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Abstract 25 

The urban heat island (UHI) effect has attracted great attention due to its potential 26 

impacts on rapidly growing urban areas. Using remotely sensed estimates of land 27 

surface temperature (LST), a large number of studies have focused on the surface UHI 28 

(SUHI) effect, which can be characterized by its two fundamental properties: intensity 29 

and footprint. The SUHI intensity reflects the LST difference between the urban area 30 

and the background reference area (BRA), and the SUHI footprint indicates the spatial 31 

extent influenced by the heat island. Currently, numerous methods have been developed 32 

to estimate the SUHI intensity and footprint, but are still greatly challenged by three 33 

main issues. Namely, the discrepancy of BRA selection criterion brings great 34 

uncertainty to the SUHI intensity, the extraction of SUHI footprint is largely 35 

constrained by the predefined models, and the accuracy of SUHI indicators is 36 

potentially influenced by several confounding factors. Here, we proposed an adaptive 37 

synchronous extraction (ASE) method, which is capable of adaptively selecting the 38 

most optimal BRA while removing the influence of confounding factors, and achieving 39 

the synchronous estimation of SUHI intensity and footprint. We applied the ASE 40 

method to 254 North American cities and conducted an in-depth comparative analysis 41 

to discuss its applicability and benefits. The main results include: (1) The ASE method 42 

avoids the limitations of existing methods in BRA selection and model presetting, and 43 

shows resilience to parameter variations. This makes the ASE method highly applicable 44 

to quantify the SUHI intensity and footprint in cities with various thermal 45 

characteristics. (2) The ASE method can better highlight the spatial, seasonal and day-46 
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night contrasts in the estimated SUHI intensity. This superiority is particularly evident 47 

when comparing it to methods based on the equal-area buffer or the simplified urban-48 

extent algorithm. (3) Confounding factors pose non-negligible impacts on the 49 

quantification of the SUHI effect. Typically, ignoring the influence of topographic relief 50 

or LST data missing can lead to an overall overestimation of the SUHI intensity, while 51 

not removing surrounding urban areas will cause some underestimation of the SUHI 52 

intensity. Overall, the proposed ASE method provides a new generalizable tool for 53 

quantifying the SUHI effect, which has great potentials for future studies and urban 54 

climate assessments. 55 

 56 

Keywords: Urban heat island effect; SUHI indicators; Urban-rural gradients; Land 57 

surface temperature; Spatiotemporal variations 58 
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1. Introduction 60 

Urbanization can alter local thermal environment, causing urban areas to be 61 

warmer than their surroundings, a phenomenon known as the urban heat island (UHI) 62 

effect. The UHI effect can influence vegetation phenology, hydrologic cycle, and 63 

energy consumption in urban regions, and even pose a public health threat to urban 64 

dwellers (Jia et al. 2018; Li et al. 2019c; Wang et al. 2022; Ward et al. 2016; Zhou et al. 65 

2018b; Zhou et al. 2016b). In view of continuing urban expansion and densification, as 66 

well as intensifying background climate change, the UHI effect and its potential impacts 67 

have attracted widespread attention. 68 

Existing UHI studies can be broadly divided into those based on in-situ air 69 

temperature and those based on remotely sensed land surface temperature (LST). 70 

Remotely sensed LST has the advantage of easy access and high spatial resolution 71 

compared to in-situ air temperature, and therefore has been widely used in UHI studies 72 

in recent years (Zhou et al. 2018b). The LST-based UHI reflects the urban surface 73 

thermal environment and is therefore referred to as the surface UHI (SUHI) effect (Peng 74 

et al. 2012; Zhou et al. 2018b; Zhou et al. 2014). The primary research themes on SUHI 75 

can be divided into: quantitative methods, spatiotemporal patterns, influencing factors, 76 

and mitigation measures. Among them, the quantification of SUHI is foundational to 77 

tackle the other themes. 78 

The most typical and widely studied property of the SUHI effect is its intensity 79 

(Schwarz et al. 2011; Zhou et al. 2018b). The SUHI intensity (SUHII) is generally 80 

defined as the average LST difference between an urban area and its background 81 
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reference area (BRA) (Li et al. 2022; Zhou et al. 2018b). Previous studies have widely 82 

regarded the fixed buffer ring outside urban extents as the BRA, but show difference in 83 

the size and location of the buffer ring (Chen et al. 2021; Cui et al. 2021; Hu et al. 2022; 84 

Huang et al. 2020; Lai et al. 2018; Lai et al. 2021a; Li et al. 2022; Liao et al. 2022; 85 

Manoli et al. 2019; Peng et al. 2012; Possega et al. 2022; She et al. 2021; Venter et al. 86 

2021; Yang et al. 2017; Yao et al. 2019; Yao et al. 2018; Zhan et al. 2022; Zhou et al. 87 

2014). There are two common methods for constructing buffer rings: distance-based 88 

methods and area-based methods. The distance-based methods construct the buffer ring 89 

(i.e., BRA) of a certain width (w) at a certain distance (d) away from the central urban 90 

area. However, both d and w differ greatly among existing studies, with a range of 0-50 91 

km and 1-50 km, respectively (Li et al. 2019b). Obviously, differences in d and w can 92 

lead to large disparities in the selection of BRA, which in turn can have a significant 93 

impacts on the estimated SUHII (Li et al. 2019b). Moreover, the distance-based 94 

methods are also limited by the inapplicability of applying a single fixed buffer to cities 95 

of different sizes, especially in large-scale studies (Lai et al. 2018). The area-based 96 

methods determine the BRA as the neighboring buffer ring with an area that is a 97 

multiple (0.5×, 1.0×, 1.5×, or others) of the corresponding urban area (Chakraborty et 98 

al. 2021; Lai et al. 2018; Lai et al. 2021a; Li et al. 2019b; Peng et al. 2012; Wang et al. 99 

2015; Zhan et al. 2022). These methods take the size of the urban area into account 100 

when selecting the BRA, making it more suitable for the SUHI analysis across different 101 

cities. However, the area multiple used to determine the BRA is not standardized. To 102 

overcome the BRA selection difficulties of distance- and area-based methods, 103 
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Chakraborty and Lee (2019) developed a method based on the simplified urban-extent 104 

(SUE) algorithm (referred as SUE method here) to quantify the SUHII. This method 105 

distinguishes between urban areas and corresponding BRAs by land cover types, i.e., 106 

regarding built-ups as urban areas and other land covers (except water bodies) as BRAs. 107 

The SUE method gets rid of the difficulty of buffer selection, but may be challenged by 108 

the systematically lower SUHII due to the very close proximity of BRA to urban extents 109 

(Li et al. 2022). 110 

Besides the intensity, the footprint is another fundamental property of the SUHI 111 

effect. The SUHI footprint (SUHIF) reflects the spatial extents influenced by the heat 112 

islands, and is an important indicator of the climatic impact of urbanization on the 113 

thermal environment (Hu et al. 2022; Streutker 2003; Yang et al. 2019; Zhou et al. 2015). 114 

According to the spatial distribution characteristics of urban LST (higher at the center 115 

or urban core and lower at the periphery), Streutker (2003) proposed a method to fit the 116 

urban LST by using the Gaussian model, and regarded the area under the fitted LST 117 

surface as the SUHIF. The Gaussian model’s assumption of a single urban core 118 

oversimplifies the complexity of urban structure, leading to potential inaccuracies in 119 

fitting the LST variations within the city, particularly for cities with multiple urban 120 

cores (Quan et al., 2014; Yang et al., 2019). Zhang et al. (2004) demonstrated that the 121 

