FZ: Fuzhou; HZ: Hangzhou; HF: Hefei; JN:
Jinan; NC: Nanchang; NJ: Nanjing; YRDUA: Yangtze River Delta urban agglomeration; CS: Changsha; HK:
Haikou; NN: Nanning; WH: Wuhan; ZZ: Zhengzhou; PRDUA: Pearl River Delta urban agglomeration; CD:
Chengdu; CQ: Chongqing; GY: Guiyang; KM: Kunming; LS: Lhasa.
The background map is the 2015 China Land Use/Cover Dataset.

meteorological stations for the period of 2001–
2018 were derived from the China Meteorological Data Service Center (CMDC). Strict quality control was performed by CMDC, and the
data error was nearly zero (Li et al., 2019; Wang
et al., 2015b). Data from 694 meteorological
stations with missing values less than seven
days in a month were used in this study (Figure 1). Additionally, Ts and vegetation information over the period of 2001–2018 was obtained
from MODIS 1-km-resolution MOD11A2 Ts
and MOD13A3 enhanced vegetation index
(EVI) data, respectively (Huete et al., 2002; Yao
et al., 2019). Finally, 30-m-resolution
Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) Digital Elevation Model (DEM) data were used. These satellite data have been thoroughly validated and

showed good accuracy (Huete et al., 2002;
Tachikawa et al., 2011).

III Methods
1 Preprocessing
Each of the four (2000, 2005, 2010 and 2015)
land cover maps were first merged into two
major types: built-up area (urban area, industrial
land and rural settlement) and other types (all
other land cover types). The four maps were
then converted into two types of land cover
maps with 1000 m resolution: (1) proportional
land cover maps (used to study the effect of
urbanization on Ta at the national and regional
scales, see sections III.3 and III.4), where for
each 1000-m-resolution pixel, the value was set
as the proportion of land cover type (built-up

Yao et al.

area or other type) within the pixel (using the
original 30-m-resolution data); and (2) major
land cover type maps (used to study the urbanization effect on Ta at the local scales, see section III.5), where for each 1000 m of pixel
resolution, the land cover type was given as the
land cover type with the highest proportion
within the pixel. That is, if the proportion of
built-up areas was higher than 50% (Mertes
et al., 2015; Yao et al., 2018; Zhou et al.,
2014, 2015), the land cover type of the pixel
was set as the built-up area; otherwise, the land
cover type was set as the other type. Overall,
four proportional land cover maps and four
major land cover type maps were generated.
The daily mean, maximum and minimum Ta
values were first averaged into the seasonal
mean, maximum and minimum Ta (spring:
March to May; summer: June to August;
autumn: September to November; winter:
December to February (Ren and Zhou, 2014;
Wang et al., 2015a)). Ts and EVI data were also
averaged into seasons. In addition, 30-mresolution DEM data were aggregated to 1000
m resolution. DEM data were assumed to be
constant during 2001–2018.

2 Ta estimation and validation
In this study, the seasonal mean, maximum and
minimum Ta were mapped using the following
steps:
(1)

Ts, EVI and DEM data were used to estimate Ta. These data were used because,
first, these variables significantly correlate
with Ta and play important roles in estimating Ta (Chen et al., 2016; Li and Zha,
2019; Lin et al., 2016; Shi et al., 2016; Xu
et al., 2018; Yoo et al., 2018; Zhu et al.,
2019); and second, these data are publicly
available. The values of the pixels where
the meteorological stations are located
were extracted from the Ts, EVI and DEM
data.
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(2)

(3)

The extracted Ts, EVI and DEM data and
the observed Ta from the meteorological
stations were input into the model. Cubist
model (Quinlan, 1992) in R statistical software (‘Cubist’ add-on package) was utilized in this study since it has high
accuracy. For example, Xu et al. (2018)
used 10 machine learning algorithms to
estimate Ta, and the results showed that
the Cubist model has the highest accuracy.
Noi et al. (2017) showed that a Cubist
model has a higher accuracy than a multiple linear regression model. Ts, EVI and
DEM data served as independent variables
and the observed Ta served as the dependent variable. The model can automatically fit a relationship between
independent and dependent variables.
The spatially continuous Ta data in mainland China can be created according to the
fitted relationship and spatially continuous
Ts, EVI and DEM data.

