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Abstract

Elevated temperatures due to the Urban Heat Island (UHI) effect, combined with a high population
density, increase the risk of heat-related illnesses in urban areas. Spatial data on heat stress is crucial for
effective mitigation strategies in urban planning. However, meteorological parameters like air
temperature (Ta) and relative humidity (RH), necessary for thermal comfort indices such as
Physiological Equivalent Temperature (PET) and Humidex, are often unavailable at fine spatial
resolutions. Consequently, Land Surface Temperature (LST) from spaceborne thermal sensors are
commonly used as a substitute. Here we evaluate the spatial and temporal patterns of LST, Ta, PET,
and Humidex by analysing urban-rural intensity differences (AT) in Hesse, Germany, ata 1 km
resolution. The Humidex (max: 4.3 °C) dataset reveals an amplified UHI effect compared to Ta (max:
2.9 °C) and LST (max: 3.4 °C), suggesting that relying solely on LST or Ta may underestimate heat
stress. While LST is often used to approximate Ta, there is high correlation to thermal comfort indices
such as PET during the day (r = 0.49) and AHumidex (r = 0.47) at night.

1. Introduction

Heat poses a major risk to human health and ecosystems, especially during extreme heat events (Semenza et al
1996; Yadav et al 2023). It causes health conditions such as dehydration, heat exhaustion and heatstroke (Hajat
etal2010, Stone et al 2023). The increase in global temperatures as a consequence of climate change is
anticipated to exacerbate extreme heat events (Meehl and Tebaldi 2004, IPCC 2023) and thermal hazards (Mora
etal2017, Raymond et al 2020). Urban populations are particularly susceptible to these alterations due to their
high population density and the Urban Heat Island (UHI) effect, characterized by elevated temperatures relative
to their adjacent rural areas (Oke 1973). To combat this hazard, targeted actions are needed through urban
planning and public health interventions (Mavrakou et al 2018). However the scarcity of meteorological
measurement stations, even with the inclusion of portable and mobile sensors (Speak and Salbitano 2022), fail to
capture the spatial variability of thermal conditions within cities. This limitation results in an incomplete
understanding of urban thermal comfort and emphasizes the need for a comprehensive evaluation of available
parametrization of heat extremes at scale.

Utilizing satellite imagery to estimate Land Surface Temperature (LST) offers high spatial coverage,
including regions without ground-based measurement stations. During the last decade, these data sources have
been frequently used for Surface UHI (SUHI) studies (Diem et al 2024, Pena Acosta et al 2023, Sismanidis et al
2023, Karimi et al 2021, Lin et al 2024, Chakraborty and Lee 2019) even though their relationship to how humans
experience heat on alocal scale has been challenged (Patel et al 2024, Venter et al 2021), since LST and air
temperature (Ta) represent different thermal measures of the environment and may not correlate well, especially
during the day (Coutts et al 2016). To quantify the thermal conditions relevant for human well being in outdoor
areas thermal comfort indices such as the universal Thermal Climate Index (UTCI) (Jendritzky and de
Dear 2012) and the Physiologically Equivalent Temperature (PET) (Hoppe 1999) have been introduced

© 2025 The Author(s). Published by IOP Publishing Ltd
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(Blazejczyk et al 2012, Zare et al 2018, Migliari et al 2022). These indices depend on energy balance models
alongside meteorological variables such as humidity, Ta, wind velocity, and both longwave and shortwave
radiation, making them challenging and costly to assess accurately. As a result, they are often applied in localized
studies (Kariminia et al 2016, Wallenberg et al 2023). Although meteorological reanalysis data such as the
Reanalysis v5 by the European Centre for Medium-Range Weather Forecasts (ERA5) enable the calculation of
thermal comfort indices like the UTCI (Di Napoli et al 2020) for a broad spatial and temporal range, urban areas
remain under represented in this dataset (Nogueira et al 2022, Adinolfi et al 2023), leading to an underestimation
of thermal stress. Other indices, such as the Humidex (Masterton and Richardson 1979), rely on alimited set of
variables, making them more accessible and globally applied (Coccolo et al 2019, Wang et al 2023, Red and
Maarse 2021), although they were developed initially for specific regions and/or weather conditions. While the
Humidex provides a straightforward method for evaluating heat stress, it does not account for the full heat
budget and has aless direct correlation with UTCI compared to PET (Blazejczyk et al 2012).

