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Footprint and intensity are key indicators for quantitatively analyzing the characteristics of the surface urban
heat island (SUHI) effect. Currently, methods based on angle-segmentation and anisotropy have been developed
to estimate footprints, but are still greatly challenged by spatial heterogeneity, especially for directional dif-
ference. This study develops an adaptive irregular anisotropy (AIA) model to explore the irregular anisotropy in
the SUHI effect. The developed AIA model is used to assess the SUHI effect in Sydney, Melbourne, Brisbane,
Perth, and Adelaide, Australia. The model dynamically adjusts sector divisions based on the q value to maximize
temperature differences between sectors. The results show that the AIA model demonstrates reliable directional
adaptability. The SUHI footprint ratio extracted by the AIA model generally ranges from O to 8 times the urban
area, especially in regions dominated by artificial surfaces or natural bare land. The AIA model also reduces the
mean bias in SUHI intensity estimates. Furthermore, the AIA model improves the q value by 1.1 % to 44.1 %
compared with existing anisotropy-based extraction models. In summary, this study provides an adaptive SUHI

effect estimation method to facilitate the development of SUHI mitigation strategies.

1. Introduction

Urban Heat Island (UHI) refers to the phenomenon where urban
temperatures are significantly higher than those in surrounding rural
areas (Voogt and Oke 2003), and it has become one of the most obvious
environmental issues in the process of urbanization (An et al. 2025;
Huang et al. 2024; Shi et al. 2021; Taha 1997). The research on UHI can
be divided into two categories: atmospheric UHI (AUHI) and surface
UHI (SUHI) (Estoque et al. 2017). AUHI is based on air temperature
measurements from meteorological stations (Schwarz et al. 2012; Zhou
et al. 2023), whereas SUHI is derived from land surface temperature
(LST) observations via remote sensing (Hu et al. 2019; Renard et al.
2019; Sharmin et al. 2024). Due to the limited spatial coverage of
meteorological stations, it has failed to effectively characterize the
variations in the temperature difference between urban and rural areas
(Hu and Brunsell 2015). Therefore, the spatial heterogeneity of land use
patterns observed through remote sensing has made SUHI a main topic
in UHI research (Das et al. 2020; Tao et al. 2021).

Understanding the formation mechanisms of the SUHI effect is
crucial for developing effective mitigation strategies. Numerous studies
have shown that urban morphology and spatial factors influence heat

* Corresponding author.
E-mail address: yongze.song@curtin.edu.cn (Y. Song).

https://doi.org/10.1016/j.scs.2025.106779

storage, surface energy balance, and airflow, thereby shaping the multi-
scale spatial variability and temporal evolution of SUHI through
nonlinear processes and complex interactions (Guo et al. 2020b; Hou
et al. 2023b; Huang and Wang 2019; Liu et al. 2021b; Xu et al. 2024a).
At different spatial scales, the contributions of two-dimensional and
three-dimensional morphological parameters to SUHI differ signifi-
cantly (Guo et al. 2020a; Liu et al. 2024; Shao et al. 2023). Among
various analytical approaches, the geographically weighted regression
(GWR) model has been widely applied to investigate SUHI driving fac-
tors at the block, community, and urban functional zone levels (Gao
et al. 2022; Yelixiati et al. 2024), as it effectively captures the spatial
non-stationarity of variable relationships and enhances the explanatory
power for local temperature variation mechanisms (Shi et al. 2025).
Furthermore, as an important natural regulatory element, the cooling
effect of green spaces is affected by their internal vegetation structure
and the layout of surrounding impervious surfaces, which affects the
urban thermal environment through cumulative cooling contributions
(Gao et al. 2023; Marando et al. 2022). The combined effects of urban
morphology, spatial configuration, and ecological components lead to
regional differences in the SUHI effect (Peng et al. 2016).

With a deeper understanding of the SUHI effect, effectively
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quantifying its spatial characteristics has become a significant challenge.
Previous studies have presented the spatial characteristics of the urban
thermal environment by performing spatial statistics on LST pixel values
within specific regions (Hu and Brunsell 2013). Based on this, re-
searchers have further developed SUHI intensity and footprint to
quantify the temperature gradient between urban and suburban areas
(Algasemi et al. 2021; Kim and Brown 2021) and the spatial extent
affected by SUHI (Anniballe and Bonafoni 2015; Qiao et al. 2019; Zhou
et al. 2015b), respectively. Currently, the quantification of SUHI in-
tensity mainly focuses on defining the reference boundary. For example,
Chakraborty et al. (2020) defined SUHI by simplifying urban boundaries
and analyzed SUHI patterns and related uncertainties in U.S. urban areas
(Chakraborty et al. 2020). In terms of extracting the SUHI footprint,
many studies have applied mathematical models to reduce the bias
caused by manually setting reference temperatures. For example, Quan
et al. (2014) used a Gaussian volume model and MODIS/LST data to
analyze the spatiotemporal variation of the SUHI footprint centroid in
Beijing (Quan et al. 2014); Qiao et al. (2019) applied a logistic model to
automatically identify the summer footprint boundaries in Beijing from
2004 to 2018 (Qiao et al. 2019); Yao et al. (2021) used a Gaussian model
to study the spatiotemporal changes of Beijing’s footprint and revealed
that its expansion trends were significantly correlated with GDP, pop-
ulation, and built-up area growth (Yao et al. 2021). Furthermore, to
extract both SUHI intensity and footprint simultaneously, Yang et al.
(2023) introduced an adaptive synchronous extraction method, which
can automatically identify the optimal background reference area while
extracting both intensity and footprint (Yang et al. 2023b). Zhang and
Xia (2024) proposed a two-step estimation method to quantify intensity
and footprint for 283 cities in China from 2005 to 2019 (Zhang and Xia
2024). Yu et al. (2024) adopted an exponential fitting to quantify the
footprint in the Beijing-Tianjin-Hebei urban agglomeration. They iden-
tified the inflection point at 95 % of the SUHI impact range as the
footprint boundary (Yu and Sun 2024). These methods show certain
applicability in addressing the spatial heterogeneity of the SUHI effect.

