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A B S T R A C T   

Most previous studies of surface urban heat islands (SUHIs) have focused solely on their controlling factors on a 
seasonal/annual timescale, while the controls on daily variations are largely unknown. By extracting the daily 
variations of nighttime SUHI features using the Gaussian model and investigating their correlations with various 
explanatory factors, we have attempted to determine the controls on SUHIs on a daily-basis over Chinese cities. 
Specific controls of weather conditions on the intensity, extent, shape, and centroid of the SUHIs were identified. 
Our results show that: (1) SUHI intensity (SUHII) was considerably more sensitive to weather conditions than the 
SUHI footprint (i.e., extent, shape, and centroid). (2) Meteorological variables including relative humidity, 
accumulated precipitation, and aerosol optical depth, had the greatest impact on SUHI intensity; whereas factors 
related to temperature fluctuations (day-to-day fluctuations of surface and air temperature) were the main 
factors influencing SUHI extent, shape, and the direction in which SUHI centroid varies. (3) Antecedent pre
cipitation substantially impacted the subsequent SUHIs under clear-skies, changing both the SUHI itself and its 
sensitivity to other factors. Typically, the clear-sky SUHIs directly following rainfall showed a higher dependence 
on the relative humidity, soil moisture and aerosol, but were less affected by wind. (4) The meteorological 
contributions to the daily nighttime SUHIIs varied among Chinese cities with different bioclimatic conditions. In 
general, they were stronger in temperate zones than in subtropical zones. Our results provide an improved 
understanding of the controls on SUHIs on a daily timescale, as well as a foundation for predicting daily SUHIs 
based on the influencing meteorological variables.   
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Acronyms: 
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AOD aerosol optical depth 
CUHI canopy layer urban heat island 
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(continued ) 

DL daytime length 
DTR diurnal temperature range 
LST land surface temperature 
NDVI normalized difference vegetation index 
PREP precipitation 
RH relative humidity 
SAT surface air temperature 
SUHI surface urban heat island 
SUHII surface urban heat island intensity 
UHI urban heat island 
WDS wind speed 
Symbols: 
Δ difference in a quantity over time 
φ SUHI inclination 
A SUHI area 
C SUHI centroid 
e SUHI shape 
I SUHI intensity 
p p value 
r correlation coefficient 
T land surface temperature 
Common Subscripts: 
…a annual average 
…d daily value 
…dis distance 
…dir direction 
…mid mid-term component 
…r rural 
…u urban 
…u-r urban-rural difference 
…x longitudinal (long-axis) direction 
…y latitudinal (short-axis) direction 
Δ…a intra-annual variation 
Δ…d day-to-day variation 
Δ…p averaged magnitude of day-to-day variation (in percentile)  

1. Introduction 

It is well-known that cities are characterized by significantly elevated 
temperatures compared to the surrounding rural areas. This phenome
non, commonly known as the urban heat island (UHI) (Oke, 1982), is 
one of the clearest examples of the anthropogenic modification of 
climate and can negatively impact both the urban climate and people’s 
lives (Akbari and Konopacki, 2005; Patz et al., 2005). 

The UHIs can generally be classified into four types: the boundary- 
layer UHI, canopy-layer UHI (CUHI), surface UHI (SUHI), and subsur
face UHI; of these the CUHI and SUHI have received the most attention 
(e.g., Chow and Roth, 2006; Haashemi et al., 2016; Hu and Brunsell, 
2013; Lai et al., 2018a; Oke, 1982; Peng et al., 2012; Schwarz et al., 
2012; Sismanidis et al., 2015; Stewart and Oke, 2012; Tran et al., 2017; 
Wang et al., 2017; Zhang et al., 2014a). Predicting these two types of 
UHI are vitally important for improving the quality of urban environ
ments and human life, and a comprehensive understanding of their 
controlling factors is an indispensable first step (Peng et al., 2018; Zhou 
et al., 2017). Investigations of the factors controlling the spatiotemporal 
variations in the CUHI have been extensively documented since 1833 
(Arnfield, 2003; Howard, 1833; Oke, 1982), benefiting from the more 
readily available in-situ measured air temperatures. The factors influ
encing the SUHI, however, have only been comprehensively investi
gated in recent decades, once suitable thermal remote sensing data that 
can depict changes in the large-scale surface thermal status became 
available (Chakraborty and Lee, 2019; Clinton and Gong, 2013; Huang 
et al., 2016; Keramitsoglou et al., 2011; Meng et al., 2018; Nichol, 2005; 
Voogt and Oke, 2003; Wang et al., 2017; Weng, 2009; Zhao et al., 2016; 
Zhou et al., 2013; Zhou et al., 2015). 

The growing availability of remote sensing data has greatly increased 
satellite-based investigations of the controls on the SUHI (Deilami et al., 
2018; Zhou et al., 2019). The results enable us to divide the controls on 
SUHIs into five groups: (1) land cover types, (2) urban form, (3) 

anthropogenic heating, (4) climate conditions, and (5) weather condi
tions. Various studies have confirmed the substantial control of the land 
cover types (e.g., the vegetation, impervious surface, bare land, water 
bodies, and buildings) on the spatial variations of the SUHIs over both 
the pixel and city scales (Chen et al., 2006; Imhoff et al., 2010; Lazzarini 
et al., 2013; Liu et al., 2017; Mathew et al., 2016; Peng et al., 2018; Tran 
et al., 2006; Weng et al., 2004; Yang et al., 2015; Yuan and Bauer, 2007; 
Zhang et al., 2014b; Zhou et al., 2014b). They can as well regulate the 
temporal variations of the SUHIs mainly over the inter- and intra-annual 
time scales (Fu and Weng, 2016; Lazzarini et al., 2015; Shen et al., 2016; 
Zhou et al., 2016a). Urban form can explain a substantial part of the 
pixel-by-pixel SUHI variations, via the factors related to the morpho
logical properties (e.g., the area, compactness, and fractal dimension) of 
landscape patches within each city (Berger et al., 2017; Li et al., 2011; 
Yang et al., 2017; Zhou et al., 2011b); it can also control the city-by-city 
SUHI variations, via the factors related to the morphological properties 
of the entire city (e.g., the city size) (Clinton and Gong, 2013; Cui et al., 
2016; Schwarz and Manceur, 2015; Zhang et al., 2012; Zhou et al., 2013, 
2017). The temporal SUHI variations, especially at the inter-annual 
scale, would also be controlled partly by urban form (Ward et al., 
2016). The anthropogenic heat generated by human activities is another 
substantial factor that impacts the SUHI variations at both the pixel and 
city scale (Liao et al., 2017; Wang et al., 2015; Yang et al., 2019); it is 
also able to impact the diurnal variations in the SUHIs (i.e., day-night 
contrasts), evidenced by its higher relationship with the nighttime 
SUHIs (Kato and Yamaguchi, 2005). Climate conditions also regulate the 
SUHI spatial variations over the regional/global scale and temporal 
variations over the inter- or intra-annual scales, through the interactions 
between land surface temperatures (LSTs) and some climatic variables 
(e.g. precipitation, humidity, wind, aerosols, and air temperatures) (Cao 
et al., 2016; Du et al., 2016; Peng et al., 2012; Yao et al., 2017; Zhao 
et al., 2014, 2018; Zhou et al., 2016b). 

