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Abstract: Remote sensing satellite data have been a crucial tool in understanding urban climates.
The variety of sensors with different spatiotemporal characteristics and retrieval methodologies
gave rise to a multitude of approaches when analyzing the surface urban heat island effect (SUHI).
Although there are considerable advantages that arise from these different characteristics (spatiotem-
poral resolution, time of observation, etc.), it also means that there is a need for understanding the
ability of sensors in capturing spatial and temporal SUHI patterns. For this, several land surface
temperature products are compared for the cities of Madrid and Paris, retrieved from five sensors:
the Spinning Enhanced Visible and InfraRed Imager onboard Meteosat Second Generation, the
Advanced Very-High-Resolution Radiometer onboard Metop, the Moderate-resolution Imaging
Spectroradiometer onboard both Aqua and Terra, and the Thermal Infrared Sensor onboard Landsat
8 and 9. These products span a wide range of LST algorithms, including split-window, single-channel,
and temperature-emissivity separation methods. Results show that the diurnal amplitude of SUHI
may not be well represented when considering daytime and nighttime polar orbiting platforms. Also,
significant differences arise in SUHI intensity and spatial and temporal variability due to the different
methods implemented for LST retrieval.

Keywords: land surface temperature; surface urban heat island; SEVIRI/MSG; AVHRR/Metop;
MODIS/Terra; MODIS/ Aqua; TIRS/Landsat 8; TIRS-2/Landsat 9

1. Introduction

Remote sensing data have been widely used in the past decades for the study of urban
climate [1-8]. In addition to the long archives of repeated observations, the global coverage
offered by these datasets are an added advantage when compared with in situ observations,
while being available in various temporal and spatial resolutions [9,10]. Free access to these
data has promoted an increase in urban climate studies, with consideration to the rising
percentage of populations residing in cities [11]. One of the major concerns when discussing
urban climate is the urban heat island effect, consisting in the difference in temperature
between urban and surrounding non-urban areas [12]. Surface urban heat islands (SUHIs)
have particular relevance, as a temperature increase directly affects population health and
comfort and can be derived for the whole globe [13-18]. Two of the most broadly used orbits
in meteorology/climate are polar and geostationary orbits. Polar orbit (PO) platforms are
low-orbiting, enabling a spatial resolution from a km to a few tenths of meters, with a revisit
time of twice daily to 16 days. On the other hand, geostationary satellites, with a higher
orbit, have a coarser spatial resolution, of the order of a few kilometers at the sub-satellite
point, while having sub-hourly sampling times [19,20]. As land surface temperature (LST)
is derived from measurements in the thermal infrared part of the electromagnetic spec-
trum [21], cloud coverage usually decreases the availability of observations, hindering
the use of satellite LST in cloudy conditions, except for microwave-derived LST [22,23].
Different spatiotemporal characteristics are better suited for different research topics. For
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example, polar orbiting satellites have a greater advantage compared to geostationary ones
in circumstances where the finer spatial resolution is particularly relevant. Topics where
better spatial resolution is preferred can relate to analyzing vegetation growth /health, heat
waves, natural disasters, etc. [24-27]. On the other hand, geostationary satellites are better
suited to the study of diurnal cycles due to their higher sampling rate, enabling a better
representation of, for instance, the daily temperature amplitude [28-32]. A majority of
remote sensing SUHI studies rely on polar orbiting satellites [9,10,33-35]. These studies
have greatly improved understanding of SUHI, especially its trends and seasonal variability.
Works based on these sensors have also analyzed the diurnal cycle of SUHI, however, with
few daily observations (relying on only two to four observations, during clear sky condi-
tions) [9,36]. Although useful, this approach does not give a comprehensive understanding
of surface variables” complexity [10,37]. As the revisit time of polar orbiting sensors may
not be enough to characterize SUHIs’ diurnal cycle, geostationary satellites have been used
to combat this limitation [38—43]. These studies have found added value when considering
more observations per day even at the cost of coarser spatial resolution. Some work has
already been carried out in downscaling LST from geostationary sensors, in order to have a
better understanding of both temporal and spatial variability in SUHI [41,44-46].

Furthermore, methodologies to derive LST from satellite observations are also very
diverse [47,48]. The most widely used, and considered most accurate, are the so-called
split-window algorithms, which derive LST by considering the differential absorption
between adjacent channels in the thermal infrared atmospheric window [47-50]. The cur-
rent operational LST products derived within the Satellite Application Facility on Land
Surface Analysis (LSA-SAF) for the Spinning Enhanced Visible and InfraRed Imager (SE-
VIRI) and Advanced Very-High-Resolution Radiometer (AVHRR) sensors are based on the
generalized split-window (GSW) algorithm [50,51]. The Moderate-resolution Imaging Spec-
troradiometer (MODIS) Land Surface Temperature/Emissivity product (MOD11/MYD11)
is also based on the GSW but refined to include a quadratic term [52]. Split-window algo-
rithms require prescribed values of land surface emissivity and are very sensitive to those
values [53-55]. There are also a wide range of methodologies used to derive the surface
emissivity, and these may have a significant impact on LST retrieval particularly in the
case of cities, given the high heterogeneity of surface materials [56-58]. In this case, all
three considered split-window products (SEVIRI, AVHRR, and MODIS) use land cover
classification to derive emissivity, resulting in a single value being attributed to all urban
surfaces, which likely results in an underrepresentation of the variability in the different
materials used in urban construction [59]. The attributed value is therefore highly sensitive
to the spectral library data considered. In these cases, the quality of the surface emissivity
is also dependent on the quality of the land cover classification.

To circumvent the need to prescribe the surface emissivity, a method that has been
widely used in the past decade is the temperature-emissivity separation (TES) algorithm.
This algorithm uses an empirical relationship between the maximum emissivity spectral
contrast and the minimum emissivity, which allows for simultaneously retrieving LST
and emissivity [60-62]. However, some studies suggest that the current calibration of this
empirical relationship might not be appropriate for man-made materials [63,64].

In the case of the Landsat series, only the most recent Landsat 9 provides the dual
thermal infrared bands necessary to apply a split-window algorithm, due to problems in
the sensor of Landsat 8 [65]. Available products are, therefore, based on single-channel
methods [47,48]. The current operational Landsat Collection 2 Surface Temperature Science
Product applies a radiative transfer model to obtain the LST [66,67]. We also analyze the
freely available Landsat LST estimates derived in [68] that are based on the Statistical Mono-
Window algorithm [28]. In both cases, the emissivity is prescribed based on the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Emissivity
Database (GED) [69] and using the Normalized Difference Vegetation Index (NDVI) to
account for vegetation dynamics [70-72].
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Given the high heterogeneity of LST products, both in terms of the retrieval algorithm
and spatiotemporal availability, here, we aim to understand the impact of the LST product
selection when analyzing the SUHI effect in two cities, Madrid and Paris, throughout the
2015-2023 period. For that purpose, we will consider the temporal and spatial resolutions
of the different sensors, while also providing comparisons between LST retrievals derived
by the different algorithms. Section 2 provides a summary of the data and methods. Results
are shown in Section 3 and discussed in Section 4. Conclusions are given in Section 5.

