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Abstract 29 

Observed surface air temperature (SAT) warming at urban stations often contains both the signal 30 

of global warming and that of local urban heat island (UHI) effects which are difficult to be 31 

separated. In this study, an urban impact indicator (Uii) developed by the authors was modified to 32 

represent the extent to which the observed temperature from a station was influenced by UHI 33 

effects. While Uii was calculated through simplifying the city’s shape to a circle, the modified Uii 34 

(MUii) was calculated considering the realistic horizontal distribution of the urban lands. We 35 

selected 45 urban stations in mainland China, and then selected an adjacent station for each urban 36 

station to constitute a station pair for which the background climate changes are nearly 37 

homogeneous. Thus, difference in the trends of annual averaged daily mean SAT (Trendmean), 38 

maximum SAT (Trendmax), and minimum SAT (Trendmin) between urban and adjacent stations 39 

(ΔTrend) could be mainly attributed to the difference in MUii changes between urban and adjacent 40 

stations (ΔMUii). Several linear regressions between ΔTrend and ΔMUii of 45 station pairs were 41 

calculated to estimate the UHI effects on Trendmean (UTmean), Trendmax (UTmax), and Trendmin (UTmin) 42 

of the 45 urban stations. The results showed that the mean MUii of the 45 urban stations has 43 

increased from 0.06 to 0.35 during 1992–2013. The positive correlations between ΔMUii and 44 

ΔTrend of the selected 45 station pairs were significant at the 0.001 significance level except for 45 

Trendmax. The average UTmean and UTmin of the 45 urban stations during 1954–2013 were 46 

approximately 0.05 and 0.11 °C decade
−1

, respectively, accounting for 18% and 31% of the overall 47 

warming trends, respectively. The UTmin estimated in this study is about twice that of the previous 48 

result based on the regression equations between Uii and SAT trends. 49 

Keywords  urban heat island; urbanization; temperature change; urban station; mainland China  50 
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1. Introduction 51 

In the past few decades, a number of countries in the world have experienced rapid urbanization 52 

and the dramatic growth of urban constructed land, energy consumption, and inhabitation of cities 53 

(Grimm et al., 2008; Parker, 2010). Surface energy balances within urbanized areas are often 54 

impacted by these changes, resulting in severe urban heat island (UHI) effects (Zhou et al., 2014; Li 55 

et al., 2018). This local warming is generally recorded by meteorological stations located in or close 56 

to cities (i.e., urban stations) in company with large-scale background climate change. Because few 57 

stations in the populated regions such as eastern China are free from the UHI effect (i.e., rural 58 

stations), regional warming is generally overestimated when based on all stations (Jones et al., 2008; 59 

Wen et al., 2019). Therefore, it is critical to accurately detect the biases UHI contributes to the 60 

surface air temperature (SAT) series for urban and suburban stations to better analyze and evaluate 61 

large-scale climate changes. 62 

The UHI effects on long-term SAT trends are usually investigated by comparing SAT series of 63 

urban stations with those of rural stations (UMR method) (Jones et al., 2008; Ge et al., 2013; Jin et 64 

al., 2018a). However, UMR method often contain some uncertainties due to the varied criteria for 65 

station classification, the uneven distribution of stations, and the limited number of rural stations in 66 

some regions such as populated area (Ren et al., 2008; Wang and Ge, 2012; Liao et al., 2016). In 67 

addition, some studies estimated UHI effects by subtracting reanalysis data from observation data 68 

(OMR method) (e.g., Kalnay and Cai, 2003). However, the reanalysis data normally retain a degree 69 

of uncertainty due to the varied assimilation systems and datasets used in the process of generating 70 

data (Wang and Yan, 2016). Meanwhile, reanalysis data often show an obvious bias against 71 

observations in some regions such as mountainous area with complicated topography (Bao and 72 

Zhang 2013). The limitations of the UMR and OMR methods can lead to certain divergences in 73 
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estimates of UHI effects. For example, Wang and Yan (2015) detected a very slight urban warming 74 

in the Beijing-Tianjin-Hebei metropolitan area of China during 1979–2009 based on the ECMWF 75 

reanalysis (ERA), while contributions of urban warming to overall warming trends were estimated 76 

to be 18.77%, 51.19%, and 25.69% based on the NCEP/NCAR reanalysis (NNR), NCEP/DOE 77 

reanalysis (NDR), and UMR methods, respectively. 78 

Considering the limitations of the UMR and OMR methods, a few studies have chosen 79 

mathematical method based on regression models to assess the UHI effects. For instance, Karl et al. 80 

(1988) and Chung et al. (2004) used a mathematical formula relating urban population to urban 81 

biases of stations to investigate the UHI effects in US and Korea, respectively. He et al. (2013) 82 

developed a regression equation between the urbanization rate and the temperature trend to detect 83 

the urban warming signals in Beijing, Tianjin, and Hebei Province of China. Using regression 84 

models based on urban-related indexes can avoid the dependency on rural stations exhibited by the 85 

UMR method. However, the SAT records used in mathematical methods generally include the 86 

effects of background climate change, which may vary over large-scale regions and obscure the 87 

warming caused by UHI (Pitman et al., 2011; Zhao et al., 2014). Recently, Wang et al. (2017) 88 

reduced the signal of background climate change using the OMR method before applying 89 

regression model to estimate urbanization effects in eastern China. But the uncertainties of the 90 