The accuracy of Ta estimation was evaluated
by a 10-fold cross-validation method using the
data from 694 stations. The root-mean-square
error (RMSE), mean absolute error (MAE) and
coefficient of determination (R2) were calculated to describe the model performance.

3 The contribution of urbanization at the
national scale
Trends in the mean, maximum and minimum Ta
in mainland China during 2001–2018 were
examined using linear regression. The effect
of urbanization on the trend of Ta refers to the
difference between the trend of Ta with and
without urbanization, which is calculated as
(Park et al., 2017; Ren and Zhou, 2014; Wang
et al., 2015a):
ð1Þ
UE1 ¼ T1  T2
where T1 is the trend of the national average Ta
(spatial average for all pixels), and T2 is the
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trend of the national average Ta without the
effect of urbanization. Consequently, UE1 is
the effect of urbanization on the trend of Ta at
the national scale. T2 was calculated as follows.
In the Ta maps, if the proportion of built-up
areas of a pixel is higher than 0% (defined as
urbanized pixels), the Ta of this pixel was
replaced with the average Ta of those pixels
with proportions of built-up areas equal to 0%
(defined as nonurbanized pixels) within a radius
of 50 km. Subsequently, T 2 is the trend of
national average Ta after processing using the
abovementioned step. Since all urbanized pixels
were replaced using surrounding nonurbanized
pixels in the step mentioned above, the pixel
numbers for calculating T1 and T2 were the
same. Additionally, the Ta of nonurbanized pixels for calculating T1 and T2 were the same,
whereas the Ta of urbanized pixels for calculating T1 and T2 were different. Therefore, the
urbanization effect can be evaluated accurately.
Equation (1) is based on the hypothesis that the
trends in Ta of urbanized pixels are the same as
the trends in Ta of the surrounding nonurbanized pixels if urbanization does not occur. This
hypothesis is the same as using the difference in
trends in Ta between urban and rural meteorological stations to represent the urbanization
effect in previous studies (Ren and Zhou,
2014; Sun et al., 2016; Wang et al., 2015a).
The contribution of urbanization is defined as
the proportion of the effect of urbanization on
the trend of Ta to the overall trend of Ta. The
contribution of urbanization to warming at the
national scale was calculated using equation (2):
C1 ¼

UE1
 100%
T1

ð2Þ

where T1 is the trend of the national average Ta.
UE1 is the effect of urbanization on the trend of
Ta. C1 is the contribution of urbanization at the
national scale. Note that the contribution of
urbanization was calculated only when T 1
increased (linear regression slope > 0) significantly (p < 0.1).

4 The contribution of urbanization at the
regional scale
In previous studies, mainland China was
divided into a series of 2.5  2.5 or 5  5
grids, and the effect of urbanization on the
observed warming trends was calculated in each
grid (Ren and Zhou, 2014; Wang et al., 2015b).
Previous studies failed to divide mainland
China into smaller grids since the number of
meteorological stations is insufficient in western China. Similar to previous studies, all of
China was divided into a series of 250  250
km grids, and the contribution of urbanization to
warming at the regional scale was calculated in
each grid. In addition, the wall-to-wall coverage
of satellite data can provide detailed spatial
information. In this study, the contribution of
urbanization was further mapped using a moving window method. First, an empty image with
a size equal to the gridded Ta data was generated. Second, for a pixel in the empty image, a
round window that centered this pixel was generated. Third, the value of this pixel was set as
the effect of urbanization (or contribution of
urbanization) within this window. Fourth, this
window moved to the next pixel, and the value
of the next pixel was set. This step was repeated
until the values of all pixels were set. In this
study, three round windows with 50 km radius,
100 km radius and 150 km radius were used.
The Ta maps with and without the effects of
urbanization (see the previous section) and
equation (2) were used to calculate the contribution of urbanization.

5 Urbanization’s contribution at the local scale
In the present study, the contribution of urbanization at the local scale was analyzed in 31 major
cities or urban agglomerations in mainland China
(Figure 1). For each city, four areas were generated using major and proportion land cover
maps: (1) whole urban area (WUA), defined as
the united areas of built-up areas of the four (in

Yao et al.