2. Materials and Methods

The current work focuses on two cities: Madrid and Paris. These were chosen for,
firstly, being large enough to be detected by both polar orbiting and geostationary sensors
and secondly, for being cities already approached in previous SUHI studies (e.g., [35,38]).
Madrid is the capital of Spain, also being the country’s largest city. It is located in a
mainly flat area except for the Spanish Central Ridge to the north. The city’s climate is a
temperate Mediterranean one, with cool winters and hot summers. These are also the driest
seasons, with most of the rainfall concentrating in spring and fall [73]. Paris, the capital
of France, is located in the north-center area of the country in a valley-like orientation,
being relatively smooth with altitudes no higher than 230 m above sea level. The region is
characterized by hot summers and mild winters [74,75]. More information on the climate,
topography, and demographics of these cities can be found elsewhere [76,77]. The two
cities were selected for representing very different SUHI patterns, with Madrid typically
presenting a more intense SUHI during the nighttime, while Paris is characterized by a
typical daytime SUHI [35,78-83]. The period ranging from 2015 to 2023 was considered in
order to encompass all selected satellite sensors.

2.1. Data

In this work, a wide range of LST products was considered. The product selection
aims at increasing the diversity in temporal sampling, overpass time, spatial resolution,
and LST algorithm. Five sensors were considered: the SEVIRI onboard the Meteosat Second
Generation (MSG) series, the AVHRR onboard the Metop series, the MODIS onboard both
Aqua and Terra, and the Thermal Infrared Sensor (TIRS and TIRS-2) onboard Landsat 8
and 9. A total of eight products were used. A summary of their characteristics can be found
in Table 1.

Table 1. Product identification, characteristics, and references.

Sensor/ Temporal Spatial
Product Platform Resolution Resolution Reference
MLST SEVIRI/MSG 15 min 5km [51]
EDLST AVHRR/Metop Twice daily 1km [84]
MYD11A1 v061 MODIS/Aqua Twice daily 1km [85]
MOD11A1 v061 MODIS/Terra Twice daily 1 km [86]
MYD21A1D and . .
MYD21A1IN v061 MODIS/Aqua Twice daily 1km [87]
MOD21A1D and . .
MOD21A1N v061 MODIS/Terra Twice daily 1 km [88]
GEE Landsat TIRS, TIRS-2/Landsat 8, 9 16 days 30 m [68]
USGS LST TIRS, TIRS-2/Landsat 8, 9 16 days 30m [67]

The MLST product is provided by the LSA SAF and is derived from observations by
SEVIRI onboard the MSG satellites, in a geostationary orbit. Data correspond to operational
monthly means at different times of the day (with a frequency of 15 min), at a resolution of
0.05° in latitude and longitude [51].

The EDLST product is also provided by the LSA SAF. It is based on measurements
by the AVHRR sensor onboard the Metop polar orbiting series of satellites. The product is
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available twice daily (day/night) at a 0.01° resolution in latitude and longitude [84]. The
equatorial crossing time (ECT) of the Metop satellites is around 9:30 a.m./p.m. (local time).

MODIS is a sensor onboard the polar orbiting Terra and Aqua platforms, also available
twice daily (day/night) for each. Two products were used for each platform, resulting in a
total of four LST products, MYD11A1 v061, MOD11A1 v061, MYD21A1D and MYD12A1IN
v061, and MOD21A1D and MOD21A1N v061, hereafter mentioned as MYD11, MOD11,
MYD21, and MOD?21, respectively. The ECT of the Aqua satellite (and therefore of the
MYD11 and MYD21 products) is approximately 1:30 a.m./p.m., while the ECT of the
Terra satellite (products MOD11 and MOD21) is around 10:30 a.m./p.m. All MODIS
products were downloaded through the Application for Extracting and Exploring Analysis-
Ready Samples (AppEEARS NASA, https:/ /appeears.earthdatacloud.nasa.gov, accessed
on 1 June 2024), on a geographic WGS84 projection.

Landsat LST is based on the TIRS and TIRS-2 sensors onboard Landsat 8 and 9, respec-
tively, with a revisit time of 16 days. The Landsat satellites have a ECT of approximately
11:00 a.m./p.m. Two products were considered: GEE Landsat LST [68] was retrieved at a
30 m spatial resolution using the Google Earth Engine platform. USGS LST data were down-
loaded through the USGS Earth Explorer tool (https://earthexplorer.usgs.gov, accessed on
1 June 2024), corresponding to the full tile covering each city with a 30 m resolution.

The Copernicus CGLS-LC100 v3.0.1 product was used to identify urban (buildup) and
rural (tree, shrub, grass, crop) areas and corresponds to the 2015-2019 period with a 100 m
resolution [89].

2.2. Methods

Products were assessed based on both LST and SUHI. SUHI intensity was computed
as the difference between the temperature of the urban area and the rural one, as shown in
expression (1).

SUHI = LSTusan — LSTRural (1)

For simplicity, in this work, we use the term “SUHI” to address the SUHI intensity
as defined in Equation (1). For distinguishing between urban and rural pixels, the CGLS-
LC100 product was used and resampled to the projection of each LST product, as depicted
in Figure 1. Only pixels containing a minimum of 80% of urban (buildup) or rural (tree,
shrub, grass, crop) areas were considered. For MLST, EDLST, and MxDx1 products, the
100 m land cover (LC) statistical mode was attributed to each LST coarse pixel. For Landsat-
derived products, a nearest-neighbor interpolation was used to resample LC to the LST
spatial grid. The size of the geographical area considered for each city was chosen to
balance, as far as possible, the ratio between urban and rural pixels for each sensor. The
percentage of urban LC in each resampled pixel is also shown in Figure 1.

(a) Madrid 5 km

(b) Madrid 1 km
.7

(d) Paris 5 km (e) Paris 1 km

(f) Paris 30 m
49.1

48.9

(j) Paris 5 km

Urban 0
fraction

Urban %

40.3

W | ass

2 22 24 26

40.1

Figure 1. Land cover resampled for the three projections of LST products (a—f) along with the
percentage of urban pixels (g-1).
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The assessment presented in this study is performed using monthly mean values of the
LSTs. This allows a better representation of the SUHI/LST diurnal maximum/minimum
values in the case of the MLST product, as these may be severely affected by the availability
of data at the times of these maximum/minimum values due to cloud cover. For the remain-
ing products (EDLST, MxDx1, GEE/USGS Landsat), the respective day/night monthly
mean values are also computed. For EDLST and MxDx1, only instants that have more
than 70% of valid pixels within the interest region are considered, ensuring a consistent
representation of urban and rural pixels. This process was not applied to MLST as the
products already consist of mean monthly temperatures, nor for the GEE/USGS Landsat
products as it resulted in a large part of the months being discarded. Seasonal means are
then computed from the monthly mean values.

For inter-comparison purposes, and in order to identify potential bias between prod-
ucts due to differences in methodologies of retrieval, all products were also resampled
onto the 0.05° projection of the MLST product. All polar orbit products (EDLST, MxDx1,
Landsat) were then compared against the MLST observations at the respective observation
times of the polar satellites. Polar orbiters with similar observation times were also inter-
compared, namely combining EDLST, MOD11, MOD21, GEE Landsat, and USGS LST in a
morning observation group and MYD11 and MYD21 in an afternoon observation group.
All comparisons were performed at the level of the monthly mean values.