OMR method mentioned above may have remained in the study of Wang et al. (2017). Therefore, 91 

how to reduce the impact of background climate change on the assessment of UHI effects before 92 

applying the mathematical method to estimate urbanization effects is still a challenge. 93 

Moreover, previous studies based on the mathematical method rarely take specific determinants 94 

of UHI into consideration over large-scale regions. It has been acknowledged that the UHI intensity 95 

is significantly correlated with urban area or fraction (Yuan and Bauer, 2007), population density 96 
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(Karl et al., 1988), surface albedo (Peng et al., 2012), and vegetation index (Zhou et al., 2014). 97 

However, population information does not objectively and precisely reflect spatial changes in the 98 

UHI-related environments of surrounding stations (Peterson and Owen, 2005). Surface albedo and 99 

vegetation index are not suitable for large-scale studies because they vary according to the land 100 

cover, climatic condition, and geographical environment present (Zhai et al., 2014; Jin et al., 2018b). 101 

In addition, it is reported that land surface winds can influence the horizontal distribution of the 102 

UHI (Du et al., 2016), and the UHI intensity is negatively correlated with the distance from the city 103 

to the observation site (Knight et al., 2010). Taking into account urban area, station location relative 104 

to the city, and the impact of wind direction on the UHI distribution, Jin et al. (2015) proposed a 105 

composite index (urban impact indicator, hereafter Uii) to reflect the extent of the UHI effects on 106 

the observed temperature at urban stations. Uii can capture more information about UHI effects 107 

than simple parameters, such as population, used in previous studies can capture. However, UHI 108 

effects on the SAT trends estimated by Jin et al. (2015) based on the regression models between 109 

SAT trends and Uii was lower than many previous estimates for urban stations (e.g., Wang and Ge, 110 

2012). Two flaws in the method of Jin et al. (2015) may contribute to this underestimation. First, the 111 

local background climate change mentioned above was not removed from the SAT trends by Jin et 112 

al. (2015). Second, the city shape was assumed to be circular and include all urbanized lands when 113 

calculating the Uii in the study of Jin et al. (2015). As a result, the calculated Uii based on this 114 

assumption may have a large bias against the reality when reflecting UHI effects for those stations 115 

close to non-circular cities (e.g., strip cities). Thus, developing a more effective index that reflects 116 

the impacts of the UHI on the station data is very important before applying abovementioned 117 

mathematical methods. 118 

Because of extreme lack of rural stations in the populated regions and relatively low reliability of 119 
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reanalysis data in the mountainous regions in China, the UMR and OMR method may be unsuitable 120 

for examining the UHI effects on temperature change in these regions. Therefore, we attempt to 121 

advance this significant study on the basis of the mathematical method of Jin et al. (2015) by 122 

solving its two abovementioned flaws. To this end, a modified Uii (MUii) was calculated based on 123 

the objective distribution of the urban lands surrounding the selected urban and adjacent stations to 124 

better reflect the impact of UHI on these stations; the difference of UHI effects between the urban 125 

station and its adjacent station which have the similar background climate changes was calculated 126 

by comparing their difference in SAT trends, and was attributed to their difference in the changes 127 

related to urbanization. Finally, we explored the UHI effects on temperature changes during 1954–128 

2013 in the 45 urban stations of mainland China. 129 

2. Data and methods 130 

2.1 Data 131 

Urban population data of China’s primary cities from 1992 and 2013 were compiled from the 132 

China City Statistical Yearbook of the National Bureau of Statistics of China 133 

(http://www.stats.gov.cn). DMSP-OLS nighttime stable light (NSL) data from 1992 and 2013 were 134 

used to extract urban constructed lands (Liu et al., 2012; Jin et al., 2018b). NSL data with a spatial 135 

resolution of 1 km were collected by the US Air Force Weather Agency and obtained from the 136 

NOAA's National Geophysical Data Center (NGDC) (https://ngdc.noaa.gov/eog/download.html). 137 

The values of NSL data, which indicate nighttime light intensities, ranged from 0 to 63. 138 

Climate data were obtained from the China Meteorological Data Service Center (CMDC) 139 

(http://data.cma.cn/site/index.html). The daily wind directions during 1992–2013 were used in this 140 

study. In addition, the monthly mean air temperature data used in this study were derived from the 141 

China Homogenized Historical Temperature (CHHT) (1951–2004) dataset which includes 731 142 

http://www.stats.gov.cn/
https://ngdc.noaa.gov/eog/download.html
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meteorological stations. The CHHT is a homogenized dataset, which has been performed for quality 143 

control for inhomogeneities mainly caused by station relocation through adopting the 144 

Easterling-Peterson (EP) techniques and considering the reality of Chinese meteorological 145 

observations (Li et al., 2004). Previous studies demonstrated that temperature series before and after 146 

homogeneity adjustment even showed contrary trends due to station relocation (Cao et al. 2016). 147 