LST along urban-rural gradients followed a single exponential decay model. Based on 122 

this, Zhou et al. (2015) established multiple buffer rings centered on the urban area, and 123 

searched for the first buffer ring (from inside to outside) with mean LST statistically 124 

lower than that of the predefined BRA. The SUHIF is quantified as the area covered by 125 
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the selected buffer ring and its internal regions (including the urban area). Zhou et al. 126 

(2015) applied this method to 32 major Chinese cities and found that the SUHIF could 127 

be up to 6.5 times the size of the central urban area. This method provides a new 128 

approach for quantifying the footprint of SUHI effect, but is still limited by the selection 129 

of predefined BRA and cannot deal with the urban cool island effect (i.e., lower LST in 130 

urban areas). Later, Qiao et al. (2019) used the logistic algorithm to fit the urban-rural 131 

LST gradients in Beijing, and the SUHIF was automatically extracted through the 132 

curvature extremes of the fitted logistic curve. This approach has the advantage of 133 

automatic selection of BRA, but the universality of logistic algorithm for urban LST 134 

fitting is still inconclusive (Peng et al. 2020). 135 

In addition to the methodology, the quantification of the SUHI effect requires 136 

attention to confounding factors. First, temperature is sensitive to local elevation, and 137 

the LST change caused by topographic relief (TR) can mask or amplify the SUHI effect, 138 

leading to bias in the SUHI indicators (Venter et al. 2021; Yao et al. 2018). To reduce 139 

the uncertainty caused by TR, a common practical method is to remove pixels with 140 

elevation anomalies (Cao et al. 2016; Chakraborty and Lee 2019; Chen et al. 2021; 141 

Yang et al. 2017; Yao et al. 2017; Zhao et al. 2014). Second, remotely sensed LST 142 

images usually suffer from missing values or large uncertainties due to the influence of 143 

clouds and shadows, which can have spatiotemporal dependencies (due to season, 144 

topography, coastal influences, etc.) , and thus introduce uncertainties for the SUHI 145 

indicators (Li et al. 2022). Large-scale seamless estimates of LST can be generated 146 

through spatiotemporal fusion techniques, which provides a feasible way to reduce the 147 
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bias caused by the missing data (Zhang et al. 2022). Third, the continued expansion of 148 

cities has resulted in an increasingly dense distribution of urban regions (Kuang et al. 149 

2016; Zhou et al. 2018a). As a result, there are often other urban areas spread around a 150 

target city, leading to the SUHI of the target city being influenced by the surrounding 151 

urban areas (SUAs). More importantly, the influence of SUAs is often beyond the 152 

coverage of their physical boundaries, which has rarely been considered in existing 153 

studies. 154 

 In summary, existing studies have made important progress in estimating the two 155 

main SUHI indicators (SUHII and SUHIF), but still suffer from the following issues:  156 

(1) The discrepancies between BRA selection criteria introduces uncertainties to 157 

the SUHII. 158 

(2) The estimation of SUHIF is still limited by the predefined models. 159 

(3) The accuracy of SUHI indicators can be influenced by several confounding 160 

factors.  161 

To address the above issues, this study proposed an adaptive synchronous 162 

extraction (ASE) method to estimate the SUHII and SUHIF, which is capable of 163 

adaptively selecting the most optimal BRA while removing the influence of 164 

confounding factors, and simultaneously obtaining the intensity and footprint of the 165 

surface urban heat/cold island effect. Based on the ASE method, we analyzed the 166 

spatiotemporal patterns of SUHII and SUHIF in 254 North American cities (Figure 1), 167 

and further discussed the applicability of the proposed method through comparative 168 

analysis. 169 
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 170 

Figure 1. Spatial distributions of 254 North American cities and their urban extents. All cities are 171 

spatially distributed in four climate zones, including tropical (11 cities), arid (47 cities), temperate 172 

(111 cities) and cold (85 cities) zones. The climate zone boundaries are derived from the Köppen-173 

Geiger climate subdivisions. 174 

 175 

2. Data and methods 176 

2.1 Data 177 

The urban extents used in this study were from the global urban boundary (GUB) 178 

dataset (Li et al. 2020). This dataset provides high-resolution physical boundary of 179 

global urban areas for seven representative years (every five years from 1990 to 2015, 180 

and 2018), and the most recent year was chosen for this study. First, the original GUB 181 
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polygons within 2 kilometers (km) of each other were merged into the same urban 182 

cluster, and the threshold of 2 km is referred to previous studies (Lai et al. 2021b; Yang 183 

and Zhao 2023; Zhao et al. 2016; Zhou et al. 2014). Then, 254 spatially isolated urban 184 

clusters (> 50 km2) were selected over North America, with them being distributed 185 

across four different climate zones (tropical, arid, temperate, and cold) (Figure 1). The 186 

climate zones were derived from the major climate classes of the Köppen–Geiger 187 

climate scheme (Rubel and Kottek 2010). 188 

Surface temperature observations were obtained from the seamless Moderate 189 

Resolution Imaging Spectroradiometer (MODIS) Aqua LST products produced by 190 

Zhang et al. (2022), which fills the missing values of the original MODIS LST 191 

(MYD11A1) by using a spatiotemporal gap-filling framework. Global-scale cross-192 

validation indicates that the gap-filled LST dataset has good accuracy, with an average 193 

root mean squared error below than 2 °C (Zhang et al. 2022). This gap-filled LST has 194 

been shown to be effective in analyzing the spatiotemporal patterns of the SUHI effect 195 

(Yang and Zhao 2023). Like the standard MODIS LST products, these gap-filled data 196 

can provide day-by-day daytime (~13:00) and nighttime (~01:30) LST observations 197 

with a spatial resolution of 1 km. We averaged the daily LST observations annually and 198 

seasonally, with June-August and December-February for summer and winter, 199 

respectively. The gap-filled LST can help to reduce uncertainties of the SUHI 200 

quantification caused by data missing (Li et al. 2022). In addition, we also included the 201 

original MODIS LST data (MYD11A1) for comparison to analyze the influence of data 202 

missing on the estimation of the SUHI effect. The original MODIS LST data have same 203 
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time ranges (2017-2019) and spatial extents (North America) as the gap-filled LST data, 204 

and were also annually and seasonally averaged, respectively.  205 

The surface elevation was obtained from the Shuttle Radar Topography Mission 206 

(SRTM) digital elevation data with a spatial resolution of 1 km. This data was used to 207 

remove the influence of topographic relief on the SUHI indicators. All water pixels 208 

were removed according to the global surface water (GSW) produced by Pekel et al. 209 

(2016), which can provide the annually maximum water extent map (2017-2019) with 210 

a spatial resolution of 30 m. The land cover information was derived from the 211 

Copernicus Global Land Service (CGLS) product (2018), which has a spatial resolution 212 

of 100 m and an accuracy of 80% (Buchhorn et al. 2020). This product provides 213 

fractional estimates for basic land cover classes (built-ups, bare lands, trees, crops, 214 

shrubs, and grass), and was used to discuss the spatial variations of landcover change 215 

and its possible effect on the LST. Given the complexity of landcovers, we also included 216 

the 250 m-resolution MODIS enhanced vegetation index (EVI) product (MYD13Q1, 217 

2017-2019) to describe the overall spatial variability of vegetation.  218 

 219 

2.2 Estimation of SUHI intensity and footprint 220 

As shown in Figure 2A, the most critical part of this study is the estimation of 221 

SUHII and SUHIF. According to previous studies (Manoli et al. 2019; Peng et al. 2018; 222 

Peng et al. 2012; Zhou et al. 2018b; Zhou et al. 2016a; Zhou et al. 2014), there are two 223 

typical spatial patterns of the LST from the urban core to the periphery: decreasing (i.e., 224 

urban heat island effect) and increasing (i.e., urban cold island effect). As the distance 225 
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from the urban area increases, the LST generally first shows a trend of rapid change 226 