3. Results
3.1. Observation Time

Sensors onboard polar orbiting satellites maintain the same observation time all year.
As the time of day when minimum and maximum surface temperatures occur can slightly
shift throughout the year, measuring the LST at a constant time throughout the year may
lead to an incomplete characterization of its diurnal amplitude. Also, as LST is highly
influenced by the seasonality of incoming solar radiation, it also follows a seasonal cycle.
LST of surfaces with different physical characteristics (e.g., heat conductivity, albedo,
and emissivity) have different heating and cooling rates [5], meaning that computing the
difference between the temperature of an urban/artificial surface and a rural/natural one
at the same time of day throughout the year might be misleading in terms of the minimum,
maximum, and amplitude of the SUHIL

To understand the potential impact of using a satellite product with a fixed overpass
time, Figure 2 shows the observation time of each of the sensors considered. The figure
also shows times of minimum and maximum values of LST (MLST LST) and SUHI (MLST
SUHI) as obtained from the MLST dataset. Since Madrid and Paris have very distinct SUHI
behaviors, with Madrid having a more intense SUHI during the night and Paris during the
day, daytime (nighttime) observations are grouped together with the times of the SUHI
minimum (maximum) in the case of Madrid (Figure 2a,b) and with the times of the SUHI
maximum (minimum) in the case of Paris (Figure 2¢,d). Although polar orbit satellites have
approximately fixed ECT, the actual observation time at different locations may change
slightly from day to day due to shifts in the orbit position and possible overlap between
orbits, especially in the case of sensors with wide swaths such as MODIS and AVHRR.

In the case of Madrid observations (Figure 2a,b), Landsat shows the smallest range
of observation times, with values around 11:00 a.m. The Aqua products (MYDx1) have
observations between 12:30 and 1:45 p.m. (1:45 and 2:45 a.m.), and the Terra ones (MODx1)
between 10:15 and 11:15 a.m. (9:15 and 10:15 p.m.). The EDLST product has observations
between 9:45 and 10:45 a.m. (8:45 and 0:45 p.m.) during daytime (nighttime). The time of
the LST maximum (minimum) in the city of Madrid occurs between 11:45 and 1:45 p.m.
(3:15 and 7:45 a.m.), based on the MLST product. The time of minimum SUHI (Figure 2a)
shows a much wider range, from about 7:45 a.m. to 4:15 p.m., with the most frequent values
occurring around 9:15-11:15 a.m. The range of maximum SUHI (Figure 2b) is particularly
large, spanning almost all day, with a main cluster around 4:15-11:15 p.m. (with highest
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MYDx1
MODx1
EDLST

MLST SUHI

frequency around 6:15-8:45 p.m.) and two secondary ones around 11:45 a.m.—2:15 p.m. and
3:15-5:45 a.m.

Madrid (©
12a.m. 12am 12 a.m.

10 p.m
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MYDx1
MODx1
EDLST
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Figure 2. Time of observation of each sensor: (a) for Madrid during daytime and time of minimum
SUHI (SUHI,y), (b) for Madrid during nighttime and time of maximum SUHI (SUHInay), (c) for
Paris during daytime and SUHIay, (d) for Paris during nighttime and SUHI ;. Colored bins are
sampled every 15 min.

For daytime observations over Paris (Figure 2c), Landsat products also show the
smallest range of observation times, with values around 10:30 a.m. Daytime (nighttime)
observations over Paris (Figure 2c,d) of the MYDx1, MODx1, and EDLST occur between
12:15 and 13:15 p.m. (1:45 and 2:45 a.m.), 10:15 and 11:45 a.m. (8:45 and 10:15 p.m.),
and 9:15 and 10:15 a.m. (8:15 and 9:15 p.m.), respectively. Based on the MLST product,
the maximum of LST (Figure 2c) occurs around 10:15 a.m.-2:15 p.m. and the minimum
(Figure 2d) shows a significantly higher spread, occurring between 11:15 and 8:15 a.m. and
with higher frequency around 2:00-6:00 a.m. In Paris, the time of the SUHI maximum
(Figure 2c) shows a main cluster around 10:15 a.m. to 3:45 p.m. with higher frequency
around 11:15 a.m.—2:00 p.m., and a secondary cluster around 5:00-9:00 p.m. The SUHI
minimum (Figure 2d) also shows a particularly large range of times, having a main cluster
around 2:15-9:45 a.m. with higher frequencies at 5:00-8:00 a.m., and secondary clusters
around 3:00-7:00 p.m. and 9:00 p.m.-1:00 a.m.

3.2. Spatial Distribution

The spatial patterns of LST at the two regions of interest, as given by the different
products in different seasons, are shown in Figures 3—6. The respective distribution of LST
values within the rural and urban areas is also shown. Note that the hour of observation
shown is a rounded mean hour for the respective season and even in the cases where the
hour of MLST LSTin /max and MLST SUHI i /max are the same, LST values may vary as
they are not considered at the exact same 15 timesteps. Also, color bars are different for
each product to allow a better visualization of the spatial patterns, but histograms show
the same LST range.

For Madrid, during daytime (and SUHI,;, time) in the winter months (Figure 3(al-a9)),
patterns of LST are similar between products, apart from MLST and EDLST where values
are increasing from NW to SE directions and with a distinct pattern of higher temperatures
in the urban area. For the remaining products, the NW-SE gradient still exists but no
evident pattern of higher temperatures associated with the urban area is visible. MLST
and EDLST products suggest positive SUHI intensity given the larger difference between
the distribution of temperatures for urban and rural areas. Focusing on the histograms
(Figure 3(b1-b9)), the highest LSTs, both urban and rural, occur for the MLST LSTyax with
values ranging between 16 and 22 °C, followed by the MYD21 product with LSTs ranging
between 13 and 17 °C. The lowest LSTs are associated with the EDLST product, ranging
between 7 and 10 °C, followed by the Landsat products, both presenting values between 8
and 14 °C. The Landsat products show a wider distribution of LST values in the histograms
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when compared to the coarser products. This is due to the much higher spatial resolution
that allows a more detailed characterization of the surface spatial variability.