7

Figure 2. Map of the proportions of built-up areas in (a) 2000, (b) 2005, (c) 2010 and (d) 2015. (e) Schematic
diagram of rural area, whole urban areas, stable urban areas and changing urban areas. Beijing was used as an
example.

the years 2000, 2005, 2010, 2015) major land
cover type maps; (2) SUA, defined as those pixels with proportions of built-up areas that did not
change from 2000 to 2015 in the WUA; (3)
changing urban area (CUA), referring to those
pixels with proportions of built-up areas that
changed at least once from 2000 to 2015 in the
WUA – in other words, the WUA was divided
into two parts, SUA and CUA; and (4) reference
rural area, defined as the 50 km buffer around the
WUA (removing urbanized pixels) (Imhoff et al.,
2010). This distance (50 km) is closer than the
distance between urban and reference rural
meteorological stations in previous studies (generally between 50 and 150 km) (Fang et al.,
2014; Wang et al., 2015a; Yang et al., 2011).
A schematic diagram of these four areas is shown
in Figure 2. Finally, the effect of urbanization on
the trend of Ta at the local scale was calculated
using equation (3):
ð3Þ
UE2 ¼ T3  T4
where T3 is the trend of Ta in WUA or SUA or
CUA, and T4 is the trend of Ta in reference rural
areas. Thus, UE2 is the urbanization effects on

trends of Ta at the local scale. The urbanization’s
contribution was calculated using equation (4):
UE2
 100%
ð2Þ
T3
where T3 is the trend of Ta in WUA or SUA or
CUA. UE2 is the effects of urbanization on the
trend of Ta at the local scale. C2 is the contribution of urbanization to the trend of Ta at the
local scale.
C2 ¼

IV Results
1 Validation of the estimated Ta
The Cubist model produced satisfactory Ta estimation accuracy. The MAEs were 0.79, 1.05
and 0.94 C for the mean, maximum and minimum Ta, respectively. The RMSEs were 1.15,
1.51 and 1.31 C for the mean, maximum and
minimum Ta, respectively. The R2 values were
0.99, 0.98 and 0.99 for the mean, maximum and
minimum Ta, respectively. The accuracy in this
study is higher than the accuracy in the majority
of previous studies (RMSE generally between 1
and 3 C) (Benali et al., 2012; Li and Zha, 2019;
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Table 1. Trends of Ta, urbanization effects and contributions of urbanization for the period of 2001–2018.
The urbanization’s contribution was only calculated when the national average Ta increased significantly.

Annual mean Ta
Annual
maximum Ta
Annual
minimum Ta
Spring mean Ta
Spring
maximum Ta
Spring minimum
Ta
Summer mean
Ta
Summer
maximum Ta
Summer
minimum Ta
Autumn mean
Ta
Autumn
maximum Ta
Autumn
minimum Ta
Winter mean
Ta
Winter
maximum Ta
Winter
minimum Ta

Slope
( C/decade)

Slope without urbanization
( C/decade)

0.23*
0.15

0.23*
0.15

0.00
0.00

0.98%

0.30***

0.30***

0.00

0.06%

0.39
0.36

0.39
0.35

0.01
0.01

0.32*

0.31

0.00

0.28

0.28

0.00

0.33*

0.33*

0.00

0.70%

0.40*

0.40*

0.00

0.63%

0.11

0.11

0.00

0.20

0.20

0.00

0.32

0.32

0.00

0.14

0.14

0.00

0.07

0.07

0.00

0.18

0.19

0.01

Urbanization effects
( C/decade)

Urbanization’s
contribution

1.06%

Significance levels: *p < 0.1; **p < 0.05; ***p < 0.01.

Li et al., 2018; Lu et al., 2018; Noi et al., 2017;
Zhang et al., 2016). For example, Li and Zha
(2019) estimated the mean Ta in China for the
period of 2001–2015. The RMSEs of Li and Zha
(2019) ranged from 1.57 to 1.99 C, primarily
because this study estimated the seasonal Ta,
while most of the previous studies estimated
monthly or daily Ta.