Given the impact of non-continuity of temperature series caused by station relocation on analysis 148 

results, it is necessary to study UHI effects on temperature trends using homogenized temperature 149 

data (Jones et al., 2008). Inhomogeneous discontinuities of temperature series of target station were 150 

generally adjusted based on the data of its neighboring station(s) (Li et al., 2009). But the 151 

inter-annual variations of the adjusted temperature series of target station before and after 152 

discontinuities were rarely affected by the data of neighboring station(s). Thus, adjusted 153 

temperature series of target station and temperature series of its neighboring station(s) were 154 

independent. The detailed processes related to adjustment of inhomogeneous discontinuities were 155 

described in the study of Li et al., (2004). The CHHT dataset with high reliability has been 156 

frequently used to study UHI effects on temperature changes (Li et al., 2009; 2010). Following the 157 

study by Ren and Zhou (2014), this study updated the CHHT data to 2013 using the historical SAT 158 

records. Then, the updated data were adjusted for inhomogeneities caused by station relocation after 159 

2004 following the study of Li et al. (2004). A detailed explanation of this procedure is shown in the 160 

study of Jin et al. (2018a). Finally, the temporal trends in annual averaged daily mean SAT 161 

(Trendmean), maximum SAT (Trendmax), and minimum SAT (Trendmin) were calculated to analyze 162 

SAT changes. 163 
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2.2 Methods 164 

a. Selection of meteorological stations 165 

In this study, an adjacent station was selected for each urban station to compose a station pair. 166 

The purpose of this pairing is to compare the difference in SAT trends and in MUii between the 167 

urban station and its adjacent station instead of applying UMR method. Therefore, the selection of 168 

adjacent stations was not limited to the category of rural stations in this paper. Moreover, it is 169 

critically important that the background climatic parameters between the urban station and its 170 

adjacent station should be nearly similar for comparison analysis. Thus, the difference in altitude 171 

between the urban station and its adjacent station as well as their distance should be in a reasonable 172 

range. To this end while applying UMR method, Wang et al. (2015) selected 194 rural stations and 173 

413 urban stations which the average distance between urban and rural stations was 145 km; Hua et 174 

al. (2008) selected 190 station pairs (consisting of an urban station and a rural station) which the 175 

largest distance of station pair exceeding 200 km; Gallo and Owen (1999) only analyzed those cities 176 

with meteorological stations that exhibited less than 500-m elevation differences to eliminate the 177 

topographical effect on results. Based on these studies, therefore, we selected meteorological 178 

stations in mainland China using the following steps and criterions. 179 

We first selected a meteorological station nearest each city that had an urban population of more 180 

than 1 million in 2013 (i.e., urban station). Then, 61 urban stations that the climate records covered 181 

the period 1954–2013 were selected from more than 700 national meteorological stations in 182 

mainland China. Second, we selected a meteorological station nearby each urban station and 183 

defined it as the adjacent station. The adjacent stations were selected from the rest of national 184 

meteorological stations, excluding the selected urban stations. The difference in altitude between 185 

the urban station and its adjacent station and their distance were smaller than 500 m and 140 km, 186 
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respectively, which were relatively stricter compared to previous criterions mentioned above. 187 

Therefore, the background climate change was expected to be nearly homogeneity for a given 188 

station pair. The climate records from the adjacent stations also covered the period 1954–2013. 189 

Finally, forty-five station pairs (45 urban stations and 42 adjacent stations) were selected (Fig. 1). 190 

The rest 16 urban stations without adjacent station were deleted in this study. For the 45 station 191 

pairs, the mean difference in altitude between the urban station and adjacent station and their mean 192 

distance were about 105 m and 102 km, respectively (Supplement 1). More information of the 193 

selected meteorological station such as the distances from stations to the nearest water area and 194 

seacoast can be found in the Supplement 1. Because of the limited number of meteorological 195 

stations, there were three adjacent stations that were each shared by two urban stations. 196 

b. Modification of the previous urban impact indicator 197 

Before calculating Uii, Jin et al. (2015) assumed that all urban lands in a city were concentrated 198 

in a circle. Taking a meteorological station located in the simplified city circle as example, the 199 

impact of urban lands on station along a given wind direction was calculated through multiplying 200 

the length from city boundary to station along this wind by the corresponding wind frequency. Then, 201 

Uii was calculated by standardizing and summing over all the impacts of urban lands along 202 

different wind directions (detailed processes can be found in the study of Jin et al. (2015)). However, 203 

we found that the shapes of over half the cities nearby the selected 45 urban stations were obviously 204 

not circular due to topography and environmental factors, especially in the mountainous areas and 205 

coastal areas of China (Supplement 2). In this study, therefore, the calculation of Uii was improved 206 

by weighting the areas of urban lands in different buffer areas surrounding a given station. The 207 

procedures used to calculate the MUii were as follows. 208 

First, urban constructed lands for 1992 and 2013 were automatically extracted from the NSL 209 
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images by the empirical threshold technique (Elvidge et al., 1997). Due to the “light diffuse” 210 

phenomena in densely populated areas (Huang et al., 2014), different thresholds for extracting 211 

urban constructed lands should be adopted according to the regional economic or urbanization 212 

levels (Liu et al., 2012). Based on the study of Jin et al. (2018a), the extraction thresholds for the 213 

cities with population less than 2 millions was determined to be 45, otherwise it was determined to 214 

be  50 in this study. 215 

Second, urban land areas in different subzones around each station were measured. Wang and Ge 216 

