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Abstract: Several studies demonstrate the potential of models for the representation of phenomena
such as urban heat islands. This article aimed to analyze atmospheric heat islands (UHIucl) by
integrating primary air temperature data with spatial information such as land use and relief from a
multicriteria model based on multiple linear regression. Furthermore, we compared the measured
and estimated air temperature at 11 p.m. with the surface temperature at 10:51 p.m. (local time).
These temperatures were obtained through the thermal band of the Landsat 8 satellite considering
extraction points of interest in Presidente Prudente city, Brazil. The multicriteria model showed
reliability in UHIucl spatialization, reaching the confidence interval (p-value ≤ 0.05). The model
proves that urban surface materials are the main energy sources modulating heat transfer to the
atmosphere, while vegetation has a temperature-reducing effect. Precise mappings such as the one
proposed here are relevant for the formulation of measures that support decision-making by public
authorities. These mappings aim at urban planning that is resilient to the effects of urban climate and
can be replicated in other realities.

Keywords: urban climate; urban canopy heat island; surface heat island; land use; vegetation;
multicriteria modeling

1. Introduction

The diagnosis and spatial representation of urban heat islands (UHIs) challenge the
scientific community dedicated to this topic. This is mostly because the UHI phenomenon
varies in time and space, and thus generalizations of its spatial representation limit real
knowledge of climate characteristics at the local scale [1]. This becomes even more relevant
when climate recording sites are discontinuous, which compromises spatialization reliability.

In line with concerns of this nature, contemporary studies are strongly supported by
Geographic Information Systems (GIS). These systems are provided with statistical and
geostatistical tools, being advantageous for integrated data treatment aiming at a detailed
spatial analysis [2]. Application of these resources is increasingly present in different areas
of knowledge, notably in the field of urban climatology [3,4].

For a long period, researchers associated the representation of UHI with ordinary
kriging, which contributed to a spatialization that was reliable near climate recording sites
but doubtful in discontinuous data areas [5,6].

Another limitation of this form of representation is that a kriging-generated statistical
surface is homogeneous and does not incorporate surface heterogeneities inherent to
the geography of the areas of interest, which involve construction features, vegetation,
and relief. It is not interesting that these heterogeneities are omitted, as they may reveal
important explanatory singularities of UHIucl formation.
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In this article we opted to represent one of the most documented climatic phenomena
by using the local scale [7]. The aim was to analyze atmospheric heat islands (UHIucl) by
integrating primary air temperature data with spatial information (e.g., land use and relief)
from a multicriteria model based on multiple linear regression to represent the variability
of air temperature. We also sought to compare measured air temperature (MAT), model-
estimated temperature (MET), and surface temperature (ST) by considering extraction
points of interest (fixed points), benefiting from the advantageous use of night-time satellite
image and simultaneous in situ data recording.

Several studies have demonstrated the potential of models to represent phenomena
such as UHIucl and UHIsurf. Amorim et al. [8] incorporated the analysis of Rennes, France,
and Presidente Prudente, Brazil, by establishing a relative comparison between the UHIucl
and UHIsurf patterns of these cities in temperate and tropical environments.

Agathangelidis et al. (2020) [9] analyzed the statistical association between tempera-
ture and surface parameters such as impermeable surface fractions, construction fraction,
and building height. These authors proved the consistent influence of the impermeable
surface fraction on the Earth’s surface temperature.

When analyzing urban ecological scenarios aimed at improving thermal comfort in
southern Italy, Gatto et al. (2021) [10] attested to the importance of urban greenery in this
context in a region with Mediterranean climate. Similar to other authors, they proved that
the close relationship between built environments and thermal anomalies negatively affects
human thermal comfort.

Considering this presentation framework, representing the UHIucl is a pressing need.
This is because among the framework of reasons that negatively interfere with the quality of
life of urban populations in tropical environments are those resulting from climate change
at the local scale, especially thermal comfort variables. Urban, atmospheric (UHIucl), and
surface (UHIsurf) heat islands [7] are the immediate effects of urban climate that compromise
human health, comfort, and performance [11,12].