2 Temporal trends of Ta in mainland China
The rate of increase of the annual minimum Ta
(0.30 C/decade, p < 0.01) was higher than for the

maximum (0.15 C/decade, p ¼ 0.36) and mean
(0.23 C/decade, p < 0.1) Ta in mainland China
for the period of 2001–2018 (Table 1). The proportion of significant increasing trends of the
minimum Ta (39.46%) was higher than the mean
(26.14%) and maximum (12.54%) Ta (Figure 3)
because the variations in minimum Ta are more
affected by the greenhouse effect, while the
mean and maximum Ta values are also affected
by many other factors, such as solar radiation and
atmospheric moisture (Ren et al., 2017; Wang
et al., 2018). Seasonally, higher increasing rates
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Figure 3. Temporal trends of Ta in mainland China: (a) trend of mean Ta; (b) significance of the trend of
mean Ta; (c) trend of maximum Ta; (d) significance of the trend of maximum Ta; (e) trend of minimum Ta; (f)
significance of the trend of minimum Ta.

of Ta were observed in spring (March to May)
and summer (June to August) (Table 1). Spatially, the Tibetan Plateau generally showed
higher increasing trends in Ta than other regions,

indicating that the Tibetan Plateau is sensitive to
climate change. Additionally, significant
decreasing trends were found in only a few areas
in mainland China (Figure 3).
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Figure 4. The frequency distribution of the proportion of built-up areas (yellow bar), and the mean trends of
Ta of each range of proportions of built-up areas (green, red and blue bars).

3 Contribution of urbanization at the
national scale
The annual mean Ta increased significantly at a
rate of 0.23 C/decade (p < 0.1) in mainland
China. Once the effect of urbanization was
excluded, the rate of increase was 0.23 C/decade
(p < 0.1) (Table 1). Thus, the effect of urbanization on the mean Ta was only 0.00 C/decade, and
the contribution of urbanization was 0.98% at the
national scale. In addition, the effects of urbanization on the trends of Ta at the national scale
were also small for the annual maximum and
minimum Ta, which was also the case for other
seasons.
The small effects of urbanization on trends of
Ta at the national scale can primarily be attributed to the low proportion of built-up areas in
mainland China. The area of built-up areas was
found to account for only 2.66% of the total area
of mainland China in 2015 (derived from
CLUD). Additionally, the frequency distribution of proportions of built-up areas and the
mean trends of Ta of each range of proportions
of built-up areas were calculated (using CLUD
in 2015) (Figure 4). Three main results were

found. First, nonurbanized pixels account for
85.21% of mainland China (mainly in western
China). This result suggested that the trends of
Ta in most areas of China were not affected by
urbanization. Second, the mean trends of the
mean, maximum and minimum Ta in nonurbanized pixels were 0.24, 0.15 and 0.32 C/decade,
respectively. These values were close to the
trends of the national average Ta (Table 1). This
result suggested that even if there is no urbanization, the Ta will still rise significantly,
another reason for the small contribution of
urbanization to warming in mainland China in
addition to the small proportion of built-up
areas. Third, the trends of Ta generally increase
with the increase in the proportion of built-up
areas. The mean trend of minimum Ta in pixels
with 100% built-up areas was even higher than
0.6 C/decade (Figure 4). However, because
urbanized pixels account for a small part of
mainland China, the trends of the national average Ta were less affected by urbanized pixels.
The effects of urbanization on the trends of Ta
and the contribution of urbanization to warming
at the national scale in the present study were
much lower than in some previous studies (Jin
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et al., 2018; Ren and Ren, 2011; Ren and Zhou,
2014; Sun et al., 2016). A detailed discussion of
this discrepancy is presented in section V.1.

4 Contribution of urbanization at the
regional scale
The effects of urbanization on and the contribution of urbanization to warming trends were
small in most areas in China (Figure 5). Spatially,
the urbanization effect was higher than 0.02 C/
decade, and the contribution of urbanization was
higher than 10% in some areas in eastern China,
especially on the North China Plain. In contrast,
the effects of urbanization on the trends of Ta
were small in western China. Additionally, there
were some areas where there was an effect of
urbanization on the trends in Ta of less than
0 C/decade, suggesting that Ta in rural areas
increased more rapidly than in built-up areas.
This increase can be explained by two main reasons. First, the proportion of built-up areas is
close to zero in some regions. Thus, the urbanization effect was negligible and can be masked
easily by local climate variability, land cover
change in rural areas and random error. Second,
changes in land cover in rural areas can alter the
land surface properties and then alter the Ta.
Compared with mapping the contribution of
urbanization to warming in each 250  250 km
grid, the moving window method used in this
study can provide more details of the contribution of urbanization to warming at the regional
scale and can capture the extreme values (Figure 5). In addition, the effects of urbanization on
the trends of Ta generally decrease as the window size increases, probably because the proportion of built-up areas in a window normally
decreases as the window size increases.

