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Abstract: Physical and climatic variables such as Tree Canopy coverage, Normalized Difference
Vegetation Index (NDVI), Distance to Roads, Distance to the Coast, Impervious Surface, and Precipi-
tation can affect land surface temperature (LST). This paper examines the relationships using linear
regression models and explores LST trends in the Miami Statistical Area (MSA) between 2002 and
2021. This study evaluates the effect of dry and wet seasons as well as day and night data on LST. A
multiscale investigation is used to examine LST trends at the MSA scale, the individual county level,
and at the pixel level to provide a detailed local perspective. The multiscale results are needed to
understand spatiotemporal LST distributions to plan mitigation measures such as planting trees or
greenery to regulate temperature and reduce the impacts of surface urban heat islands. The results
indicate that LST values are rising in the MSA with a positive trend throughout the 20-year study
period. The rate of change (RoC) for the wet season is smaller than for the dry season. The pixel-level
analysis suggests that the RoC is primarily in rural areas and less apparent in urban areas. New
development in rural areas may trigger increased RoC. This RoC relates to LST in the MSA and
is different from global or regional RoC using air temperature. Results also suggest that climatic
explanatory variables have different impacts during the night than they do in the daytime. For
instance, the Tree Canopy variable has a positive coefficient, while during the day, the Tree Canopy
variable has a negative relationship with LST. The Distance to the Coast variable changes from day
to night as well. The increased granularity achieved with the multiscale analysis provides critical
information needed to improve the effectiveness of potential mitigation efforts.

Keywords: land surface temperature; Miami metropolitan area; spatiotemporal trends; explaining
factors

1. Introduction

Surface urban heat islands (SUHI) are urbanized areas that experience higher temper-
atures than rural areas at the surface level [1]. SUHI are identified by the measurements of
land surface temperature (LST) and the spatial variation of temperature that covers a large
surface area [2]. A SUHI effect occurs when there is an upsurge of human activities and an
expansion of densely built environments that result in temperature differences between
urban and rural areas [3]. SUHI can occur when buildings and pavement exist instead of
vegetation and tree canopies causing anthropogenic heat release [4]. Construction material
such as concrete and asphalt used in urban areas does not allow water to stick to the
soil causing LST to rise [5]. With the population in urban areas growing, it is estimated
that 66% of the total population will be living in urban areas by 2050 [6] and as a result,
issues relating to urban heat are becoming more important. SUHI are characterized by the
highest intensity of temperature during nights because the air is stagnant while the surface
LST reaches the maximum temperature of heat release in the afternoon when sunlight is
absorbed [7].

Previous SUHI studies have been conducted in several locations around the world
including India [8,9] and China [10-12] as well as in selected locations in the United
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States such as Baltimore [4] and Texas [13]. Bera et al. [8] focuses on LST trends in four
megacities in India. The study applies a multiscale analysis and investigates LST trends
at a localized scale as well as at the pixel level with a diurnal aspect. Wang et al. [14]
investigates LST trends with a multiscale study at the global and pixel levels. The LST
trends at the global and pixel scales suggest that the rate of change (RoC) varies among
locations. Verbesselt et al. [15] uses local view as well as time series perspectives with
annual and seasonal results to explore trends. In diverse environments, the spatiotemporal
LST trends can clarify how LST affects small areas of urban environments given the trend’s
intensity [8].

The diurnal LST range is an important indicator of global climate change [15]. Diurnal
LST provides an understanding of LST trends and how they are affected by physical and
climatic explanatory variables [16]. In diverse urban areas, it clarifies how LST affects small
units of urban environments and the magnitude of trends [8]. There are many physical and
climatic factors that affect LST, and it is important to explore the quantitative relationships
between explanatory factors and LST [8]. Previous studies tested explanatory variables such
as Normalized Difference Vegetation Index (NDVI) [17], Normalized Difference Building
Index (NDBI) [7,15], and Distance to Water [13]. Chen et al. [18] reports that NDVI is
negatively correlated with LST causing LST to fall as NDVI increases. Dissanayake et al. [2]
finds that NDBI is positively correlated with LST causing LST to increase as NDBI increases.
Liu et al. [13] concludes that during the nighttime, LST increases in areas closer to the coast.

