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Abstract City size is a primary determinant of the urban heat island (UHI) intensity, with its effects further
nuanced by the urban form. But how to factor in the urban form into the UHI assessment remains unresolved.
We propose an every‐pair‐interaction model that meaningfully incorporates urban size and fractal dimension to
characterize the UHI intensity. Regression on the summertime surface UHI intensity of 5,000 European cities
shows that the model outperforms the simple linear combination of logarithmic size and fractal dimension.
Subject to the interplay between the range of the every‐pair interaction and the urban fractal shape, the model
also represents a generalization as it includes power‐law, logarithmic, and saturating size dependence of UHI—
all three possibilities have been reported empirically in the literature. Our theoretical framework indicates that
the surface UHI intensity saturates with urban size, opening up new research perspectives around UHI intensity.

Plain Language Summary City size is an important determinant of the urban heat island (UHI)
intensity. While most studies report a logarithmic dependence of UHI intensity on city size, other functions like
power‐law and logistic functions have also been reported. In addition, the urban form plays an important role
and, intuitively, increased UHI intensity is expected for compact cities. However, how to incorporate urban size
and form for modeling UHI is less clear. Based on the perception that every urban site interacts with every other
one, whereas the intensity of interaction decreases with the distance, we propose an every‐pair‐interaction
model to characterize the UHI intensity. The model combines urban size and fractal dimension non‐linearly and
outperforms the simple linear model. It also represents a generalization of the three functional possibilities
reported in the literature. Our model indicates that the surface UHI intensity saturates with urban size. Whether
the UHI saturates with the expansion of the urban area or follows a continuously increasing trend is relevant for
sustainable urban development. Our approach paves the way for fresh research avenues into UHI intensity and
urban climate as a whole.

1. Introduction
Cities cause local warming, resulting in the well‐known urban heat island (UHI) effect (Oke et al., 2017). The
UHI effect is characterized by enhanced temperature in urban compared to the outlying areas and is attributed
mainly to the land surface modification from urbanization (Oke, 1982). Excessive heat associated with the UHI
comes with costly impacts on the economy (Estrada et al., 2017) and public health, especially during heat wave
events with high risks of heat morbidity and mortality (Gabriel & Endlicher, 2011; Guo et al., 2017; J. Tan
et al., 2010; Zhao et al., 2018).

How the UHI is influenced by its main driver, namely urbanization, is a long‐standing question (Adolphe, 2001;
Chandler, 1964; Chapman et al., 2017; Oke, 1973). Studies on this topic help to better assess the heat risks in view
of projected global warming, rapid urbanization, and the growing elderly population (Heaviside et al., 2017). In
particular, the influence of urban size and form on the UHI effect is at the center of the research interest (X. Li
et al., 2017; Oke, 1973; Stone & Rodgers, 2001; Zhou et al., 2017), since they are among the most important
factors involved in the urbanization process.

The primary reasons for the difficulty in quantitatively linking the UHI intensity with urban size are the fluc-
tuations of background climate, and the fact that cities evolve in both structure and size (Chandler, 1964). Despite
the challenges, the association between the UHI intensity (ΔT ) and the urban size (usually measured by urban
area A, population size P, etc.) has been examined quantitatively by studies at different scales, and evidence of
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correlations has been reported. The earliest quantitative findings (Ludwig, 1970; Oke, 1973), based on paired
urban/rural air temperature observations, report the UHI intensity as a power‐law function of urban size measured
by population (ΔTa ∼ Pα, where α > 0 is a constant exponent and the subscript “a” stands for air temperature).
Later Oke (1973) finds that the logarithmic function (ΔTa ∼ ln P) better agrees with the observations than the
power‐law function. However, the nature of the ground in situ measurements and the UHI definition imply that
the effect of urbanization may be underestimated either due to the rural records being affected by urban expansion
or due to the urban records failing to capture the effect beyond a certain range. This disadvantage impedes a better
understanding of the physical bases of the relationship between ΔTa and urban size.