(caused by urban-rural LST disparity) and then gradually levels off (approaching the 227 

rural mean LST) (Li et al. 2022; Li et al. 2019b). Therefore, there shall be a turning 228 

point (TP) from "rapid change" to "leveling off" for the urban-rural LST gradients 229 

(Figure 2B), and the area where the TP is located can be considered to be the most 230 

optimal BRA to use for quantifying the SUHI effect. On this basis, we proposed a so 231 

called adaptive synchronous extraction (i.e., ASE) method, which is capable of 232 

adaptively extracting the most optimal BRA based on the continuous characteristics of 233 

urban-rural LST gradients, and thus achieving the synchronous estimation of SUHII 234 

and SUHIF. As shown in Figure 2B, The ASE method consists of three main steps: 235 

delineation of potential BRAs, selection of the most optimal BRA, and calculation of 236 

the SUHII and SUHIF.  237 

 238 

2.2.1 Delineation of potential BRAs 239 

The selection of BRA is the key to quantifying the SUHI effect. Before selecting 240 

the most optimal BRA, we first obtained all the possible regions of BRAs (referred to 241 

as potential BRAs) by spatial analysis, which mainly includes the following operations. 242 

(1) Constructing multiple equal-area buffers 243 

For each target city, the urban cluster obtained from the GUB data was regard as 244 

the center urban area. We created twenty buffers outward from the central urban area, 245 

and ensured that each buffer was half the size of the central urban area. Thus, the area 246 

covered by the outermost buffer and its inner regions reaches 11 times the central urban 247 
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area, far exceeding the upper bound of the SUHI footprint (6.5 times of the central 248 

urban area) proposed by a previous national-scale study over China (Zhou et al. 2015). 249 

It is reasonable to believe that the optimal BRA we are searching for is within the area 250 

covered by the constructed buffers (Figure 2B2). Here more attentions should be paid 251 

to the size of the constructed buffers outside the central urban area. Choosing a smaller 252 

size requires creating more buffers, which will cause a greater burden on data 253 

processing and computation; while choosing a large size will cause a loss of precision 254 

of the estimated SUHIF given the way SUHIF is calculated (see section 2.2.3). After 255 

weighing the pros and cons, we set the size of each buffer (Buffersize) to 1/2, i.e., half 256 

the size of the central urban area, which was also adopted by previous studies (Huang 257 

et al. 2019; Zhou et al. 2015). In addition, we also set the Buffersize to other values and 258 

tested the sensitivity of our results to the Buffersize (see section 3.4). 259 
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 260 

Figure 2. Schematic diagram of the framework and methodology of this study. TP refers to the 261 

turning point of urban-rural LST gradients, located at the buffer of the most optimal background 262 

reference area (BRA). SUHII and SUHIF refer to intensity and footprint of surface urban heat 263 

islands, respectively. 264 

 265 

(2) Removing regions influenced by surrounding urban areas 266 

Due to the increasing density of urban distribution, there may be other urban areas 267 

distributed nearby the target urban area. We obtained other urban areas around the target 268 

urban area based on the urban clusters of the GUB data, and referred to these other 269 

urban areas as the surrounding urban areas (SUAs). The SUAs could disturb the LST 270 

distribution around the target city, and further influence the search for the optimal BRA. 271 
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It is, therefore, necessary to remove the influence of SUAs before quantifying the SUHI 272 

effect. Considering that the SUHI effect can transcend the physical boundaries of urban 273 

extents (Zhang et al. 2004; Zhou et al. 2015), we need to remove not only the regions 274 

covered by the SUAs themselves, but also the regions they possibly radiate to. Thus, 275 

we enlarged each SUA equidistantly to the outside, until its area reached the previously 276 

reported the upper bounds of the SUHI footprint (i.e., 6.5 times of each SUA). After 277 

that, for each target city, we removed all the regions covered by the expanded SUAs 278 

around it (Figure 2B3). This study enlarged the SUA by 6.5 times, and this stringent 279 

criterion can help to remove the influence of SUA as much as possible. We also tested 280 

the sensitivity of our results to the size of SUA (noted as SUAsize), and see section 3.4 281 

for details. 282 

 (3) Removing regions disturbed by topographic reliefs 283 

Considering high sensitivity of LST to elevation, it is necessary to remove regions 284 

influenced by topographic relief before quantifying the SUHI effect. Referring to 285 

previous studies (Imhoff et al. 2010; Lai et al. 2018; Venter et al. 2021; Yang and Zhao 286 

2023), we first calculated the urban average elevation (EAve) of the central urban area, 287 

and then removed regions that were too high (> EAve + Et) or too low (< EAve - Et) in the 288 

surrounding buffers (Figure 2B4). The Et was customarily set to a strict threshold of 50 289 

m (Imhoff et al. 2010; Lai et al. 2018; Venter et al. 2021; Yang and Zhao 2023), and 290 

this usual threshold was also adopted by this study. Besides, the sensitivity of our results 291 

to Et was also tested (see section 3.4). 292 

Besides the above steps, regions covered by water bodies were also removed, and 293 



16 

 

the remaining regions of the surrounding buffers were regarded as potential BRAs 294 

(Figure 2B5). 295 

 296 

2.2.2 Selection of the most optimal BRA 297 

Based on the potential BRAs obtained in the previous step, we first calculated the 298 

mean LST of urban area and surrounding buffers, and then minimized fluctuations in 299 

data using the cubic smoothing spline method (De Boor and De Boor 1978). This 300 

smoothing operation can reduce the influence of local LST anomalies on its overall 301 

patterns, and highlight the continuous characteristics of urban-rural LST gradients. For 302 

a given city, we assumed that the set formed by the smoothed mean LST is T = (T0, T1, 303 

T2, …, T20), where T0 is the smoothed mean LST of urban area, and T1 to T20 are the 304 

smoothed mean LST of outer buffers (outward from the central urban area). We 305 

calculated the difference of adjacent elements (the latter minus the former) of the set T, 306 

and obtained a new set ∆T = (∆T1, ∆T2, …, ∆T20), where ∆Ti = Ti – Ti-1 (i ∈ [1, 2, …, 307 

20]). Obviously, according to the general pattern of urban-rural LST gradients, the 308 

absolute value of ∆Ti (i.e., |∆Ti|) will decrease with the increment of i until it levels off. 309 

Therefore, we compared |∆Ti| with a certain threshold (assumed to be ∆Tt) until one of 310 

the following occurs: 311 

(1) When i increases to k (k ∈ [1, 2, …, 20]), satisfying |∆Tk| > ∆Tt & ∆Tk×∆Tk+1 312 

≤ 0. As shown in Figure 2 B6&B7, there shall be a point near Tk where the curvature of 313 

the smoothed LST curve equals to zero, and the kth buffer corresponds to the most 314 

optimal BRA we are searching for. 315 
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(2) When i increases to k (k ∈ [1, 2, …, 20]), satisfying |∆Tk| > ∆Tt & |∆Tk+1| ≤ ∆Tt. 316 

The corresponding cases are shown in Figure 2 B8&B9, and the most optimal BRA 317 

shall be within the kth buffer. 318 

The threshold ∆Tt is determined as:  319 

∆Tt = Pert × (Tmax – Tmin)                     (1) 320 

where Tmax and Tmin are the maximum and minimum values in the set T, 321 

respectively, and Pert is a scaling factor. This approach makes the ∆Tt closely related to 322 

the LST range of the city itself, avoiding the uncertainty caused by using a fixed 323 

threshold. Referring to Alkama and Cescatti (2016), here the scaling factor Pert is set to 324 