(2012) studied the correlations between temperature trend and urban area change at 5 km 217 

increments around stations and found high correlation coefficients at 10–20 km. To cover this area, 218 

we drew three circular buffer areas around each station, with the meteorological station as the center 219 

and a distance of 10, 20, and 30 km as radii (Li et al. 2013) (Fig. 2). The three buffer areas located 220 

from the inside to the outside (0–10 km, 10–20 km, and 20–30 km) were denoted by a, b, and c, 221 

respectively. Then, we covered the boundary of 16 wind directions (denoted by i, equaling to 1, 222 

2, …, 16) on the three buffer areas. The 30-km-radius circular buffer area (hereafter 30-km area) 223 

around each station was divided into 48 subzones (denoted by ai, bi, and ci) (Fig. 2). The locations 224 

of subzone a1, b1, c1, a5, b5, and c5 have been marked in Fig. 2 for understanding the sign system. 225 

The area of urban constructed lands in each subzone (Sai, Sbi, and Sci) was measured by ArcGIS 10.2 226 

software. 227 

Third, using wind frequency (Fi) and the distance from the station to the subzone (da, db or dc) as 228 

weight coefficients, the impact of UHI on each selected station (K) was quantified by weighting all 229 

urban constructed lands for the station. Based on the study of Jin et al. (2015), the direction of wind 230 

with the maximum speed in one day was regarded as the dominant wind direction of the day. The 231 

frequency of a given dominant wind direction was represented by the ratio in the number of days it 232 
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appeared to the total number of days during 1992–2013. Finally, the MUiis of 1992 and 2013 were 233 

calculated by standardization. MUii was defined as the extent of UHI effects on the urban stations 234 

via winds traversing urban areas within a certain distance (Jin et al., 2015). The equations for 235 

calculating MUii were as follows. 236 

𝐾𝑖 = (
𝑆𝑎𝑖

𝑑𝑎
+

𝑆𝑏𝑖

𝑑𝑏
+

𝑆𝑐𝑖

𝑑𝑐
) × 𝐹𝑖,                          (1) 237 

𝐾 = ∑ 𝐾𝑖
16
𝑖=1 , and                              (2) 238 

𝑀𝑈𝑖𝑖 =
𝐾

𝐾𝑚𝑎𝑥
,                                (3) 239 

where Ki means the extent of UHI effects on the urban stations via the wind from the direction i. i 240 

represents the wind direction, which is equals to 1, 2, … or 16. Sai, Sbi, and Sci represent the areas of 241 

urban constructed lands in the subzone ai, bi, and ci, respectively, in km
2
. a, b, and c represent the 242 

circular buffer areas from the inside to the outside, respectively. da indicates the maximum distance 243 

from the urban station to the subzone ai (i.e., 10 km). db and dc are same as da, but for the subzone 244 

i-b and i-c, respectively (i.e., 20 and 30 km, respectively). Fi indicates frequency of the dominant 245 

wind from the direction i during 1992–2013. Kmax indicates the maximum K among the selected 246 

stations, which is used for standardization. 247 

c. Estimation of UHI effects on temperature change 248 

Considering the limitations of the OMR and UMR methods, this study adopted a mathematical 249 

method based on a regression model to estimate the impacts of UHI on observed SAT trends. First, 250 

we assumed that the MUii of each station in 1954 was extremely small and could be ignored. 251 

Taking Guangzhou station as an example, the MUii in 1954 was estimated to be 0.01. It is very 252 

small comparing with the MUiis in 1992 (i.e., 0.33) and 2013 (i.e., 1.00), indicating that the 253 

abovementioned assumption was reasonable (see details in the Supplement 3). Thus, the magnitude 254 

of change in MUii during 1954–2013 was approximately equal to the value of MUii in 2013. The 255 
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difference in the magnitude of MUii changes between urban and adjacent stations (ΔMUii) was 256 

calculated by Eq. (4). Second, the differences in Trendmax (ΔTrendmax), Trendmean (ΔTrendmean), and 257 

Trendmin (ΔTrendmin) between urban and adjacent stations during 1954–2013 were calculated by Eq. 258 

(5).  259 

𝛥𝑀𝑈𝑖𝑖 = 𝑀𝑈𝑖𝑖𝑢𝑟𝑏𝑎𝑛,2013 −𝑀𝑈𝑖𝑖𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡,2013 and                 (4) 260 

𝛥𝑇𝑟𝑒𝑛𝑑 = 𝑇𝑟𝑒𝑛𝑑𝑢𝑟𝑏𝑎𝑛 − 𝑇𝑟𝑒𝑛𝑑𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑡 ,                    (5) 261 

where the unitless MUiiurban,2013 and MUiiadjacent,2013 represent the MUiis of urban and adjacent 262 

stations in 2013, respectively. Trendurban and Trendadjacent indicate the temperature trends of urban 263 

and adjacent stations during 1954–2013, respectively, in °C decade
−1

. 264 

The differences in SAT trends between urban and adjacent stations (ΔTrend) are primarily caused 265 

by the different UHI effects on the urban and adjacent stations. Therefore, ΔTrend is likely to be 266 

proportional to ΔMUii. Third, we calculated three linear regression equations relating ΔMUii to 267 

ΔTrendmax, ΔTrendmean, and ΔTrendmin based on the determinate 45 station pairs. Based on the 268 

calculated linear regression coefficients and the MUiis of the selected 45 urban stations in 2013, 269 