The relationship between these different heat stress parameters remains a topic of ongoing discussion in the
scientific community. Numerous studies have explored the impact of different land use/land cover (LULC)
types, often characterized by indices like Normalized Difference Vegetation Index (NDVI) or Normalized
Difference Built-up Index (NDBI), on LST, particularly in local urban environments (Fuladlu 2022, Imran et al
2022, Xu et al 2024, Naserikia et al 2023, Cetin et al 2024, Naserikia et al 2024), but also on cities at the global scale
(Lietal 2023), with some studies focusing on urban-rural temperature anomalies (Benz et al 2021, Roy et al
2024). Beyond spatial variations, the temporal dynamics of LST have been explored in depth (Lai et al 2018,
Stewart et al 2021). More recently, the introduction of Local Climate Zones (LCZs) (Demuzere et al 2022), a
universal typology that distinguishes urban areas based on micro-scale land cover, building height, impervious
surfaces, and thermal properties, has offered a more climate-relevant classification system compared to
traditional LULC categorizations. By linking urban morphology with atmospheric responses, LCZs have
provided new insights into urban heat dynamics and thermal comfort assessments. Despite extensive previous
studies, there is still a lack of research that simultaneously examines thermal comfort, air temperature, and LST
in relation to the urban heat island effect, while considering both temporal and regional spatial scales within the
framework of LCZs.

Here we compare the different heat metrics by examining LST and Ta in relation to thermal comfort
parameters such as PET and Humidex at a 1 km spatial resolution during summertime for the region of Hesse,
Germany. The UHI effect quantifies the additional warming caused by urbanization, helping to isolate the
impact of built environments on local microclimates. By focusing on urban-rural intensity differences (AT),
which represent the deviation of local thermal parameters from rural background levels, we assess the urban
impact while reducing the influence of broader climate patterns. This approach allows for a clearer
understanding of how cities modify heat exposure. Diurnal and spatial patterns of temperature variations and
thermal conditions are examined across different land use types and urban forms by incorporating the LCZ
classification (Demuzere et al 2022). Using this approach, we aim to: a) determine whether urban-rural intensity
differences based on thermal comfort indices (such as PET and Humidex) exhibit similar spatial and temporal
patterns to those of ATa at aregional scale, and b) assess whether commonly available spatial datasets (such as
LST) can serve as reliable proxies for estimating human-perceived heat stress across the LCZs, particularly in
densely populated urban areas. We discuss the findings in the context of human thermal comfort, focusing on
the vulnerability of urban populations and distinguishing between typical conditions and temperature extremes.

2. Materials and methods

2.1.Data selection

The study is conducted for the federal state of Hesse, Germany, which is part of two climate zones according to
the Koppen-Geiger classification (Beck et al 2018, 2020). The northern area has a hilly terrain and a cold climate
with warm summers, while the southern region, part of the Rhine Valley, has a predominantly flat terrain and a
temperate climate influenced by the Mediterranean Sea (figures 1(h), (i)). Hesse is selected for its diverse
environmental conditions and the availability of relevant data, although the methodology applied in this
research can be adapted and implemented for any other area (within Germany).