2%, and the sensitivity of our results to Pert is presented in section 3.4. 325 

 326 

2.2.3 Calculation of SUHI intensity and footprint 327 

With the above steps, we can find the most optimal BRA. For a given urban area, 328 

assuming that the most optimal BRA is located at the kth buffer, then the SUHI intensity 329 

(SUHII) and footprint (SUHIF) can be calculated as: 330 

SUHII = T0 – Tk                          (2) 331 

SUHIF = {
1, k < 2

1 + ∑ Fi
k−1
i=1 , k ≥ 2

                    (3) 332 

Where T0 is the mean LST of urban area, and Tk is the smoothed mean LST of the 333 

kth buffer. Fi refers to the ratio of the size of the ith buffer to the size of the central urban 334 

area. Positive/negative SUHII indicates urban heat/cold island effect. SUHIF refers to 335 

the ratio of the area affected by the SUHI effect to the area of the central urban. In this 336 

study, the area of each buffer is half the size of the urban area (i.e., Fi = 0.5), so the 337 
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formula for SUHIF can be simplified as:  338 

SUHIF = 1 + 0.5 × (k – 1)                       (4) 339 

 340 

2.3 Comparative analysis of methods 341 

To highlight the validity and advantages of the ASE method, we compared it with 342 

the SUHI indicators obtained by previous methods. As shown in Table 1, five SUHII 343 

indicators (SUHIISub1, SUHIISub2, SUHIIRur1, SUHIIRur2, SUHIISUE) and two SUHIF 344 

indicators (SUHIFGauss, SUHIFExp) were included for comparison. 345 

SUHIISub1 and SUHIISub2 were derived from area-based methods, defined as the 346 

average LST differences between urban areas and suburban1 (the neighboring buffer 347 

ring with equal size as the central urban area) and suburban2 (the neighboring buffer 348 

ring 1.5 times the size of the central urban area), respectively (Peng et al. 2012; Yang 349 

et al. 2017; Zhou et al. 2014). SUHIIRur1 and SUHIIRur2 were derived from distance-350 

based methods, defined as the average LST differences between urban areas and rural1 351 

(the 20 km wide buffer ring located between 10 and 30 km away from the central urban 352 

area) and rural2 (the 5 km wide buffer ring located between 45 and 50 km away from 353 

the central urban area), respectively (Imhoff et al. 2010; Yao et al. 2019). SUHIISUE was 354 

estimated by the simplified urban-extent (SUE) algorithm, defined as the average LST 355 

difference between the MODIS urban/built-ups and the other landcovers within the 356 

urban extent (Chakraborty and Lee 2019). In the estimation of SUHIF, Streutker (2003) 357 

proposed that the spatial distribution of urban LST can be fitted by a three-dimensional 358 

Gaussian surface, and the SUHIF is determined by the area under the surface of the 359 



19 

 

fitted LST. Besides, Zhou et al. (2015) found that the urban-rural LST gradient fits well 360 

with a single exponential decay model, and the SUHIF can be estimated as the coverage 361 

with mean LST statistically larger than that of pre-designated rural reference areas. The 362 

SUHIF obtained by the above two methods were divided by the area of central urban, 363 

and the corresponding ratios were noted as SUHIFGauss and SUHIFExp. 364 

 365 

Table 1. SUHI indicators used for method-comparison analysis 366 

Indicators Descriptions and illustrations 

SUHI intensity (SUHII) 

SUHIISub1 Mean LST difference between urban area and surrounding suburban 

area (same as the urban area, referred as suburban1) (Yang et al. 2017; 

Zhou et al. 2014). 

 

SUHIISub2 Mean LST difference between urban area and surrounding suburban 

area (1.5 times the urban area, referred as suburban2) (Peng et al. 

2012). 

SUHIIRur1 Mean LST difference between urban area and rural area (20 km wide 

ring located between 10 and 30 km away from the urban area, referred 

as rural1) (Yao et al. 2019). 

 

SUHIIRur2 Mean LST difference between urban area and rural area (5 km wide 

ring located between 45 and 50 km away from the urban area, referred 

as rural2) (Imhoff et al. 2010). 

SUHIISUE SUHIISUE is quantified by a simplified urban-extent (SUE) algorithm, 

defined as mean LST difference between the MODIS urban/built-ups 

and other landcovers within urban extents (Chakraborty and Lee 

2019).  

SUHI footprint (SUHIF) 

SUHIFGauss The urban LST can be modelled by a Gaussian model, and the SUHIF 

is determined by the area under the surface of the fitted LST. (For 

comparison purposes, it is divided by the area of central urban) 

(Streutker 2003; Yang et al. 2019).  

SUHIFExp The urban-rural LST gradient is assumed to follow a single 

exponential decay model, and the SUHIF is defined as the coverage 

with mean LST (T) statistically larger than that of pre-designated 

rural reference areas (Tpre-designated) (For comparison purposes, the area 

is divided by the area of central urban) (Zhou et al. 2015).  

 367 
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We calculated all the above SUHI indicators for 254 North American cities using 368 

the same data and processing as the ASE method. Then, we analyzed the spatial patterns, 369 

seasonal variations and day-night differences of all the SUHI indicators and compared 370 

them with the results of the ASE method. 371 

 372 

2.4 Analysis of confounding factors and parameters 373 

2.4.1 Influence of confounding factors 374 

The estimation of SUHII and/or SUHIF can be influenced by confounding factors, 375 

including topographic relief (TR), surrounding urban areas (SUAs), and LST data 376 

missing (DM). We quantified the influence of these factors on the estimated SUHII 377 

and/or SUHIF through the following comparative analysis: (1) Removal of areas 378 

disturbed by TR vs. no removal of areas disturbed by TR; (2) Removal of areas 379 

disturbed by SUAs vs. no removal of areas disturbed by SUAs; (3) Using the gap-filled 380 

MODIS LST data vs. using the original MODIS LST data. We performed the above 381 

comparative experiments separately for each method, and compared the obtained 382 

SUHII and/or SUHIF across North American cities. 383 

 384 

2.4.2 Sensitivity tests of parameters 385 

The ASE method mainly involves four parameters, including Buffersize, SUAsize, 386 

Et, and Pert. The first three parameters are those involved in the delineation of potential 387 

BRAs (step 1 of the ASE method), and Pert is the key parameter for finding the most 388 

optimal BRA (step 2 of the ASE method). The definitions and roles of all the parameters 389 
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have been described in section 2.2. To test the sensitivity of our results to these 390 

parameters, we compared the SUHII and SUHIF obtained under different values of each 391 

parameter. A brief description of all parameters, along with their default values (the 392 

values used in this study) and their values in the sensitivity tests, is presented in Table 393 

2. It should be emphasized that when we performed the sensitivity test for a parameter, 394 

the other parameters remained at their default values. 395 

 396 

Table 2. Parameters and their values in the ASE method 397 

Parameters  Descriptions Default values Values for sensitivity tests 

Buffersize The ratio of the size of each buffer to the size 

of the central urban area 

1/2 1/4, 1/3, 2/3, 3/4 

Et Elevation threshold for removing the 

influence of topographic relief 

50 m 100 m, 150 m, 200 m  

SUAsize The multiple by which the size of the 

surrounding urban area is expanded  

6.5 2.0, 3.5, 5.0 

Pert A scaling factor determining the threshold for 

the extraction of turning points 

2% 1%, 3%, 4%, 5%, 6% 

 398 

3. Results 399 

3.1 Turning points and background reference areas  400 

As shown in Figure 3A, the ASE method can adaptively extract the turning points 401 

(TPs) of urban-rural LST gradients. The urban-rural LST curves vary by city and time, 402 

resulting in changes in TPs for 254 North American cities (Figure 3B). The locations of 403 

annual daytime and nighttime TPs are away from the urban area by a distance of 1.0 to 404 