One can explain the genesis of urban heat island at the urban canopy level—UHIucl [13]—by
the relationship between solar radiation and the Earth’s surface. This relationship transits
through emission, reflection, transmission, and absorption schemes, that is, the radiation
balance. The differences between densely built urban features and open rural areas give
birth to UHIucl, recorded under stable atmospheric conditions [13].

Urbanization interferes with this energy exchange scheme and it is thus necessary to
consider the surface and heat transport to the adjacent atmosphere when investigating this
phenomenon. Therefore, UHIucl is a phenomenon that varies in time and space, depending
on controls such as operating atmospheric conditions, city size, differences in intraurban
features, and daily and seasonal radiation cycles [13,14].

By definition, UHIsurf consists of temperature differences between the interface of
the atmosphere and solid materials in the city, which is equivalent to the rural air–land
interface [7]. This level of analysis requires the use of remote sensing from the conversion
of gray levels of thermal images into pixel radiant temperature [15,16].

Several studies confirm the occurrence of the two types of UHI in Brazilian tropical
cities of different population sizes [6,8,17–21]. These events have patterns of spatial distribu-
tion and peak moments different from those occurring in temperate climate cities [3,8,22].

Some Considerations about the UHI Discussion in Brazil and in the World

Discussions about urban climate phenomena have increased in Brazil since Monteiro’s
systemic theoretical–methodological proposal [11]. This proposal relied on the general
theory of systems [23], providing climatologists with tools to study the urban atmosphere
focusing on aspects such as thermal comfort, air quality, and rainfall. Since then, climate
studies in Brazilian cities have been carried out focusing on the thermodynamic system and
on the human perception of thermal comfort. This has to do with the typical characteristics
of the tropical environment, in which heat continuously affects people [11].
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Depending on the active atmospheric systems, such as the entrance of cold fronts and
the Atlantic polar mass that suddenly decrease winter temperatures, the heat island can
benefit populations in the sense of alleviating the effects of cold. This correlates specifically
with the natural conditions of the urban terrain, in connection with thermal inversions at
the valley floor [24].

Spatialization of this phenomenon is a first approach for diagnosing problems that
can compromise urban thermal comfort.

These products reiterate the importance of considering climatic parameters to assess
habitability and quality of life in urban areas. These parameters can improve a set of
measures applicable to urban planning and at the architectural level to mitigate thermal
comfort problems. Even with this recognition, what occurs in tropical cities is the restricted
incorporation of this information, mainly due to lack of data or difficulty of communication
between scientists and planners [25].

A common occurrence is the strong appeal to climate control in indoor environments,
which adds heat to the atmosphere and increases the demand for electricity. In addition,
these resources are not accessible to people with lower income, especially in underdevel-
oped countries [26,27].

These are the confrontations highlighted by contemporaneity that require urgent
management. This situation is even more worrisome when considering notable climate
changes on a local scale and the increase in the frequency of extreme weather events such
as droughts, cold waves, and heat waves, which enhance the harmful effects of UHI [28].

2. Materials and Methods

The study was applied to Presidente Prudente city, western São Paulo State, Brazil.
The region has Aw-type climate [29], with a dry and mild season and a hot and rainy season
(Figure 1).

Presidente Prudente is a medium-sized city, whose population in the year 2021 was
estimated at 231,953 by the Brazilian Institute of Geography and Statistics [30]. Economic
activities in the city involve the agropastoral sector, commerce, provision of services, and
educational services. Industrial activities are restricted to food and beverage, plastics, and
wood and metal processing industries.
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Figure 1. Location of Presidente Prudente, Brazil; measured air temperature points. Source: World 
Imagery, Esri (2022) [31]. Access: January 2022; IBGE Census Bureau (2010) [32]. 
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Figure 1. Location of Presidente Prudente, Brazil; measured air temperature points. Source: World
Imagery, Esri (2022) [31]. Access: January 2022; IBGE Census Bureau (2010) [32].