The availability of remote sensing data attracts increasing research interest in answering such questions by
investigating the surface UHI effect of cities. The surface UHI intensity ΔTs (subscript “s” stands for surface
temperature) can be quantified with a spatially explicit land surface temperature (LST) map at the city scale (Peng
et al., 2012). Over the years, many studies at different scales statistically confirmed the logarithmic relationship
between ΔTs and the urban size as measured by urban area A (M. Tan & Li, 2015; Zhang et al., 2012; Zhao
et al., 2014), that is, ΔTs ∼ ln A. Some also explored how the background climate controls this relation (Imhoff
et al., 2010; X. Li et al., 2017; Y. Li et al., 2021; Manoli et al., 2019). Recently, some studies (e.g., Huang
et al., 2019; Zhou et al., 2013) report the surface UHI intensity as a sigmoid function of urban size, given by
ΔTs ∼

1
1+1/ f (A), where f(A) is a positive function of the urban area A with f(A) → ∞ for A → ∞. Huang et al. (2019)

find that the sigmoid curve better captures the correlations between the surface UHI intensity and urban area than
the simple logarithmic function, implying a saturation of ΔTs for sufficient larger cities. We summarize the
empirical findings described above in Table S1 in Supporting Information S1.

In addition to urban size, how cities extend in space (e.g., shape, compact/sprawled) also influences the UHI
intensity. It is quite conclusive that the micro‐scale urban structure (size, shape, arrangement of urban elements,
etc.) affects the thermal environment in the vicinity by determining the fluxes of mass and energy exchange
between the urban surface and the atmosphere (Grimmond & Oke, 1999; Martilli, 2014; Yuan et al., 2020).
However, these impacts are difficult to describe quantitatively because of a high degree of complexity and
extreme morphological heterogeneity at the fine granularity level. Therefore, investigating the mean effects of the
interaction between aggregated urban morphology properties and urban climate from a city‐scale perspective can
help to overcome difficulties resulting from the micro‐scale heterogeneity (Adolphe, 2001). A range of
geometrical and topological city‐scale indicators (e.g., fractal dimension, roundness, area‐perimeter ratio,
porosity, compactness, contiguity, etc.) have been found statistically correlated with the surface UHI intensity of
cities at the regional or global scale (Imhoff et al., 2010; Liang et al., 2020; Liu et al., 2021; Zhou et al., 2017).

Although the UHI intensity is statistically associated with urban size and morphology, it is still inconclusive how
these two factors jointly influence the UHI effect. Previous statistical studies usually end up with linear/multiple‐
linear models to assess the UHI strength with urban size or urban morphology as predictors (Liang et al., 2020;
Liu et al., 2021). However, simple models can hardly capture the interaction between these two factors, since they
are likely to function non‐linearly—yet the underlying mechanism is to be revealed.

The UHI effect represents a classical complex systems problem. The physical processes at the small scale are well
understood. But how they translate into a large‐scale measurable, like the UHI intensity, remains challenging
because of the emergent characteristics. Previous studies (Y. Li et al., 2020, 2021) have proposed gravitational
models to describe the relation between UHI intensity and the location of urban built‐up areas. The models are
based on the concept of built‐up area elements receiving distance‐decaying warming effects from other urban
elements. This interaction between any pair of built‐up area elements of a city diminishes as the distance between
them increases, similar to a gravity‐based rule. However, the model can only be implemented numerically, and the
spatial arrangement of urban built‐up areas is not explicitly linked to any quantitative urban form indicators.

Recently, Ribeiro et al. (2024) developed an analytical approximate solution to the every‐pair‐interaction problem
(also known as pairwise‐interaction model), following a complex systems approach. The analytical solution is
based on the same physical concept as the numerical model, while explicitly integrating the system size and
fractal dimension, the latter being a commonly used form indicator. Inspired by this study, we propose to apply the
analytical solution to model surface UHI intensity. The proposed model enables us to factor in urban form when
characterizing the surface UHI intensity with urban size in a meaningful way. The model shows better statistical
performance than multi‐linear models based on analyses of the daytime summer surface UHI intensity of 5,000
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European cities. Furthermore, exploring the model analytically also enables us to elucidate how urban size and
form jointly influence the surface UHI in a complex and non‐linear manner. We demonstrate that this model
represents a generalization of empirical findings in the literature regarding the relationship between UHI intensity
and urban size.