6.5 times the size of urban area (Figure 3B). The buffer at the location of TP is regarded 405 

as the background reference area (BRA) obtained by the ASE method, and the BRAs 406 

of different methods show large differences (Figure 3A). Compared with the BRA 407 
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extracted by the ASE method, the BRAs of area-based methods (suburban1 and 408 

suburban2) are mostly closer to the central urban area (Figure 4A), while the BRAs of 409 

distance-based methods (rural1 and rural2) are generally farther away from the urban 410 

area (Figure 4B). The difference in BRA can cause discrepancies in the estimated 411 

SUHII (see the next section), given the variation in urban-rural LST curves (Figure 3). 412 

 413 

 414 

Figure 3. The turning point (TP) of the urban-rural LST gradient extracted by the ASE 415 

method. (A) The TP and its comparison with the background reference area (BRA) of different 416 

methods, an example of 8 typical cities. Suburban2 is not shown because it overlaps with suburban1 417 

for the most part. Rural2 is not shown for some cities because they are too far from the urban area 418 

to be displayed. (B) The TPs of annual daytime and nighttime urban-rural LST gradients extracted 419 

by the ASE method in 254 North American cities. 420 

 421 
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 422 

Figure 4. Comparison of the turning point (TP) extracted by the ASE method with the 423 

background reference area (BRA) of other methods. (A) Comparison of the TP with the BRA of 424 

area-based methods (suburban1 and suburban2). (B) Comparison of the TP with the BRA of 425 

distance-based methods (rural1 and rural2). 426 

 427 

3.2 SUHI intensity and footprint 428 

3.2.1 SUHI intensity 429 

Figures 5-6 shows the spatial distribution of annual daytime and nighttime SUHII 430 

across 254 North American cities. The SUHII obtained by different methods has similar 431 

spatial patterns, and arid cities whiteness averagely lowest annual daytime SUHII and 432 

highest annual nighttime SUHII (Figures 5-6). However, there are differences in the 433 

specific value and the degree of spatial variation of SUHII for different methods. The 434 

SUHII estimated by the ASE method (i.e. SUHIIASE) is overall higher and has a stronger 435 

spatial variation than the SUHII obtained by other methods (Figures 5-6). The mean 436 
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annual daytime SUHIIASE for the tropical and arid zones, for example, reaches 3.36 ± 437 

0.82 ºC (95% confidence interval, hereafter) and 0.91 ± 0.48 ºC, respectively, and their 438 

values and differences are stronger than those of the other methods, especially the 439 

SUHIISUE (1.40 ± 0.5 ºC and 0.58 ± 0.17 ºC) (Figure 5B). 440 

 441 

Figure 5. Spatial contrast of the annual daytime SUHI intensity (SUHII) obtained by different 442 

methods. (A) Spatial variation of the annual daytime SUHII across 254 North American cities. (B) 443 

Mean (± 95% confidence interval) of the annual daytime SUHII. 444 

 445 
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 446 

Figure 6. Spatial contrast of the annual nighttime SUHI intensity (SUHII) obtained by 447 

different methods. (A) Spatial variation of the annual nighttime SUHII across 254 North American 448 

cities. (B) Mean (± 95% confidence interval) of the annual nighttime SUHII.  449 

 450 

Figure 7 illustrates the day-night and summer-winter contrasts in the SUHII. The 451 

SUHII quantified by all methods shows a consistent pattern, with higher values during 452 

the day than at night (except for the arid zone) and higher values in summer than in 453 

winter on average (Figure 7). However, compared to other methods, the SUHII 454 

estimated by the ASE method exhibits stronger day-night and summer-winter contrasts. 455 

Specifically, the day-night (or summer-winter) difference in SUHIIASE is on average 456 
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about 2-4 times, 1.5-3 times and 1.0-1.5 times greater than those in SUHIISUE, 457 

SUHIISub1/2 and SUHII Rur1/2, respectively (Figure 7). 458 

 459 

 460 

Figure 7. Day-night and winter-summer contrasts in the SUHI intensity (SUHII) for different 461 

methods. (A) Day-night difference in the SUHII. (B) Winter-summer difference in the SUHII. The 462 

histograms and bars represent the mean values and 95% confidence intervals, respectively. 463 

 464 

3.2.2 SUHI footprint 465 

Figure 8 depicts the spatial distribution of annual daytime and nighttime SUHIF 466 

for 254 North American cities. Unlike the SUHII, the SUHIF is more evenly distributed 467 

across climate zones. Compared with the SUHIFASE (i.e., SUHIF obtained by the ASE 468 

method), the SUHIFGauss tends to be smaller and has lower spatial variability (Figure 469 

8A), while the SUHIFExp appears to be higher and has stronger spatial heterogeneity 470 

(Figure 8B). Besides, Gaussian and exponential models fail to extract the SUHIF in 471 

some cities, resulting in null values of SUHIFGauss and SUHIFExp (Figure 8A&B). 472 
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 473 

Figure 8. Spatial contrast of the SUHI footprint (SUHIF) obtained by different methods. (A-474 

C) Spatial variation of the SUHIF across 254 North American cities. The hollow circles indicate the 475 

SUHIF that failed to be estimated by the model-based methods (Gaussian or exponential model). 476 

(D) Mean (± 95% confidence interval) of the SUHIF. (A1-D1) Annual daytime SUHIF. (A2-D2) 477 

Annual nighttime SUHIF.  478 

 479 

As shown in Figure 9, the SUHIF obtained by different methods is generally 480 

consistent in terms of day-night and summer-winter variations. On average, daytime 481 

SUHIF is higher than nighttime SUHIF in temperate and cold zones, and lower than 482 

nighttime SUHIF in tropical and arid zones (Figure 9A). In terms of seasonal contrast, 483 

SUHIF is on average stronger in summer than in winter (Figure 9B). However, in most 484 

cases, the day-night and summer-winter differences in SUHIF are not statistically 485 
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significant at the 95% confidence interval (Figure 9). 486 

 487 

Figure 9. Day-night and winter-summer contrasts in the SUHI footprint (SUHIF) for different 488 

methods. (A) Day-night difference in the SUHIF. (B) Winter-summer difference in the SUHIF. The 489 

histograms and bars represent the mean values and 95% confidence intervals, respectively. 490 

 491 

3.3 Influence of confounding factors  492 

The LST around urban areas can be disturbed by the topographic relief (TR) and 493 

the surrounding urban areas (SUAs), leading to bias in the estimated SUHII and SUHIF 494 

of the ASE method (Figure S1). About half of the cities were influenced by TR, which 495 

is comparable to the number of cities disturbed by SUAs (Figure S1). We performed 496 

comparative analysis (see section 2.4.1) for cities influenced by TR and SUAs, 497 

respectively. It is found that ignoring the influence of TR can lead to an overall 498 

overestimation of the SUHIIASE and SUHIFASE (Figure 10A), while not removing SUAs 499 

will cause some underestimation of the SUHIIASE and SUHIFASE (Figure 10B). More 500 

importantly, TR and SUAs have similar effects on the SUHII and SUHIF estimated by 501 
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other methods, albeit to a different extent (much weaker for SUHIISUE and SUHIFGauss) 502 

(Figure 11A&B).  503 

 504 

 505 

Figure 10. Influence of confounding factors on the SUHI intensity (SUHII) and footprint 506 

(SUHIF) estimated by the ASE method. (A) The average difference in the SUHII (∆SUHIITR) or 507 

SUHIF (∆SUHIFTR) between that disturbed by topographic relief (TR) and that removed the 508 

influence of TR. (B) The average difference in the SUHII (∆SUHIISUA) or SUHIF (∆SUHIFSUA) 509 

between that disturbed by surrounding urban areas (SUAs) and that removed the influence of SUAs. 510 