The three-dimensional structure of the urban surface leads to
directional differences in solar radiation reception, which in turn results
in directional characteristics in LST observed via remote sensing
(Ermida et al. 2017; Hu et al. 2016; Hu and Wendel 2019; Qin et al.
2023). However, most existing estimation methods assume isotropic
spatial expansion. This assumption may introduce bias in the estimation
of the SUHI footprint and intensity. For example, multi-ring buffer
analysis may cover mixed land use types, which may affect the definition
of the background area. (Wang et al. 2024). Similarly, although the
Gaussian model is less sensitive to background area definitions and
avoids subjective bias (Kumar et al. 2023; Li et al. 2022), it performs
poorly in cities with irregular shapes or complex terrain (Rehman et al.
2021; Yang et al. 2019). In addition, Wu et al. (2024) showed that due to
heterogeneity within oases, LST shows opposite trend changes in certain
directions, affecting the accuracy of the fitted curve (Wu and Chen
2024).

To address this issue, some studies have proposed angle-based seg-
mentation approaches to capture the spatial heterogeneity of SUHI in
different directions. For example, Yang et al. (2023) proposed an
anisotropy hypothesis-based method, which combines angle segmenta-
tion with an exponential decay model to improve the accuracy of SUHI
footprint estimation (Yang et al. 2023a). Similarly, Xu et al. (2024)
applied a 5-degree interval segmentation combined with a logistic
model to analyze the spatiotemporal characteristics of SUHI footprints
(Xu et al. 2024b). These methods improve the accuracy of footprint
estimation to a certain extent by considering the directional expansion
characteristics of SUHI. However, these anisotropic methods still face
significant challenges. Urban expansion is often uneven (Jiao et al.
2021; Zhong et al. 2022), with different development patterns in
different directions (Simwanda et al. 2019; Xu et al. 2024b; Yang et al.
2024). Therefore, it is important to account for directional differences in
LST caused by the surrounding landscape when estimating the SUHI
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footprint.

To sum up, this study develops an Adaptive Irregular Anisotropy
(AIA) model to characterize the SUHI footprint and intensity anisotropy.
The g-value represents the degree of temperature distribution dispersion
within each sector and is used to quantify the spatial heterogeneity of
temperature gradients. By maximizing the q-value, the model adaptively
optimizes sector divisions, thereby effectively capturing the directional
variation pattern of SUHI effects. This method addresses the limitations
of isotropic and regular anisotropic methods in directional assumptions
to some extent, providing a more reliable analytical framework for
evaluating SUHI patterns across different cities.

2. Study area and datasets

This study used Landsat-8 data from 2018 provided by Google Earth
Engine (GEE) to retrieve LST and characterize the SUHI effect. The AIA
model, proposed based on the spatial heterogeneity of LST, divides and
merges regions according to temperature variations in different di-
rections. The model extracts the mean LST from the intersections of
regions and buffer zones and applies temperature decay curves to fit the
mean temperature, thereby simultaneously assessing intensity and
footprint. The following sections will detail the construction of this
framework and its application in analyzing the anisotropic patterns of
the SUHI effect in five representative Australian cities.

2.1. Study area

Australia is the largest country in Oceania, with a unique
geographical location and complex urban development patterns (Eliades
et al. 2024; Harmay et al. 2021). This study focuses on five major cities,
including Sydney, Melbourne, Brisbane, Perth, and Adelaide. Sydney
and Brisbane are located in the humid subtropical climate zone, Mel-
bourne and Adelaide are in the oceanic climate zone, and Perth is in the
Mediterranean climate zone. These cities have high vegetation coverage
and are distributed along the coastline (Calderon-Loor et al. 2021; Gao
et al. 2024). Such factors influence the intensity and extent of the SUHI
effect, as large areas of greenery help alleviate heat accumulation. At the
same time, coastal characteristics affect temperature distribution
through sea breezes and humidity. However, current research on the
SUHI effect in Oceania is relatively limited, particularly regarding the
heterogeneous expansion of the SUHI effect (Fig. 1).