Impervious surfaces, roads, and other types of infrastructures in urban settings in-
crease radiation absorption and heat storage in urban areas which can lead to high LST [19].
Impervious surfaces are nonporous land covers that keep water from entering the layers
such as buildings, roads, or any type of pavement [20]. Planners in urban areas are trying
to limit factors such as impervious surfaces and add greenery to reduce LST. Previous
research has shown changes in LST can alter the material and energy balance of the ground
and atmosphere which causes changes to important ecological variables such as temper-
ature, precipitation, and vegetation [21]. Increasing vegetation in urban areas as well as
tree canopies are recognized as an effective way to mitigate urban heat and to advance
adaptation [19].

There has been limited research on South Florida UHI and LST. Previous studies
do not take a multiscale examination of LST which encompasses analyzing datasets at
three separate scales. In addition, they do not divide South Florida areas by county or
investigate it by pixel view. Furthermore, studies in South Florida do not examine seasonal
or diurnal LSTs. The current study not only takes a three-level multiscale view of Florida
but investigates LST for wet and dry seasons. It also uses the distance to the coastline as an
important explanatory factor for LST. Alhawiti et al. [7] study a localized view focusing on
Fort Lauderdale. Their study investigates Fort Lauderdale LST for four different months in
2014: March, April, October, and November. Kandel et al. [22] focus on the entire study
area in South Florida without dividing it by county or section. Their research focuses on
meteorological factors as well as land cover to urban heat with no specific time of diurnal
or seasonal evaluations.

There are still gaps in the research relating to LST that need to be addressed, even
with the rich literature discussed above. This paper fills some of the gaps by applying
a three-level multiscale view in South Florida. This kind of analysis can help advance
understanding of which specific places in the study area are most vulnerable. This study
undertakes a multiscale investigation of the Miami Statistical Area (MSA) that includes
analysis at the MSA level as well as at the county level for Miami-Dade (MDC), Broward
(BC), and Palm Beach (PBC) counties, and a pixel-level assessment. Analysis at the pixel
level provides a detailed local perspective on the RoC and LST trends while analysis at
the MSA level gives a regional perspective, and assessments at the county level provide a
comparison among trends of the three counties. A multiscale analysis of LST explanatory
factors at the MSA and county levels provides a detailed and diverse understanding of the
relationships between the explanatory factors and LST. An examination of trends requires



Geomatics 2024, 4

a multiscale approach to enrich our perspective on trends and patterns that may affect the
future. The results from this study, the first three-level multiscale effort in South Florida to
examine LST trends and explanatory factors, are needed to understand the spatiotemporal
distributions of LST to plan mitigation measures such as planting trees or greenery to
regulate temperature.

In response to the research gaps, the specific objectives of this study are to: (1) analyze
the spatiotemporal patterns of LST and identify the warm and cool areas within the MSA;
(2) assess LST trends over the last 20 years (2002-2021) at the MSA, county, and pixel
levels; and (3) determine the impacts of physical and environmental factors on LST in
different scales. The results will provide spatial information on where mitigation can be
most effective in reducing the impacts of SUHI by adding greenery and reducing pavement
and buildings.

2. Materials and Methods
2.1. Study Area

The study area is comprised of the three counties that make up South Florida: PBC,
BC, and MDC, commonly known as the MSA, as Figure 1 shows. The MSA was selected
because it is the most populous region in Florida, adjacent to the southeastern coast, and
has a diversity of land areas including wetlands, agricultural, and urban areas. The urban
areas in the MSA are situated along the coastline starting from PBC with West Palm Beach
and Boca Raton. BC includes Fort Lauderdale. MDC includes Miami. Urban areas are
defined as a built-up area with a population of 50,000 or more [23]. The MSA is located
along the Atlantic Ocean and includes Lake Okeechobee and parts of Everglades National
Park. South Florida has a subtropical climate characterized by two seasons: the wet season
and the dry season. The wet season occurs from May to November and the dry season
occurs from November to May. The wet season has hot and humid conditions as well as
frequent thunderstorms while the dry season has cooler temperatures with lower humidity
and less thunderstorms and precipitation [24].

The MSA has a land area of 13,123 km? and had a population of 6,091,747 in 2021 [25]
Florida is the fastest growing state in population with an increase of 1.9% between the years
2021 and 2022 [25]. Florida’s population increased from 12 million in 1990 to approximately
21 million in 2018 with noticeable expansion in South Florida’s urban region [6]. PBC is the
largest county in Florida with land area at 6677 km?. The MSA also has the largest lake in
Florida, Lake Okeechobee, which is in PBC.