2. Data and Method
We use the binary urban/non‐urban Urban Morphological Zones 2006 (UMZ2006) data ‐set (European Envi-
ronment Agency, 2010) and apply the City Clustering Algorithm (Rozenfeld et al., 2011) to extract the 5,000
largest urban clusters following the method used in Zhou et al. (2013), Zhou et al. (2017), and Y. Li et al. (2021).
UMZ2006 covers 38 European Environmental Agency member states and cooperating countries except Greece,
with a spatial resolution of around 250 m.

We chose Europe as the study area because there has been little urban development since theMODIS date became
available. The noise introduced by urban growth can be neglected. This allows us to average the LST data from
many years for more reliable LST data with less impact from background climate fluctuations and missing values.
We extract the multi‐annual summer (June, July, and August in 2002–2011) average LST maps from the 8‐day
composite MODIS LST product (MYD11A2, version 6 (Wan et al., 2015)). We only analyze the LST at around
13:30 local time in this work.

For each of the selected urban clusters, we create a boundary area of approximately the same size as the respective
urban cluster. The boundary area excludes other urban cells and cells that have a water surface fraction over 50%.
The surface UHI intensity is then calculated as ΔTs = Tu − Tb, where Tu is the average LST in the urban cluster,
and Tb is the average LST in the boundary area. The calculation of surface UHI intensity is illustrated in Figure S1
in Supporting Information S1. All temperatures are in °C.

We also extract the fractal dimension Df of each urban cluster using the box‐counting method as described in
Zhou et al. (2017). The fractal dimension is a quantitative measure that describes how a geometric pattern fills the
space. We use it to analyze the compactness of the urban clusters in the 2‐dimensional space, therefore it ranges
from 1 to 2. A fractal dimension closer to 1 signifies a linear or strip‐like arrangement of urban pixels, while a
larger value indicates a more densely packed urban form.

Since the every‐pair interaction model is scale‐dependent, the estimated parameters of the model are only valid at
the corresponding resolution which is bonded with the specific number of urban pixels. For simplicity and
consistent comparison of different models, the urban size is given by the cluster size, that is, the number of grid
cells N, throughout the manuscript. Given that the spatial area of a single cell is constant, N can be easily con-
verted to the total urban area.

3. Models
This section introduces three models as discussed in the Introduction section.

3.1. Model M1

Inspired by Zhou et al. (2017), we begin with a multi‐linear model that combines logarithmic urban size ln N and
fractal dimension Df by

ΔTs = a ln N + bDf + c, (1)

where a, b, c are parameters. Please note, in contrast to Zhou et al. (2017), this model does not include the
anisometry (a measure of elongation).

3.2. Model M2

The model is grounded in the concept that every urban site (referring to an urban pixel in this work in a narrow
sense) interacts with every other, which is also known as the pairwise‐interaction model. This interaction could
involve the exchange (absorption or discharging) of energy and mass, cool breeze obstruction, or any other
physical process. Furthermore, this interaction between locations diminishes in intensity as the distance between
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them increases. This notion was initially introduced in (Y. Li et al., 2020), which proposed an urban morphology
indicator to quantify the thermal impact from all built‐up areas. This concept was then expanded in the study of
surface UHI intensity in European cities (Y. Li et al., 2021). The indicator was found to have a good correlation
with the surface UHI intensity.

Here, we explore the quantity I that represents the interaction between urban sites. Given an urban cluster
consisting of N grid cells, for a specific cell i, the influence it receives from cell j depends on the distance rij

following Iij =
1
rγ
ij
, where γ measures how strong the influence decays with the increase of distance. Then the total

influence cell i receives from the system is Ii = ∑
N
j≠i

1
rγ
ij
, and on average, the influence received by each cell is

I =
1
N
∑
N

i=1
Ii =

1
N
∑
N

i=1
∑
N

j≠i

1
rγ
ij
. (2)

Please note that this model is founded on the concept that all physical processes involved in the interaction
between sites are modeled by a complex system approach, employing a single and representative parameter (γ). A
schematic perspective of this model is presented in Figure S2 in Supporting Information S1.