2.2. Data preparation

Surface temperature observations were obtained from the Landsat-8
satellite through the Statistical Mono-Window (SWM) algorithm pro-
vided by Ermida et al.(2020) (Ermida et al. 2020). The LST maps
retrieved by the SMW algorithm have been shown to posses a satisfac-
tory accuracy (Ermida et al. 2020; Li et al. 2023; Naserikia et al. 2023).
They were averaged Ist observations with December to February and
June to August for summer and winter, respectively. To ensure data
quality, only daytime scenes with less than 10 % cloud cover were used
(Kafy et al. 2023; Unal Cilek and Cilek 2021). The study used the
30-meter resolution Copernicus Digital Elevation Model GLO-30 and the
global water dataset provided by the Joint Research Centre to remove
the influence of terrain and water bodies on the LST data. Land cover
data were sourced from the 2018 Digital Earth Australia (DEA) Land
Cover dataset, which provides a detailed surface classification system,
including various types of vegetation (e.g., cultivated and natural
vegetation) and surface types (e.g., artificial surfaces and natural bare
ground). Administrative boundaries were obtained from the Statistical
Area Level 1 data provided by the Australian Bureau of Statistics (ABS)
for Local Government Areas (LGAs), and population data from ABS were
used to calculate the centroids of built-up areas. As the core of the
urban-rural temperature gradient, the built-up area data is sourced from
the global urban boundary dataset (GUB) (Li et al. 2020), which is based
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Fig. 1. Study area. The population-weighted data is calculated by using the centroid coordinates of each LGA from ABS, with the total population of each LGA as the
weight for its centroid, to determine the centroid of the entire selected built-up area.

on Global Artificial Impervious Area data and generated using kernel
density estimation and cellular automata models on the GEE platform,
covering multiple periods from 1990 to 2018. The coastline data was
obtained from the OSMCoast500 dataset provided by Australia’s
Commonwealth Scientific and Industrial Research Organisation
(CSIRO). This dataset is based on the global high-precision land
boundary data provided by OpenStreetMap (OSM) and has been
simplified for use in locating the source of the cooling effect from the
ocean.To ensure accuracy in data analysis, all datasets were resampled
to match the resolution of the LST data to avoid uncertainties or biases
due to resolution differences.

2.3. Estimation of SUHI footprint

2.3.1. LST retrieval

The Statistical Mono-Window algorithm (Duguay-Tetzlaff et al.
2015; Nadizadeh Shorabeh and Hamzeh 2019) for extracting LST from
Landsat-8 data uses an empirical relationship between
top-of-atmosphere (TOA) brightness temperature and LST. First, the
TOA brightness temperature (Tb) is obtained from the thermal infrared
band and then corrected based on surface emissivity (¢). The specific
formula is as follows:

LST — Ai? + B% ‘G &)

where, A;, B;, C; are coefficients derived from radiative transfer simu-
lations using linear regression. These simulations are conducted for 10
different classes of total column water vapor (TCWV) (i =1, ..., 10).

2.3.2. Adaptive irregular anisotropy model

The specific process of the AIA model is illustrated in Fig. 2. First,
multiple equal-area buffer zones are generated. Then, LST pixels
affected by terrain and water bodies are removed. Equal-angle sectors
are created from the centroid of the built-up area and intersected with
the buffer zones. Each iteration optimises the sector division by
adjusting parameters such as sector angle and temperature threshold to

maximize the g-value. An exponential decay function is then applied to
fit the temperature data in each sector, and curvature is calculated to
identify key inflection points along the fitted curve, which are used to
extract SUHI intensity and footprint. Sectors that cannot be fitted with
the exponential decay curve or are significantly affected by water bodies
are excluded from the analysis..

(1) Constructing multiple equal-area buffers

The built-up areas of five study areas were extracted from the
GUB dataset and processed using morphological operations for
expansion and contraction. Although some impervious surfaces
such as small towns and rural settlements exist within the buffer
zones, they were not considered in this study because their built-
up areas are all below 50 km? and have a limited thermal impact
on the SUHI effect in the main study areas (Yang et al. 2023b).
Then, starting from the boundary of the built-up area, 20
concentric buffer zones were generated outward by iteratively
increasing the buffer distance, such that each ring had an equal
area increment equivalent to 50 % of the built-up area. In total,
the buffer zones covered an area 11 times larger than the built-up
area. Based on the previous findings (Yang et al. 2023b; Zhou
et al. 2014), we assume that the SUHI footprint is located within

these buffer zones.
(2) Removing regions influenced by local temperature disturbances
Before quantifying the SUHI footprint, a two-step filtering
process was applied to the LST dataset. First, the average eleva-
tion (EAve) of the central urban area was calculated using the
SRTM DEM, and all pixels with elevation values outside the range
of EAve + elevation threshold (Et) were excluded. This relative
threshold maintains consistency in temperature anomaly
filtering. Therefore, the same Et was applied uniformly across all
five cities and was typically set to 50 m (Imhoff et al. 2010; Yang
et al. 2023b). In addition, permanent water bodies were masked
using the JRC Global Surface Water dataset to eliminate the in-
fluence of aquatic surfaces on LST. After these filtering steps, the
remaining pixels were used for subsequent sector division to
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Fig. 2. Workflow of the AIA model for extracting SUHI footprint and intensity.