2.1. Acquisition of Primary Data

This article investigated UHIs at the lower atmospheric/urban canopy level and at
the surface level by considering the temperature of the targets [7].

In order to relate air temperature (measured and estimated) to surface temperature,
we sought to extract surface temperatures by fixed points measured from the conversion of
gray levels into radiant temperature [33–35]. For that, we used the thermal image of band
10 captured at night on 10 May 2020 by the Landsat 8 satellite (Table 1).

Table 1. Landsat 8 satellite images used in the study applied to Presidente Prudente (SP).

TIRS Image Presidente Prudente Daytime Night-Time

Applied bands 3, 4, 5 10

Point set and orbit 222/075 104/169

Date 5 April 2020 5 October 2020

Shooting time (local time) 10 h 22 a.m. 10 h 51 p.m.
Source: United States Geological Survey [36] (2021).

Modeling required the application of visible bands 3, 4, and 5 of a daytime image
from the same sensor, obtained at a date close to that of the night-time thermal image,
for knowledge of land use classes. In this case, we used the image obtained on 4 May 2020.
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The thermal channel image was treated in the Idrisi Selva application (Clark Labs)
through parameters and fixed variables extracted from the USGS website and applied
through formulas. The radiometric scaling coefficients provided by the metadata file
(MTL.txt) convert gray levels into radiance, and later Kelvin temperature into Celsius.

The atmospheric level of the urban canopy was obtained by monitoring air tempera-
ture from ground level to the average height of roofs and treetops [7]. For this purpose,
primary air temperature data were recorded at fixed points established in representative
areas of urban features and control points in the surrounding rural area [13]. Field re-
search used Hobo data logger sensors (U23-002) protected by Hobo RS3 solar radiation
shields distributed at points of interest. The equipment is typically uncertain to ±0.21 ◦C
(0 to 50 ◦C) [37].

Furthermore, a Davis Instruments Vantage Pro 2 meteorological station, as well as the
official station of the National Institute of Meteorology [38] and the automatic station of
Universidade do Oeste Paulista (UNOESTE), provided air temperature data, totaling eight
sampling points. Figure 2 shows the characteristics of these sampling points.
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Figure 2. Characteristics of the surroundings of fixed data recording points organized in a west–east
direction in Presidente Prudente. Source: Adapted from Amorim (2020) [39]; point 1: Google Earth
Maps, 2021. Access: December 2021 [40].
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Air temperature was recorded on May 10 at 11 p.m. (local time) to coincide with the
time of the capture of the satellite image in Presidente Prudente. Data were tabulated in
an Excel spreadsheet (branded by Microsoft Corporation). For presentation of the results,
UHIucl and UHIsurf magnitudes (4T) were obtained, using as a reference the difference
between the urban and rural areas from control point 8 (from its air temperature recorded
at 11 p.m. and surface temperature recorded at 10:51 p.m.), positioned in the eastern
portion of the urban fabric. The definition of point 8 as a reference for the calculation of the
magnitude of the UHIucl and UHIsurf is related to the preservation of prior-to-urbanization
features, with less anthropogenic influence (forest fragment).

2.2. Multicriteria Modeling: Selection of Independent Variables

A linear multicriteria model allows per-pixel generalization of a satellite image relating
land use classes, relief, and air temperature with greater reliability due to the statistical
correlation between variables. Air temperature is assumed to be a dependent variable
(y), while land use classes and relief are assumed to be independent variables (x), climate
controls for air temperature variation [7].

Knowledge of surface heterogeneities requires mapping model input information.
Land use and land cover features were revealed using multispectral visible bands of the
daytime image obtained on 4 May 2020. The near-infrared band 5 and the red band
4 composed the Normalized Difference Vegetation Index (The processing of images of
bands 4 and 5 provided the NDVI of the areas of interest, incorporated in the cluster
classifica-tion of generation of land use and occupation classes.) (NDVI). This index was
calculated by the division made after the subtraction of the near-infrared band in relation
to the red band and the sum of both bands, resulting in an index ranging from −1 to 1,
extremes that refer to greater (1) or less (−1) exuberance of vegetation [41].