Analyses which integrate the controls of these aforementioned four 
groups of factors can generally capture the spatial variations of the 
SUHIs over all the scales from pixel to global, and also the associated 
temporal variations on the long-term (i.e., over the inter-annual time
scale) or mid-term (i.e., over the monthly/seasonal timescale) scales 
(Peng et al., 2012; Zhou et al., 2014a). However, it has been reported 
that SUHIs could also have large variations over the short-term scale (i. 
e., the day-to-day scale) mainly in response to specific daily weather 
conditions (He, 2018; Oke et al., 2017). For example, high wind speed 
tends to decrease the SUHI intensity (SUHII) and reduce the temperature 
variability, especially at night, by enhancing urban loss of sensible heat 
flux (through convection) and destroying (or preventing) rural surface 
based inversions that characterize strong rural cooling (Oke et al., 2017; 
Shaposhnikova, 2018). Clouds may dampen the SUHI due to their effects 
in blocking daytime incoming radiation and trapping nighttime long- 
wave radiation loss over both urban and rural surfaces (Oke et al., 
2017). High humidity and precipitation would also weaken the SUHI, 
mainly by blocking the daytime solar radiation via the accompanied 
increase in cloud coverage, as well as by suppressing the nocturnal 
cooling especially over rural moist soils (Oke et al., 1991; He, 2018). 

Previous studies have improved our understanding of SUHI controls 
by providing theories of the SUHI variations responsive to weather 
changes, whereas we still lack studies that can quantitatively affirm such 
responses using observations. While preliminary attempts have been 
made to quantify such responses (Shaposhnikova, 2018; Zhou et al., 
2011a), these case studies have only focused on the impacts from a 
single or very limited meteorological variables on the SUHI intensity in a 
very small number of cities. As a result, there remain three unresolved 
fundamental questions related to the meteorological controls on the day- 
to-day SUHI variations: (1) For all the key meteorological variables that 
impact the SUHI and that are frequently observed (e.g., the relative 
humidity, wind speed, accumulated precipitation, and air temperature 
fluctuation), what is the rank (or relative importance) of their control on 
the SUHI variations? (2) Does the SUHI footprint (e.g., the area, shape, 
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and centroid which depicts the general spatial variations of the SUHI), 
like the SUHI intensity, vary significantly with weather changes? (3) Do 
the SUHI in cities within different climatic zones have different re
sponses to the same weather variables? Without answers to these 
questions, our understanding of the controls of the day-to-day SUHI 
variations remains preliminary, therefore limiting our ability to predict 
and mitigate this phenomenon. 

To address these issues, we characterized day-to-day variations in 
the intensity and footprint (including the extent, shape, inclination, and 
centroid) of nighttime SUHIs of 54 megacities in mainland China. 
Various meteorological variables obtained from in-situ measurements in 
these cities, which were anticipated to control the day-to-day variations 
in the SUHI, were incorporated as the main explanatory factors. Several 
variables determined to account for the mid-term components (i.e., the 
intra-annual variation) of SUHIs were also incorporated. It should be 
noted that the SUHI controls investigated in this study were restricted to 
nighttime conditions, mainly because of the considerably higher accu
racies of satellite thermal observations during the night (see Section 
5.3). This study is intended to help advance the understanding of SUHI 
controls on the day-to-day timescale. 

2. Study area 

China has experienced rapid urbanization in the past few decades 
(Zhao et al., 2015, 2015b), and a substantial SUHI effect has been re
ported for most cities (Zhou et al., 2014a). In this study, 83 major cities 
located in different bioclimatic zones were selected on the basis of 
criteria including urban size, urban population, the availability of at 
least one meteorological station within the administrative boundary, 
and administrative significance. At least one city was chosen from each 
province. For the selected megacities, nighttime SUHI features, 
including the intensity and footprint, were extracted from the daily LST 
images using a Gaussian model. Daily results deemed to be of poor 
quality were excluded from further analysis (see Section 3.2.1 for the 
quality evaluation methods). To ensure the reliability of the statistical 
analysis, we adopted the additional criterion that at least 50 daily SUHIs 
were incorporated in the correlations, and those cities with insufficient 
valid daily results were excluded. This resulted in a final total of 54 
cities; their locations are shown in Fig. 1 and detailed information about 
them is given in Supplementary Information Table S1. 

The cities are distributed within five bioclimatic zones: southern 
subtropical (SS), mid subtropical (MS), northern subtropical (NS), warm 
temperate (WT), and mid temperate (MT). Most of the selected cities 
were located in eastern China, which has a relatively flat terrain, mainly 
due to the high sensitivity of the Gaussian model to terrain. Both pre
cipitation and temperature exhibit a decreasing trend from the southern 
to the northern cities (Fig. S1). For each city, all of the built-up pixels 
classified by the Climate Change Initiative (CCI) land cover product (see 
Section 3.1.1) were first identified. These pixels were then aggregated 
using an aggregation distance of 2 km as the urban area, following Zhou 
et al. (2014a). The rural area was then defined as the buffer zone outside 
the urban area (Bechtel, 2015; Cheval and Dumitrescu, 2009; Clinton 
and Gong, 2013; Debbage and Shepherd, 2015), with a radius of 15 km 
(Bechtel, 2015). In order to minimize the effects of water bodies and 
altitude within each city, all the pixels classified as water were removed, 
together with all the pixels with an elevation exceeding a certain 
threshold (defined as ±50 m of the median elevation over the built-up 
pixels) according to the Global 30 Arc-Second Elevation (GTOPO30) 
dataset. We defined the threshold according to the median rather than 
the averaged elevation in order to avoid the effects of fragmentary built- 
up pixels with extreme elevations. 

3. Data and methods 

3.1. Data 

3.1.1. Satellite data 
The satellite data used in this study include the land cover product in 

2012 from the Climate Change Initiative (CCI) program of the European 
Space Agency (ESA) (ESA, 2015), as well as four categories of MODIS 
land product (collection 6) from 2012 to 2016: LST, AOD, normalized 

Fig. 1. Geolocation of the selected 54 
megacities in China. The sizes of the red 
circles denote the number of meteorological 
stations within each city. The climatic zones 
are southern subtropical (SS), mid subtropi
cal (MS), northern subtropical (NS), warm 
temperate (WT), mid temperate (MT), 
plateau temperate (PT), plateau subfrigid 
(PSF), arid temperate (AT), and cold 
temperate (CT). No cities in the CT, PSF, PT, 
and AT zones were chosen in this study. (For 
interpretation of the references to color in 
this figure legend, the reader is referred to 
the web version of this article.)   

Table 1 
Information on the satellite data used in this study.  

Data type Product name Spatial resolution Temporal resolution 

Land cover CCI-LC 300 m annual 
LST MYD11A1 1 km daily 
AOD MCD19A2 1 km daily 
NDVI MOD13A3/MYD13A3 1 km monthly 
albedo MCD43C3 0.05◦ 16-day  
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difference vegetation index (NDVI), and albedo (see Table 1). The land 
cover map has a spatial resolution of 300 m, which was further resam
pled to 1 km for consistency with the LST data, using a nearest neighbor 
resampling strategy. The LST data were derived from the daily nighttime 
MYD11A1 products (acquired at around 01:30) from the Aqua satellites, 
with a spatial resolution of 1 km. Retrieval errors of the MODIS LST data 
were claimed to be less than 1.0 K under most situations using the 
generalized split-window LST algorithm (Wan, 2008). To reduce the 
impact of cloud, all images with less than 50% valid urban or rural pixels 
were removed from the analysis (see Supplementary Information Fig. S2 
for the cloud coverage for Chinese cities). The AOD data were derived 
from the daily MCD19A2 products, generated based on the new Multi- 
Angle Implementation of Atmospheric Correction (MAIAC) algorithm 
with a high accuracy (Lyapustin et al., 2018). The AOD at 550 nm, with a 
spatial resolution of 1 km, were used. The NDVI data were extracted 
from the monthly MOD13A3 and MYD13A3 products from the Terra and 
Aqua satellites, respectively. The associated spatial resolution is 1 km. 
The albedo data were obtained from the 16-day global MCD43C3 
product with a spatial resolution of 0.05◦, and the black sky albedo 
(BSA) in the shortwave band (0.3–5.0 μm) was used. 