Madrid DJF

(al) MLST LSTmax (a2) MLST SUHImi,  (a3) EDLST (ad) MOD11 (a5) MYD11 (a6) MOD21 (a7) MYD21 (a8) GEE Landsat (a9) USGS LST
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Figure 3. Mean DJF (December, January, February) LST for all products considered. (al-a9) The
spatial pattern during daytime, and in the case of the MLST, the most frequent hour of the LST
maximum and SUHI minimum are shown; (b1-b9) histograms of urban and rural LST shown in
(al-a9); (c1-c7) as in the first line but for nighttime and for the LST minimum and SUHI maximum;
(d1-d7) as in (b1-b9) but for nighttime. Please note that color bars are different amongst the different
products to allow a better visualization of patterns, but value ranges of the histograms are the same.
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Figure 4. As Figure 3 but for JJA (June, July, and August). (a1-a9) The spatial pattern during daytime,
and in the case of the MLST, the most frequent hour of the LST maximum and SUHI minimum are
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shown; (b1-b9) histograms of urban and rural LST shown in (a1-a9); (c1-c7) as in the first line but for
nighttime and for the LST minimum and SUHI maximum; (d1-d7) as in (b1-b9) but for nighttime.
Please note that color bars are different amongst the different products to allow a better visualization
of patterns, but value ranges of the histograms are the same.
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Figure 5. As Figure 3 but for Paris. (al-a9) The spatial pattern during daytime, and in the case of
the MLST, the most frequent hour of the LST and SUHI maximum; (b1-b9) histograms of urban and
rural LST shown in (a1-a9); (c1-c7) as in the first line but for nighttime and for the LST and SUHI
minimum; (d1-d7) as in (b1-b9) but for nighttime. Please note that color bars are different amongst
the different products to allow a better visualization of patterns, but value ranges of the histograms
are the same.

During winter nighttime (and SUHIyax time) over Madrid (Figure 3(c1-c7)), LST
patterns are similar between products, with a higher distinction between urban and rural
temperatures, and clear warmer temperatures over the urban area. The spatial pattern of
the urban region is more clearly defined in the 1 km products, as expected. The lowest LSTs
are associated with the MLST LSTy, ranging from —1 to 4 °C (—2 to 1 °C) for urban (rural)
areas followed by the MYD11 and MYD21 products with values of —1 to 2 °C (—1 to 3 °C)
for urban (rural) areas. The highest LSTs are associated with MLST SUHI . with urban
temperatures ranging from 5 to 10 °C and rural ones from 3 to 6 °C.

During summertime in Madrid, all LST products show a similar signal during daytime
(SUHIin; Figure 4(al-a9,b1-b9)), with slightly cooler urban temperatures when compared
to the rural ones. Cooler temperatures are also associated with the regions of the Jarama and
Tagus rivers to the SE, more noticeable for the PO-based products, and the mountainous
regions in the NW. Again, the highest LSTs are associated with MLST LSTmax, with values
of 45 to 50 °C (43 to 52 °C) for urban (rural) regions, followed by both MYD products with
temperatures ranging from 44 to 50 °C (40 to 50 °C) in urban (rural) regions for MYD21
and 40 to 48 °C (39 to 48 °C) in urban (rural) regions for the MYD11 product. The lowest
LST values are associated with the EDLST and MOD11 products, ranging from 35 to 45 °C.
Again, Landsat products show a significantly wider distribution of LSTs resulting from the
more detailed spatial representation. During nighttime (SUHIay; Figure 4(al-a9,b1-b9)),
a higher distinction is seen between urban and rural LSTs for all products. The lowest LSTs
are associated with MLST LSTin, ranging between 16 and 21 °C (14 and 18 °C) in urban
(rural) areas. The highest LST values are associated with MLST SUHInax, with values
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ranging from 22 to 27 °C (18 to 21 °C) in urban (rural) areas. The LST distributions are
close for the MLST SUHInax and MOD11 product. The distribution of the MOD21 and
EDLST products are also similar. These show higher LST values despite being associated
with observation times similar to MLST SUHI,,2x and MOD11.
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Figure 6. As Figure 3 but for Paris and DJF; (a1-a9) The spatial pattern during daytime, and in the
case of the MLST, the most frequent hour of the LST and SUHI maximum; (b1-b9) histograms of
urban and rural LST shown in (al-a9); (c1-c7) as in the first line but for nighttime and for the LST
and SUHI minimum; (d1-d7) as in (b1-b9) but for nighttime, an extension of the histogram in (d6) is
seen in (d8). Please note that color bars are different amongst the different products to allow a better
visualization of patterns, but value ranges of the histograms are the same.

For Paris, during daytime (and SUHIyax time) in winter (Figure 5(al-a9)), there is
a general pattern of higher temperatures for the urban areas compared to the rural ones.
The spatial patterns are generally consistent across the different products, but the LST
contrast between the rural and urban environments is very variable. Despite the higher
resolutions, the Landsat products show a less defined urban pattern when compared to the
1 km products, which is also noticeable when analyzing the LST distribution histograms
(Figure 5(b1-b9)). The highest temperatures are associated with both MLST products
(LSTmin and SUHI,y,;n), with values ranging from 9 to 15 °C (7 to 10 °C) in urban (rural)
areas. The MLST product also shows higher variability in LST values over the urban area,
likely related to the density of urban materials (as seen in Figure 1j). Despite having similar
observation times, the MYD11 and MYD21 products show LSTs that are generally lower
than the MLST; the MYD11 presents stronger contrasts between urban and rural areas
than the MYD21. The lowest values are associated with the EDLST product where urban
temperatures range from 3 to 8 °C and rural ones from 3 to 6 °C. All the products with
morning overpasses (EDLST, MOD, and Landsat) show LSTs with similar ranges, with the
EDLST having slightly lower temperatures in the rural region. During nighttime (SUHIyp),
a clear distinction between urban and rural temperatures still exists, and patterns are
similar between the products. As expected, the lowest temperatures correspond to the
MLST LSTmin product, ranging from —1 to 3 °C (—1 to 0 °C) for urban (rural areas). In this
case, the highest LST values are seen for the EDLST product ranging between 1 and 6 °C
(1 and 3 °C) in urban (rural) regions. The EDLST product also shows the widest spread of
urban LST values, indicating a higher sensitivity to the urban density.
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During Paris daytime (SUHIpax) in summer (Figure 6(al-a9)), there is also a clear
distinction between the urban (higher) and rural (lower) temperatures, with overall similar
patterns across all sensors that are more defined as the resolution increases. The highest
LST values are associated with MLST LSTmax, ranging between 32 and 43 °C (31 and 36 °C)
for urban (rural) areas. The MYD11 and MYD21 products present LST values with similar
range, the MYD21 being slightly warmer overall. For the morning overpasses, EDLST and
MOD11 show close values of LST but the clusters of warmer LSTs have different locations.
The EDLST cluster of warmer LSTs shows better agreement with the MLST product than
the other 1 km products, while the MOD11 shows two well-defined clusters in the northern
and southern part of the city that are consistent for all MODIS and Landsat products.
MOD21 shows a spatial pattern similar to MOD11 but generally with warmer temperatures.
The lowest temperatures correspond to the Landsat products ranging between 25 and
40 °C (22 and 34 °C) for GEE Landsat and between 22 and 37 °C (22 and 35 °C) for
USGS Landsat. This is likely a result of the time of observation and increased spatial
sampling. During nighttime (SUHI), patterns and clusters of warmer temperatures are
more consistent between the products. Again, the lowest temperatures are associated with
MLST LSTpin, with temperatures from 13 to 17 °C (11 to 14 °C) for urban (rural) areas. The
highest temperatures are associated with MOD21, EDLST, and MLST SUHI,,j,, with values
between around 15 and 25 °C (15 and 20 °C) for urban (rural) areas. There is a conspicuous
pattern of very warm LSTs (over 30 °C) for the MOD21 product that is not represented in
any of the other products. These correspond to urban areas and reach 39 °C (Figure 6(d8)).