In order to compose the chart of surface features, band 3, bands 4 and 5, and NDVI
generated, by automatic unsupervised classification, a cluster chart that grouped elements
of the same type and by proximity into class intervals.

The cluster functionality performed in the Idrisi application uses the one-dimensional
histogram peak technique to group similar classes. Each peak groups a frequency that is
considered higher than that of its side neighbors. Once the peaks are identified, the other
values are assigned to the closest peak and the divisions between classes are assigned to
the mean values between peaks.

Thus, an initial broad classification was performed based on seven land use classes
in the study area. Taking as a reference the NDVI indices in each of these to consider the
presence or absence of vegetation, a final refinement was carried out, resulting in three
classes of land use and occupation in view of the prior knowledge of the study area.

The reclassification of this chart individualized land use classes for the areas of interest,
identifying construction classes, exposed soils, high-vegetation areas (forest fragments,
valley floors), and low-vegetation areas. This reclassification characterized the pastures
present in rural surroundings, as in the study by Amorim (2020) [17].

Once the features of land use and occupation were known, per-pixel generalization
was made by calculating their frequencies around air temperature measurement points.
These frequencies were extracted from atmospheric observation windows expandable in
proportion to the spatial resolution (30 m) of the Landsat 8 satellite. This phase allowed
the generalization of spatial information and the constitution of numerical variables of the
model, calculated as a function of land use features, as can be analyzed in Figure 3.
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Figure 3. Calculation of pixel total frequency around the measured fixed points and generalization of
spatial information. Elaborated by the authors (2022).
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For the insertion of altimetric information of the terrain in the multicriteria model,
a hypsometric chart was generated from images of the Shuttle Radar Topography Mission
(SRTM) georeferenced in the same spatial resolution as the Landsat 8 satellite image.
The extraction of the altitudes of each measured point provided the model with information
on geomorphometric parameters.

Independent variables (x) resulted from cluster classification and hypsometry. These
variables were incorporated into the model through their value attributes.

Recorded air temperature data were then crossed, which required the application of
simple linear regression statistics. These explained the relationship between variables x
(land use classes, relief) and y (air temperature), considering the fit in a scatter diagram
according to the minimum square deviation method. Numerical correlation coefficients
indicated whether there was a relationship between variables x and y, as well as the strength
of association [42].

Each x variable has a partial coefficient, that is, a value of change in relation to the
variable y obtained by simple regression. Ferreira (2014) [42] states that the analysis of
values of change considers the geometric instrument and the quantitative parameter on the
degree of dependence between variables that are, respectively, the regression line and the
regression coefficient “r”. The other parameter for checking dependence between variables
is given by the coefficient of determination r2.

From the partial coefficients of correlation r and determination r2, we could numeri-
cally select the most important independent variables for the prediction of “y” (air temper-
ature) while admitting urban land use classes, high vegetation, and relief. This information
was crossed using the multiple linear regression function of the Idrisi application, whose
global coefficient result (adjusted R2) represented the percentage of variation that is ex-
plained by the model with the adopted variables.

The regression function resulted in the treatment formula, a mathematical represen-
tation of the relationship between variables x and y. The formula incorporated the input
maps of the x variables chosen for the prediction of y, as shown in Formula (1):

Air temperature model = 11.2003 + 0335 ∗ construction class 33 × 33 − 0.4292 ∗
High vegetation class 33 × 33 + 0.0245 Hypsometry,