3.1.2. In-situ meteorological data 
Daily weather conditions from 2012 to 2016 were collected from 

meteorological stations in the 54 Chinese megacities (see Fig. 1) from 
the China Meteorological Administration (CMA). Four major meteoro
logical variables (the daily means of surface air temperature (SAT), wind 
speed, relative humidity, and daily accumulated precipitation) were 
used. The daily mean values of these variables are illustrated in Sup
plementary Information Fig. S1. Each of the datasets was subjected to a 
series of quality controls, including the assessment of climatic range, 
internal consistency, spatiotemporal consistency, and human-computer 
interaction (Ren et al., 2015). The daily accumulated precipitation data 
totals the amount measured during a 24-h period beginning at 20:00; 
days flagged as snowy were excluded from the precipitation dataset. 

3.2. Methods 

In order to comprehensively investigate the controls on nighttime 
SUHIs, quantitative indicators that are able to describe the overall 
spatial features of the SUHIs are required. Although it is usually 
straightforward to calculate the SUHI intensity (Voogt and Oke, 2003), 
the footprint of a SUHI, by comparison, is more difficult to quantify. The 
Gaussian model, one of the most widely used models for estimating the 
overall spatial features of nighttime SUHIs (Anniballe and Bonafoni, 
2015; Quan et al., 2014; Zhou et al., 2011a), can simultaneously provide 
several parameters which together can be used to efficiently describe 
both the SUHI intensity and footprint (see Section 3.2.1 for more details) 
(Streutker, 2003; Tran et al., 2006). Moreover, its ability to derive SUHI 
features based on the LST spatial continuance generally makes it less 
susceptible to impacts from clouds. Therefore, we used the Gaussian 
model to parameterize the overall spatial features of the SUHIs. We 
acknowledge that the Gaussian model has certain limitations which may 
introduce biases into the SUHI quantification; this issue is discussed in 
Section 5.2. 

The daily dynamics of the extracted nighttime SUHI features, as 
previously noted, are the combination of the SUHI mid-term variations 
(i.e., the annual/intra-annual variations) and day-to-day variations. 
These variations on different timescales are controlled by various groups 
of factors. Specifically, the annual averaged SUHIs within a city are 
controlled mainly by factors related to the urban form, anthropogenic 
heat release, and climatic conditions (Liao et al., 2017; Schwarz and 
Manceur, 2015; Zhao et al., 2014; Zhou et al., 2017). Intra-annual var
iations of the SUHIs are mainly controlled by factors related to land 
cover components and incoming radiation (Chen et al., 2006; Lazzarini 
et al., 2013). By contrast, weather conditions are suggested to be the 
dominant controls on day-to-day variations in SUHIs (Zhou et al., 

2011a). In this study, in order to investigate the controls on the daily 
SUHIs systematically, we decomposed the SUHI daily dynamics into two 
different timescales (the mid-term and day-to-day timescales, see Sec
tion 3.2.2 for more details). Two groups of variables related to the SUHI 
variations on these two timescales were incorporated as explanatory 
factors (see Section 3.2.3 for variable selection), and correlation analysis 
was used to examine their controls on the SUHIs (see Section 3.2.4). 

3.2.1. Quantification of SUHI features 
The Gaussian model was used to simulate nighttime LST images and 

to derive the daily SUHI features. The simulation consists of two stages 
(Streutker, 2003; Tran et al., 2006). In the first stage, the LSTs for the 
rural areas were fitted to a planar surface, and the SUHI signature was 
then derived by subtracting the rural temperature component from the 
LST image, based on Eq. (1): 
{

Tr(x, y) = T0 + a1x + a2y
SUHI(x, y) = Tu(x, y) − Tr(x, y)

(1)  

where Tr(x, y) is the nighttime LST for the rural pixel at location (x, y); T0 
is the rural mean surface temperature; a1 and a2 are the regression co
efficients; SUHI(x, y) is the SUHI signature for the urban pixel at location 
(x, y); and Tu(x, y) is the nighttime LST for this urban pixel. 

In the second stage, the extracted SUHI signature was fitted to a 
Gaussian surface, according to Eq. (2): 
{

SUHI(x, y) = a0⋅exp( − U/2)
U = a− 2

x ⋅[(x − x0)cosφ + (y − y0)sinφ ]
2
+ a− 2

y ⋅[(y − y0)cosφ − (x − x0)sinφ ]
2

(2)  

where a0 is the height of the Gaussian surface; (x0, y0) is the location of 
the SUHI centroid; ax and ay are the half long axis and short axis of the 
Gaussian bottom ellipse, respectively; and φ is the inclination of the 
SUHI. 

The Gaussian model provides a quantitative depiction of not only the 
SUHI intensity (i.e., the maximum magnitude represented by a0), but 
also the extent (represented by ax and ay), shape (represented by the 
shape of the Gaussian ellipse), inclination (represented by φ), and 
centroid (represented by x0 and y0) of the SUHI. Five SUHI features were 
defined accordingly in order to describe the overall magnitude and 
spatial pattern of the SUHI (the definitions are given in Table 2); each 
feature has previously been used to quantify specific aspects of an SUHI 
(Anniballe et al., 2014; Quan et al., 2014; Schwarz et al., 2011; 
Streutker, 2003; Tran et al., 2006; Yang et al., 2019; Zhou et al., 2011a). 
In order to reduce the uncertainty caused by Gaussian modelling, the 
quality of each daily simulation was evaluated using the linear Pearson 

Table 2 
SUHI features derived from the Gaussian model.  

SUHI 
feature 

Physical basis Variable Description Formula 

Intensity maximum SUHI 
magnitude 

I height of the 
Gaussian 

a0 

Extent area of the region 
most susceptible to 
the SUHI 

A area of the 
Gaussian ellipse 

π⋅ax⋅ay 

Shape discrepancies in the 
SUHI in different 
directions 

e centrifuge rate 
of the Gaussian 
ellipse 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − a− 2

x ⋅a2
y

√

Inclination direction in which 
the SUHI is the most 
intensive 

φ inclination of 
the SUHI 

φ 

Centroid location of the pixel 
with maximum 
SUHI magnitude 

Cx x coordinate of 
the SUHI 
centroid 

x0 

Cy y coordinate of 
the SUHI 
centroid 

y0  
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correlation coefficient (r) and the root-mean-square error (RMSE) be
tween the original LST image and the Gaussian-fitted LST image. Only 
fittings with r larger than 0.7 and RMSE smaller than 1.5 K were 
regarded as valid for further analysis (the sensitivity of our results to this 
threshold is discussed in Section 5.2). 

3.2.2. Temporal decomposition of daily SUHI features 
The daily dynamics of the SUHI features listed in Table 2 can be 

decomposed into SUHI variations on the annual/intra-annual scale and 
those on the day-to-day scale. This is expressed as: 

λd(t) = λa + Δλa⏟̅̅̅̅̅⏞⏞̅̅̅̅̅⏟
mid− term SUHI

+ Δλd⏟⏞⏞⏟
day− to− day variation

= λmid +Δλd (3)  

where λd(t) represents the daily value of SUHI feature λ on day t (i.e., the 
short-term SUHI); λa is the annual average of λ (i.e., the long-term SUHI); 
Δλa is the intra-annual variation of λ which, along with λa, represents the 
mid-term component of λ (i.e., λmid); and Δλd is the day-to-day variation 
of λ. 

For each of the five SUHI features on a certain day, we quantified its 
mid-term component as the averaged value for a 15-day interval pre
ceding and following that day, using Eq. (4): 

λmid(t) = N − 1
val

[
∑t− 1

k=t− 15
λd(k) +

∑t+15

k=t+1
λd(k)

]

(4)  

where λmid(t) represents the mid-term component of SUHI feature λ on 
day t; Nval is the number of valid daily results during the 15-day interval 
either side of day t; and k represents the DOYs for the 15-day interval 
preceding and following the day t. 