UHI effects on Trendmax (UTmax), Trendmean (UTmean), and Trendmin (UTmin) during 1954–2013 were 270 

estimated. Then, the contributions of UHI effects to overall warming trends were calculated based 271 

on the ratios of UHI warming to the overall warming trends (Wang and Ge, 2012). 272 

3. Results 273 

3.1 Temperature trends and MUiis of selected meteorological stations 274 

On average, the Trendmean, Trendmax, and Trendmin of the 45 urban stations during 1954–2013 275 

reached 0.28, 0.19, and 0.35 °C decade
−1

, respectively (Table 1). By comparing the difference in 276 

SAT trends between urban and adjacent stations, the average ΔTrendmean, ΔTrendmax, and ΔTrendmin 277 

of the 45 station pairs were 0.08, 0.03, and 0.10 °C decade
−1

, respectively. This indicates that urban 278 
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stations have undergone faster warming than adjacent stations overall. 279 

The mean MUii of the 45 urban stations has increased from 0.06 to 0.35 during 1992–2013 280 

(Table 1). However, there was a large difference in MUii among the 45 urban stations in 2013. In 281 

2013, the MUiis of 17 urban stations were lower than 0.20, while 9 urban stations had MUiis of 282 

greater than 0.60 (Fig. 3a). Urban stations with relatively large MUiis in 2013 were mainly located 283 

in eastern China. Contrarily, the 42 adjacent stations showed small difference in MUii in 2013 (Fig. 284 

3b), and their mean MUii has increased from 0.01 to 0.05 in the past 22 years (Table 1). The 285 

average ΔMUii of the 45 station pairs was as large as 0.30, indicating that urban stations suffered 286 

more severe UHI effects than adjacent stations. This is consistent with the observation that urban 287 

stations show a faster warming than adjacent stations. However, the ΔMUiis are obviously different 288 

among the 45 station pairs (Fig. 3c). The value of the standard deviation (SD) of ΔMUii was as 289 

large as 0.25. Some station pairs that were located in the same cities still showed large differences 290 

in MUii. For example, the ΔMUii between the Tianjin and Tanggu stations was larger than 0.4, 291 

despite the fact that they were both located in Tianjin city. 292 

3.2 Relationship between ΔMUii and ΔTrend of the selected station pairs  293 

Fig. 4 shows that the positive correlation between ΔMUii and ΔTrendmean (ΔTrendmin) is 294 

significant at the 0.001 significance level based on the selected 45 station pairs. Linear regression 295 

coefficients between ΔMUii and ΔTrendmean and between ΔMUii and ΔTrendmin were 0.139 and 296 

0.319 °C decade
−1

, respectively. Correlation coefficients (r) between ΔMUii and ΔTrendmean and 297 

between ΔMUii and ΔTrendmin were 0.503 and 0.639, respectively. The degree of fit of these 298 

equations is higher than that for the regression equations between Uii and the SAT trend that 299 

contains background climate change (e.g., r of the regression equation between Uii and the Trendmin 300 

being 0.308), which were calculated in Jin et al. (2015). Moreover, the correlation between ΔMUii 301 
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and ΔTrendmax was relatively poor (r = 0.314, P<0.05), which indicated that environment changes 302 

related to urbanization may have a weak influence on the warming of the Trendmax. 303 

Additionally, we analyzed the relationships between MUii and Trendmean and between MUii and 304 

Trendmin (Fig. 5). r of the regression equation between MUii and Trendmean (Trendmin) was 0.447 305 

(0.599), which was smaller than that between ΔMUii and ΔTrendmean (ΔTrendmin). This indicates that 306 

the fitted degree of the regression equation between ΔMUii and ΔTrendmean (ΔTrendmin) is higher 307 

than that between MUii and Trendmean (Trendmin). 308 

3.3 Impacts of UHI on observed temperature trends 309 

Based on the mean MUii of the 45 urban stations in 2013 (i.e., 0.35) and linear regression 310 

coefficient between ΔTrendmean and ΔMUii, the mean UTmean was calculated to be approximately 311 

0.05 °C decade
−1

 during 1954–2013. Similarly, the mean UTmin of the 45 urban stations during 312 

1954–2013 was calculated to be approximately 0.11 °C decade
−1

. The mean contributions of UHI 313 

effects to the overall warming trends of 45 urban stations during 1954–2013 were estimated to be 314 

18% and 31% for Trendmean and Trendmin, respectively. In contrast, based on the equations 315 

developed between Uii and the SAT trend, Jin et al. (2015) found that the mean UTmean and UTmin 316 

was 0.046 and 0.054 °C decade
−1

 during 1955–2012, respectively. The UTmin estimated in this study 317 

is about twice that of Jin et al. (2015). 318 

In addition, we calculated UTmean and UTmin of the 45 urban stations during 1954–2013 319 

according to their MUii from 2013. There was an obvious difference in the warming induced by 320 

UHI among the 45 urban stations, especially for UTmin (see Supplement 4 and Fig. 6). UTmin of 13 321 

urban stations was lower than 0.05 °C decade
−1

, while 9 urban stations had UTmin larger than 0.20 °C 322 

decade
−1

. Urban stations with relatively large UTmean and UTmin were mainly located in the 323 

metropolitan areas of eastern China where the economy was booming. The largest UTmean and UTmin 324 