Since larger clusters consist of more cells and the number of pairs is N(N − 1)/2, I generally increases with N.
Figure 1 shows nine example cities with the same size and different I‐values. We can see from Figures 1a–1i that I

Figure 1. Illustration of the mean interaction field. Panels (a)–(i) show nine examples of urban clusters of 200 cells each, with an ascending order in their corresponding
value of I numerically calculated via Equation 2 with γ = 2.12. (j) Surface urban heat island (UHI) intensity against the fractal dimension for the 9 urban clusters, the
labels indicate the respective panels (a)–(i). (k) Surface UHI intensity against the I‐values. (l) Locations of the nine examples (orange points). Black points indicate the
location of all the urban clusters analyzed in this study.
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can capture the morphology of the urban clusters. Also, Figure 1k demonstrates the clear correlation between I
and surface UHI intensity. Thus, we use the quantity I to model the aggregated interactions between all urban cells
of a city. We inspect I as a predictor of surface UHI intensity following

ΔTs = aI(γ) + b with I(γ) =
1
N
∑
N

i=1
∑
N

j≠i

1
rγ
ij
, (3)

where a, b, and γ are model parameters.

It has to be noted that this is a quasi‐linear model since it cannot be fitted in a conventional way. For each urban
cluster, the value I has to be calculated numerically for different γ‐values. Here we use equidistant γ‐values in the
range between 0 and 4 with a step length of 0.01. Then we identify the optimal γ value that leads to the lowest
standard residuals σ of the ΔTs regression.

3.3. Model M3

Recently, an approximate theoretical solution for the quantity I given by Equation 2 was proposed. It strongly
agrees with the numerically calculated I‐values for various fractal structures (Ribeiro et al., 2024). The analytical
value of I is given by

Itheo =
N0Df

(Df − γ)
[(

N
N0

)

1− γ
D f

− rD f − γ
1 ], (4)

where N0 is a parameter, and r1 is the shortest distance between the neighboring cells of the structure. A summary
of its derivation from Equation 2 can be found in Text S1 in Supporting Information S1. For N ≫ N0 the analytical
solution follows three different curves depending on the difference between γ value and Df: (a) γ < Df, Itheo

follows a power‐law with N; (b) γ > Df, saturation of Itheo for sufficiently large N; and (c) γ ≈ Df, Itheo ∼ ln N.

In a connected cluster the shortest distance between cells is 1 (there are always grid cells with a common edge), we
can use r1 = 1. Thus, we investigate the suitability of Itheo as a predictor of surface UHI intensity following

ΔTs = aItheo + b, with Itheo =
N0Df

(Df − γ)
[(

N
N0

)

1− γ
D f

− 1], (5)

where a, b, γ, and N0 are parameters in the regression model to be estimated based on known ΔTs, N, and Df. The
model is fitted using the non‐linear least squares method.

Please note that the difference between the models M2 and M3 is that in M2 the every‐pair interactions are
calculated numerically, while in M3 an analytical expression for the every‐pair interactions is employed. Table 1
gives an overview of the three models. A summary of the relationship and differences between the three models
can be found in Text S2 in Supporting Information S1.

4. Results
As shown in Figure 2, the surface UHI intensity is positively correlated with logarithmic urban size ln N and with
urban fractal dimension Df. This is consistent with the work by Zhou et al. (2017). However, in Figure 2a, the
small number of large cities makes it difficult to determine the behavior at asymptotic large scales. With
increasing urban size, a saturation of the surface UHI intensity, as the sigmoid function proposed by Zhou
et al. (2013), is plausible from visual inspection. Statistics based on a much larger sample set of global cities have
shown that the sigmoid function agrees better with the association between ΔTs and urban area than the simple
logarithmic function (Huang et al., 2019). Statistically, it is difficult to verify whether there is saturation since the
information is carried by the tail of only a few large cities against the bulk of many small ones (Rozenfeld
et al., 2011).