3.3. Diurnal and Seasonal Variability

To understand how the diurnal and seasonal variability is represented by each product,
seasonal averages of the SUHI were computed for the day and night and at every 15 min in
the case of the MLST. Madrid’s seasonal SUHI diurnal cycle (Figure 7) is characterized by
higher and positive intensities during nighttime and lower ones during daytime, reaching
negative values (cool island) during summer (JJA) and fall (SON; Figure 7c,d). Based on
MLST, the largest SUHI intensities occur during the spring (MAM) months (Figure 7b),
reaching values of 2 °C that remain stable during the night hours. The minimum SUHI
intensity occurs during summertime (JJA) around noon (Figure 7c), reaching negative
values of about —1.2 °C. This is also the season with the highest SUHI diurnal amplitude.
The peak of the daytime negative SUHI tends to occur mid-morning, while the maximum
of SUHI occurring during the nighttime shows a less defined peak at sunset, and with
very stable SUHI values throughout the night. Nighttime SUHI computed based on PO
sensors usually displays smaller intensities when compared to the MLST product, with
the exception of summer (JJA) months. EDLST SUHI is always lower than MLST during
nighttime (time of SUHIax) and slightly higher (lower absolute value) during the daytime
of spring and summer (Figure 7b,c), leading overall to reduced SUHI amplitudes. MxD11
and MxD21 present similar SUHI intensities that are usually lower than the MLST SUHI,
with the exception of summer months (Figure 7c). For those months, MxD21 (MxD11) tends
to have higher (lower) SUHI during the night, and lower (higher) SUHI values during
the day; i.e., higher (lower) intensity of the negative daytime SUHI. GEE Landsat SUHI
shows similar intensities to the MLST for JJA and MAM, but intensity is lower in DJF and
higher during SON. Conversely, USGS LST SUHI intensities are similar to the MSLT in the
intermediate seasons (SON and MAM) and are lower for winter (DJF) and summer (JJA).

Regarding the seasonal behavior in Madrid, MLST shows a progressive variation in
the nighttime SUHI from around 2 °C in JJA to approximately 1.5 °C in DJF. For the PO
products (except the Landsat products), nighttime SUHI is fairly stable at 1 °C during most
of the year, increasing to 1.5 °C to 2.3 °C in JJA. The MLST daytime SUHI also shows a
smooth variation throughout the year, going from around 0.5 °C in DJF to 0.1 °C in MAM,
—1.2°Cin]JJA, and —0.4 °C in SON. For the PO satellites, the SUHI seasonal cycle is less
pronounced, going from —0.1 to 0.2 °C in DJE, 0 °C to 0.6 °C in MAM, —1.2 °C to —0.5 °C
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in JJA, and —0.9 to —0.3 °C in SON. Here, the time of observation does not seem to have a
significant impact, with morning and afternoon PO showing similar ranges of values.

Madrid
(a) DJF (b) MAM
3 3
2
I ®
3 0 T R
_1} = mst # MYD1l A GEE Landsat —1
@® EDLST MOD21 » USGS LST
MOD11 X MYD21
-2 -2
00 02 04 06 08 10 12 14 16 18 20 22 00 02 04 06 08 10 12 14 16 18 20 22
Time of day (UTC) Time of day (UTC)
(c) JJA (d) SON
3 3
X
2 ry 2

X
%
-1 [} % -1
-2 -2
00 02 04 06 08 10 12 14 16 18 20 22 00 02 04 06 08 10 12 14 16 18 20 22
Time of day (UTC) Time of day (UTC)

Figure 7. Diurnal cycle of SUHI for Madrid: (a) DJE, (b) MAM, (c) JJA, (d) SON.

For the Paris SUHI diurnal cycle (Figure 8), based on the MLST product, the maximum
SUHI occurs in springtime (MAM) at noon, reaching 4.5 °C (Figure 8b). Secondary maxima
can occur during the nighttime, particularly during summer when nighttime SUHI reaches
3.8 °C. Minima are concentrated during the early hours of both the day and night with the
lowest values reaching 1.2 °C during the winter months (Figure 8c). The diurnal amplitude
based on PO sensors is highly variable between products, and SUHI values tend to be signif-
icantly lower than for MLST. During winter and fall, PO products do not show considerable
differences in SUHI intensity between the day and night (Figure 8a,d). The EDLST product
has a higher diurnal amplitude during spring and summertime (Figure 8b,c). The MODIS
products show similar SUHI values for the same overpass times, with the exception of the
nighttime MOD21 SUHI in JJA. The MOD21 nighttime summer SUHI is conspicuously high
(Figure 8c) and is not comparable to any of the other products considered. GEE Landsat
SUHIs show a high variability, being close to the other PO products during DJF and SON
but presenting significantly higher SUHIs in MAM and JJA, reaching values of about 4.5 °C.
The USG LST shows the lowest daytime SUHI of all the sensors, only reaching 2.5 °C
during MAM/JJA.

Considering the seasonal variation in the SUHI in Paris, again, the MLST shows a
smooth transition between seasons, with daytime maximum SUHI values varying from
2.9 °Cin DJF, 4.5 °C in MAM, 4.0 °C in JJA, to 3.8 °C in SON. The PO products show a
reduced amplitude of the seasonal cycle, with DJF SUHI values of about 0.5 °C to 1.2 °C,
MAM values around 2.5 °C to 3.1 °C, JJA values around 2.4 °C to 3.5 °C, and SON values
around 0.8 °C to 1.5 °C. The exception is the GEE Landsat that presents the highest seasonal
variations, going from 0.8/1.2 °C in DJF/SON to 4.5 °C in MAM/]JJA. The nighttime SUHI
(or SUHIyin) shows lower seasonal variations. Based on the MLST product, the SUHI i,
varies from about 1.2 °C in DJF, 1.8 °C in MAM, 1.7 °C in JJA, to 1.2 °C in SON. For
MODIS and EPS products, nighttime SUHI is around 0.3 °C to 1.1 C during DJF, 1.1 °C to
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2.0 °C during MAM, 2.0 °C to 2.6 °C during JJA (excluding MOD21), and 0.8 °C to 1.7 °C
during SON.
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Figure 8. As Figure 7 but for Paris.

3.4. Inter-Annual Variability

We further wish to analyze how SUHI inter-annual variability is represented by the
different products. For that purpose, correlation coefficients were computed for each pair
of SUHI monthly anomalies.

In regards to Madrid during daytime (SUHI,,in; Figure 9a), the lowest correlations
are seen for the GEE Landsat and USGS LST with values ranging from 0.34 to 0.5 and
0.45 to 0.61, respectively. Correlations between MLST SUHI and the remaining products
range between 0.76 and 0.8. The highest correlations are seen between the EDLST, MOD11,
MYD11, MOD21, and MYD21 products, ranging between 0.89 and 0.97.

During nighttime (SUHInayx; Figure 9b), correlations are lower. MLST SUHI presents
the weakest correlations, with values ranging between 0.2 and 0.23 and no significant
correlation (at a p-value of 0.05) with the MOD21 product. For the EDLST product, all
correlations are significant with values of 0.31, 0.59, 0.61, and 0.66 for MOD21, MYD21,
MYD11, and MOD11, respectively. MODIS products usually have correlations above 0.6,
among themselves, except for the MOD21/MYD11 and MYD21/MOD21 pairs showing
correlations of 0.36 and 0.39, respectively.