5 Contribution of urbanization at the local
scale
The contribution of urbanization to warming
was substantial at the local scale (Figure 6 and
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Table 2). The annual mean Ta in rural areas
averaged for 31 cities increased insignificantly
at a rate of 0.20 C/decade (p ¼ 0.19), which was
lower than in the WUA (0.42 C/decade, p <
0.01; Table 2). This result suggested that the
effect of urbanization on the trend in mean Ta
was 0.23 C/decade, and the contribution of
urbanization to warming in the WUA was
53.18%. In addition, the effect of urbanization
on the trends in minimum Ta (0.26 C/decade)
was larger than for the maximum Ta (0.19 C/
decade) in the WUA, similar to previous studies
(Liao et al., 2017; Park et al., 2017; Ren and
Zhou, 2014) and can be explained by the more
pronounced UHI effect at night than in the daytime. Furthermore, the effects of urbanization
on the trends in Ta in CUA were 0.24, 0.20 and
0.26 C/decade for the mean, maximum and
minimum Ta, respectively. These values were
much higher than for SUA. These results are
understandable since urbanization generally
occurred in CUA rather than in SUA.

V Discussion
1 Overestimation of the contribution of
urbanization at the national and regional
scales in previous studies
Some previous studies showed that urbanization
contributed substantially to warming in mainland
China at the national scale (Jin et al., 2018; Ren
and Ren, 2011; Ren and Zhou, 2014; Sun et al.,
2016). For instance, Ren and Zhou (2014) found
that the effect of urbanization on the trend of
mean Ta was 0.05 C/decade, which contributed
to 15.4% of the total warming during 1961–2008.
Sun et al. (2016) showed that urbanizationinduced warming was 0.09 C/decade, and the
contribution of urbanization was approximately
one-third for the period of 1961–2013. Jin et al.
(2018) showed that the effect of urbanization on
the trend in Ta was 0.05  C/decade, which
accounted for 18% of the total warming during
1961–2012. Previous studies assessed the
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Figure 5. The effects of urbanization on and the contribution of urbanization to trends in Ta at the regional
scale. There were no data in some areas because the trend of Ta was not statistically significant.

Yao et al.
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Figure 6. Effects of urbanization on and contribution of urbanization to trends in Ta at the local scale. Note
that there were no data in some cities because the trend of Ta was not statistically significant.
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Table 2. Trends in Ta averaged for 31 cities and the contribution of urbanization. The contribution of
urbanization was only calculated when Ta in urban areas (WUA or SUA or CUA) increased significantly.

Trends of Ta ( C/decade)

Urbanization’s contribution

Annual mean Ta
Annual maximum Ta
Annual minimum Ta
Annual mean Ta
Annual maximum Ta
Annual minimum Ta

WUA

SUA

CUA

Rural

0.42***
0.35*
0.54***
53.18%
54.30%
47.25%

0.34**
0.27
0.50***
42.22%

0.44***
0.36*
0.54***
54.29%
55.87%
47.68%

0.20
0.16
0.28**

42.52%

Significance levels: *p < 0.1; **p < 0.05; ***p < 0.01.

contribution of urbanization to warming in mainland China using the following steps. First, mainland China was divided into a series of 5  5
grids. Second, the trends in Ta and background
Ta (without the effects of urbanization) in each
grid were calculated as the average trend in Ta
for all meteorological stations and rural meteorological stations, respectively. Third, the national
average trends in Ta and background Ta were
calculated as the area-weighted (weight was calculated according to the area of each grid) average trends in Ta and background Ta of all grids,
respectively. Finally, the contribution of urbanization was calculated using equation (1) (Ren
and Zhou, 2014; Sun et al., 2016). Similar methods were also utilized by many other studies in
smaller study areas, and substantial contributions
of urbanization to warming at the regional scale
were found (Park et al., 2017; Qian et al., 2015;
Ren et al., 2008; Wang and Yan, 2015; Yang
et al., 2011; Zhou et al., 2004). However, a noteworthy issue is that simply arithmetically averaging trends in Ta from all meteorological
stations within the grids may overestimate the
total warming rate and the contribution of urbanization since most of the meteorological stations in mainland China are located in or
around urban areas (Wang et al., 2015b). For
example, in a 5  5 grid composed of 20%
urban area and 80% rural area, there are eight
urban meteorological stations and two rural
meteorological stations. If the trend in Ta of this
grid were calculated as the arithmetically