14 
 

during 1954–2013, calculated for the Guangzhou station, were as large as 0.14 and 0.32 °C decade
−1

, 325 

respectively. The Yibin station showed the smallest UTmean and UTmin, which were close to zero. 326 

4. Discussion 327 

The difference in urban warming between urban stations was generally attributed to the various 328 

urbanization levels around them (Yao et al., 2017). However, we found that some station pairs 329 

located in the same cities still showed large differences in MUii (Fig. 3). For example, the ΔMUii 330 

between Tianjin and Tanggu stations is larger than 0.4 in 2013, despite the fact that they are both 331 

located in Tianjin city. Similarly, Jin et al. (2017) found that the warming induced by UHI greatly 332 

differed between two urban stations located in the east and west area of Changsha city, China. 333 

Moreover, Zhao and Wu (2017) found that urban warming varied in different areas of Beijing city, 334 

China. This is related to a special situation of China, in which some cities have a very large area. 335 

Thus, only considering UHI intensity by simple parameters, such as population, makes it difficult to 336 

distinguish the extent of UHI effects on those stations located in the same city (Karl et al., 1988). 337 

Although impervious surfaces and urban fractions are better than population for quantifying UHI 338 

intensity, the influence of wind direction on the location of UHI is often ignored (Wang et al., 2017; 339 

Li et al., 2018). Gedzelman et al. (2003) demonstrated that sea breezes commonly displace New 340 

York City’s UHI approximately 10 km downwind. Therefore, the impacts of UHI on urban stations 341 

are determined not only by UHI intensity but also by UHI distribution and the relative location of 342 

stations (Oke, 1982; Knight et al., 2010).  343 

In the study of Jin et al. (2015), Uii was calculated based on the assumption that all urbanized 344 

lands of a city are concentrated in a circle. However, larger cities generally have more satellite 345 

towns around cities than small cities in China. This implies that urban constructed lands in suburban 346 

areas of larger city would be more than that in smaller cities (Jin et al., 2018a). Therefore, Jin et al. 347 
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(2015) may underestimate the impact of UHI on urban stations nearby large cities by using Uii, 348 

despite it takes into account urban area, station location, and winds. When compared with previous 349 

indicators associated with UHI intensity such as population and Uii, MUii should be more realistic 350 

in reflecting UHI effects on stations. 351 

Moreover, this study used the regression equations between ΔMUii and ΔTrend for the 45 station 352 

pairs to explore urban warming signals in the records of urban stations. Contrarily, Jin et al. (2015) 353 

adopted the equations between Uii and the SAT trend to conduct this work. The warming trend has 354 

been more pronounced in the northern regions than in the southern regions during recent decades in 355 

China (Cao et al., 2016). Therefore, the SAT trends of stations with slight UHI impact in northern 356 

China are even higher than those of stations with severe UHI impact in southern China (Ge et al., 357 

2013). Regression equations, which directly related Uii or MUii to the SAT trends of these stations, 358 

would show a smaller regression coefficient, resulting in a lower estimate in the study of Jin et al. 359 

(2015).  360 

Overall, the usage of different urban impact indicators and different ways of regression could 361 

lead large divergence in the results. Taking 29 urban stations that appeared in both the present study 362 

and Jin et al.’s study as example (Supplement 4), their averaged UTmin was approximately 0.12 °C 363 

decade
−1

 during 1954–2013 in this study. This was obviously larger than the estimations from Jin et 364 

al. (2015) (i.e., 0.06 °C decade
−1

 during 1953–2012). The same problem remained in other studies 365 

based on the mathematical method. For instance, Karl et al. (1988) revealed that the urban bias was 366 

0.06 °C in the United States during the twentieth century, which is obviously smaller than the result 367 

of Kalnay and Cai (2003) based on the OMR method (i.e., 0.27 °C). Therefore, subtracting 368 

large-scale climate change from the SAT trends before building the regression models has reduced 369 

the uncertainties to some extent in our study. 370 
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In this study, the UTmean of the 45 urban stations varied from zero to 0.14 °C decade
−1

 during 371 

1954–2013. This is consistent with Ren et al. (2008) who demonstrated that urban warming 372 

increased from 0.07 °C decade
−1

 in the small city station group to 0.16 °C decade
−1

 in the large city 373 

station group in north China during 1961–2000 using UMR method. Moreover, UTmean was as large 374 

as 0.11 °C decade
−1

 at the Tianjin station in this study (Supplement 4). These results were consistent 375 

with the studies of Wang and Yan (2015) based on the UMR method and Wang et al. (2017) based 376 

on regression model. The maximum UTmean (i.e., 0.14 °C decade
−1

) was found at the Guangzhou 377 

station in this study. Based on the UMR method, Xiong et al. (2010) suggested that urban warming 378 

was 0.12 °C decade
−1

 during 1978–2007 in Guangzhou city. We noted that one of the two rural 379 

stations selected by Xiong et al. (2010) was located in Zengcheng city, which may be influenced by 380 