(1)

where
Air temperature model is the estimated temperature;
Construction class 33 × 33 is the extrapolation per measured point of the percentage

of variation of class 1 (urban) in the 33 by 33 pixel range window (990 m × 990 m);
High vegetation class 33 × 33 is the extrapolation per measured point of the percent-

age of variation of class 3 (high vegetation) in the 33 by 33 pixel range window;
Hypsometry refers to the altimetry value of each measured point.
The results were validated by analysis of variance (ANOVA) significance tests, through

which the p-value could prove the validity of models and the global correlation between
variables. For this, the significance level α ≤ 0.05 was adopted, which established a
confidence interval of 95%, assuming the 5% probability of the association not to be real or
random [43]. Another test performed was the F test, in which the F value was considered a
parameter to determine the significance of the terms together in the model, from the same
confidence interval (95%). Statistical processing was performed using the data analysis
tool of the Microsoft Excel application (branded by Microsoft Corporation). Scheme 1
summarizes the sequence of procedures that involve the digital processing of images with
the crossing of data recorded on the surface.
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Scheme 1. Data processing phases. Elaborated by the authors (2022).

This chain of procedures resulted in a spatial model of the UHIucl, whose analysis
compared the air temperature and the surface temperature extracted at fixed points, meeting
the objective of the article.

3. Results

At 11:00 p.m. on 10 May 2020, the maximum and minimum spatialized atmospheric
temperature were 23.5 ◦C and 11 ◦C, respectively (Figure 4). The UHIucl referenced the
eastern rural area (point 8), with the highest 4T of the UHIucl reaching 9 ◦C, clearly
in construction areas. Cool islands were formed [7] that reached a 4T of −1 ◦C on
valley floors and along high-vegetation areas. Undergrowth vegetation sites showed
intermediate temperatures and magnitudes. With regard to surface temperatures, the
maximum temperature of the sample was 20.8 ◦C, occurring in central and densely built
areas. The temperature of the targets decreased in peripheral urban areas. The minimum
surface temperature was 10.4 ◦C, in areas with undergrowth and arboreal (high) vegetation,
both in the bordering rural area and on valley floors, where the cores of the cool island
were also formed. With4T being calculated from the extraction of the temperature of point
8, the maximum4T reached 7 ◦C, and the4T of the cool island reached −3 ◦C.

The multicriteria model with the adopted independent variables (e.g., buildings, high
vegetation, and relief) explained reality with 95% reliability. Table 2 demonstrates this
situation together with the results of the model validation. Despite its moderately positive
correlation with air temperature, the urban class exceeded the confidence interval adopted
in the composition of the model. This shows that in addition to constructive features,
temperature variation depends on other climate controls of the local scale, including wind
strength (At the time of recording air temperature data, the wind was at a speed of 2.5 m/s
and had a southwesterly direction, inter-fering with atmospheric stability.) and unknown
or unmonitored variables.
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Table 2. Results of data validation of the spatial model considering simple and multiple linear
regression and significance tests with p-value (α ≤ 0.05), as performed by ANOVA in Presidente
Prudente, Brazil.

Presidente Prudente
33 × 33 window

(990 × 990 m)

05 October 2020
Air Temperature at 11 p.m.

Multicriteria model
3 variables r p-value Significant F value Adjusted R2

Construction class 0.73 0.62
High vegetation −0.93 0.03 0.000 0.80

Relief 0.56 0.00

Data source: USGS (2021); Data recording on 10 May 2020. Organized by the authors. December 2021.

The correlation between high vegetation and air temperature is highly negative
(r = −0.93), which clearly highlights the role of vegetation in reducing air temperature.
The significance level reached by the term high vegetation indicates that this factor strongly
affects temperature variation, proving that the correlation is not random.

Relief correlated moderately and positively with air temperature. In this regard,
the temperature tends to be higher at higher, rather than lower, altitudes of the urban
terrain. This relationship is expressive because the relief reached the adopted confidence
interval, demonstrated by the p-value of 0.00.

In the joint analysis of the model with the adopted independent variables, the spatial
model came closer to reality in the episode of 10 May 2020. This can be seen from the results
obtained by the significance test that gave reliability to the spatialization of the UHIucl,
both in air temperature recording sites and in discontinuous data areas. These results are
supported by the correspondence between the features of land use and altimetry in distant
areas of climate monitoring.
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In the relationship between the recorded air temperature and the pixel-calculated ra-
diative surface temperature, both extracted by the measured points (Table 3), the correlation
is highly positive (0.93). This indicates that air temperature tends to be higher on the most
heated surfaces, while in undergrowth vegetation sites the differences between air and
surface temperatures are smaller, being practically null in areas with arboreal vegetation.
In this relationship, the coefficient of determination was 0.88 and the confidence interval
was fully reached.