(C) The average difference in the SUHII (∆SUHIIDM) or SUHIF (∆SUHIFDM) between that 511 

estimated by the original MODIS LST data (disturbed by data missing (DM)) and that estimated by 512 

the gap-filled MODIS LST data. NA, CZ1, CZ2, CZ3 and CZ4 represent North America, tropical 513 

zone, arid zone, temperate zone and cold zone, respectively. The histograms and bars represent the 514 

mean values and 95% confidence intervals, respectively. 515 

 516 

 In addition, the original MODIS daily LST observations (MYD11A1) are severely 517 

missing in cities, with an average missing rate of nearly 60% (Figure S2). The mean 518 

LST, as well as the SUHII and SUHIF, based on the original LST data, differs from 519 
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those by using the gap-filled LST data (Figures S2-S3). The SUHII obtained from the 520 

original MODIS LST data is on average higher than that derived from the gap-filled 521 

LST data (Figure 10C). Such difference caused by data missing (DM) has been 522 

observed for the SUHII estimated by different methods (Figure 11C). In addition, the 523 

effect of DM on SUHIF shows high spatial heterogeneity and differs across methods 524 

(less effect on SUHIFGauss) (Figure 11C). 525 

 526 

Figure 11. Influence of confounding factors on the SUHI intensity (SUHII) and footprint 527 

(SUHIF) for different methods. (A) The average difference in the SUHII (∆SUHIITR) or SUHIF 528 

(∆SUHIFTR) between that disturbed by topographic relief (TR) and that removed the influence of 529 

TR. (B) The average difference in the SUHII (∆SUHIISUA) or SUHIF (∆SUHIFSUA) between that 530 

disturbed by surrounding urban area (SUA) and that removed the influence of SUA. (C) The average 531 

difference in the SUHII (∆SUHIIDM) or SUHIF (∆SUHIFDM) between that estimated by the original 532 

MODIS LST data (disturbed by data missing (DM)) and that estimated by the gap-filled MODIS 533 

LST data. The histograms and bars represent the mean values and 95% confidence intervals, 534 

respectively. Please refer to Table 1 for details about all the methods. 535 

 536 

3.4 Sensitivity to parameters  537 
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 538 

Figure 12. Sensitivity of the SUHI intensity (SUHII) to the parameters of the ASE method. (A) 539 

Buffersize is the ratio of the size of each buffer to the size of the central urban area. (B) Et is the 540 

elevation threshold for removing the influence of topographic relief. (C) SUAsize is the multiple by 541 

which the size of the surrounding urban area is expanded. (D) Pert is a scaling factor determining 542 

the threshold for the extraction of turning points. 543 

 544 

Figures 12-13 show the sensitivity of SUHII and SUHIF to each parameter 545 

(Buffersize, Et, SUAsize, or Pert) of the ASE method. Buffersize determines the size of each 546 

buffer outside the central urban area, and was set to 1/2 in this study. The increase in 547 

Buffersize (from 1/4 to 3/4) causes the urban-rural LST curve to shift outward and 548 

become smoother, resulting in the location of TP away from the central urban area 549 
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(Figure S4). Correspondingly, higher Buffersize corresponds to overall stronger SUHII 550 

and SUHIF (Figure 12A-13A). Although SUHIF shows a relatively high sensitivity to 551 

Buffersize, the effect of Buffersize appears to be generally consistent across climate zones 552 

(Figure 13A). 553 

 554 

Figure 13. Sensitivity of the SUHI footprint (SUHIF) to the parameters of the ASE method. 555 

(A) Buffersize is the ratio of the size of each buffer to the size of the central urban area. (B) Et is the 556 

elevation threshold for removing the influence of topographic relief. (C) SUAsize is the multiple by 557 

which the size of the surrounding urban area is expanded. (D) Pert is a scaling factor determining 558 

the threshold for the extraction of turning points. 559 

 560 

In order to minimize the influence of TR and SUA, we set Et and SUAsize to 50 m 561 
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and 6.5, respectively, based on relatively strict criteria. For the buffer disturbed by TR, 562 

its mean LST tends to decrease with the increase of Et (from 50 m to 200 m) (Figure 563 

S5), resulting in an overall small increase in SUHII (Figure 12B). For the buffer covered 564 

by SUAs, the its LST appears to increase with the decrease of SUAsize (from 6.5 to 2.0) 565 

(Figure S6), resulting in an overall weak decrease in SUHII (Figure 12C). Compared to 566 

SUHII, SUHIF seems to be less sensitive to Et or SUAsize (Figure 13B&C). 567 

Pert is a key parameter for the extraction of the TP, and was set to 2% in this study. 568 

It can be seen that as Pert increases (from 1% to 6%), the TP will gradually approach 569 

the central urban area, and the smoother the urban-rural LST curve is, the larger the 570 

variation of TP with Pert (Figure S7). Correspondingly, both SUHII and SUHIF show a 571 

decreasing trend with the increase of Pert, and SUHIF appears to be much more 572 

sensitive to Pert than SUHII (Figures 12D-13D). It is noteworthy that SUHIF decreases 573 

substantially when Pert changes from 1% to 2%, and then the change in SUHIF becomes 574 

relatively small (Figure 13D). This also supports, to some extent, our selection of Pert 575 

as 2% in this study. 576 

 577 

4. Discussion 578 

4.1 Benefits of the ASE method 579 

(1) The ASE method achieves the simultaneous estimation of SUHI intensity (SUHII) 580 

and footprint (SUHIF) 581 
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 582 

Figure 14. Correlations between the SUHI intensity (SUHII) and the SUHI footprint (SUHIF). 583 

(A) Annual daytime results. (B) Annual nighttime results. The blue lines represent the results of 584 

linear regression, and the red lines represent the results of nonlinear regression based on cubic 585 

equations. 586 

 587 

The simultaneous analysis of both SUHII and SUHIF contributes to a 588 

comprehensive understanding of the urban heat islands. Firstly, SUHII and SUHIF 589 

differ in their definitions, representing two different fundamental properties of the 590 

SUHI effect (Hu et al. 2022; Zhou et al. 2018b). By considering both indicators, 591 

researchers can gain insights into the average LST differences between urban and rural 592 

areas (i.e. SUHII) as well as the spatial extent of the urban thermal influence (i.e. 593 

SUHIF). Secondly, SUHII and SUHIF exhibit inconsistencies in terms of spatial 594 

distribution, seasonal variation, and day-night differences (see section 3.2), which 595 

indicates their distinct nature and behavior within the context of urban heat islands. 596 

Thirdly, although there is a statistically positive correlation between SUHII and SUHIF, 597 

the correlation is relatively weak and tends to be nonlinear (Figure 14). This further 598 

highlights the unique and distinct roles of these two indicators in characterizing the 599 
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SUHI effect. Therefore, the ability of the ASE method to obtain both SUHI and SUHIF 600 

indicators provides a more holistic perspective on the heat island phenomenon, which 601 

facilitates a more thorough examination of its spatiotemporal characteristics and 602 

potential driving factors in the future. 603 

 604 

(2) The ASE method can adaptively and dynamically select the BRA for estimating the 605 

SUHII 606 

It is well-known that identifying the appropriate BRA (i.e. background reference 607 

area) is a prerequisite for estimating the SUHII (Li et al. 2022; Zhou et al. 2018b). As 608 

shown in Figure 15, LST can vary greatly along the urban-rural gradients, leading to 609 

differences in the magnitude (or even opposite signs) of the estimated SUHII when 610 

using different BRAs. Given the variations in LST distribution across cities (Figure 3), 611 

it is challenging to employ a fixed approach, such as the area-based or distance-based 612 

method, for selecting BRAs for all cities. The SUE method, to some extent, gets rid of 613 

the difficulty of BRA selection, but still encounters the following issues: (a) It cannot 614 

be applied to cities where the entire urban extents consists solely of urban/built-up 615 

pixels (Chakraborty and Lee 2019); (b) Its BRA is located adjacent to the urban area 616 

and may still be under the influence of the heat island effect (Li et al. 2022), resulting 617 

in systematically lower estimated SUHII compared to other methods (Figures 5-6).  618 