Regarding Paris during daytime (SUHInax; Figure 10a), USGS LST presents only one
significant correlation, with the GEE Landsat product, with a value of 0.37. In turn, GEE
Landsat has only three additional significant correlations, with the MYD11, MOD21, and
MYD11 products, with values of 0.22 for the first two and 0.27 for the last one. All remaining
correlations are significant and higher than the Landsat product ones. The highest corre-
lations correspond to the pairs MYD21/MYD11, MOD21/MOD11, and MYD11/MOD11
with values of 0.82, 0.79, and 0.68, respectively. Correlations for the remaining pairs are
within 0.34 and 0.56.
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Figure 9. Correlation of monthly SUHI anomalies between all products considered: (a) day-
time, (b) nighttime. Blank spaces correspond to pairs of products with no significant correlation
(p-value > 0.05).
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Figure 10. As Figure 9 but for Paris. (a) daytime, (b) nighttime. Blank spaces correspond to pairs of

products with no significant correlation (p-value > 0.05).
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During nighttime (SUHI,;,; Figure 10b) for Paris, the pair MOD11/MLST SUHI
has no significant correlation. The lowest correlations correspond to the MOD21/EDLST,
MOD21/MYD11, MYD21/MOD21, MOD11/MLST SUHI, and MYD21/MLST SUHI pairs
of products, with values of 0.22, 0.29, 0.32, 0.43, and 0.45, respectively. Correlations
between 0.52 and 0.58 are associated with the EDLST/MLST SUHI, MYD11/MLST SUHI,
MYD11/MOD11, MYD21/EDLST, MYD11/EDLST, MYD21/MOD11, MOD11/EDLST,
and MOD21/MOD11. The highest correlation is associated with the MYD21/MYD11 pairs
of products, reaching a value of 0.83.

3.5. Product Inter-Comparison

To further investigate the differences in SUHI as given by each LST product, we
perform an inter-comparison between the LST products. For that purpose, we reproject all
products onto the MLST grid (the coarser grid) and then compute the mean of monthly
differences between the sensors for Madrid and Paris (Tables 2 and 3, respectively). For
differences between MLST and the other products, we use the MLST time of observation
closest to the PO time. For comparisons between PO products, we aggregate them in
groups with similar overpass times, i.e., in morning and afternoon overpass. Although
differences in LST may be significant due to differences in observation time, this analysis
may provide useful information to understand the observed differences of the SUHI The
respective maps of LST differences between products and scatterplots of LSTs are also
available in the Supplementary Materials.

Table 2. Mean of monthly differences between sensors with similar observation times (Line minus
Column) for Madrid.

Line MLST EDLST MOD11 MYD11 MOD21 MYD21 GEE USGS
Column Landsat LST
MLST - - - - - - - -
EDLST 1.41/-0.02 - - - - - - -
MOD11 2.65/0.73 —1.93/1.29 - - - - - -
MYD11 3.52/0.58 - - - - - - -
MOD21 1.53/-0.24 -3.05/032 —1.12/-0.97 - - - - -
MYD21 2.36/0.00 - - —1.16/—0.58 - - - -
GEE Landsat 2.99 —2.14 —0.39 - 0.74 - - -
USGS LST 2.06 —3.10 —-1.32 - —-0.17 - —1.11 -
Table 3. As Table 2 but for Paris.
Line MLST EDLST MOD11 MYD11 MOD21 MYD21 GEE USGS
Column Landsat LST
MLST - - - - - - - -
EDLST 1.41/-0.33 - - - - - - -
MOD11 3.30/—0.00 —-1.20/1.12 - - - - - -
MYD11 3.36/0.02 - - - - - - -
MOD21 1.87/-1.03 —2.65/0.09 —1.42/-1.03 - - - - -
MYD21 2.05/-0.44 - - —1.30/—-0.46 - - - -
GEE Landsat 2.93 —1.11 0.07 - 1.46 - - -
USGS LST 3.55 —0.50 0.62 - 2.13 - —0.03 -

For the Madrid region (Table 2), the highest LST differences occur during daytime
(regardless of the sensors considered). When comparing MLST with PO products at the
same hours of observation, the bias is usually positive, indicating that the MLST tends to
show higher LSTs than all the remaining products, particularly during the daytime. The
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largest differences between MLST and remaining products are associated with MYD11,
GEE Landsat, and MOD11 with values of 3.52, 2.99, and 2.65 °C, respectively. The maps of
LST differences (Figures S1-S3 of Supplementary Materials) also indicate that differences
with respect to MLST tend to be larger over the urban area. The EDLST shows negative
mean differences with respect to all the remaining PO products during the daytime, with
the largest differences, of —3.1 and —3.05 °C, occurring for the USGS and MOD21 products,
respectively. When compared to MODIS, EDLST is expected to have lower daytime LSTs
given the earlier overpass time, but the time of observation for the Landsat is similar. The
nighttime differences between EDLST and MODIS products are positive, being largest for
the MOD11 with a value of 1.29 °C. Differences between the MODIS products are also
significant, particularly during daytime. The MxD11 product shows on average lower
temperatures than the MxD21 product, with mean difference values of —1.12 °C (—0.97 °C)
and —1.16 °C (—0.58 °C) during the day (night) for the morning (MODx1) and afternoon
(MYDx1) times, respectively. During daytime, the smallest difference between sensors
is associated with MOD21/USGS LST and MOD11/GEE Landsat with values of —0.17
and —0.39 °C, respectively. However, differences in the observation time of MODIS/ Terra
and the Landsat are expected to result in larger LST differences, with the Landsat LSTs
being lower, and, therefore, LST differences should be positive. Despite the overall low
mean differences of the Landsat products, maps of the differences show a very high spatial
heterogeneity with biases varying from approximately —3 to 3 °C at the pixel level for both
the MOD21/USGS LST and MOD11/GEE Landsat pairs (see Supplementary Materials).

Over the Paris region (Table 3), larger differences between products are also seen
during the daytime. The MLST product also generally presents higher LST values than the
remaining products during the day, the highest values of mean differences being 3.55 °C,
3.36 °C, 3.30 °C, and 2.93 °C when compared to USGS LST, MYD11, MOD11, and GEE
Landsat, respectively. Like in the case of Madrid, differences tend to be larger over the
urban area (Figures 54-56 of the Supplementary Materials). EDLST tends to be cooler
than the other PO products during the day and warmer during the night, the largest
differences being found when comparing with MOD21 with a mean value of —2.65 °C.
Again, differences between the MODIS products are consistent with those found for Madrid,
the MxD11 showing overall lower LSTs than the MxD21, with mean differences of —1.42 °C
(—1.03 °C) and —1.30 °C (—0.46 °C) for the day (night) when comparing the morning
(MODx1) and afternoon (MYDx1) overpasses, respectively. The smallest difference is seen
during nighttime, for the MLST/MOD11 products. The lowest differences were found
between GEE Landsat and MOD11 and between the two Landsat LSTs, with values of
0.07 °C and —0.03 °C, respectively. Like in the case of Madrid, the spatial variability in the
differences is very high for the Landsat products and pixel level biases range from —6 to
6 °C (Figures S5 and S7 of the Supplementary Materials).