Here we selected the interval of 30 days considering that: (1) intra- 
annual variations are insignificant for this period close to one month, 
and (2) for most cases at least one valid result can be found within this 
30-day interval - otherwise the result for that day must be excluded from 
further analysis because of the unavailability of mid-term SUHIs. 

The day-to-day variations of each SUHI feature can thus be derived. 
For the SUHI features including intensity, extent, shape, and inclination, 
their day-to-day variations were calculated as the differences between 
their daily values and the computed mid-term components, according to 
Eq. (5): 

Δλd(t) = λd(t) − λmid(t) (5)  

where Δλd(t) denotes the day-to-day variation of SUHI feature λ on day t; 
and λd(t) and λmid(t) are the same as in Eqs. (3) and (4). 

For the SUHI centroid with two dimensions (i.e., Cx and Cy), two 
parameters were defined to quantify its day-to-day variations: the dis
tance and the direction of the variations, which were calculated from Eq. 
(6): 
⎧
⎨

⎩

ΔCdis d(t) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
[
Cx d(t) − Cx mid(t)

]2
+
[
Cy d(t) − Cy mid(t)

]2
√

ΔCdir d(t) = arctan
{[

Cx d(t) − Cx mid(t)
]− 1⋅

[
Cy d(t) − Cy mid(t)

] } (6)  

where ΔCdis_d(t) and ΔCdir_d(t) respectively represent the distance and 
direction of the day-to-day variation of the SUHI centroid on day t; 
Cx_d(t) and Cy_d(t) respectively represent the daily value of Cx and Cy on 
day t; and Cx_mid(t) and Cy_mid(t) correspondingly represent their mid- 
term components, as calculated using Eq. (4). 

Noting that for 95% of the daily results, the distance of the day-to- 
day variation of the centroid is less than 8 km. This is reasonable since 
the SUHI centroid is closely related to the land cover status that is 
essentially constant over a short period (Quan et al., 2014). However, 
exceptions sometimes occur when the calculated centroid coordinates 
are more than 8 km away from the mid-term centroids. We consider such 
results less reliable and therefore they were excluded from further 
analysis. 

After the temporal decomposition, the temporal dynamics over three 
different timescales (i.e., over the daily scale, mid-term scale and day-to- 
day scale) of each of the five SUHI features can be derived, which are 
listed in Table 3. 

3.2.3. Selection of SUHI explanatory factors 
The two decomposed components of the SUHI daily dynamics (λmid 

and Δλd) were anticipated to have different controls. In order to 
comprehensively investigate the major controls on the daily SUHIs 
within each city, we incorporated various meteorological variables, 
which are hypothesized to be the controlling factors of Δλd, as well as 
several factors related to λmid as the explanatory factors. 

A total of 11 explanatory factors were included in the study, 
including 7 meteorological variables and 4 non-meteorological variables 
(see Table 4). Specifically, the meteorological variables selected were: 
the day-to-day variations of rural surface temperatures and SATs 
(termed ΔTr_d and ΔSATd, decomposed from the daily dynamics of rural 
surface temperatures and SATs, based on Eqs. (4) and (5)); the daily 
mean values of wind speed, relative humidity, AOD, diurnal tempera
ture range (DTR) of the rural LST; and the daily accumulated precipi
tation (WDS, RH, AOD, DTRr and PREP). The variable DTRr was 
employed to represent rural soil moisture: a higher DTRr typically cor
responds to a lower level of rural soil moisture (Oke et al., 2017). Only 
measurements on the days when valid quantification of SUHI was 
achievable were used. It should be noted that: (1) the quantification of 
the direct impact of precipitation on the SUHI is not achievable by 
remote sensing, mostly due to the unavailability of satellite observations 
during precipitation events. Nevertheless, considering the possible 
impact of antecedent precipitation on the SUHIs induced by the different 
water retention capacity in urban and rural surfaces after rainfall, we 
employed the daily accumulated precipitation (PREP) as a proxy of 
antecedent precipitation and analyzed its effect on the daily SUHIs. (2) 
For the surface and air temperatures, we employed their day-to-day 
variations in order to eliminate their substantial monthly/seasonal 
variations. However, for the other meteorological variables with less 
substantial seasonal variations but with large day-to-day variations, we 
directly employed their daily dynamics to avoid the uncertainty in 
calculating their day-to-day components. (3) All the meteorological 
variables, except those related to the background temperature and soil 
moisture (ΔTr_d and DTRr) were calculated based on all the available 
measurements within the administrative boundary of each city, in order 
to represent the meteorological conditions of the entire city. 

The four non-meteorological factors which are related to mid-term 
variations of the SUHI features (Δλa) (Chen et al., 2006; Zhou et al., 
2011a) are: (1) the urban-rural contrast in vegetation status represented 
by the NDVI (NDVIu-r); (2) the albedo (ALB); (3) mid-term variation of 
the background surface temperatures (termed Tr_mid, decomposed from 
the daily dynamics of the rural surface temperatures based on Eq. (4)); 
and (4) the daytime length (DL, calculated according to Göttsche and 
Olesen (2009)). For the NDVI and albedo products with a temporal 
resolution coarser than 1 day, their daily values were designated using 
the observations on the most adjacent day. Finally, the background rural 
LST (Tr) was decomposed into two components: Tr_mid as a non- 
meteorological factor, and ΔTr_d as a meteorological factor. 

Table 3 
SUHI variables used to describe the variations of the SUHI features on different 
timescales.  

Timescale Variable Description 

Daily scale Id, Ad, ed, φd, Cx_d, and 
Cy_d 

daily dynamics of the SUHI features 

Mid-term 
scale 

Imid, Amid, emid, φmid, 
Cx_mid, and Cy_mid 

the decomposed mid-term component 
of the SUHI features 

Day-to-day 
scale 

ΔId, ΔAd, Δed, Δφd, 
ΔCdis_d, and ΔCdir_d 

the decomposed day-to-day 
component of the SUHI features  
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3.2.4. Analysis of the relationship between SUHI features and explanatory 
factors 

To explicitly investigate the controls of daily SUHIs, correlation 
analysis was conducted not only for the daily SUHIs, but also separately 
for the two temporal components of the SUHI daily dynamics (i.e., the 
mid-term and day-to-day components). The specific influence of ante
cedent precipitation on SUHIs was also derived via a comparison be
tween the SUHI controls during periods with and without precipitation. 
Three scenarios of correlation analysis were consequently designed, 
each of which was conducted for each city (detailed information about 
the three scenarios is given in Table 5). For each correlation analysis, at 
least 30 pairs of variables were required to avoid statistical unreliability 
owing to small sample sizes (Maccallum et al., 1999). 

3.2.4.1. Scenario #1: Controls on mid-term SUHIs and day-to-day SUHIs. 
Controls on the mid-term SUHIs and on the day-to-day SUHIs were 
separately investigated for this scenario. The four non-meteorological 
variables (i.e., Group A in Table 4) were designated as the explanatory 
factors for the mid-term SUHIs; and the seven meteorological factors (i. 
e., Group B in Table 4) were designated as explanatory factors for the 
day-to-day SUHIs. The relationship between an explanatory factor and 
an SUHI variable was assessed using linear Pearson correlation analysis 
within each city. The associated explanatory power is evaluated by the 
correlation coefficient r and the associated significance p (a correlation 
is considered to be significant when p is less than 0.05). Noting that not 
all the SUHI features were included in the correlation analysis for this 
scenario. Specifically, the mid-term components of the SUHI centroid 
were excluded because this SUHI feature contains two dimensions (Cx 
and Cy), and as a result neither of them is able to represent the true 
dynamics of the SUHI centroid. In addition, the day-to-day variation of 
the SUHI inclination (Δφd) was also excluded because of its high 
sensitivity to uncertainties of the Gaussian fitting, especially for cities 
with a rotund SUHI ellipse. 