reduce the impact of local temperature anomalies on the tem-
perature fitting curve.
Optimal sector division

The q value is an indicator used to measure the degree of
spatial heterogeneity (Song et al. 2020; Song and Wu 2021),
calculated by comparing the variance within each sector to the
overall regional variance. It reflects the extent to which the sector
structure explains the spatial variability of temperature. A higher
q value indicates more significant temperature differences be-
tween sectors and a more reasonable spatial stratification.

The AIA model begins at the population-weighted centroid,
and to ensure a sufficient number of LST observations and reduce
the influence of local anomalies, the buffer is divided into mul-
tiple sectors at 5-degree intervals. The LST of each sector is then
calculated, and a temperature threshold is applied to determine
whether adjacent sectors should be merged or retained. This
merging process is performed iteratively, recalculating the q
value at each step. If the q value increases after merging, it in-
dicates enhanced spatial heterogeneity and the merger is
accepted; otherwise, the original division is retained. Compared
with fixed-angle division methods, the q value provides a quan-
titative basis for optimizing sector boundaries, enabling the
effective extraction of the directional and irregular expansion
patterns of the SUHI footprint. The calculation formula for the q
value is as follows (Wang et al. 2016):

_ E?:1Ni‘7i2

2
Niotat Ooverall

q=1 (2)

where k represents the number of sectors, N; represents the
number of LST points in the i th sector, ¢? represents the variance
within the i th sector, N,y represents the total number of data
points in the entire study area, 62,
variance of the entire study area.
Calculation of SUHI footprint

From the city centre outward, the surface temperature usually
decreases with increasing distance and shows a decay trend at a
decreasing rate. The exponential decay function can better
describe this temperature-distance relationship, and its parame-
ters have clear physical significance (Li et al. 2017; Tao et al.
2021; Wang et al. 2025; Yang et al. 2022). These parameters can
be used to analyze the intensity and footprint of the SUHI effect,
and the fitting performance of the function has been validated in
previous studies (Zhang and Xia 2024; Zhou et al. 2015a). In
addition, the function is less sensitive to local temperature
anomalies and can accurately identify the turning point of tem-
perature change.

, represents the overall

(4

-

The reference LST threshold is determined by calculating the cur-
vature within a local window, where the turning point (TP) with the
maximum absolute curvature corresponds to the LST of the reference
area.

T(d) = Ae 't + Ty 3
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where Tq is the fitted temperature at a given distance d.; Ty is the
background or baseline temperature; t is the decay time constant or scale
parameter; k is the curvature of the temperature decay curve, where y is
the second derivative of the curve and y is the first derivative of the
curve. When k is maximum, the buffer with d less than this value is the
SUHI footprint; A represents the initial amplitude or coefficient of decay.
In this context, when the value of A is greater than zero, it is referred to
as SUHI intensity, while negative values are referred to as the surface
urban cool island (SUCI) intensity.

2.4. Model validation

2.4.1. Model performance

Since this study mainly considers the spatial heterogeneity of SUHI
effects, an equal-angle sector division method is used for method com-
parison. The effectiveness of these methods will be evaluated based on
the g-value to determine which approach maximizes LST heterogeneity.
In addition, differences in the ability of each method to extract SUHI
intensity and SUHI footprint will be analyzed.

2.4.2. T-test for assessing the significance of heterogeneity between sectors

Since the method proposed in this study is based on the assumption
of anisotropy in LST distribution, a t-test is used to verify the reliability
of the method by comparing the t-values between the optimal sector
division and the equidistant division. The t-test is applied to compare the
differences in LST values between adjacent sectors (Voelkel et al. 2018).
The formula for the t-test is:

_ Yl — Yz
- 52 52

Va+i
where X; and X, are the sample means of the two sectors being

compared; s? and s3 are the sample variances of the two sectors; n; and
n, are the sample sizes of the two sectors.

t )

2.4.3. Sensitivity to parameters

As shown in Table 1, the methodology in this study mainly involves
four parameters: buffer size, min and max sector angles, and tempera-
ture threshold. The first three parameters define the spatial structure of
the analysis, while the temperature threshold dictates how temperature
variations are segmented and analysed. During the sensitivity tests, only
one parameter is changed at a time, with the others held at their default
values.

Table 1
Parameters and their values in the ATA model.