Table 3. Results of the simple regression and ANOVA p-value (α ≤ 0.05) considering measured air
temperature and surface temperature in Presidente Prudente on 10 May 2020.

Air Temperature X Surface Temperature r p-Value Significant F Value Adjusted R2

Surface temperature 0.93 0.00 0.00 0.88

Data source: USGS (2021); Data recording on 10 May 2020. Organized by the authors, December 2021.

4. Discussion

The comparison between measured air temperature and the air temperature estimated
by the multicriteria model showed slight differences (residues) in points 2 and 4, character-
ized by densely built-up areas. Thus, the model approached the reality of data recording.
Furthermore, this variation in densely constructed points (2 and 4) suggests that unknown
or unmonitored influences controlled the result in these places.

In the comparison between measured air temperature and surface temperature, greater
thermal deviations occurred at 11 p.m. (local time) in the air and surface temperature
extracted from urban fixed points (Figure 5). These points may undergo greater variations
due to urban heterogeneities, as demonstrated by Xiong et al. [44]. These results reflect the
differences between urban surfaces and surfaces with undergrowth and arboreal vegetation.
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Figure 5. Measured air temperature (MAT), model-estimated temperature (MET), and surface
temperature (ST) extracted from the measurement point, as well as the difference between measured
and surface temperature (4ST–MAT). Data source: USGS (2021); data recording on 10 May 2020.
Organized by the authors, December 2021.

The thermal response of urban materials present on the surface (urban targets captured
by remote sensing, mostly characterized by watertight and little evaporative materials)
shows lower thermal capacity for these components, which require less energy to heat up
in the presence of radiation. However, urban surface components do not conserve energy
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after sunset, providing heat to the adjacent atmosphere that becomes warmer than the
surfaces [22,45].

Differently, vegetated areas showed little or no variation between air and surface
temperature. Due both to the interception of radiation and to having greater thermal
capacity, vegetation takes longer to heat up and slows down its cooling, keeping air–surface
temperatures more constant. Point 8, characterized by dense vegetation cover, presented
atmospheric heating content very close to the surface temperature pattern, assuming a
difference of 0.4 ◦C in favor of the temperature of the target. This is because surfaces
provided with undergrowth or arboreal vegetation transfer energy by the latent heat flow
generated from evapotranspiration. Through this process, plants convert sensible heat into
latent heat without adding heat to the atmosphere [42].

Less variation between measured air temperature and surface temperature also oc-
curred in open areas, devoid of buildings, whose surfaces are characterized by undergrowth
vegetation. This was the case for stations 1 and 3 and point 7. Meteorological stations at
points 1 and 3 kept the ideal characteristics for the installation of equipment, but in recent
years they have been incorporated into the urban fabric due to the territorial expansion of
Presidente Prudente, as has happened to several cities in São Paulo State [46].

Given its location in the west of the urban grid, point 1 received the greatest influence
from the sunset. This became evident at 5:50 p.m. (local time) on May 10, on the west–
northwest horizon (https://www.vercalendario.info/pt/sol/brasil-mes-maio-2020.html,
accessed on 12 January 2022). In association with the southwesterly wind direction, heating
at this site was equivalent to that of built-up areas.

Unlike vegetated areas, built-up areas have a lower thermal capacity, assuming greater
deviations between air and surface temperature. The literature explains this fact from the
transport of surface heat towards the atmosphere after sunset [13]. Urban materials are
thus the main heating sources modulating heat transfer to the atmosphere.