averaged trend of Ta from all meteorological
stations, the total warming rate and the contribution of urbanization may be overestimated since
the proportion of urban meteorological stations
to total meteorological stations (80%) is much
higher than the proportion of urban area to total
area (20%). In addition, we can infer that if the
number of rural meteorological stations
increases, the trend in Ta of a grid calculated
using this method will decrease. Wang et al.
(2015a) first proposed this viewpoint and used
an area-weighted (percentages of urban and rural
areas in a grid were utilized as the weights) average method to generate the trends in Ta for grids.
Their results showed that the contribution of
urbanization to warming in mainland China was
approximately 0.35% (during 1951–2010),
which was relatively close to the present study.
However, the view of Wang et al. (2015a) is
accepted and supported by few studies. Additionally, the view of Wang et al. (2015b) is based on
the hypothesis that the Ta from nominal urban (or
rural) meteorological stations can represent the
Ta of the entirety of urban (or rural) areas, which
may lead to some uncertainties.
Some studies found that the contribution of
urbanization to warming at the national scale
was negligible (Li et al., 2004, 2019; Shao
et al., 2011; Wang et al., 2015b). Among these
studies, Li et al. (2004) first gave the right result.
As their methods were used by few studies, they
are not discussed in detail in this paper.
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2 Underestimation of the contribution of
urbanization at the local scale in previous
studies
Previous studies found that the contributions of
urbanization to the observed warming trends at
the local scale were generally between 10 and
40% (Liao et al., 2017; Ren et al., 2008; Wang
and Ge, 2012; Wang et al., 2015a; Yang et al.,
2011; Zhao et al., 2014), which were lower than
for this study. Most meteorological stations are
located in or around urban areas in China, and
reliable reference rural stations are scarce. As a
result, previous studies may underestimate the
contribution of urbanization at the local scale.
This underestimation was acknowledged by previous studies (Liao et al., 2017; Ren and Zhou,
2014; Ren et al., 2008; Yang et al., 2011).
Furthermore, the trends in Ta in SUA were different from the trends in CUA, similar to previous studies (Yao et al., 2017; Zhao and Wu,
2017). These findings highlight the importance
of using spatially continuous data to assess the
contribution of urbanization to warming. Previous studies usually used one meteorological station to represent the Ta of an entire city, which
may cause some uncertainties.

3 The reliability of the results
In the present study, a series of methods to evaluate the contribution of urbanization to warming
were proposed. When analyzing the contribution
of urbanization to warming at the national scale,
urbanized pixels were replaced as the average Ta
of nonurbanized pixels within a radius of 50 km.
At the local scale, nonurbanized pixels in 50 km
buffers around the cities were defined as reference
rural areas. The 50 km threshold mentioned above
is slightly arbitrary. Therefore, we further tested
the sensitivity and robustness of the results of the
effects of urbanization on trends in Ta to different
thresholds. Thresholds of 30 and 70 km were also
used. The results showed that different thresholds
did not yield significant differences in the effects
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Table 3. The sensitivity and robustness of the
results of the effects of urbanization on the trends
in Ta at the national scale ( C/decade) for different
thresholds. All data were rounded up to two decimal
places. The minus sign indicates that the effect of
urbanization on the trends in Ta is negative.
Mean Maximum Minimum
Ta
Ta
Ta
30 km was selected
as threshold
50 km was selected
as threshold
70 km was selected
as threshold

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

of urbanization on the trends in Ta at the national
scale (Table 3). The effects of urbanization on the
trends in Ta were lower than 0.00 C/decade in all
cases. At the local scale, effects of urbanization
on the trends in Ta increased with the increase in
the threshold (Table 4). Further analyses showed
that this increase can be explained by different
climate regimes. For instance, Ta decreased significantly in some areas in 50–70 km buffers
around Xi’an and Chengdu. Therefore, if a
70 km buffer was set as the threshold, the effects
of urbanization on the trends in Ta would
increase. To reduce the effect of different climate
regimes, rural areas were not selected as areas
beyond 50 km in the present study.