Parameters Descriptions Default Values for sensitivity
values tests
Bufferg;,e The ratio of the size of 1/2 Vs, V4, 1/5,1/8,1/10
each buffer to the size of
the central urban area
Min sector The minimum angle for 5 1,2,3,5
angle sector division
Max sector The maximum angle for 30 20,25,30
angle sector division.
Temperature The minimum 0.1 0.05,0.1,0.15,0.2,0.25
Threshold temperature difference

used to merge sectors
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3. Results
3.1. Optimal sector division based on temperature variations

Fig. 3 shows the process of quantifying SUHI effects using a single
sector as an example. In Figs. 3b and 3f, we observe that the point of
maximum curvature can effectively identify the turning point of the
temperature decay curve, though sometimes this curvature peak may
appear before the actual turning point. This disparity appearsbecause
curvature captures the intensity of geometric changes in temperature
decay, while the turning point is associated with the underlying physical
process of temperature variation. Figs. 3c and 3g further show the dis-
tribution characteristics of turning points and the variability in tem-
perature decay: in summer, turning points are more dispersed, while in
winter, they cluster more tightly. Specifically, Perth’s turning points
appear within a range of 1 to 3 times the urban area, whereas, for the
other four cities, turning points can extend up to 7.5 times the urban
area. In Figs. 3d and 3h, we see that beyond a distance of about one
urban area, Perth shows the most consistent frequency of turning points
across directions in both summer and winter, approximately 15 % and
20 %, respectively, indicating minimal variation in expansion distances
across directions. Melbourne, however, displays the farthest-reaching
turning points in both seasons, extending over six times the urban
area. Overall, temperature decay processes show significant directional
variability across different seasons and cities.

3.2. The spatial distribution characteristics of SUHI intensity

Fig. 4 illustrates the distribution of SUHI intensity across different
directions in the study areas during summer and winter. In summer,
Sydney’s SUHI effect is concentrated in the west and northwest, with an
intensity of about 4.8 °C and a maximum of 8 °C in the north. Brisbane’s
SUHI effect is more dispersed, mostly distributed in the west, with a
maximum intensity of about 6 °C. Notably, Melbourne, Perth, and
Adelaide show both SUHI and SUCI effects in the same direction. Among
them, Melbourne’s SUHI and SUCI effects in the north show the greatest
difference, with an absolute intensity difference of about 5 °C, while
Perth’s SUHI and SUCI effects in the south are nearly equal, with ab-
solute intensity values both around 6 °C.

In winter, the SUHI effect becomes more concentrated, and its
directional pattern differs from that in summer. For example, Sydney’s
SUHI is concentrated in the southwest, with a maximum SUHI intensity
of 9.6 °C, while Adelaide’s SUHI is mostly concentrated in the east and
southeast, with a maximum SUHI intensity of 5.5 °C. Overall, SUHI in-
tensity varies between different directions, and variations also exist
within the same direction, where SUHI and SUCI effects sometimes
occur simultaneously.

3.3. The spatial distribution characteristics of SUHI footprint

Fig. 5 presents the extracted SUHI footprint and land use area sta-
tistics for five cities. Only sectors with A greater than O are used to
extract the footprint. Overall, the SUHI footprint range in summer is
larger than in winter, showing directional characteristics. For example,
in the western direction of Sydney, the footprint extends the furthest,
with SUHI effects more concentrated. Besides, directions with concen-
trated SUHI effects often have a high proportion of Artificial Surface
(AS) or Natural Bare Surface (NS) areas, such as the west and north
directions in Sydney and the east, north, and northeast directions in
Melbourne. In Adelaide, while the AS proportion is lower, the NS pro-
portion is relatively high. In contrast, directions with higher proportions
of vegetation types (e.g., Cultivated Terrestrial Vegetation and Natural
Terrestrial Vegetation) tend to mitigate the SUHI effects to some extent.
For instance, in the north and northeast directions of Perth, vegetation-
related land cover reaches 50 %, with both SUHI intensity and SUCI
intensity close to 8 °C (Fig. 4).
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Fig. 3. Sectoral temperature decay curve fitting and curvature-based inflection point extraction with turning point distribution across all sectors. A) and E) the AIA
model identifies the position of a specific sector, while B) and F) show the temperature decay curve for that sector. The blue solid line represents the fitted result of
the temperature decay curve, and the red dashed line represents the curvature change curve. The intersection of the dashed line with the blue solid line is the turning
point, which is used to calculate SUHI intensity and SUHI footprint. C) and D) display the temperature decay curves and its average R2. G) and H) show the frequency

distribution of turning points for all sectors.

To verify the statistical significance of the AIA model, Figs. 6a-6¢
show the difference in LST means and t-test results for a pair of sectors,
while Fig. 6d shows the t-test results for multiple sectors in the north
direction. Figs. 6e and 6f show the proportion of all sector pairs in the
five cities that passed the t-test. Some sectors did not pass the t-signifi-
cance test, indicating that not all sectors in the same direction are
included in the footprint calculation. In other directions (e.g., northeast
and southeast), despite a high proportion of sectors passing the signifi-
cance test, sectors that cross water bodies or cannot fit the temperature
decay curve are excluded from the footprint calculation. Overall, land
cover types significantly influence the spatial heterogeneity of SUHI
effects, with areas of high AS or NS coverage showing a more concen-
trated footprint, while areas with more vegetation types tend to mitigate
the SUHI effects.