4. Discussion

The availability of remote sensing data is dependent on the platform’s type of orbit,
which is the most influential factor in dictating the maximum temporal and spatial resolu-
tion that sensors can achieve. The difference in temperature between urban areas and their
surroundings is more easily evaluated based on remote sensing sources than in situ data.
While the former is of outmost importance in calibrating and validating remote sensing
observations, its use in understanding urban heat islands is highly specific to the region
where its located. Remote sensing observations enable urban thermal studies from a local
city scale to a global one. One of the greatest disadvantages of remote sensing observations
is the trade-off between temporal and spatial resolution. Sensors onboard low-orbiting
platforms (polar orbiting) can achieve higher spatial resolutions, of the order of one kilome-
ter to tenths of meters, which is of substantial importance when examining LST in highly
heterogeneous areas such as cities and their surroundings. Conversely, sensors onboard
high-orbiting platforms (such as geostationary orbits) have a much higher observation rate.
This allows a characterization of the diurnal cycle while also dampening the effect of clouds
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in thermal-derived observations [81]. Another limitation of remote sensing observations is
the inherent 2D characterization of the surface temperature that restrains SUHI depiction
to a “bird’s eye view”, ignoring the distinct contribution of 3D walls, rooftops, and “urban
canyons” [81].

Although LST products derived from sensors onboard different platforms are used in
urban climate studies [20], most users are not aware of the potential impact of the choice
of LST product on their SUHI analysis. In this work, we aim to provide some insights
into the differences between LST products in urban regions and their impact in SUHI
estimation, enabling a more informed decision by users when selecting an LST product
for SUHI studies. For that purpose, four polar orbiting and one geostationary platform
were considered, also including different retrieval algorithms for the same sensor. This
allows for investigating the impact of not only temporal and spatial resolution on SUHI
computations, but also potential biases between the products due to algorithm formulation.

Two cities were analyzed: Madrid and Paris. These cities were selected because they
have very distinct behaviors of the SUHI As Madrid is a city embedded in a seasonally dry
climate with little rainfall during the coldest and hottest months (DJF and JJA), the rural
area is composed by barren land and dry vegetation during these seasons. In particular,
during summer, the irrigation of urban parks and gardens increases evapotranspiration
in the urban area compared to the dry rural one. This leads to evaporative cooling in
the city due to a decrease in sensible heat and an increase in latent heat. For the rural
areas, drier areas’ water availability is lower, limiting the evaporative cooling [90]. These
characteristics translate into maximum SUHI intensities occurring during nighttime and
lower ones during daytime. In the summer months (JJA), SUHI can reach negative values,
i.e., an urban cool island [35,78-83]. The city of Paris is embedded in a wetter climate where
evapotranspiration is in phase with radiation, leading to cooling of natural (rural) surfaces.
Such cities are often characterized by positive SUHI values all year round, with maxima
during daytime and seasonally in summertime [35,44,78,80-83].

We started by analyzing the distribution of the overpass time amongst the products.
It is shown that the observation time associated with PO satellites does not necessarily
coincide with the time of the maximum and minimum of either LST or SUH], as given
by the GEO satellite (Figure 2). The hour of maximum LST is generally associated with
the hour of maximum incoming radiation, while the minimum of LST occurs close to
sunrise when the maximum time extent without solar radiation is achieved. Therefore, it is
expected that the time of the LST maximum and minimum will vary throughout the year.
For the hours of minimum and maximum SUHI intensity, the variability in time is quite
large. This is due to SUHI values remaining constant along part of the day, resulting in
the minima/maxima hours not being as well defined (see Figures 7 and 8). Also, in the
case of Paris, a secondary maximum and minimum is developed (Figure 8c) along the day,
impacting the hour considered for the limits of diurnal SUHI. This analysis suggests that, in
the case of Madrid, POs with afternoon overpass are closer to the daytime SUHI minimum,
while the morning overpass POs are closer to the hour of the nighttime SUHI maximum.
In the case of Paris, the SUHI maximum might be well represented by POs with afternoon
overpass, but the hour of the SUHI minimum is not well captured by any of the POs.

We then investigated the spatial patters of LST as given by the different products
(Figures 3-6). As expected, products with higher spatial resolution can provide more
detailed maps of LST. For cities of smaller sizes such as Madrid, the coarser-resolution
MLST products are likely not able to provide much detail into the spatial variability within
the city. We found that, despite the difference in resolution, the major patterns like the urban
area or rivers are generally consistent between products. However, amplitudes of LSTs are
very different, and, in particular, contrasts between the urban and rural environment are
significantly different, which ultimately will result in different SUHI values. Also, we found
that, despite the higher resolution, PO products do not necessarily show higher contrasts
between urban and rural pixels. We also found that in the city of Paris, the daytime LST
values as given by the POs show maximums within the city at different locations. This is
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particularly relevant for studies where the SUHI is analyzed at the more local level (e.g.,
at the neighborhood level). Our results suggest that depending on the chosen product,
such an analysis may yield very different results. These differences in the LST patterns
may be related to differences in the prescribed/retrieved emissivity that is expected to
show strong variations due to the high heterogeneity of urban regions. A closer inspection
of the products’ emissivities suggests that emissivity contrasts are significantly lower for
the MxD21 products when compared to the MLST, EDLST, and MxD11, also being with
a reduced seasonality associated with vegetation cover. A reduced seasonality was also
found in the MxD11 compared to the MLDT and EDLST. There are also some conspicuously
high LST values (over 30 °C) for the MOD21 product in Paris (Figure 6). These may be
related to errors in the retrievals by the TES algorithm and seem to be associated with
abnormally low emissivity values.

We then proceed to compare the temporal variability in the SUHI as given by each
LST product, namely at the diurnal, seasonal, and inter-annual level. Our analysis indicates
that there are significant differences in the amplitude of the diurnal and seasonal cycles of
SUHI as given by the different products, even when considering close observation times
(Figures 7 and 8). As such, any analysis on the diurnal and seasonal variations in SUHI
may be impacted by the choice of LST product. Differences in the diurnal amplitudes could
be related to the time of observation or temperature-dependent biases in the algorithms.
The differences in seasonality may be related to different representations of emissivity
seasonality, as well as different accuracies of the retrieval algorithms when performing the
atmospheric correction (since atmospheric conditions also show a strong seasonality).