The relationship between ΔTs and Df as shown in Figure 2b features non‐linear statistical properties difficult to
infer from the scatter plot. It seems that ΔTs increases faster with the increase of Df for cities with larger values of
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Df, that is, following a concave curve. However, one needs to bear in mind that Df for the urban clusters is
bounded to Df ≤ 2, which can explain the curvature for cities with larger fractal dimensions.

We compare the statistics of the three models in terms of the residual standard error σ, the Akaike information
criterion (AIC), and Bayesian information criterion (BIC). We refer to (Kuha, 2004) for details about these two
information criteria. As listed in Table 1 (together with the estimated parameters), the relative performances of the
three models are consistent across the chosen criteria. Model M2 outperforms the other two regarding standard
residual, AIC, and BIC. Although having one additional parameter, model M3 performs better than model M1 as
shown by AIC and BIC which favor simpler models with fewer parameters.

Model M2's superior performance is attributed to its consideration of microscopic details, whereas M3 is derived
from an approximate solution (detailed in Text S1 in Supporting Information S1). However, model M3 offers an
advantage since, for common use cases, the computational demands of model M2 are excessive. For instance, the
double‐sum in Equation 3 implies a computational complexity of O(N2) for each γ‐value. Moreover, model M3
facilitates an understanding that would not be achievable through model M2 alone. It interprets the complexity of

Table 1
Comparison of the Three Models

Model
M1 M2 M3

ΔTs = a ln N + bDf + c ΔTs = aI(γ) + b ΔTs = aItheo(γ, N0, N, Df) + b

Equation Equation 1 Equation 3 Equation 5

Data ΔTs, N, Df ΔTs, I(γ) ΔTs, N, Df

Parameter estimate (Std. error) a***: 0.29 (0.09) a***: 0.28 (0.01) a***: 0.15 (0.01)

b***: 2.49 (0.09) b***: − 1.85 (0.05) b***: − 1.77 (0.11)

c***: − 4.55 (0.12) γ: 2.12 γ***: 2.81 (0.13)

N∗∗∗
0 : 15.82 (2.53)

σ 0.660 0.635 0.655

AIC 10,029 9,654 9,963

BIC 10,055 9,680 9,996

Note. The equation based on which the model regression is done, the known data, and parameters estimated by the regression,
are listed for each of the three models. Please note that model M2 is fitted in a special manner as detailed inModel M2 section.
I(γ) is calculated based on the spatial information of the clusters so that N and Df do not appear explicitly. The *** sign
indicates p < 0.001. The smaller the σ, AIC, and BIC, the better the fitting.

Figure 2. Surface urban heat island (UHI) intensity and urban size or fractal dimension. The color of the points indicates the point density (red: high). (a) The UHI
intensity is plotted as a function of urban sizeN. The solid curves follow Equation 5 (modelM3) withN0= 15.82, a = 0.15, b= − 1.77, andDf = 1.5, with different colors
corresponding to γ values of 1.25, 1.5, 2, and 2.5, respectively. (b) The UHI intensity is plotted as a function of the fractal dimension for the same set of cities. The solid
curves follow Equation 5 with N0 = 15.82, a = 0.15, b = − 1.77, and N = 1,000, with different colors corresponding to γ values of 1.5, 2, 2.8, and 4, respectively.
(c) Visualization of the performance of model M3. Fitted (with Equation 5) surface UHI intensities are plotted versus the measured values (in °C). The Pearson's
correlation coefficient between the predicted and the measured values is 0.59, and the prediction's mean absolute error is 0.47°C. The dashed black line corresponds to
the ideal diagonal. The estimated values of the parameters as listed in Table 1 are used. Corresponding results for the other two models look very similar.
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the spatial arrangement of the urban sites by a small set of macroscopic parameters, namely N0 and Df, and how
they relate to the interaction parameter γ.

In both models, M2 and M3, we obtain γ > 2, that is, γ > Df for all cities. This indicates a short‐range regime
(Campa & Dauxois, 2014; Campa et al., 2009; Ribeiro et al., 2024), that is, the interactions decrease strongly with
the distance so that no amplifying effect occurs due to the urban agglomeration. This means, according to the
properties of M3 discussed in Section 3.3, the surface UHI intensity saturates with city size. It is remarkable that
Zhou et al. (2013) and Huang et al. (2019) also found saturation for surface UHI. The fact that the γ estimates of
both models differ can be attributed to the non‐linear character of the models.