3.4. Model validation

Model uncertainty was addressed through a sensitivity analysis of
four key parameters. Specifically, Section 3.4.1 evaluates the sensitivity
of the g-value to buffer size, minimum and maximum sector angles, and
temperature threshold by changing one parameter at a time while
keeping the others constant. Section 3.4.2 further assesses the robust-
ness of the AIA model by comparing the g-values extracted under
different equal-angle division models.

3.4.1. Sensitivity analysis of different parameters on g-values

Fig. 7 presents the sensitivity analysis of q values for five cities in
both summer and winter across different parameters. Specifically,
changes in buffer size and max sector angle have minimal impact on q
values for all cities, with q values remaining relatively stable within the
range of buffer sizes from 1/2 to 1/10 and max sector angles from 20 to
30 degrees, indicating a low influence of these parameters on temper-
ature heterogeneity. For the min sector angle, q values are mostly stable
when changing from 1 to 3 degrees but show a slight decrease at 5

degrees. Since there are fewer data points in each sector, narrower sector
divisions may lead to unstable curve fitting, so 5° intervals are selected
as the default interval to balance spatial resolution and computational
efficiency. In contrast, increasing the temperature threshold leads to a
significant rise in q values, particularly in summer; for example, q values
for Melbourne, Adelaide, and Sydney increase by more than 0.1 when
the temperature threshold exceeds 0.2, reaching over 0.5 for Melbourne
and Adelaide and around 0.25 for Sydney, with similar upward trends
observed in other cities. This shows that the temperature threshold is a
key parameter affecting the accuracy of the AIA model’s analysis of the
SUHI effect. An appropriate threshold can significantly improve the q
value of the sector division, thereby more effectively capturing the
spatial heterogeneity of temperature.

3.4.2. Sensitivity analysis of the AIA model

Table 2 shows the improvement in g-values achieved by the AIA
model compared to the equal-angle divisions methods. Overall, the ATA
model outperforms the equal-angle division methods, significantly
improving q values ranging from 1.1 % to 44.1 % across all cities and
seasons. This suggests that smaller equal-angle divisions can capture
directional temperature characteristics to some extent, but the AIA
model is more adaptive in capturing the spatial heterogeneity of tem-
perature. Higher q values indicate greater temperature differences be-
tween sectors, showing that heat is more concentrated in specific
directions, while lower q values suggest a more even temperature dis-
tribution across sectors within a city. Although the overall q values are
relatively low, potentially due to the complexity of urban structures and
the relatively even SUHI effects in certain cities and seasons, the adap-
tive division method still significantly enhances the ability to capture
the spatial heterogeneity of SUHI effects.
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Fig. 4. Spatial differences in SUHI intensity ( °C) distribution across eight directional angles. Each direction covers 45 degrees, starting with the north direction,
whose angle range is from 337.5 to 22.5 degrees. The remaining directions are divided sequentially in a clockwise manner, with each directional marker pointing to
the midpoint of its angle range (for example, the northeast direction has an angle range of 22.5 to 67.5 degrees, with its marker pointing to 45 degrees).

4. Discussions
4.1. Comparison with other methods

Existing studies have widely adopted machine learning (ML) and
deep learning (DL) methods to identify the spatial patterns of the SUHI
effect (Oh et al. 2020). Among them, interpretable ML models (such as
SHAP, LIME) have also been used to quantify the nonlinear interactions
between variables and their contributions to the SUHI effect (Hou et al.
2023a; Zhu et al. 2025). These methods can effectively capture complex
spatial dependencies and achieve fitting accuracy above 0.95 in multiple
studies (Liu et al. 2021a; Oukawa et al. 2022; Tanoori et al. 2024).

However, their outputs often lack physical interpretability. Unlike other
methods, the main advantage of the AIA model is that it measures
temperature differences between adjacent sectors rather than absolute
temperature values. This differentiated measurement is relatively in-
dependent of land type restrictions, so it is not significantly affected by
differences in urban and rural surface coverage.

As shown in Fig. 8, the AIA model overcomes the limitations of equal-
angle sector division in extracting SUHI intensity and SUCI intensity. For
example, in summer in Sydney, the upper and lower quartiles of A values
range from approximately 6.4 °C to 7.5 °C, while Sector-5 and Sector-15
can only extract a limited number of valid A values, and Sector-22.5
cannot extract any valid A values. Additionally, the equal-angle
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Fig. 5. Spatial distribution of SUHI footprint and land use statistics across directions. A) and C) show the extracted SUHI footprint for summer and winter,
respectively. B) and D) show the proportion of land cover types within each sector.

partitioning method overestimates the SUHI intensity to some extent,
especially in Brisbane during summer, where the median A value
extracted by the equal-angle partitioning method is close to 8 °C, while
the AIA model’s median is —1.2 °C. This overestimation may occur
because the equal-angle division averages the overall temperature dif-
ference, including green or cooling areas into high-temperature areas,
thus ignoring the contribution of the cold island effect.