These results corroborate the classic profile of nocturnal UHIucl presented by Amorim
(2020) [17] for Presidente Prudente city. In that study, the author used 26 fixed monitoring
stations and daytime satellite images crossed with the temperature recorded at synoptic
times (0 h, 3 h, 6 h, 9 h, 12 h, 15 h, 18 h, and 21 h) in 2 days of observation. Of this total of
fixed points, eight composed the observation points of this article. The models generated by
Amorim (2020), which used construction, high vegetation, and altitude variables, showed
evidently higher overall correlations at night-time, especially at 9 p.m. (local time).

Presenting an advance in the procedure, in the present article we used satellite image,
simultaneous in situ data recording, correlation analysis, and the significance test. Overall
correlation indices showed correspondence in both studies, and the average of the overall
coefficient obtained from the two episodes of the previous study was 0.91 at 9 p.m.

At 11 p.m., as shown in this article, the overall coefficient of the generated equation
was 0.8. In addition, the significance test, which considered the p-value (α ≤ 0.05), proved
that the relationship between the variables was not random or capricious.

5. Conclusions

Data recorded at the atmospheric level by the UHIucl study were crossed by a mul-
ticriteria linear regression model. This model estimated air temperature with proximity
measures and mathematical reliability considering the different classes of land use and
relief, assuming that these are important controls for the variation of air temperature on the
local scale. In addition to the lower atmospheric level, the present study also included the
analysis of UHIsurf through the application of remote sensing.

The combination of data involving reliable spatialization of UHIucl and UHIsurf en-
abled a comparative analysis between air temperature and the temperature of the targets
as extracted by points of interest in the nocturnal episode of 10 May 2020.

The model efficiently estimated air temperature, as the temperatures in the eight
points of interest enabled extrapolation of the information to discontinuous data areas with

https://www.vercalendario.info/pt/sol/brasil-mes-maio-2020.html
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similar surface characteristics, with mathematical confidence. The validation tests and the
adopted p-value supported this result.

The model proves to be more advantageous than the general treatments performed by
ordinary kriging that ignore the spatial variation of surface features. This is important for
regions lacking broad and qualitative data coverage and which hinder the development of
climate studies, especially fine-scale studies. The products generated and the validation
of the results clearly demonstrated the configuration of UHIucl and UHIsurf in Presidente
Prudente city, meeting the results of Amorim [17]. This author states that the greatest
magnitude of the atmospheric heat island occurs at night, proving this through correlation
coefficients that ranged from moderately to highly positive in the construction class and
from moderately to highly negative for the high and low vegetation classes. The spatial
variation of UHIucl and UHIsurf shows particularities that depend on the differentiated
heating of surface features (vegetation, water, soils, buildings), on the diurnal variation in
temperature, on prevailing meteorological conditions, and on other climate controls at a
local scale (even on unknown or unsupervised influences).

In the simultaneous nocturnal analysis between air and surface temperature, UHIucl
stood out in relation to UHIsurf due to the cooling of surfaces in the hours following sunset.
This relationship is well defined in built-up areas, which transfer heat to the atmosphere
close to the surface at night. Differently, vegetated surfaces are preserved warmer than the
surfaces of built-up areas, with vegetation delaying surface cooling due to its capacity of
converting sensible heat into latent heat from evapotranspiration, a process that does not
add heat to the atmosphere. Depending on vegetation size, these areas will delineate minor
or zero differences between air–surface temperatures.

The modulation of air temperature, as a function of surface temperature, reaching
a coefficient of determination of 88%, allows us to infer that this relationship leaves 12%
of doubt. This can be attributed to unmonitored influences at the atmosphere interface
(wind speed and direction) or even to the generalization common to studies using remote
sensing data. However, further studies may respond, either by adopting a larger number of
observational fixed points or by incorporating local circulation schemes that can overcome
the limitation of the air–target relationship.

Finally, we affirm that the model is applicable to other climate realities and we reiterate
the importance of vegetation in the organization of urban spaces, mitigating the harmful
effects of excess heat in urban areas, especially in the tropical continental environment.

Thus, planning urban surfaces becomes effective in mitigating the harmful effects
of UHI. Reliable mappings can reflect positively on the composition of strategies and
support governmental decision-making for urban planning to be resilient to the effects of
urban climate.
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