3.2.4.2. Scenario #2: Comparison between the controls on mid-term SUHIs 
and day-to-day SUHIs during rainfall and non-rainfall periods. The ante
cedent precipitation has been reported to potentially influence SUHI 
intensity as well as its sensitivity to other factors (Zhou et al., 2011a). In 
order to further investigate its effect on the SUHI features, including 
both the intensity and footprint, for various cities with different bio
climates, we compared the controls on the mid-term SUHIs and the day- 
to-day SUHIs during periods with and without antecedent precipitation. 
For each city, the daily samples were divided into two groups: periods 
with precipitation events occurring during the previous 72 h (‘rainfall 
period’), and those without (‘non-rainfall periods’). The numbers of 
daily samples classified in the ‘rainfall period’ and ‘non-rainfall period’ 
categories for each city are given in Table S1 in Supplementary 
Information. 

3.2.4.3. Scenario #3: Controls on daily SUHIs. By incorporating both the 
meteorological variables accounting for the day-to-day components of 
the SUHI daily dynamics and the non-meteorological variables ac
counting for their mid-term components, we further investigated the 
controls on the daily SUHIs within each city. To avoid multicollinearity, 
a stepwise regression analysis was employed to select the best variables 
in models for estimating the daily dynamics of SUHI features (including 
the intensity, extent, shape, and inclination). The variable PREP was 
excluded from the stepwise regression because it is a constant (i.e., 0) on 
days with no precipitation. The thresholds of the p value for a variable to 
be added and removed were set as 0.05 and 0.10, respectively. For each 
model, the explanatory power was evaluated by the correlation coeffi
cient r between the derived daily SUHIs and the true SUHI dynamics. 

4. Results 

4.1. Day-to-day variations in nighttime SUHI features 

The nighttime SUHI features of the Chinese megacities were 
extracted using the Gaussian model. The associated simulation accuracy 
is illustrated in Fig. S3 given in Supplementary Information, which in
dicates that for most cities the mean r value of the Gaussian modelling 
exceeds 0.8 (Fig. S3b). The averaged magnitudes of the SUHI day-to-day 
variations are shown in Fig. 2. For most of the cities, the day-to-day 
variations of the intensity, extent, and shape of the SUHI respectively 
account for more than 20%, 25%, and 10% of their mid-term compo
nents (Fig. 2a–c). Although it may appear that these averaged annual 
percentages are not especially high, it should be emphasized that on 
specific days across the annual cycle, these three SUHI features can 
exhibit a day-to-day variation of more than 40%, 55%, and 30% of their 
associated mid-term components for nearly one-half of the cities, and 
the values are even higher for some cities. Also, the day-to-day trajectory 
of the SUHI centroid, when annually averaged, exceeds 0.6 km for all the 
cities (Fig. 2d); whereas on certain days across the annual cycle it can 
exceed 3 km for most cities. 

To provide a better insight into the day-to-day variation in the SUHIs, 
we selected an individual city (Beijing) as an example. The daily dy
namics of the SUHI features are illustrated in Fig. 3, wherein large day- 
to-day fluctuations in SUHI features are evident (Fig. 3ca1–a4). 
Furthermore, even during closely adjacent days when the land surface 
status was almost unchanged, the SUHI (both intensity and footprint) 
varied substantially (Fig. 3b1–b6). Specifically, within a period of less 
than 30 days, the SUHII can vary from 3.6 to 7.6 K; and the Gaussian- 
derived extent, shape, inclination, and centroid of the SUHI can 
exhibit great variations (Fig. 3c). We also found that such large day-to- 
day variations of the SUHIs are closely related to daily variations in 
weather conditions. For example, on a day with a relatively strong wind 
(e.g. DOY 090 with a wind speed of 3.6 m/s), the SUHI exhibits a small 
intensity and a biased central location compared to most other days 
(Fig. 3b6). This indicates the possible effect of wind in reducing the 

Table 4 
Definition of the SUHI explanatory factors used for correlation analysis.  

Factor Description Data source Factor 
group* 

ALB albedo for each city MODIS A 
NDVIu- 

r 

urban-rural contrast in NDVI MODIS A 

Tr_mid mid-term component of the daily rural 
LSTs 

MODIS A 

DL daytime length calculation A 
ΔTr_d LST day-to-day variation across rural 

areas 
MODIS B 

ΔSATd SAT day-to-day variation in-situ data B 
WDS average wind speed for each city in-situ data B 
RH average relative humidity for each city in-situ data B 
PREP average precipitation amount for each 

city 
in-situ data B 

AOD average AOD for each city MODIS B 
DTRr average DTR across rural areas MODIS B  

* ‘A’ and ‘B’ indicate non-meteorological and meteorological factors, 
respectively. 

Table 5 
Information on the three scenarios used for correlation analysis.  

Scenario SUHI variables Explanatory factor* Correlation 
method 

Scenarios #1 
& #2 

Imid, Amid, emid, and 
φmid 

Group A linear Pearson 
correlation 

ΔId, ΔAd, Δed, 
ΔCdis_d, and ΔCdir_d 

Group B linear Pearson 
correlation 

Scenario #3 Id, Ad, ed, and φd Groups A + B 
(except PREP) 

stepwise 
regression  

* Here Groups A and B respectively denote the category of factors listed in 
Table 4. 
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intensity and changing the location of the SUHI (Oke et al., 2017). 
Precipitation can also alter the SUHIs. On a day when precipitation 
occurred (e.g. DOY 065), the nighttime SUHI exhibits a small intensity 
(3.6 K) accompanied by a large spatial extent (larger than 450 km2) 
(Fig. 3b1). However, a large contrast, with a high SUHII (larger than 7.0 
K) and a small SUHI extent (less than 350 km2), is evident for the day 
following rainfall (e.g. DOY 084) (Fig. 3b5). The mechanisms respon
sible for this phenomenon may be variations in the surface moisture 
levels of impervious urban surfaces and rural soils during and after the 
precipitation events (He, 2018). 

The results for Beijing demonstrate the occurrence of large day-to- 
day variations in SUHI features and the potential causal effect of 
weather conditions. However, quantitative investigations are needed to 
elucidate the meteorological controls on the SUHIs over more cities with 
different bioclimatic conditions. 

4.2. Relationships between SUHI features and explanatory factors 

4.2.1. Controls on mid-term SUHIs and day-to-day SUHIs 
The correlation results for the mid-term components and day-to-day 

variations of daily SUHIs are illustrated in Figs. 4 and S4. For many of 
the cities, the mid-term dynamics of the SUHI features were controlled 
by the four non-meteorological variables. The other component of the 
daily SUHIs (i.e., their day-to-day variations), by comparison, are 
mainly regulated by weather conditions. 