Typically, arid areas tend to have negative intensity values because
urban areas in these regions have higher vegetation cover, building
shading, and smoother aerodynamic structures than surrounding deserts
(Dialesandro et al. 2019; Li et al. 2019; Zhou et al. 2014), leading to
lower urban surface temperatures. However, the cities in this study are
located in coastal areas with humid climates, yet still display low SUHI
intensity values. This may be related to the high density of urban green
spaces and the cooling effect of water evaporation (Huang and Wang
2019), which contributes to a SUCI effect in specific directions.

Fig. 9 shows the statistical differences between the SUHI footprint
extracted by the AIA model and other methods. In summer, Sydney’s
SUHI effects extend the farthest to the west, with a buffer distance of up
to eight times the city area. In winter, Melbourne’s SUHI effects extend

the farthest, with a stronger SUHI effect on the east side compared to the
west, and an extension distance in the southeast direction that can reach
six times the city area. The hottest areas in Melbourne in 2018 located in
the northwest and southeast regions may be related to the low soil
moisture and high impervious surface area in these directions (Jamei
et al. 2022). This is consistent with previous studies, which concluded
that the SUHI footprint range is usually between 6 and 8 times that of the
central urban area (Li et al. 2017; Yang et al. 2023a), with variations
between different cities.

In certain directions, SUHI and SUCI effects can coexistence, likely
driven by a combination of factors. Australian urban planning achieves a
staggered layout of buildings and green spaces through mixed land use
(Clay et al. 2016; Herath et al. 2024; Lu et al. 2024). Furthermore, the
localized cooling effect of coastal winds can create SUCI effects near the
coast, while areas further inland still display the SUHI effect. To quantify
the SUHI effect, the AIA model maximizes the temperature difference
between sectors using the q value to enhance heterogeneity between
sectors and ensure a more homogeneous temperature distribution
within them. Unlike previous studies that directly exclude mixed sec-
tors, this model uses a merging strategy to spatially improve
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Fig. 7. Sensitivity analysis of q values to AIA model parameters.

temperature zoning. Furthermore, sectors displaying a SUCI effect are
not used to calculate the SUHI footprint, further improving identifica-
tion accuracy.

4.2. Differences in SUHI effects and their causes

Due to the combined effects of geographical conditions, urban
morphology, and surrounding land use, the study area shows significant
irregular anisotropy in the SUHI footprint. For example, the northern
region of Melbourne has relatively uniform land use (Calderén-Loor
et al. 2021), resulting in minimal differences in SUHI footprint in these
directions, while the western region is a typical agricultural area; the

high complexity of the landscape leads to the disappearance of the
temperature gradient (Ge et al. 2021), making it difficult to observe
effective SUHI effects. Sydney’s SUHI effects are mainly influenced by
the western and southwestern regions, while the northern and southern
regions are less affected. This is because the high building density and
impervious surfaces in the western region significantly enhance the
SUHI effect, whereas the northern and southern regions, with extensive
forest and water body coverage, experience a rapid decrease in LST,
thereby inhibiting the expansion of the SUHI effect (Pfautsch et al.
2024). Under low winter wind conditions, inland areas of Adelaide and
Perth are more susceptible to higher heat stress (Sharifi et al. 2020).
These two cities have distinct topographical features, with hills to the
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Table 2
Comparison of q values between the AIA model and equal-angle division methods.
Season City Range of merged sector angles Q value (AIA) Q value of equal-angle division methods % A vs 22.5° % A vs 15° % A vs 5°
22.5° 15° 5°
Summer Sydeny [5, 15] 0.1352 0.1086 0.1146 0.1301 24.6 % 18.0 % 3.9%
Melbourne [5, 20] 0.4348 0.3852 0.4011 0.4276 129 % 8.4 % 1.7 %
Brisbane [5, 15] 0.2563 0.1819 0.2168 0.2468 40.9 % 18.2% 3.8%
Perth [5, 30] 0.3783 0.2626 0.3144 0.3672 44.1 % 20.3 % 3.0 %
Adelaide [5, 30] 0.4443 0.3767 0.3922 0.4011 179 % 13.3% 10.8 %
Winter Sydeny [5, 15] 0.1335 0.1081 0.1062 0.1285 23.5% 25.8 % 3.9%
Melbourne [5, 15] 0.3997 0.3852 0.3748 0.3937 3.8% 6.7 % 1.5%
Brisbane [5, 15] 0.2217 0.1569 0.1765 0.2096 41.2 % 25.6 % 5.8%
Perth [5, 20] 0.4711 0.4181 0.4455 0.4659 12.7 % 5.8 % 1.1%
Adelaide [5, 25] 0.4048 0.3430 0.3749 0.3991 18.0 % 8.0 % 1.4 %
Note: All q-values were statistically significant at a 95 % confidence level.
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Fig. 8. Comparison of A-Values between AIA model and different equal-angle division methods.

east and the sea to the west. This topographic structure may limit the
impact of cold ocean air currents on coastal areas, allowing heat to
accumulate more easily inland away from the coast, leading to the
inland expansion of the winter SUHI footprint in these two cities.