In Figure 2c the fitted surface UHI intensities are plotted against the observed ones. We can see that model M3
reproduces the surface UHI intensity of most cities with fair accuracy. However, the ability of model M3 to
reproduce the surface UHI intensities on both extreme ends is rather limited. Actually, all three models have
similar performance in reproducing the extreme UHI intensities. The reason is that the UHI effect of a city is also
strongly influenced by its background environment (Lai et al., 2021; X. Li et al., 2017) which is not considered in
this study. Y. Li et al. (2021) have demonstrated that cities with very low and very high surface UHI intensities are
often situated in distinct environmental settings, such as valleys, coastal stretches, or near water bodies. They also
showed that extreme values can be reproduced much better when considering both background climate factors
and topographical conditions.

Following the analyses by Ribeiro et al. (2024), we illustrate in Figure 2a that model M3 represents a general-
ization of different UHI intensity versus urban size relations found in previous studies. We take Df = 1.5 as an
example since in our data the majority of the cities have a fractal dimension around this value. Equation 5 can take

different shapes depending on the value of γ. When γ < Df, the curve follows the power‐law, that is, Itheo ∼ N1− γ
D f ;

when γ ≃ Df, the curve is logarithmic, that is, ΔTs ∼ ln N; when γ > Df, a saturation of the curve will appear, see

Figure 2a. The exponent of the power‐law relation (1 − γ
D f
) suggests that when Df approaches γ, the size

dependence of ΔT(N) becomes statistically indistinguishable from the logarithmic shape since the exponent
approaches zero. Previous studies that describe the scale dependence of UHI intensity with power‐law functions
also report very small values of the exponent (D. Li & Wang, 2019; Oke, 1973). In Figure 2b we show example
curves of Equation 5 for constant size but variable fractal dimension. The curvature with γ = 2.8 generally de-
scribes the trend of the point cloud, which supports the every‐pair‐interaction model. To illustrate how Equation 5
behaves depending on the γ values, in Figures S2a–S2b in Supporting Information S1, we show some example
curves of it with extended ranges of city size and fractal dimension.

5. Discussion
Model M1 lacks any motivation except that a linear combination of independent variables is the first thing to
experiment with. In contrast, the urban morphology quantity I in Equation 2 on which model M2 is based, is
motivated in a meaningful way since it aggregates (a) the interaction effect between any pair of the urban sites and
(b) the spatial arrangement of these sites.

The theoretical solution Itheo in model M3 shares the same motivation as in model M2. In addition, it includes the
fractal dimension of urban clusters, which has been found to be an effective factor in linking urban compactness
with the surface UHI intensity. Moreover, as urban compactness indicators, both every‐pair‐interaction quantity I
and fractal dimension are special since the spatial arrangement of every individual urban site affects the measure.
In other words, they represent ideal indicators to characterize the city‐scale urban morphology and to link the
urban morphology with the UHI effect aggregated to the city scale. We can consider M2 as a microscopic model
because it encompasses all the intricacies of the spatial distribution of the sites. M3, which is the analytical
approximate solution of the double sum used in M2, can be seen as a macroscopic model, as it captures not the
details but the essence of the phenomenon.

We would like to emphasize that analyzing the data without a theory is not possible to infer if there is a saturation
or not in ΔT with the city size. However, the model proposed here, which has physical interpretation and
justification, suggests a saturation for the considered surface UHI. It is because the estimated every‐pair‐
interaction range is larger than the fractal dimension (γ > Df), and, according to model M3, such values imply
saturation. More specifically, according to the results, the interaction between urbanized cells (e.g., in the form of
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heat exchange) behaves in a short‐range regime. In other words, saturation happens because the interaction range
between urban cells has a typical and short length.