The greatest sensitivity to the weather conditions occurred for the 
SUHII (i.e. ΔId), with significant correlations with meteorological vari
ables shown for most cities (Fig. S5). Among the meteorological vari
ables, RH has the greatest influence (Figs. 4 and S4), which is 
understandable considering that on days with a higher RH value, more 
atmospheric water vapor would reduce the daytime radiation load at 
land surface, decrease the urban-rural difference in radiative cooling, 

and therefore weaken nighttime SUHIs (Oke et al., 2017). The weak
ening effect from RH on the SUHI can also be explained by the reduced 
evaporative cooling especially for rural lands when the atmospheric 
water vapor pressure is higher. Similar SUHI weakening processes are 
responsible for the negative relationship between the PREP and SUHII, 
although the correlations between them are weaker (Fig. 4). A higher 
PREP value can also be related to a reduced SUHII through the sup
pressed nocturnal cooling of the rural moist soils when compared with 
that over the dry lands on days without antecedent precipitation (He, 
2018). We are aware that the effect of PREP on SUHIs is delayed given 
the greater water retention capacity of rural soils than urban lands; 
further details are given in Section 4.2.2. Substantial effects of ΔTr_d, 
DTRr, and AOD on SUHII were also found for most cities. The effect of 
the former two variables can be attributed to their close correlations 
with background temperature, which greatly influence variations in 
SUHII. The effect of AOD on SUHII is also reasonable, as it can block 
incoming daytime shortwave radiation (Jin et al., 2010) while trapping 
longwave radiation at night, leading to a smaller urban-rural contrast in 
nocturnal radiative cooling rates and consequently weakening the 
nighttime SUHII. Notably, in contrast to the observed negative effect of 
AOD and PREP on the SUHII, several previous studies found positive 
correlations between these two variables and SUHIIs (Cao et al., 2016; 
Zhao et al., 2014). The seemingly contradictory results are likely due to 
the impacts from the scale on the SUHI controls (see Section 5 in Sup
plementary Information for further explanations). 

The impacts of the other two meteorological variables related to 
atmospheric conditions (i.e., ΔSATd and WDS) on SUHII, by comparison, 
were less substantial. For example, the wind effect on the SUHII was 
only identified significant in a portion of cities where the winds are 
strong enough to profoundly reduce the LST through an intensified 
convective cooling. The less significant impacts of these two variables 
contrast with their dominant effects on CUHI intensity (CUHII) 

Fig. 2. Spatial distribution of the averaged magni
tudes of the SUHI day-to-day variation. For the SUHI 
intensity, extent, and shape, the magnitudes (termed 
ΔIp, ΔAp and Δep, subplots a – c) were calculated as 
the averaged values of their day-to-day variations (i. 
e., ΔId, ΔAd and Δed) normalized by their mid-term 
components (i.e., Imid, Amid and emid), according to 
Eq. (S1) in Supplementary Information. For the SUHI 
centroid, the magnitudes were directly calculated as 
the averaged values of the distance of its day-to-day 
variations (ΔCdis_d).   
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dynamics, especially for WDS (Oke et al., 2017). This suggests that, 
when compared with CUHII, SUHII is generally less sensitive to the 
factors related to atmospheric conditions. 

The day-to-day variations of SUHI extent and shape (ΔAd and Δed) 
are also less affected by the WDS. However, those variables that domi
nate the SUHI intensity (i.e., RH, PREP, AOD, and DTRr) only exert 
significant influences on these two SUHI features in a small number of 
cities. Rather, they are more influenced by variables related to tem
perature fluctuations (i.e., ΔTr_d and ΔSATd), suggesting the controls of 
background temperatures on SUHI footprint dynamics. Temperature 
fluctuations can also account for the day-to-day variation direction of 
the SUHI centroid (i.e., ΔCdir_d). By contrast, for the variation distance of 
the SUHI centroid (i.e., ΔCdis_d), the more dominant impact of RH and 
DTRr was shown. Additional results show that the identified significant 
WDS impact on the SUHI centroid was shown only in parts of the cities 
characterized by relatively strong winds. This phenomenon, in contrast 
with the large impact of wind on the CUHI centroid, again indicates the 
lower sensitivity of the SUHIs to atmospheric motions. 

The day-to-day variations of the SUHI footprint (i.e., ΔAd, Δed, 
ΔCdis_d, and ΔCdir_d) are evidently less affected by weather conditions 

than those of the SUHII. However, we consider that their actual de
pendences on weather conditions are likely underestimated in our re
sults, mainly because of the uncertainty in terms of the Gaussian fitting 
(see Section 5.2 for more details). Despite this uncertainty, the major 
role of weather conditions was still identified for a number of cities. 

4.2.2. Comparison of SUHI controls during periods of rainfall and non- 
rainfall 

Precipitation has been identified as having a major influence on the 
SUHI features (Fig. 4). To further investigate the influence of precipi
tation, we made a detailed comparison of the SUHI characteristics 
during periods of rainfall and non-rainfall (Table S2 and Figs. 5 and 6). 
Evidently, precipitation events can reduce SUHIIs by ~0.5 K (Table S2), 
which is in accord with the results shown in Fig. 4. 

It is also evident that antecedent precipitation may affect the sensi
tivity of the SUHI to other influencing factors (Figs. 5 and 6). For most of 
the SUHI features, the effect of the four non-meteorological variables is 
greater during rainfall periods than during non-rainfall periods. This 
suggests the occurrence of more significant intra-annual dynamics in the 
daily variations of the SUHIs during rainfall periods. The cause may be 

Fig. 3. Daily dynamics of nighttime SUHIs in Beijing. Subplots a1 – a4 illustrate the daily dynamics (dots) and mid-term variations (solid lines) of the four SUHI 
features (I, A, e, and φ) from 2012 to 2016, with the grey lines denoting the start (end) of each year. Subplots b1 – b6 illustrate examples of the fitted nighttime 
Gaussian-derived SUHIs for six days (within the orange bars in subplots a1 – a4), and subplot c compares these six Gaussian ellipses. 
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related to a consistent effect of weather conditions on the SUHIs after 
precipitation events, e.g., the SUHIs always show a reduced intensity 
during rainfall periods (Fig. 4 and Table S2), and therefore the day-to- 
day variations of the SUHIs did not perturb the intra-annual dynamics 
of the SUHIs. The results further demonstrate a higher sensitivity of the 
SUHIIs to RH, DTRr, and AOD during rainfall periods. Our assessment of 
the data leads us to infer that the larger ranges of variation of these three 
variables during rainfall periods enhance their correlations with the 
SUHII. By comparison, another meteorological variable, WDS, has a less 
significant impact on SUHI intensity and centroid during rainfall pe
riods. The lower sensitivity to wind in rainfall periods is expected, 

because variations of these two SUHI features in rainfall periods can be 
more strongly regulated by other variables which affect the radiative 
and evaporative cooling (e.g., RH, DTRr, and AOD) while are conse
quently less sensitive to the wind which mainly affect the convective 
cooling. 

4.2.3. Controls on daily SUHIs 
Estimations of the daily SUHIs were obtained using the stepwise 

regression method, and the accuracies are given in Fig. S6. The 
explanatory power of the stepwise regression model, again, shows a 
higher contribution of meteorological variables in explaining the day-to- 
day variations in the SUHI intensity (the mean r value for the stepwise 
regression model is 0.72), when compared with those for the SUHI 
footprint (the mean r values are 0.37, 0.32, and 0.22 for the extent, 
shape, and inclination of the SUHI, respectively). 

The specific controls of meteorological variables on the daily SUHI 
were analyzed by calculating the number of meteorological variables 
included in the stepwise regression model for each SUHI feature. The 
results (Fig. 7) again demonstrated a larger meteorological contribution 
to the SUHI intensity than to the SUHI footprint. Noting that there is one 
city in the MT zone where none of the meteorological variables were 
included in the regression model for the SUHII. This may be a result of 
the substantially more cloud cover as well as the poorer Gaussian- 
modelling performance in this city; these factors introduced un
certainties in the daily SUHI quantification (see further discussion in 
Section 5.2). Our results also indicate a minimal spatial difference in the 
meteorological controls on the SUHI extent, shape, and inclination over 
cities within different bioclimatic zones (Fig. 7b-d). For the SUHII, by 
comparison, a north-south contrast in meteorological controls is evident 
(Fig. 7a), with more meteorological variables included in the regression 
models in the northern temperate zones (i.e., the WT and MT zones) 
compared to the southern subtropical zones (i.e., the SS, MS, and NS 
zones). 