In general, urban vegetation, the cooling effects of water bodies,
ventilation corridors, and building shading can reduce urban LST (Li and
Chen 2023; Xie et al. 2024), resulting in low or even negative SUHI
intensity, which in turn limits the expansion of the SUHI footprint.
Although the SUHI effect in winter may offer certain benefits, such as
alleviating cold stress and reducing heating energy consumption, sum-
mer SUHI tends to be stronger and more spatially extensive
(Bartesaghi-Koc et al. 2020; Cui et al. 2021). Therefore, it remains
necessary to develop adaptive mitigation strategies that account for the
geographical characteristics of each city.

4.3. Usage, appalications of the suggested method

The AIA model proposed in this study contains four key parameters
that can be flexibly adjusted to suit the characteristics of different cities,
thereby more accurately reflecting the directional expansion and spatial
distribution of the urban heat island effect:

First, the buffer size affects the spatial scale of the analysis. Smaller
buffers focus more on temperature changes in the core area of the urban
area, while larger buffers are more helpful in identifying the SUHI effect
away from the urban area. Second, the min sector angle controls the
directional resolution of the initial division. Smaller angles help identify
subtle directional temperature changes, while larger angles reduce the
computational complexity. Third, the max sector angle, as the upper
limit of the merging process, limits whether adjacent sectors can be
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merged. The larger the angle, the easier it is to form a simplified SUHI
footprint. Finally, the temperature threshold determines whether the
temperature differences between sectors are sufficient for merging. A
lower temperature threshold helps retain details, while a higher
threshold emphasizes obvious temperature differences.

In addition, through g-value optimization, this method quantifies the
irregular anisotropy of the SUHI effect and verifies the reliability of the
division through significance testing. The adaptive and data-driven di-
vision method overcomes the limitations of fixed-angle division and
provides new perspectives and methods for developing adaptive miti-
gation strategies that account for the geographical characteristics of
each city.

4.4. Limitation and future plan

Although the AIA model effectively represents the irregular anisot-
ropy of the SUHI footprint, it also has limitations. First, Landsat provides
only daytime thermal infrared data at a spatial resolution of 30 m, which
limits the ability to analyze diurnal SUHI variation and may not fully
capture thermal heterogeneity in areas with complex urban
morphology, such as high-density or mixed-use zones. Second, this study
does not explore the potential drivers of the irregular anisotropy of the
SUHI footprint, which could be addressed in future research. Addition-
ally, the study area includes only five representative cities in Australia,
and the relatively small sample size may introduce some bias, while the
results also remain sensitive to parameter settings and q-value thresh-
olds. Also, it lacks a quantitative assessment of how various intra-urban
functional zones contribute to or mitigate LST, which limits the under-
standing of internal SUHI heterogeneity.
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Fig. 9. Comparison of SUHI footprint anisotropy extracted by different methods.

The spatial, seasonal, and diurnal variations in SUHI intensity and
footprint are important topics in urban climate research. Future research
could combine MODIS with long-term diurnal and seasonal analysis of
urban heat island variations, such as the rate of change of SUHI intensity
in each direction, and consider the relationship between the rate of
change in built-up areas and the directional variation of the SUHI
footprint. Spatial heterogeneity analysis methods, such as the optimal
geographic detector, could also be employed to explore the driving
mechanisms behind the irregular anisotropic expansion of SUHI foot-
prints. These analyses should consider factors such as urban
morphology, land use types, and climate zones. Further exploration of
the driving mechanisms of the spatial pattern of the SUHI effect can
provide more meaningful insights into identifying and mitigating urban
heat risks.

5. Conclusion

This study proposed an Adaptive Irregular Anisotropy (AIA) model to
explore the spatial distribution and irregular anisotropy of the SUHI
footprint. By dynamically adjusting temperature differences based on q-
values, the model provides a clearer definition of the spatial heteroge-
neity of the SUHI effect.

The results show that the SUHI footprint extracted by the AIA model
shows significant directional differences. In directions with a high pro-
portion of impervious surfaces, the SUHI footprint can reach up to eight
times the urban area. Specifically, Sydney’s footprint is mainly
concentrated on the west side in summer, Melbourne’s footprint is more
concentrated on the east side and relatively less on the west side, while
Perth’s footprint is more evenly distributed across different directions.
Seasonal analysis indicates that in most cities, the footprint is larger in
summer than in winter, but in Adelaide, it is more extensive in winter.
Compared to other anisotropy-based footprint extraction methods, the
AIA model is highly sensitive to temperature thresholds, improving q-
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values by 1.1 % to 44.1 %, thereby reducing footprint estimation bias to
some extent and more effectively representing footprint spatial
heterogeneity.

Overall, the AIA model is more suitable for areas with complex urban
boundaries and mixed land use. This study highlights the importance of
adaptive strategies in mitigating the SUHI effect, especially in cities with
directional differences in built-up area expansion. However, the gener-
alizability of the AIA model under different climatic conditions and
urban morphologies still requires further validation. In the future, the
ATA model can be extended to analyze directional variations of SUHI
effects across multiple time periods or during nighttime.
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