UHI. As we know, selecting rural stations with insufficient representativeness due to urbanization 381 

may underestimate UHI warming (Jones et al., 2008; Ren and Ren, 2011; Ren et al., 2015). Thus, 382 

the result of Xiong et al. (2010) represents a relatively low estimate. Moreover, the result of Yang et 383 

al. (2011) showed a UHI warming of 0.398 °C decade
−1

 during 1981–2007 for metropolis city 384 

stations in east China, which was even larger than our maximum estimate. Apart from the difference 385 

in study period, the divergence may be related to the quality of reanalysis data used by Yang et al. 386 

(2011); these data normally contain systematic biases in the multi-decadal variability of SAT (Wang 387 

and Yan, 2016). Overall, uncertainties in selecting rural stations and using reanalysis may lead to 388 

divergent results (Jones et al., 2008; Wang and Ge, 2012; Ren and Zhou, 2014; Liao et al., 2016). 389 

The current study based on the regression equations between ΔMUii and ΔTrend avoids the major 390 

limitations of the UMR and OMR method, which could advance the assessment of UHI effects on 391 

temperature change. 392 

It is reported that climatic conditions and topography can influence UHI intensities (Kassomenos 393 
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and Katsoulis, 2006; Zhou et al., 2016). Although this study adopted a stricter criterion to select 394 

station pairs compared to some previous study, the different distances and elevations between urban 395 

and adjacent stations may still lead to some uncertainty in the results (He et al., 2013). In order to 396 

understand the topography effect on results, we built linear regression equation between ΔTrendmean 397 

(ΔTrendmin) and ΔMUii for 32 station pairs that exhibited less than 100-m elevation differences. The 398 

average UTmean and UTmin of the 45 urban stations during 1954–2013 based on the abovementioned 399 

equations were calculated to be 0.051 and 0.103 °C decade
−1

, respectively. These are very close to 400 

the corresponding results mentioned in part 3.3 (see details in the Supplement 5). Moreover, 401 

because this study focuses on the 45 urban stations in a large-scale region, more detailed factors 402 

associated with UHI, such as building density and the distance from station to water (sea), were also 403 

not considered in the calculation of MUii. Recently, Theeuwes et al. (2017) derived a diagnostic 404 

equation for the daily maximum UHI, which could be used as a reference for future study, by 405 

considering the solar radiation, diurnal temperature range, wind speed, and the vertical temperature 406 

gradient. 407 

5. Conclusions 408 

In this study, an urban impact indicator (i.e., Uii), which combines the urban land area, wind 409 

directions, and station location, was modified to represent the extent of UHI effect on 410 

meteorological stations. The modified Uii (i.e., MUii) should be more accurate than Uii because it 411 

was calculated considering the realistic horizontal distribution of the urban lands, while Uii was 412 

calculated by simplifying the city’s shape to a circle. Moreover, in order to reduce the impact of 413 

background climate change, we built several linear regression equations between ΔMUii and ΔTrend 414 

to explore the impacts of UHI effects on SAT trends for the 45 urban stations in mainland China. 415 

The main findings are as follows: 416 
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(1) On average, the MUii of the 45 urban stations has increased from 0.06 to 0.35 during 1992–417 

2013, implying large biases of UHI effects on the SAT series of urban stations. Some stations 418 

that are located in same city still showed large difference in MUii, which shows its advantage in 419 

reflecting the impact of UHI on stations compared to previous indicators, such as population. 420 

(2) There is a significantly positive correlation between ΔMUii and ΔTrendmean (ΔTrendmin) based 421 

on the selected 45 station pairs (P<0.001). The correlation between ΔMUii and ΔTrendmax was 422 

relatively poor, indicating a weak influence of urbanization on the Trendmax change. The 423 

degrees of fit of the equations between ΔMUii and ΔTrend are higher than that for the 424 

regression equations between MUii and the SAT trend that contains background climate 425 

change. 426 

(3) During 1954–2013, the largest UTmean was found at the Guangzhou station (i.e., 0.14 °C 427 

decade
−1

), while the smallest UTmean was found at the Yibin station which was close to zero. 428 

The mean UTmean and UTmin of the 45 urban stations during 1954–2013 were estimated to be 429 

approximately 0.05 and 0.11 °C decade
−1

, respectively, accounting for 18% and 31% of the 430 

overall warming trends. Notably, the UTmin estimated in this study is about twice that of Jin et 431 

al. (2015). This discrepancy may have occurred because we have optimized Uii by redesign and 432 

have removed the background climate change from the SAT trends before applying the 433 

mathematical method. Moreover, it should be noted that the selected adjacent stations are not 434 

limited to the category of rural stations in this paper. Thus, the current method should be 435 

suitable for the study of UHI effects, particularly in populated regions where few rural stations 436 

exist. 437 

 438 
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Supplements 439 

Supplement 1 shows information of the selected 45 urban stations and their adjacent stations in 440 

mainland China. Supplement 2 shows aerial views of the non-circular cities nearby the selected 441 

urban stations. Supplement 3 shows validation of the assumption that the MUii of each station in 442 

1954 could be ignored. Supplement 4 shows UHI effects on SAT trends of the selected 45 urban 443 

stations during 1954–2013 in mainland China. Supplement 5 shows evaluation of the influence of 444 

topography on the results of UHI effects. 445 
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 578 

Figure and Table captions: 579 

Fig. 1. Location of the selected 45 station pairs in mainland China. Nighttime light intensity 580 

indicates the value of nighttime stable light data which ranges from 0 to 63. 581 