2.2. Data
2.2.1. LST Data

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an Earth Observing
System that serves as an important source for global studies of atmosphere, land, and ocean
processes [26]. MODIS is aboard the Terra and Aqua satellites [27] and has 36 spectral
bands providing global coverage every 1 to 2 days during the day and night [28]. The
LST data were accessed using the Google Earth Engine (GEE) which is a popular cloud
computing system for geospatial analytics providing users access to a wide web-based set of
data [29]. GEE offers user access and processing of data from the public or private catalogs
accelerating scientific discovery [30]. Through GEE, MODIS product, MOD11A1.061 Terra
LST and Emissivity Daily, global images were accessed in 1 km spatial resolution from
the National Aeronautics and Space Administration (NASA) Land Processes Distributed
Active Archive Center at the United States Geological Survey (USGS) Earth Resources
Observation and Science Center. The MOD11A1 data are available from the year 2000 to
the present on GEE. This study used 20 years of MOD11A1 data from 2002 through 2021.
The mean LST was determined by filtering out the wet season and dry season. Filtering
was implemented by using the months for each season such as November to April for the
dry season and May to October for the wet season. The LST data were further separated by
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Dry Day LST, Dry Night LST, Wet Day LST, and Wet Night LST. The LST was converted to
degrees Celsius from its original Kelvin.

81°0'0"W 80°0°0"W
1 1

27°0'0"N -] [~27°0'0"N

Lake N

Okeechobee .

26°0'0"N- [~26°0'0"N

Coastline
—— Major Roads
PBC

/ _ Yty [ lsc
MDC
25°0°0"N I:l MSA -25°0'0"N

Esri, Garmin, GEBCO, NOAA NGDC, and 0 15 30 60 Kilometers
other contributors | 1 1 1 | 1 1 1 |

1 1
81°0'0"W 80°0'0"W

Figure 1. The study area is the Miami metropolitan area.

2.2.2. Major Explanatory Variables of LST

Although there are many factors affecting LST, the six physical and climatic explana-
tory variables included in the study were selected based on results from previous studies
and hypotheses on the expected impacts of the variables on LST. These explanatory vari-
ables contain physical and climatic information from remote sensing imagery [8]. The
physical variables include Tree Canopy, Impervious Surfaces, NDVI, Distance to Roads,
and Distance to the Coast. Distance to Roads was selected based on previous studies by
Feng et al. [31] and the hypothesis that traffic and road pavement increase LST with a
positive impact on creating SUHI. Precipitation is the key climatic variable used. Distance
to the Coast and Precipitation were selected because of characteristics in the South Florida
study area. This area has a significant amount of coastline as well as a large amount of
precipitation, both of which are expected to reduce LST with a negative impact on the
creation of SUHI. Table 1 shows the explanatory variables used in this study.
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Table 1. Explanatory variables and sources used in this study.

Variable Description Source Spatial Resolution
United States Department of Agriculture Forest Service (USDA)

Tree Canopy Tree Canopy Percentage (%) https://data.fs.usda.gov/geodata/rastergateway/ 1Km
treecanopycover
2016 CONUS dataset (assessed on 1 July 2022)
Multi-Resolution Land Characteristics Consortium

Impervious Surfaces Impervious Surfaces Urban Imperviousness 2019 dataset for National Land Cover 1Km

P Percentage (%) Dataset (NLCD) Imperviousness; https:/ /www.mrlc.gov/

(assessed on 1 July 2022)

NDVI

Multi-Resolution Land Characteristics Consortium
NLCD 2019 data 1 Km
https:/ /www.mrlc.gov/ (assessed on 1 July 2022)

Normalized Difference
Vegetation Index

Distance to the Coast

Distance was calculated using the Euclidean distance tool in

ArcGIS.

The Florida waterways dataset was retrieved from the Florida 1 Km
Fish and Wildlife Conservation Commission. The coast data

were from the US Tiger Census from 2020.