To access the consistency in inter-annual variability in the SUHI for the different prod-
ucts, we computed the correlations between monthly values of SUHI. In the city of Madrid
during the daytime (Figure 9a), significant positive correlations were found between all
pairs of products with relatively high values (above 0.89), with the exception of the MLST
(with values of 0.76-0.80) and the Landsat (with values between 0.34 and 0.61) products.
During the nighttime (Figure 9b), the MLST product also shows the smallest correlations
with the remaining products, with values within 0.20-0.23. Correlations between most of
the PO products are also lower than those found for daytime, with values ranging from
0.31 to 0.68. The highest correlations are seen for the pairs of products belonging to the
same sensor, i.e., MxD11/MxD21 (with the exception of the MOD21/MOD11 nighttime
value). In Paris (Figure 10), correlations are also low or non-significant for the GEE Landsat
and USGS products. Correlations for most pairs of products are also relatively low, with
values around 0.3-0.6. As in the case of Madrid, the highest correlations are also obtained
for the MxD11/MxD21 pairs of products. During nighttime (Figure 10b), the MOD21
shows the lowest correlations, with an exception for MOD21/MOD11, which is likely due
to the conspicuous patterns found in the LSTs.

The relatively lower correlations of the MLST product may be due to the variability in
the hour of observation, as the MLST SUHI minimum /maximum may occur at different
times of day, depending on the seasonality of the SUHI diurnal cycle. The low correlation
values of the Landsat products are likely associated with the low observation sampling in
each month, which results in stronger inter-annual variability since only a few days are
sampled. Considering that, for Madrid, the highest intensities of the SUHI occur during the
nighttime, these results suggest that there is low consistency in the inter-annual variability
in the SUHI as provided by each product. The higher correlations of the MODI products
suggests a better consistency regardless of the algorithm used to compute LST, and likely
the observation time is the major factor influencing the obtained correlations.

Finally, an inter-comparison of the LSTs was performed to assess the biases between
products. Results suggest that significant biases exist between the different LST products
over urban regions, particularly during the daytime. The MLST is consistently warmer than
all other products, with daytime biases ranging from 1.41 to 3.55 °C and nighttime biases
ranging from —1.03 to 0.02 °C. In the case of the MLST, comparisons are performed at
matching observation times and therefore differences can only be attributed to differences in
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the retrieval methodology or sensor calibration. The EDLST tends to be cooler than the other
POs during the day and warmer during the night, showing daytime biases in the range
of —3.10 to —0.50 and nighttime biases in the range of 0.09 to 1.29 °C. These differences
are consistent with differences in the observation time in the case of the MODIS but not in
the case of the Landsat. When comparing the MODIS products, MxD11 LSTs are generally
cooler than MxD21, with biases of —1.12 to —1.42 °C for daytime and —0.46 to —1.03 °C for
nighttime. Since these products are derived from the same sensor, differences can only be
attributed to the different retrieval methodologies. Regarding the Landsat products, biases
against other products and even between the two Landsat products are highly variable. We
also found a high spatial variability in the biases. Although all products report product
uncertainties of about 2 °C, validation exercises rarely encompass urban environments and,
therefore, may not be representative of such environments. In situ measurements of LST for
urban areas are not readily available and are likely not representative of the satellite scale
due to the high spatial heterogeneity. Therefore, this study is not able to indicate which
LST product is more accurate in urban areas.

All the analyses presented in this study were carried out using monthly averages of
the LST. On the one hand, this allows a more accurate identification of the LST and SUHI
maximum and minimum, since cloud presence at the time of these minimum/maximum
values may lead to the selection of the wrong time slot for a specific day. On the other
hand, it allows our investigation to be more focused on biases between the products since
day-to-day variability is expected to be high due to the algorithms” uncertainties. We are
aware that this may result in larger discrepancies in the case of the Landsat products due to
their significantly lower frequency of observations (~16 days). Indeed, the mean difference
between the Landsat and other products shows high spatial variability that is likely a result
of discrepancies in the days considered when using the monthly averages. However, it is
also worth showing the impact of using a sensor with such low observational frequency
when analyzing SUHI intra- and inter-annual variability.

The definition of both urban/rural regions and SUHI computation can also be a source
in variability when comparing different studies [91]. Considering that most SUHI studies
are focused on relatively stable and big cities [9], land cover can be considered as static,
meaning that the selection of urban and rural pixels can be considered as nearly unaffected.
This is not the case for developing cities where the size of the city, construction materials,
and type of rural land cover may significantly change, emphasizing the need for the better
understanding of LST variations per land cover. This is particularly important considering
the distinction between urban and rural areas largely depending on the spatial resolution
of the data, with mixed pixels being associated with a unique land cover type even though
they are not representative of it [10].

The products mentioned rely on thermal infrared observations, which are not available
in cloudy conditions [21,47]. Most SUHI studies use information in this part of the electro-
magnetic spectrum, meaning that results are only representative of clear sky conditions [92].
Lastly, it is noteworthy that all LST products have an associated uncertainty that can reach
values of 3—4 °C, influenced by atmospheric and surface conditions [47,54]. Consequently,
it may be the case that SUHI intensities may be of the same order of magnitude as the LST
uncertainties. In the case of the present study, as the spatial scale is relatively small, it is
expected that uncertainties for urban and rural areas will be highly correlated, reducing its
propagation to SUHI intensities [93].

5. Conclusions

When describing the climate of a certain region, air temperature is essential. Usually,
this variable is known for a broad time range and relatively small timesteps, allowing
the characterization of the diurnal temperature cycle. As these data are sourced from
in situ sensors, satellite remote sensing has been largely applied in characterizing urban
climate, taking advantage of its global coverage. The drawback of these datasets is the
temporal-spatial resolution compromise. Due to satellite orbits, datasets have either good
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spatial or good temporal resolution, with SUHI studies usually making use of sensors
with higher spatial resolution given the small scale of the urban regions. Moreover, LST as
obtained from remote sensing sensors is an indirect measurement of temperature, relying
on retrieval algorithms whose quality impacts the uncertainty of the LST estimates.

The present work analyzed land surface temperature from several polar orbiting
satellites and one geostationary platform. The aim was to understand if SUHIs attained
based on the same method but from different sensors are compatible, as these datasets are
largely used in the literature.

Results show that caution must be taken when characterizing SUHI based on a few
observations per day, as these may not fully characterize the range of intensities. This can
translate into different SUHI intensities or signals (positive/negative). Also, as cities and
their surroundings are highly heterogeneous surfaces, low-spatial-resolution datasets may
dampen the spatial patterns. Analyses of the diurnal, seasonal, and inter-annual variability
in the SUHI also suggest low consistency on the variability as given by each product.
Therefore, studies focusing on the study of the SUHI based on a single product may be
significantly affected by the choice of product. We also found significant biases between
the products even when considering the same resolution and time of observation. The
validation of LST products over urban areas is very difficult due to the high heterogeneity,
and therefore care must be taken when basing SUHI studies on a single LST product.
Moreover, the low sampling rate joined with observations not matching the hours of
extremes for either LST or SUHI, and pixel sizes much larger than surface heterogeneity may
lead to discrepancies between SUHI results, consequently making it difficult to compare
studies, even when representing the same climate and degree of urbanization.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/1s16203765/s1, Figure S1: Madrid mean LST differences between
products with similar daytime times of observation, namely for morning overpasses (MLST was
taken at the time of observation of the sensor it is compared with) and respective scatterplots of the
LSTs; Figure S2: As Figure S1 but for the afternoon overpasses; Figure S3: As Figure S1 but for all
nighttime overpasses; Figure S4: As Figure S1 but for Paris; Figure S5: As Figure S2 but for Paris;
Figure S6: As Figure S3 but for Paris.
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