Fig. 2. Sketch of the urban constructed lands in the 48 subzones around Zhengzhou station in 2013. 582 

The whole numbers from 1 to 16 represent different wind directions. a1, b1, and c1 imply 583 

the three subzones located from the inside to the outside along the first wind direction. a5, 584 

b5, and c5 imply the three subzones located from the inside to the outside along the fifth 585 

wind direction. The latitude and longitude of Zhengzhou station are 34°25’48’’N and 586 

113°23’24’’E, respectively. 587 

Fig. 3. Distribution of the MUii in 2013 for (a) the 45 urban stations (MUiiurban,2013) and (b) the 42 588 

adjacent stations (MUiiadjacent,2013) in mainland China, and (c) the difference in MUii between 589 

urban and adjacent stations (ΔMUii). 590 

Fig. 4. The linear correlations between ΔTrend and ΔMUii of the 45 station pairs. ΔMUii indicates 591 

the difference in the magnitude of MUii changes during 1954–2013 between urban and 592 

adjacent stations. ΔTrendmax indicates the difference in annual averaged daily maximum 593 

temperature trends between urban and adjacent stations during 1954–2013. ΔTrendmean and 594 

ΔTrendmin are same as ΔTrendmax, but for annual averaged daily mean and minimum 595 

temperature, respectively. 596 

Fig. 5. The linear correlations between MUiis and SAT trends of the selected 45 urban stations. Red 597 

and blue dots indicate analyses for the annual averaged daily minimum and mean 598 

temperature trends, respectively. 599 
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Fig. 6. Distribution of the impacts of UHI on the annual averaged daily (a) mean (UTmean) and (b) 600 

minimum (UTmin) temperature trends for the 45 urban stations during 1954–2013 in mainland 601 

China. 602 

 603 

Table 1. Descriptive statistics of MUii and temperature trends for the selected 45 station pairs in 604 

mainland China. 605 

 606 

 607 

 608 

Fig. 1. Location of the selected 45 station pairs in mainland China. Nighttime light intensity 609 

indicates the value of nighttime stable light data which ranges from 0 to 63.  610 
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 611 

Fig. 2. Sketch of the urban constructed lands in the 48 subzones around Zhengzhou station in 2013. 612 

The whole numbers from 1 to 16 represent different wind directions. a1, b1, and c1 imply the three 613 

subzones located from the inside to the outside along the first wind direction. a5, b5, and c5 imply 614 

the three subzones located from the inside to the outside along the fifth wind direction. The latitude 615 

and longitude of Zhengzhou station are 34°25’48’’N and 113°23’24’’E, respectively.  616 
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 617 

Fig. 3. Distribution of the MUii in 2013 for (a) the 45 urban stations (MUiiurban,2013) and (b) the 42 618 

adjacent stations (MUiiadjacent,2013) in mainland China, and (c) the difference in MUii between urban 619 

and adjacent stations (ΔMUii).  620 
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 621 

Fig. 4. The linear correlations between ΔTrend and ΔMUii of the 45 station pairs. ΔMUii indicates 622 

the difference in the magnitude of MUii changes during 1954–2013 between urban and adjacent 623 

stations. ΔTrendmax indicates the difference in annual averaged daily maximum temperature trends 624 

between urban and adjacent stations during 1954–2013. ΔTrendmean and ΔTrendmin are same as 625 

ΔTrendmax, but for annual averaged daily mean and minimum temperature, respectively.  626 
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 627 

Fig. 5. The linear correlations between MUiis and SAT trends of the selected 45 urban stations. Red 628 

and blue dots indicate analyses for the annual averaged daily minimum and mean temperature 629 

trends, respectively.  630 
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 631 

Fig. 6. Distribution of the impacts of UHI on the annual averaged daily (a) mean (UTmean) and (b) 632 

minimum (UTmin) temperature trends for the 45 urban stations during 1954–2013 in mainland 633 

China.  634 
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Table 1. Descriptive statistics of MUii and temperature trends for the selected 45 station pairs in 635 

mainland China. 636 

 

Urban station  Adjacent station 

ΔMUiid
 

Urban station  Adjacent station 

MUii1992
b
 MUii2013

c
  MUii1992 MUii2013 Trendmean

e Trendmax
f Trendmin

g  Trendmean Trendmax Trendmin 

Mean 0.06 0.35  0.01 0.05 0.30 0.28 0.19 0.35  0.20 0.16 0.25 

Minimum 0.00 0.01  0.00 0.00 0.00 0.04 0.04 0.12  0.05 0.04 0.08 

Maximum 0.33 1.00  0.08 0.35 0.96 0.51 0.32 0.72  0.41 0.26 0.56 

SD
a
 0.08 0.27  0.02 0.07 0.25 0.09 0.08 0.14  0.08 0.06 0.12 

Sample size 45 45  42 42 45 45 45 45  42 42 42 

a
 indicates standard deviation. 

b
 and 

c
 the unitless modified urban impact indicator (MUii) in 1992 637 

and 2013, respectively. 
d
 the difference in MUii change between the urban station and its adjacent 638 

station during 1954–2013. 
e
, 

f
, and 

g
 the trends of the annual averaged daily mean, daily maximum, 639 

and daily minimum temperature during 1954–2013, respectively, in °C /decade. 640 