The ASE method can adaptively and dynamically select BRA based on the urban-619 

rural LST curves, which has the following advantages over other methods: (a) It extracts 620 

BRA based on the characteristics of LST itself, avoiding the arbitrariness in BRA 621 
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selection; (b) It can adapt to different cities regardless of the ground cover (see section 622 

4.2); (c) Its BRA is located far away from the central urban area and is not likely to be 623 

affected by the heat island effect. 624 

 625 

Figure 15. Examples of the background reference area (BRA) and corresponding SUHI 626 

intensity (SUHII) of different methods. (A) Kansas City; (B) City of Ciudad Juarez. The BRAs 627 

of all methods are located outside of the urban extent, except for the simplified urban-extent (SUE) 628 

algorithm, which defines the SUHI intensity as average LST difference between the MODIS built-629 

up and non-built-up areas within the urban extent. Please refer to Table 1 for details about all the 630 

methods. 631 

 632 

(3) The ASE method avoids the limitations of predefined models in estimating the 633 

SUHIF 634 
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In terms of the estimation of SUHIF, the Gaussian model is one of the most classic 635 

methods, which assumes that the urban LST fits the Gaussian distribution (Hu et al. 636 

2022; Streutker 2003; Yang et al. 2019). The Gaussian model has the ability to derive 637 

SUHIF based on the LST spatial continuance, makes it less susceptible to the impacts 638 

from data missing (Lai et al. 2021b). Nevertheless, the complexity of urban morphology 639 

and LST distribution pose challenges to the practical implementation of the Gaussian 640 

model (Anniballe et al. 2014). As exemplified in Figure 16, this method fails to fit the 641 

SUHI effect when the LST deviates substantially from the Gaussian distributions. 642 

About 20% of the North American cities have encountered this failure when attempting 643 

to fit their annual daytime LST using a Gaussian model (Figure 8A).  644 

Unlike the Gaussian model, the ASE method is free from the constrain of the LST 645 

distribution and can deal with more complex urban thermal scenarios. Therefore, the 646 

ASE method can still achieve effective estimation for SUHIF when the Gaussian model 647 

fails (Figure 16). Similar to the Gaussian model, the applicability of other predefined 648 

mathematical models (e.g., the exponential model) can also be challenged by the 649 

intricate distribution of LST (Zhou et al. 2015). Therefore, the ASE method 650 

demonstrates a significant advantage in terms of flexibility compared to the existing 651 

predefined mathematical models, and has the potential to estimate the SUHIF in global 652 

cities with various LST patterns. 653 
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 654 

Figure 16. An example of LST that deviate from the Gaussian distribution. (A) Spatial 655 

distribution of the annual daytime LST in the city of Nashville. (B) The annual daytime SUHI 656 

intensity (SUHII) and footprint (SUHIF) estimated by the ASE method for the city of Nashville. 657 

 658 

(4) The ASE method highlights the spatial, seasonal and day-night contrasts of the 659 

estimated SUHII 660 

The spatial, seasonal and diurnal patterns of SUHII are important research topics 661 

within the field of urban heat island studies (Lai et al. 2018; Liu et al. 2022; Manoli et 662 

al. 2019; Yang and Zhao 2023; Zhou et al. 2018b; Zhou et al. 2014). Understanding 663 

these patterns can provide valuable insights into the formation and dynamics of urban 664 

heat islands and can aid in developing effective strategies to mitigate its effects (Zhou 665 

et al. 2018b). The comparison with previous methods indicates that the SUHII 666 

estimated by the ASE method exhibits more pronounced spatiotemporal variability. 667 

Firstly, The SUHII obtained by the ASE method demonstrates greater spatial 668 

heterogeneity, primarily characterized by stronger contrast in average SUHII between 669 

different climate zones (Figures 5-6). Secondly, the day-night and summer-winter 670 

differences in SUHII, as determined by the ASE method, are substantially higher than 671 
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those of the SUE method, moderately stronger than those of the area-based methods, 672 

and slightly greater than those of the distance-based methods (Figure 7). Thus, the ASE 673 

method can highlight the spatial, seasonal and day-night contrasts of the estimated 674 

SUHI intensity. This has the potential to help researchers gain a clearer identification 675 

of the spatiotemporal characteristics of the SUHI effect, thereby providing a better 676 

understanding of the intricate nature and possible drivers of the urban heat islands (Li 677 

et al. 2019a; Manoli et al. 2019; Zhou et al. 2018b). 678 

 679 

4.2 Changes in land cover fractions and EVI along urban-rural gradients  680 

Urbanization induces a transition in land cover, generally characterized by a shift 681 

from natural features to artificial ones (Liu et al. 2020). This modification in land cover 682 

can have an impact on LST, consequently leading to the occurrence of the SUHI effect 683 

(Kalnay and Cai 2003; Li et al. 2023; Sun et al. 2016). The ASE method proposed in 684 

this study has the capability to extract the BRA by identifying the TP (i.e. turning point) 685 

of the urban-rural LST gradients. It is found that the TP of LST varies across cities, 686 

which is potentially attributed to the difference in land covers among cities, given the 687 

strong association between LST and land covers as reveled by previous studies (Li et 688 

al. 2017; Luyssaert et al. 2014; Yang et al. 2021). Therefore, we analyzed the urban-689 

rural changes in the fraction of each land cover (built-ups, bare lands, trees, shrubs, 690 

grass, crops) and the enhanced vegetation index (EVI), and extracted their TPs by using 691 

the ASE method. Subsequently, we compared the TPs of LST with those of each land 692 

cover fraction and the EVI. 693 
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 694 

 695 

Figure 17. Land cover changes along urban-rural gradients and their correlations with LST. 696 

(A) Changes in land cover fractions and the enhanced vegetation index (EVI) along urban-rural 697 

gradients and their turning points (TPs), taking 3 cities as examples. (B) The TPs of built-up fraction 698 

and EVI and their correlation with those of LST across all North American cities. (C) Pearson 699 

correlation coefficients of TPs between LST and the fraction of different land cover.  700 

 701 

As shown in Figure 17, the land covers and their variation patterns along urban-702 

rural gradients differ among cities. As the distance from the central urban area increases, 703 

there is a decline in the fraction of built-ups, while the fraction of other land covers, i.e. 704 

various types of vegetation or bare lands, tends to increase. When the distance from 705 

urban areas is significantly large (e.g. reaching the TP), the dominance of built-ups is 706 

replaced by other types of land cover, with the specific types varying among cities 707 

(Figure 17A). More importantly, the TP of each land cover fraction shows large 708 

variations across different cities. Taking the built-up fraction as an example, the TPs are 709 
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located at buffers away from the central urban area, with distances ranging from 1.5 to 710 

5.5 times the size of the central urban area (Figure 17B). The decrease in built-ups and 711 

the concurrent increase in other land covers contribute to an overall increase in the EVI. 712 

The TPs of EVI are located buffers away from the urban area by a distance of 0.5 to 6.5 713 

times the size of urban area, which appear to be more dispersed compared to those of 714 

the built-up fraction (Figure 17B). It is found that the TP of LST shows a statistically 715 

positive correlation with the TP of land cover fraction and EVI (Figure 17B&C). In 716 

comparison, the TP of LST exhibits the strongest correlation with the TP of the built-717 

up fraction, followed by the TP of the EVI, the tree's fraction, and the other land cover 718 

fractions. However, even for the built-up fraction and EVI, their corresponding TPs 719 

demonstrate notable deviations from those of LST, particularly for the nighttime results 720 