Distance to Coastal and
Waterway (km)

Distance to the Roads

US Census
https:/ /www.census.gov/geographies /mapping-files/time-
series/geo/tiger-line-file.html (assessed on 1 July 2022)
Distance to Primary Roads 2020 Roads Shapefile
(km) https:/ /www.census.gov/geographies/mapping-files/time-
series/geo/tiger-line-file.html (assessed on 10 July 2022)
Distance was calculated using the Euclidean distance tool
in ArcGIS.

1 Km

Precipitation

National Oceanic and Atmospheric Administration (NOAA)

Precipitation (cm) National Weather Service, 5 years average of precipitation.

The NDVI data are widely used in urban climate studies especially when detecting
vegetation coverage. NDVI ranges from —1 to 1, with higher positive numbers suggesting
dense vegetation and lower values indicating developed urban areas [2]. Tree Canopy data
were hypothesized to have an important impact on LST with greater amounts of greenery
resulting in cooler areas. Trees cool the surrounding environment by transpiration in which
the water is taken up by the tree roots and moved through the stem which eventually
evaporates from the leaves [32]. A tree canopy is known as woody vegetation with forests
of branches and trees [33]. Heat trapped under a dense tree canopy is due to restricted
longwave radiative cooling and leads to elevated nighttime temperatures [34]. Vegetation
coverage can change the radiative and non-radiative properties of the surface. Surface
energy balance processes can vary spatially and seasonally, which can affect LST depending
on the vegetation coverage and type [35].

Impervious Surface is one of the most important land cover types dealing with urban
climate by the altering sensible and latent heat fluxes within urban surfaces [36]. Surface
energy balance theory is relevant to understanding how the amount of available radiation
and energy can impact LST of impervious surfaces. Surface energy balance describes the
amount of energy flex that is available to evaporate surface water which affects LST [37].
The Impervious Surface data represent the area that is developed. These areas have
buildings, sheds, transportation, industrial areas, roads, railroads, mining, landfills, or
other types of infrastructure [33].

The MSA is adjacent to the Atlantic Ocean as well as other waterways that can have a
great impact on the climate. The Distance to the Coast variable is determined with different
waterways within the MSA to assess how coastal areas affect LST. The variable is developed
by using the Euclidean distance from the coast throughout the study area.

The urban density in the MSA suggests that there is a significant amount of traffic.
The Distance to Roads variable was hypothesized to be positively correlated with LST. The
variable is developed by using the Euclidean distance from the roads throughout the study
area. The MSA has a lot of hurricanes and storms because it is in a subtropical climate.
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2.3. Methods
2.3.1. LST Trend Analysis

Investigating the LST trend allows us to determine change over time including longer-
term trends. Several different methods were used in previous studies to examine trends,
including BFAST [15], the Mann—Kendall test [38], and the Theil-Sen Slope test [8]. No
method is perfectly precise in investigating LST changes [39]. Linear fitting regression is a
common practice to find trends in a time series analysis to LST with it being able to extract the
fundamental features of the data and to limit the difficulty of fitting curves [40]. A multivariate
linear regression analysis was used for several reasons. Linear regression evaluates a linear
relationship between explanatory variables and dependent variables [14,39-41].

This study examines annual and seasonal day—night spatiotemporal trends of LST
from 2002 to 2021 which were developed using linear regression method. The analysis
is multiscale at the regional, county, and pixel levels. The three levels of analysis show
the wet and dry trends, as well as the yearly average trend using a linear regression for
estimating the RoC throughout the study period. The slope of the regression is defined as
RoC in the unit of (°C/decade). The alpha level was set at a significance level of 0.05. The
R? is measured by goodness of fit for the linear regression models [14]. Given the 20 pairs
of LST annually during 2002-2021: (LST}, y;),i=1,2 ... 20, the relationship between LST;
and y;; is modeled in Equation (1):

LST; = a+ By; +¢; (1)

where « represents the modeled intercept, B is the slope (commonly referred to as RoC),
and ¢ is the error.

2.3.2. LST Explanatory Factors Analysis

The second part of the analysis included investigation of the different types of LST
explanatory factors. To do this, we developed a multiple linear regression analysis. The
multiple linear regression model identifies variables that have statistical significance for
predicting LST variations [13]. Linear regression is common to use when studying rela-
tionships between LST and driving factors [42]. This analysis helps understand the impact
of explanatory variables on LST such as Impervious Surfaces, Distance to Water, Tree
Canopy, and other physical and climatic variables. A multiple linear regression analysis
was developed to analyze the dependent variable and the six explanatory variables using
Equation (2).