In order to further investigate the meteorological controls on the 
daily SUHIIs, we counted the times that each meteorological variable 
was included in the stepwise model for each bioclimatic zone (Fig. 8). 
RH was revealed as the variable that contributes the most to the SUHII, 
followed by ΔTr_d and DTRr, in accordance with their identified signif
icant correlations with the day-to-day SUHII variations in most cities 
(Fig. 4). AOD is also closely related to the day-to-day SUHII variations) 
(see Fig. 4), however, it has only a minimal impact on the daily SUHIIs 
when identified through a stepwise regression analysis. This small 
impact may be due to the high correlation between AOD and RH. 
Additional results demonstrated a similar zonal discrepancy for the two 
variables closely related to atmospheric conditions (ΔSATd and WDS): 
both have a higher contribution to the SUHII in northern cities 
(Fig. 8b–c). Such substantial zonal variations may sometimes lead to an 
underestimation of the effect of these two meteorological variables on 
daily SUHIIs. For example, WDS appears to have only a moderate effect 
on the SUHII when identified over all the cities in diverse climatic zones 
(Fig. 4). Nevertheless, the wind effect can be significant in some cities 
with specific climatic conditions (e.g. those within the WT zone) 
(Fig. 8b). 

5. Discussion 

By elaborating the meteorological effects on SUHIs, our results pro
vide insights into the dominant controls on SUHI dynamics on the daily 
scale. The extracted day-to-day variations of the SUHIs highlight the 
occurrence of large deviations of daily SUHIs from mid-term SUHIs (see 
Figs. 2–3). The elucidated sensitivity of the SUHIs to weather conditions 
enhances our understanding of the SUHIs on days when the weather is 
not ‘ideal’. More importantly, with the help of these predictable mete
orological variables, our conclusions may provide a basis for the 
modelling and prediction of daily SUHIs. Several other issues relating to 
our results are discussed below. 

Fig. 4. Results of correlation analysis for mid-term SUHIs and day-to-day 
SUHIs. The numbers are percentages of megacities where there is a signifi
cant correlation (p is less than 0.05) between the associated SUHI variables and 
explanatory factors among all megacities. The circles (squares) denote that for 
most (more than 80%) of the cities where the associated SUHI variable and 
explanatory factor are significantly correlated, the correlations are positive 
(negative). Hexagons denote that the correlations among these cities show no 
consistency (i.e., neither positive nor negative). Further details about the cor
relation coefficients are given in Fig. S4. 

Fig. 5. Results of correlation analysis for mid-term SUHIs and day-to-day 
SUHIs for periods of rainfall and non-rainfall. Symbols in this figure denote 
the same meanings as in Fig. 4. 
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5.1. Comparison of results to previous studies 

Our study provides a big picture view of the controls of the day-to- 
day SUHI variations. The identified significant impacts from the four 
non-meteorological variables (including ALB, NDVIu-r, Tr_mid, and DL) on 
the mid-term SUHI variations correspond well to previous findings in 
terms of the dependence of the intra-annual SUHI variations on factors 
related to the land cover status or solar radiation (Peng et al., 2012; 
Wang et al., 2015; Zhou et al., 2014b). The notable impacts from RH on 
dampening the day-to-day SUHII, as well as the higher sensitivity of the 
SUHII to AOD and RH during rainfall periods, were also reported by 
previous studies (Oke et al., 1991; Oke et al., 2017; Zhou et al., 2011a). 
The phenomenon that wind can only substantially alter the SUHI when 
reaching a certain speed as well conforms to the observations by Allen 
(2017) and Shaposhnikova (2018). 

Our results further reveal that the meteorological variables that ac
count for the SUHI variations are sometimes different to those respon
sible for the CUHI variations. For example, the variable that contributes 
the most to the SUHII (i.e., RH) was shown less related to the CUHII (Oke 

et al., 2017). Moreover, the meteorological variable that most affects the 
CUHIs (i.e., wind) (Arnds et al., 2017; Heaviside et al., 2014; Morris 
et al., 2001; Oke et al., 2017; Runnalls and Oke, 2000; Yow, 2007) only 
explains the SUHI variations in a portion of the cities. This contrast 
suggests the different physical mechanisms for these two layers of UHIs: 
The SUHI is relatively more sensitive to the surface thermal properties, 
while the CUHI is more dependent on the atmospheric transport, 
although these two UHIs are often closely related during the night 
(Nichol, 2005). 

5.2. Possible uncertainties related to the data and methodology 

The meteorological measurements used in this study were deter
mined to have a high degree of accuracy after a series of quality control 
procedures (Ren et al., 2015). Their representativeness may still be 
affected by the relatively low density of meteorological stations, as well 
as the location and source area of stations, especially for those variables 
with a high spatial variability (e.g., wind speed). In addition, the 
disparity between the use of the daily mean values of meteorological 

Fig. 6. Numbers of significantly-related meteorological vari
ables (SMV) for the SUHI day-to-day variations during non- 
rainfall periods versus those during rainfall periods. The x- 
axis represents the SMV numbers, and the y-axis represents the 
SUHI variables. For each square, the color and number denote 
the percentage of cities whose SMV number is equal to the x- 
axis divided by the total number of cities included in the 
associated correlation The variable ‘PREP’ was excluded from 
the analysis for both periods.   

Fig. 7. Number of meteorological variables included in the stepwise regression model for SUHI intensity (Id, subplot a), extent (Ad, subplot b), shape (ed, subplot c), 
and inclination (φd, subplot d) over Chinese megacities. 
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variables and the satellite nighttime observations obtained at instanta
neous times may perturb the correlation analysis. Although our con
clusions remain generally insensitive to this mismatch of the spatial/ 

temporal scales between the satellite and meteorological observations, 
such an uncertainty would still induce small biases to the SUHI-weather 
relationship (see Section 4 given in Supplementary Information). Future 

Fig. 8. Number of cities where each meteorological variable was included in the stepwise regression model for daily SUHI intensity, in each of the 5 Chinese cli
matic zones. 

Fig. 9. Sensitivity of the correlation results to the Gaussian simulation performance. The x-axis denotes the threshold of r in the data preprocessing procedure which 
is set to range from 0.5 to 0.9 with an increment of 0.05, and the y-axis denotes the proportion of cities where the associated SUHI variable and explanatory factor are 
significantly related, accounting for the total number of cities included in the correlation. The grey lines correspond to the threshold of r adopted in this study (0.7). 
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studies may consider using instantaneous meteorological observations 
at the satellite overpass time, rather than the daily means, to better 
identify the sensitivity of the SUHI features to weather changes. 

Biases may also be induced by the uncertainty of the MODIS LSTs, 
mainly in terms of thermal anisotropy and data gaps contaminated by 
clouds. Thermal anisotropy may sometimes decrease the LST accuracy, 
since satellites usually observe the land surface from different angles 
(Hu et al., 2016; Voogt, 2008). By employing nighttime data with a 
relatively weak anisotropic effect (Hu et al., 2016; Lagouarde and Irvine, 
2008), this distortion was greatly reduced; nevertheless, biases may still 
exist, especially for pixels with a very slanted viewing angle. To further 
reduce the biases, future studies may perform angular normalization to 
adjust the slant LSTs into the nadir. By simulating the LST images using 
the Gaussian model based on the spatial continuity of the LSTs, our 
derived SUHI features may be less susceptible to the impact of data gaps. 
Noting that such data gaps may truly become a great concern during 
nights with substantial cloud cover (e.g. on nights when precipitation 
occurs), or within some southern cities with substantial missing data. A 
gap-filling strategy could be considered to derive gap-free images for 
these cities (Li et al., 2018). Another deficiency of satellite data that the 
LST data can only be obtained under clear-sky conditions hindered the 
investigation of the controls from another weather condition (i.e., cloud) 
on the daily SUHIs. A possible solution to this is to incorporate methods 
to derive cloudy-sky LSTs. 