(Figure 17B). This indicates that, apart from land cover, there are likely other factors 721 

influencing the urban-rural LST distribution. 722 

In summary, the above analysis not only reveals the pattern of land cover change 723 

from urban to peripheral, but also further demonstrates the effectiveness and potentials 724 

of the ASE method in examining the urban-rural changes. While there is a correlation 725 

between the TPs of LST and land covers, the noticeable deviations suggest that the 726 

urban-rural LST distribution shall be influenced by multiple factors, and land cover is 727 

one of them. Future research should incorporate more data and methods to gain a 728 

comprehensive understanding of the influencing factors and their respective 729 

contributions in shaping the spatial pattern of urban-rural LST. 730 

 731 
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4.3 Implications and limitations 732 

This study, by using the innovative ASE method and other methods, provides a 733 

comprehensive analysis of the spatiotemporal patterns of SUHII and SUHIF for 254 734 

North American cities. In general, daytime SUHII appears to be low and even negative 735 

in most cities located in arid zone, which can be explained by differences in surface 736 

energy budget between urban areas and their surroundings for arid cities (Zhao et al. 737 

2014). The area around the city in arid zone usually has less natural vegetation or even 738 

is dominated by sand and gravel (Dialesandro et al. 2019; Yang et al. 2021). Moreover, 739 

cities in arid regions can be aerodynamically smoother than their arid surroundings 740 

leading to additional convective cooling (Li et al. 2019a; Zhao et al. 2014). Overall, 741 

urban vegetation, building shadows, and city morphology can all contribute to reducing 742 

the urban LST, leading to potential low or negative SUHII. The cold island phenomenon 743 

serves as a reminder to be more nuanced about the local environmental consequences 744 

of urbanization. Besides, both SUHII and SUHIF show a general temporal pattern that 745 

is higher during the day than at night and stronger in summer than in winter. Some 746 

studies have suggested some positive feed-backs (e.g. protecting against the extreme 747 

cold, reducing heating energy consumption) of wintertime heat island effects (Cui et al. 748 

2017; Li et al. 2019c; Magli et al. 2015; Sun and Augenbroe 2014). However, 749 

considering the strong magnitude and large coverage of the summertime SUHI effect, 750 

we still need to focus on practicing heat island mitigation measures to cope with the 751 

continuously increasing heat stress caused by global warming and climate extremes 752 

(Shen et al. 2023), and potentially consider season-aware mitigation measures. Overall, 753 
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our proposed ASE method provides an effective way to characterize the spatiotemporal 754 

characteristics of the SUHI indicators, which help to further investigate mechanisms 755 

and mitigation measures of the urban heat island effect. However, it is also important 756 

to keep in mind that although the SUHI has a direct impact on the surface energy budget 757 

and potentially on building energy demand, the SUHI magnitude is not equivalent to 758 

that of the UHI estimated by air temperature or the urban outdoor heat stress signal 759 

(Chakraborty et al. 2022). 760 

Though the ASE method has advantages over existing methods, there are still 761 

several potential limitations. First, existing methods are relatively simple for BRA 762 

selection, which can be achieved by constructing a single buffer with a predefined 763 

distance or area. In contrast, the ASE method is much more complicated for the 764 

selection of BRA, which requires not only the construction of multiple buffers, but also 765 

the analysis of the urban-rural LST gradients. This leads to a much higher 766 

computational complexity of the ASE method than previous methods. However, high-767 

performance and free cloud platforms (e.g., Google Earth Engine, GEE) provide a good 768 

opportunity for the global-scale application of the ASE method. Second, the BRA 769 

extracted by the ASE method is somewhat related to parameter settings. Though we 770 

have discussed the parameter-induced uncertainties through comparative analysis and 771 

selected the optimal parameter, we still need to be cautious when interpreting the results 772 

of this study. Third, the ASE method is dedicated to identifying appropriate BRA around 773 

the central urban areas to achieve effective estimation of SUHI indicators. In fact, the 774 

quantification of urban heat islands is also influenced by the extent of the urban area. 775 
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Currently, there are numerous global urban area products available, and their urban 776 

extents are not always consistent due to difference in definition, data and methods 777 

(Huang et al. 2021). Therefore, future research should focus on the uncertainty caused 778 

by the differences in urban area delineations. 779 

 780 

5. Conclusion 781 

SUHI intensity and footprint are important indicators for measuring the urban 782 

thermal environment, capturing the magnitude and spatial extent of the SUHI effect, 783 

respectively. Current methods can quantify these two SUHI indicators, but are still 784 

challenged by several limitations. Therefore, we proposed the ASE method in this study 785 

and analyzed its applicability in 254 North American cities. The comparison reveals 786 

several benefits of the ASE method, which can be summarized as follows: (1) The ASE 787 

method enables the simultaneous estimation of the SUHI intensity and footprint. This 788 

is crucial in providing a more holistic perspective on the SUHI effect, given and the 789 

weak and nonlinear correlations between the two indicators. (2) The ASE method can 790 

adaptively and dynamically select the BRA based on the urban-rural LST curves, which 791 

provides a new idea for BRA selection and helps to standardize the estimation of SUHI 792 

intensity. (3) The ASE method is not bound by the strict mathematical assumptions, 793 

such as Gaussian or exponential models, regarding the distribution of urban LST. This 794 

flexibility empowers the ASE method capable of estimating the SUHI footprint for 795 

cities with diverse and complex thermal characteristics. (4) The ASE method 796 

demonstrates stronger spatial, day-night, and summer-winter differences in the 797 
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estimated SUHI intensity. This characteristic underlines its capability to effectively 798 

capture the spatiotemporal dynamics of the SUHI effect. Although the ASE method is 799 

somewhat sensitive to parameter settings, it generally demonstrates good robustness in 800 

its results. Considering the above benefits, the ASE method inspires confidence in its 801 

potential to serve as a generalizable tool for quantifying the SUHI effect. 802 

Additionally, we conducted a thorough analysis of the influence of confounding 803 

factors, including topographic relief, surrounding urban areas, and LST data missing, 804 

on the quantification of the SUHI effect. It is found that ignoring the influence of 805 

topographic relief or LST data missing can lead to an overall overestimation of the 806 

SUHI intensity, while not removing surrounding urban areas will cause some 807 

underestimation of the SUHI intensity. The estimation of SUHI footprint is also affected 808 

by these confounding factors, albeit in a more intricate manner. The above results 809 

emphasize the necessity of mitigating the influence of confounding factors when 810 

quantifying the SUHI effect. 811 

To conclude, this study has introduced the ASE method as an innovative approach 812 

to achieve the adaptive and dynamic selection of BAR based on the urban-rural LST 813 

gradients. This method enables the synchronous estimation of SUHI intensity and 814 

footprint while removing the influence of confounding factors. Despite its apparent 815 

complexity compared to existing methods, the ASE method is expected to be applied 816 

to long-term and global-scale SUHI studies with the help of cloud computing tools, 817 

such as the GEE platform. 818 

 819 
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Data availability 820 

The global urban boundary (GUB) dataset can be freely available from 821 

http://data.ess.tsinghua.edu.cn/gub.html.  The seamless MODIS Aqua LST products 822 

can be publicly downloaded from   823 

https://iastate.figshare.com/collections/A_global_seamless_1_km_resolution_daily_la824 

nd_surface_temperature_dataset_2003_2020_/5078492.  All the other data can be 825 

accessed from the Google Earth Engine platform 826 

(https://code.earthengine.google.com/). All data are available upon reasonable request 827 

from the authors. 828 
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