Y = C+ Bix1 + Baxo + Baxs + ...+ Buxn (2)

where Y is the dependent variable, C is the constant, x1 7 ., are independent explanatory
variables, and 1 .. , are the regression coefficients [43]. The regression analyses show how
much of the variation in the dependent variable is explained by the explanatory variables
and whether the coefficients for each of the explanatory variables affect the dependent
variable as hypothesized. The four linear regression analyses were developed to examine
how the explanatory variables affect the LST rasters: Dry Day, Dry Night, Wet Day, and Wet
Night. The linear regression analyses were also applied to different scales, metropolitan,
and county to compare similarities and differences. Each of the explanatory variables was
first normalized, as Equation (3) shows:
X = Xmin

H Xmax — Xmin )
where x; is the normalized value of the ith cell of variable x, x,,;,, is the minimum value
of x, and x5y is the maximum value of x. The normalization resulted in the values of the
independent variables ranging from 0 to 1. Significance for the linear regression model is
defined as when the p-value is below 0.05. Figure 2 illustrates the methods that are used in
this study and how it was examined.
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Figure 2. Methodology flowchart in this study.

3. Results
3.1. Spatiotemporal Distributions of LST

Observations in this analysis can be divided into four distinct categories: (a) Dry Night;
(b) Wet Night; (c) Dry Day; and (d) Wet Day. The LST has higher values on the eastern
side of the study area, which includes urban and coastal areas. The LST is higher during
the wet season, ranging from a high of 36.90 °C to a low of 19.33 °C. The dry season has
lower LST values, ranging from a high of 33.55 °C to a low of 14.55 °C. During the night,
LST has lower values than during the daytime. The nighttime spatial distribution shows
that the higher LST values during the night are located throughout the study area, while
higher LST values during the daytime are mostly in coastal areas. In fact, the night LST is
higher near Lake Okeechobee and around the coastline in the southern part of the study
area which is shown to be cooler during the day. Figure 3 shows the LST in °C for the four
models: Dry Night, Wet Night, Dry Day, and Wet Day.

LST is highest during the Wet Day period with a mean value of 30.34 °C. The Dry
Night period has the lowest LST with the mean temperature of 17.90 °C. The ranking of LST
values from Wet Day, Dry Day, to Wet Night to Dry Night is also consistent at the county
level for the three counties studied. The LST is highest for MDC which is also the county
furthest to the south. The range and mean LST by county, study area, season, and time of
day are provided in the Supplementary Materials (Table S1). The standard deviation of the
Day results shows a spread-out range of LST values with an MSA value of 2.70 for Dry
Day while the standard deviation for the Night shows that the values are closer and do not
have a wide range of LST values with a lower MSA standard deviation value of 1.05.
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Figure 3. The spatial distributions of daytime and nighttime LST shown in °C during the dry and wet
seasons with the urban areas overlayed (a) Dry Night, (b) Wet Night, (c) Dry Day, and (d) Wet Day.

3.2. LST Trend Analysis

LST is consistently elevated during the wet season compared to the dry season each
year between 2002 and 2021, inclusive, as Figure 4 shows. An elevated LST during the
wet season remains unchanged in the study area, and specifically throughout each of the
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counties studied. In addition, during the years evaluated, LST continually increased each
year throughout the study area, which may be due to increased urbanization.
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Figure 4. Annual LST trend analysis: (a) MSA, (b) PBC, (c¢) BC, and (d) MDC.

The three counties and the MSA show similar trends. There is a large drop between
the years 2006 (21 °C) and 2009 (19 °C) [44,45].

Table 2 shows the linear regression statistics for the trend analysis. Most of the R? for
each of the regression models are around 0.50, accounting for about half of the change in LST.
The RoC of each of the regressions ranged from 0.290 °C/decade to 1.560 °C/decade. The
wet season regressions show a relatively low RoC compared to the dry season regressions.
BC Dry has the highest RoC with 1.560 °C/decade. The lowest RoC was shown for PBC
Wet at 0.290 °C/decade.

Table 2. Annual LST trend linear regression analysis in MSA, PBC, BC, and MDC.