Despite the statistical evidence on the correlation of the UHI intensity with urban size and urban morphology, the
physical mechanism behind the relation is not clear. Without guidance from a comprehensive understanding of
the physical basis, it is challenging to come up with models that quantitatively describe the response of UHI
intensity to urban size and morphology in a meaningful way. Interestingly, the every‐pair‐interaction model
represents a generalization as it includes power‐law, logarithmic, and saturating urban size dependence of the
UHI intensity—all three shapes have been reported empirically in the literature (see Table S1 in Supporting
Information S1). The actual shape depends on the values of γ and Df (Ribeiro et al., 2024).

Our work opens a range of perspectives for future research. In the case of γ < 2 we also expect a transition between
long‐ and short‐range interactions. This is because of correlations between city size and fractal dimension (larger
cities are more compact and exhibit larger Df, see Figure S4 in Supporting Information S1). We obtain a Pearson
correlation coefficient reaching 0.58 between ln N and Df in our data. Thus, for γ < 2 the typical fractal dimension
can potentially trespass the γ‐value with increasing city size, implying a transition from short‐range (Df < γ) to
long‐range (Df > γ) interactions. Consequently, we would expect a critical city size N× at which a transition occurs
toward power‐law behavior for large cities. Nevertheless, the analytical model suggests that less compact
development is always favorable for its smaller increment of the UHI intensity per unit of urban growth.

It would be intriguing to apply the every‐pair‐interactions model to the canopy UHI effect since the air tem-
perature is more relevant to the thermal comfort of the population. Would such an analysis also lead to γ > 2,
implying saturation of canopy UHI with city size, or would it result in γ ≤ 2, ruling out the saturation? Whether or
not ΔT saturates is crucial in light of ongoing urbanization and climate change. In particular, in the global south
where urbanization leads to ever‐growing cities. Climate change adds to this trend and considerable heat burden
needs to be anticipated in many regions. Accordingly, whether or not the UHI intensity saturates along ongoing
urbanization, can make a big difference in the livability of the largest cities.

It remains to understand what the exponent γ represents. In the radiation sense, we expect γ = 2 because the
surface of a sphere goes as ∼r2 with the radius r. In the case of 2 dimensions, we would expect γ = 1, that is, the
length (perimeter) of a circle goes as ∼r. Diffusion in terms of Brownian motion goes as ∼r1/2 (root‐mean‐square
displacement according to Fick's law). Thus, the γ‐exponent can characterize the physical processes (or their
combination) behind the interactions.

Before we discuss that the γ‐exponents relate to the physical processes behind the interactions, it is fair to assume
that also the background climate plays an important role in determining the γ‐value. Therefore, the γ value
provides the interface where the climatic factors can be introduced. Accordingly, a systematic study of the in-
fluence of the background climate would be desirable. Such an analysis could for example, repeat our work by
separating a bigger sample by climate zones. One could also perform a complementary analysis to (Y. Li
et al., 2020) and vary the climate while keeping the city structure constant. Ultimately, an ambitious goal of a
holistic quantitative tool for UHI assessment might be achieved.

Since Equation 2 is the theoretical expression applying only on 2D planar surface (Ribeiro et al., 2024), in this
work we do not consider the density of the urban sites (e.g., sealed surface fraction, building height, floor area
ratio, etc.). It has been shown in previous work (Y. Li et al., 2020, 2021) that the metrics as a proxy of urban
density can improve the predictive power of the numerically calculated quantity I. Some other limitations of this
work are discussed in Text S3 in Supporting Information S1.

6. Conclusion
In summary, we propose an every‐pair‐interaction model to characterize the UHI intensity based on city size and
fractal dimension in a meaningful way. The model combines urban size and fractal dimension non‐linearly and
outperforms the simple linear model. The every‐pair interaction model also represents a generalization of the
three functional possibilities reported in the literature. Our model indicates that the surface UHI intensity saturates
with urban size. Since the question of whether the UHI saturates with the expansion of the urban area is highly
relevant for sustainable urban development, our approach paves the way for fresh research avenues into UHI
intensity and urban climate as a whole.
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Data Availability Statement
The Urban Morphological Zones 2006 data (European Environment Agency, 2010) and 8‐day composite MODIS
LST data (MYD11A2, version 6, Wan et al., 2015) are publicly accessible from the providers. The processed data
set that supports this work, is shared at Y. Li (2024).
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