Uncertainty may also be introduced by the methodology, mainly by 
the incorporation of the Gaussian fitting and correlation analysis. The 
Gaussian model, despite its well-acknowledged efficiency in estimating 
the nighttime SUHI (Quan et al., 2014; Zhou et al., 2011a), may induce 
biased results. By removing the unsatisfactory modelled results using the 
data preprocessing procedure (see Section 3.2.1), we can maximize the 
accuracy of the remaining results. However, deviations still exist, 
particularly for the SUHI features related to the footprint. We therefore 
examined the sensitivity of the correlation results to the accuracy of the 
Gaussian fitting, and the results are displayed in Fig. 9. 

The results show that when the r threshold is lower than 0.7, the 
correlation significance between each factor and the SUHIs typically 
remains stable along with the different degrees of Gaussian fitting per
formance. This suggests a low sensitivity of the overall correlation re
sults to the Gaussian performance. We acknowledge that distortions may 
remain for some cities where the spatial pattern of the associated LSTs 
deviate from the Gaussian distribution (e.g., in some arid cities located 
in western China). A better model capable of accurately estimating the 
SUHI features is therefore required: e.g., an enhanced model that can 
better represent different types of urban thermal landscape. Further 
results show that when r exceeds 0.7, the correlation significance 
generally shows a decreasing trend along with the increase in r (Fig. 9). 
This is the result of the substantially smaller number of daily observa
tions included in the correlation analysis once the threshold is set 
higher. We therefore consider 0.7 as a reasonable threshold of r, 
appropriate for the amount of data in this study, in order to reduce the 
uncertainties in terms of sample size. Nevertheless, we acknowledge that 
the sample-size issue may still be a concern for some SUHI features with 
a greater sensitivity (e.g., ΔCdis_d, Fig. 9e1), especially in some southern 
cities with less valid daily results included in the correlation analysis 
(Fig. S3). 

Uncertainties in terms of the correlation analysis mainly come from 
the selection of SUHI explanatory factors and the correlation strategy. 
To overcome the difficulty of obtaining large-scale observations of soil 
moisture with a high spatial resolution around urban surfaces, we 
employed the rural DTR (DTRr) as a substitute. In spite of the close 
negative relationship between the DTRr and soil moisture as revealed 
previously (Oke et al., 2017), we acknowledge that variations in the 
DTRr are unable to accurately represent the variations in soil moisture 
because the DTRr may also be responsive to other meteorological vari
ables such as the humidity. Moreover, in spite of the identified dominant 
control from the meteorological variables that we selected in this study 

(in Table 4) on the day-to-day SUHI variations, there still exist other 
factors that may, directly or indirectly, affect the day-to-day SUHIs. For 
example, factors related to the land cover and urban form may help 
modulate the variations of the SUHI (both its intensity and spatial pat
terns) in response to changes in weather conditions. As a result, SUHIs in 
cities or areas with different land cover components or urban forms may 
demonstrate different sensitivity towards weather changes. While in this 
study we only focused on the direct controls from meteorological vari
ables on the SUHI variations, future studies may consider conducting 
additional analysis to investigate the effect from these other factors (e.g., 
land cover and urban form) on modulating the meteorological controls 
on SUHIs. In addition, the linear correlation strategy employed in this 
study may not be the best method to identify the SUHI controls, as the 
relationship between SUHI and the explanatory factors may not be 
linear. Future attention should be paid to developing a more efficient 
methodology to better identify the meteorological controls on daily 
variations of SUHIs (e.g., the support vector machine (SVM) regression 
model). 

5.3. Rationale for studying the controls on nighttime rather than daytime 
SUHIs 

The meteorological controls on the SUHIs elucidated in this study 
were restricted to the nighttime scenario. Controls for daytime SUHIs 
were not investigated, mainly because of the following inherent diffi
culties. First, strong thermal anisotropy exists for the daytime LSTs, 
which can lead to discrepancies of up to ~9.0 K for highly urbanized 
surfaces (Hu et al., 2016). Second, biases may also be affected more by 
the specific observation time in the day, during which the SUHIs exhibit 
large hourly variations (Lai et al., 2018b). Consequently, it is difficult to 
separate the day-to-day variations in SUHIs induced by differences in 
viewing angle and/or observation time from those induced by weather 
conditions. The ‘thermal anisotropy’ issue may be addressed by 
employing a model that can adjust the slant LSTs into the nadir; and the 
‘observation time’ issue may be reduced by using data from geosta
tionary satellites that provide continuous snapshots of the surface status 
at fixed times. Nevertheless, the complexity of the anisotropy correction 
algorithm and the deficiencies of geostationary data both restrict the 
investigation of the controls of daytime SUHIs on a continental/global 
scale. Another problem is the more frequent occurrence of data gaps due 
to clouds (Hu and Brunsell, 2013), as well as the additional difficulty in 
describing the overall spatial features of daytime SUHIs (Quan et al., 
2014). A compromise solution to this problem, in cities with less cloud 
cover, may be to identify the controls on the SUHII only, which can be 
directly quantified (Voogt and Oke, 2003) without the Gaussian model. 

Despite the difficulties in identifying synoptic controls for the day
time SUHIs, it is anticipated that daytime SUHIs will also demonstrate 
significant day-to-day variations in response to weather changes, 
although the sensitivity to each meteorological variable may show dis
crepancies from that for the nighttime one. For example, the impacts 
from the variable AOD on daytime SUHIs may be weaker than those on 
nighttime SUHIs (Cao et al., 2016). 

6. Conclusions 

Although the controls on SUHIs have been investigated intensively, 
the specific effects of weather conditions on SUHI variations on the daily 
scale have received less attention. In a study of megacities in China, we 
have extracted the day-to-day variations in SUHI features and correlated 
them with various meteorological variables. The results show that the 
intensity and footprint of SUHIs are highly variable, not only on the 
seasonal/annual scale but also on the day-to-day scale. We have iden
tified significant meteorological controls on daily SUHIs and our specific 
findings are as follows. 

The mid-term SUHI variations are substantially controlled by non- 
meteorological variables, while the day-to-day variations are mainly 
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regulated by meteorological variables. Among the various SUHI fea
tures, the SUHII is most sensitive to weather conditions. At least one 
meteorological variable is identified as a control on the SUHII for more 
than 90% of the cities, with the influence of ΔTr_d, RH, PREP, DTRr and 
AOD being the most important. The SUHI footprints (including the 
extent, shape, and centroid) are less but still significantly affected by 
weather conditions, whose dependence on each meteorological variable 
was identified within 10% to 60% of the cities. The SUHI extent, shape, 
and the variation direction of the SUHI centroid are impacted mainly by 
factors related to temperature fluctuations (i.e., ΔTr_d and ΔSATd), 
whereas the variation distance of the SUHI centroid is more sensitive to 
RH and DTRr. Further investigation determined that there are large 
differences in SUHI controls during periods with or without rainfall. 
Typically, during the rainfall period, the controls of RH, DTRr, and AOD 
on the day-to-day SUHII variations were stronger, yet the wind impact 
was smaller. The results also demonstrate that the contributions from 
meteorological variables to the daily SUHII depend on the background 
bioclimate, which are considerably larger in cities in temperate zones 
than in subtropical zones. We acknowledge that the meteorological 
controls on SUHI features identified herein may be biased by un
certainties associated with the Gaussian fitting, and the conclusions are 
limited to nighttime. Nevertheless, we consider that our results 
contribute substantially to the understanding of the controls on SUHIs 
on the relatively poorly-investigated daily scale, and that they poten
tially provide a foundation for the modelling and prediction of the daily 
SUHI. 
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