Model R? RoC (°C/Decade) p-Value (x10—4)
MSA Wet 0.480 0.340 7.00
MSA Dry 0.451 1.510 119
MSA Avg 0.549 0.928 1.85
PBC Wet 0.302 0.290 121
PBC Dry 0.393 1.530 30.9
PBC Avg 0.518 0.972 3.45

BC Wet 0.521 0.410 3.29

BC Dry 0.494 1.560 5.52

BC Avg 0.603 0.985 0.57
MDC Wet 0.661 0.430 0.13
MDC Dry 0.464 1.420 9.40

MDC Avg 0.593 0.930 0.72
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Figure 5 displays the spatial distribution of the pixel-level LST trend in the MSA. Only
pixels with a p-value less than 0.05 are shown. A larger number of counties show a signifi-
cant RoC in the dry season relative to the wet season and yearly average (Figure 5). The
only pixels that are not significant in the dry season are located around Lake Okeechobee.
The dry season has the highest RoC, 2.80 (°C/decade) in the western part of PBC south
of Lake Okeechobee. There are a few hot spots of RoC in BC with the highest RoC being
2.13 °C/decade in the northern part. There are a few hot spot locations in MDC in the
eastern part of the county with the highest being 2.12 °C/decade. The wet season was
lower than the dry season with the highest RoC being 1.04 °C/decade. The highest RoC
of the MSA is in the eastern part of MDC. The hotspots for RoC in BC are in the northern
part of the county as well as a few hot spot areas in the southeastern part of the county.
The highest RoC in BC is in the northern part of the county at the borderline of PBC with
0.99 °C/decade. The rural RoC hotspots are in the western part of the county with a value
of 0.90 °C/decade. The yearly average has the least number of significant values with a
RoC of 1.45 °C/decade with the highest value of the yearly average being in the eastern
part of MDC. With significant pixels being shown for yearly average, the hot spots of the
RoC are shown within the western part of PBC with a RoC of 1.35 °C/decade. The northern
part of BC has the highest values in the county being 1.38 °C/decade. These pixel trend
results show that there is a high LST trend in rural areas compared to urban areas. The
rural areas are located in the western part of the MSA where the wetlands are located. The
urban areas are located along the coast of the MSA. The trend seems to be telling of the
urban growth going towards the rural wetland areas. The results for the R? for the dry
season show that the higher model accuracy of around 60% is in the western part of the
study area which is more rural. The lower accuracy of the dry season is in the urban areas.
The wet season is showing more of a mix between the average being all over the study area.

) i/foc

wm 1.45

= 0.50

Figure 5. Cont.
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Figure 5. Pixel-level LST trend spatial distribution showing significant pixels of p-value below 0.05
(a) yearly average of RoC, (b) dry season average of RoC, (c) wet season average of RoC, (d) yearly
average of R?, (e) dry season average of R?, and (f) wet season average of R2. RoC is shown in
°C/decade.

3.3. LST Explanatory Factors

Twelve of the 16 multivariate regression models tested have R? values greater than
60%, indicating that the models explain much of the variation in LST, the dependent
variable, as Table 3 shows. As expected, the Tree Canopy variable in Dry Day has high
negative values for the MSA (—12.924), PBC (—20.875), and MDC (—6.168). The NDVI
variable on the other hand has a positive coefficient with a value of 12.274 in PBC and 7.028
in the MSA. As expected, Impervious Surfaces are positively correlated to LST in all three
counties as well as for the MSA. Precipitation has a powerful positive correlation for Dry
Day BC (7.709). The MSA as well as PBC and MDC have a smaller positive correlation
for precipitation which suggests there may be less precipitation in BC compared to the
other counties. Distance to the Roads has a strong negative coefficient for Dry Day MDC
(—10.443). This is surprising and is different from the other counties and the MSA which
have lower coefficients.

Dry Night results are different from Dry Day. The NDVI variable for Dry Night is
the opposite from Dry Day with high negative coefficients for the MSA (—6.864) and PBC
(—8.991). Precipitation has positive correlations for the MSA (3.317), PBC (3.485), and
BC (5.702).