4 The advantages of satellite-based methods
Satellite-based methods developed in this study
have a number of advantages compared to
station-based methods in previous studies. First,
when assessing the contribution of urbanization at
the national and regional scales, previous studies
calculated the Ta of a grid as the average Ta of all
meteorological stations in that grid. This calculation may lead to certain uncertainties according to
the previous section. Comparatively, satellite
remote sensing can provide wall-to-wall observational coverage, and the Ta of a region can be
computed simply as the average Ta of all pixels.
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Table 4. The sensitivity and robustness of the
results of the effect of urbanization on the trends
in Ta at the local scale in the WUA ( C/decade) for
different thresholds.
Mean Maximum Minimum
Ta
Ta
Ta
30 km was selected
as threshold
50 km was selected
as threshold
70 km was selected
as threshold

0.20

0.17

0.22

0.23

0.19

0.26

0.24

0.21

0.27

Second, when assessing the contribution of urbanization at the regional scale, previous studies can
only investigate the contribution of urbanization
to warming in each 2.5  2.5 or 5  5 grid. In
the present study, the contribution of urbanization
can be revealed more thoroughly using a moving
window method (Figure 5). Third, previous studies used nominal urban and rural meteorological
stations to assess the contribution of urbanization,
which may lead to some uncertainties. For example, the rural stations utilized in previous studies
were not purely rural stations, and the Ta of a city
was usually represented by only one station. In
this study, these uncertainties can be avoided by
the use of spatially continuous satellite observations, and the contribution of urbanization can be
more accurately evaluated.

5 Limitations
Satellite-based methods have some limitations.
First, MODIS Ts data are available from February 2000 to the present. Therefore, the study
period in this study is only 18 years, which is
relatively short to reveal climate change. The
warming trends and the contribution of urbanization to warming in this study will be affected
by internal climate variability and atmospheric
oscillations. Future studies should use longer
time series data to analyze the contribution of
urbanization to warming. Second, the accuracy
of the estimated Ta is evidently lower than the

accuracy of the in situ Ta. This may lead to
some uncertainties. However, we believe that
with the increasing accuracy of the estimated
Ta (e.g. with the improvements in Ts data and
the estimation method), these uncertainties will
decrease.

VI Conclusions
In this study, the contribution of urbanization to
warming during 2001–2018 was systematically
estimated at the national, regional and local
scales using satellite estimated Ta data. A Cubist model produced satisfactory Ta estimation
accuracy with RMSEs between 1.15 and
1.51 C. The national average Ta was found to
increase significantly (0.23 C/decade, p < 0.1).
At the national scale, the contribution of urbanization to warming was less than 1%, primarily
because built-up areas account for only 2.66%
of China’s area. At the regional scale, the contribution of urbanization was also small in most
cases and was even negative in some areas. The
contribution of urbanization was overestimated
at the national and regional scales by many previous studies, because previous studies used the
simple average method to calculate regional
average Ta. At the local scale, the contributions
of urbanization to warming were 53.18%,
54.30% and 47.25% for the mean, maximum
and minimum Ta, respectively, averaged for
31 major cities. The contribution of urbanization was underestimated at the local scale by
previous studies, because they used nominal
rural stations to calculate the contribution of
urbanization.
Satellite-based methods developed in this
study have a number of advantages compared
to station-based methods in previous studies.
First, the proposed method in this study can
avoid uncertainties when calculating the contributions of urbanization. Second, the moving
window method can reveal the contribution of
urbanization at the regional scale more thoroughly. However, limitations also exist in the
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present study. First, the study period in the present study is relatively short because MODIS
data have been available only since February
2000. Second, the accuracy of the estimated
Ta is lower than that of the in situ Ta. Future
studies should: (1) use longer time series data to
analyze the contribution of urbanization to
warming; and (2) simultaneously use the Ta
monitored by meteorological stations and the
Ta estimated by remote sensing to study the
effects of urbanization.
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