Wet Day has similar results to the analysis from Dry Day. Tree Canopy Wet Day
has strong negative correlations with LST for the MSA (—6.110), PBC (—10.934), and
MDC (—11.276). Distance to Roads has a strong negative correlation with MDC (—9.510)
compared to the other counties and the MSA. Like Dry Day, Precipitation has a strong
positive correlation for BC (9.353). Wet Night has strong negative correlations on NDVI for
the MSA (—6.919), PBC (—6.723), and BC (—6.052).
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Table 3. Sixteen linear regression models for MSA, PBC, BC, and MDC. An asterisk (*) denotes a
significance level of <0.05 (two-tailed), while all others have a significance level of <0.001 (two-tailed).

Tree Impervious

Model NDVI Distance to Roads  Precipitation Distance to Water R?
Canopy Surfaces

Dry Day _ _

MoA 7.028 12.924 3.648 4013 0.523 4147 0.611

I?];{;Day 12274 —20.875 4153 0.000089* 1.270 0.000080 0.510

Dry Day .

BC ~0.385 3.739 2.697 ~3.050 7.709 2.353 0.764

Dry Day _0.50* _ _ .

MDC 0.50 6.168 3.344 10.443 0.000 2.559 0.647

Dry Night _ " B

MoA 6.864 3.690 0.107 1.228 3317 2.946 0.660

I?];%N‘ght ~8.991 2.359 —0.037* ~0.000042 * 3.485 0.000031 0.742

BDg’ Night ~2.651 ~1.880 ~0.20* —0.844 5.702 0414 * 0.686

Dry Night ~3.141 4579 0.446 0.268 * ~0.000021 * ~3.029 0.372

MDC

Wet Day

MSA 3.969 ~6.110 3.655 ~3.188 2.284 1.151 0.722

;‘{;émy 5.890 ~10.934 3.547 0.000 * 4536 0.000051 0.694

‘];VC“ Day 3.360 0.140 * 2.764 —2.687 9.353 0.491 * 0.809

Wet Day " B B "

MDC 1310 11.276 3.702 9.510 0.000 1.59 0.635

Wet Night

MSA ~6919 1.643 —0.284 1.580 3.483 2246 0.721

}’,‘]’;éN‘ght —6.723 ~1.204 0.070* —0.000041 * 2382 0.000032 0.850

‘];Vét Night ~6.052 ~1.291 ~0.138 ~0.99 3.376 1.277 0.738

K/IV‘]’;CN‘ght —2.081 1.808 0.483 0.193 * —0.0000032*  —1.870 0.263

Tree Canopy and NDVI had significant effects on LST, but it was inconsistent between
the daytime and nighttime analysis. For example, there were positive correlations for NDVI
during the daytime but were negative during the nighttime with the opposite effect for Tree
Canopy with negative correlation during the daytime but positive during the nighttime.
Among the significant factors, Tree Canopy is shown as the factor that results in the cooling
of LST while Impervious Surfaces show the opposite causing LST to increase. The issue
of LST measurement accuracy and validation is an issue that has been identified in the
literature. The problem is magnified in areas with significant vegetation or tree canopy
with ground measurements used to conduct validation studies [46].

4. Discussion

Research about LST spatiotemporal patterns and trends is needed to inform mitigation
planning and decisions. Bera et al. [8] investigated trends in India during the winter and
summer. The current study examines dry and wet seasons and pixel trends. With a three-
level multiscale analysis used for both the explanatory factors and trend analyses, it helped
provide a broader perspective of the spatial relationships. The graphs in Figure 4 show
that MDC and BC have higher LST values than PBC. This gives responders information on
what counties to investigate further for decisions on adding greenery and where mitigation
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efforts are most beneficial. The multiscale view of pixels in Figure 5 provides a localized per-
spective for assessing trends and determining critical areas for future evaluation. Figure 5
suggests an LST trend of increasing the LST values in rural areas which would not have
been determined from using data at just one scale. This could be a result of urbanization
in South Florida. A shift is occurring from coastal housing areas in the eastern part of the
MSA to inland areas with new development in the western part of the study area and the
inland rural areas [47]. The urban area of the MSA expanded about 1.37 times from 1992
to 2016 with PBC expanding faster than BC and MDC [6]. The yearly average has less
significant values compared to the dry or wet seasons. The RoC is higher during the dry
season compared to the wet season.

The trend analysis suggests that LST is rising over time within the MSA. LST’s RoC
is more pronounced during the dry season than the wet season, as Figure 4 shows. Trend
change rates were investigated annually for a 20-year span at global and pixel scales in
previous studies such as Wang et al. [14]. The current study adds the investigation of LST
at the MSA, county, and pixel levels. The fall in LST during 2020 during both seasons may
have been caused by the societal shutdown during the COVID-19 pandemic resulting in
less people travelling to and working in the city during the day.

The LST is a variable that is related to other geographical, climatological, and hy-
drological elements [28]. As expected, the explanatory variables related to pavement
and buildings have positive coefficients while the land cover Tree Canopy variables have
negative coefficients in regression models predicting LST. We examined the relationship
between LST and explanatory variable in the MSA and investigated the LST in different
views by day and night as well as for the dry or wet seasons. This study has results like
Alhawiti et al. [7], as Figure 3 and Table 3 show. Warmer LST values are located within
areas with the most pavement and dense buildings.

Proximity to the coast and tree canopy or vegetation have a negative correlation with
LST during the day, but this relationship is positive during the night. This result is similar
to previous studies for SUHI [12,48,49]. Higher day LST values appear to be contained
in coastal urban areas while night values are more spread out in the MSA, as Figure 3
shows. Higher nighttime LST seems to expand to rural areas. During the nighttime, the
tree canopy has a positive coefficient, as Table 3 shows, suggesting that a higher tree canopy
percentage results in higher LST values. In areas with dense tree coverage, heat is trapped
under the tree canopy due to restricted radiative cooling and impaired ventilation [34]. The
tree canopy increases the shade effect which reduces the incidences of radiation and cools
the LST down [8]. It is important to examine the day and night LST differences in urban
heat research. In previous studies, as well as the current one, there are differences between
explanatory factors and the impacts with the LST values during day and night.

Results in BC have night and day coefficients for the tree canopy with opposite signs.
Additional research is needed to explain these results and to understand how BC is different
from the other counties studied. A possible hypothesis is that since the county is between
PBC and MDC it does not have as much greenery and tree canopy, resulting in a more
urbanized location with Fort Lauderdale having a large impact. PBC has Lake Okeechobee
and surroundings of the upper wetlands and MDC has the western part of the county being
in the Everglades with extensive greenery. Lake Okeechobee is another area that has large
differences in night and day spatial distribution of LST. Like the tree canopy, water seems
to be warmer at night than during the day. As expected, Table 3 shows that Impervious
Surfaces have positive coefficients for all distributions, suggesting that greater impervious
services result in increased LST. Almost all the linear regression models have R? values
greater than 50%. The R? value for MDC’s Wet Night model is only 26% compared with
37% for Dry Night. The rest of the R? values for MDC are above 60%. The lower values
may occur because LST can change along the coast and water at night with water being
known to be warmer at night.
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5. Conclusions

The relationship between LST trends and explanatory variables in South Florida is
examined in this study using a three-level multiscale analysis. The annual and seasonal
day—night trends of LST and the relationship of explanatory variables on LST are explored
using MODIS imagery data from GEE for the years 2002 to 2021 in the MSA. The results
indicate that LST values are rising with a positive trend throughout the 20-year study
period with RoC values ranging from 0.29 °C/decade to 1.56 °C/decade. Results over the
study period indicate that the wet season has a smaller RoC compared to the dry season.
The pixel spatial distributions show that the RoC for the 20-year period is primarily in
rural areas and less apparent in urban areas. New development in rural areas may affect
the RoC. The relationship between LST and physical and climatic explanatory variables
suggests that Impervious Surfaces have the greatest impact on LST. This is consistent with
the results from previous studies in other locations. The results from this study, however,
indicate that during the night, the Tree Canopy variable has a positive coefficient which
suggests that the Tree Canopy causes the LST to increase, while during the day, the Tree
Canopy has a negative coefficient. The Distance to the Coast variable changes from day to
night as well. Nighttime spatial distributions show a change in LST along the southern part
of the MSA, along the southern coastline. In the daytime spatial distributions, the warmer
LST values are more common in urban areas where the ocean and water are cooler.

These results can help practitioners, including urban planners, emergency responders,
and other decision makers, understand the spatial distribution of LST as well as the causes
of higher LST values. Further research is needed to investigate predicted LST values
correlated to trends of current and past LST values in the MSA and to link this information
with data on heat-related illnesses to determine if there are significant changes in heat-
related illnesses between urban and rural areas.
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