Atthe beginning of 2024, the German Weather Service (DWD) published a new high-resolution hourly
raster data set ‘HOchaufgeloste STiindliche RAsterDAtensatz” (HOSTRADA) (Krihenmann et al 2018), with a
spatial resolution of 1 km?” per raster grid cell. This dataset merges meteorological measurements from ground
stations with satellite observations and model data for Germany starting from the year 1995. Urban process
parameters are used so that the effect of UHIs can be adequately captured. Although full validation was not yet
possible due to the limited number of measurement stations (Krdhenmann et al 2018), we found marginal
deviations when compared to urban meteorological stations from the ’CityClim’ project (Karlsruhe 2024). Air
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Figure 1. Comparison of the nighttime and daytime thermal parameters LST (a), (d) and Ta (c), (f) and the thermal comfort
parameters Humidex (b), (e) and PET (g). Except PET, all values are based on average conditions within Hesse (h), Germany (i).

temperature (Ta) and relative humidity (RH) data is used from this data-collection for the summer months June,
July, and August for the decade from 2011 to 2020. LST data is obtained from the MODerate-resolution Imaging
Spectroradiometer (MODIS) on board of the Terra (Wan et al 2015) and Aqua (Wan et al 2021) satellites and
preprocessed using Google Earth Engines Python API. Observations with uncertainties >3 Kelvin based on the
information provided by the quality indicators QC_Night and QC_Day are not included during data
aggregation. The research decade under investigation is selected based on the availability of census and land use/
land cover datasets for a whole decade. Specifically, the census data (Amter des Bundes and und der Linder 2011)
from 2011, the CORINE Land Cover data (European Environment Agency 2020) from 2018 for the distinction
between urban and rural areas and the Local Climate Zone (LCZ) dataset (Demuzere et al 2022) from 2018

isused.
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To generate composite images of for the LST, Ta and Humidex datasets for the specific hours of the day
during the research decade, both the mean values and the 90th percentile are calculated for each pixel T(u, v) in
the datasets. Since Crosson et al (2012) noted that MODIS Aqua data is more suited to sense the minimum and
maximum surface temperature deviations, the corresponding full hours were selected for visualization
purposes. The mean value provides information about the average temperature conditions (figures 1(a)—(f)),
helping to understand general thermal patterns and typical thermal comfort, while the 90th percentile focuses
on extreme temperatures.

2.2. Calculation of heat extreme events

Often certain temperature thresholds are used to assess heat stress and its impact on human well-being.
Specifically, days with temperatures exceeding 30 °C (hot days) and 35 °C (very hot days) are critical markers in
Germany (Deutsche Wetter Dienst 2025). For this analysis, the total number of such days over the entire study
period is considered based on the HOSTRADA dataset. In addition to individual (very) hot days, prolonged
periods of extreme heat (heat waves), are particularly relevant for assessing heat stress risks. A heat wave is
defined here as a period of at least three consecutive days where temperatures exceed both the 95th percentile of
the local temperature distribution and a minimum threshold of 28 °C. The number of heat wave events indicates
how frequently such extreme periods occur, while the total number of heat wave days provides insight into the
cumulative exposure to extreme heat over the analysed decade. The occurrence of extreme temperature events is
highest in the south of Hesse (figure S4).

2.3. Thermal comfort indices

The thermal comfort index PET defined by Hoppe (1999) and revised by Walther and Goestchel (2018) is
derived from simulations by Ketterer et al (2022) using the "Flow over Irregular Terrain with Natural and
Anthropogenic Heat sources’ (FITNAH) model for a a heat-intensive artificial day on an August 1st at 14:00. The
meteorological conditions for the initial state are as follows: near-surface air temperature at 3:00 PM averages

29 °C, relative humidity is 20%, there is no prevailing (geostrophic) wind, and the sky is clear. Additional
processing details can be found in Ketterer et al (2022). The original resolution of 200 m is reduced to 1 km using
nearest neighbour resampling to align with the other datasets. PET uses a simplified thermoregulation model
based on Fanger’s model (as cited in Blazejczyk et al 2012), focusing on comfort in moderate conditions with less
complexity regarding heat transfer between the body and the environment. Despite its simplified approach,
compared to the UTCI, which incorporates a more complex multi-segment body model based on Fiala et al
(2001), it is still one commonly used complex thermal comfort index in Germany. The Humidex (Masterton and
Richardson 1979) is calculated via equation (1) (Tartarini and Schiavon 2020) using Ta and RH derived from the
HOSTRADA dataset (figure 1). Since thermal comfort parameters are based on apparent temperatures, the
temperature ranges for PET and Humidex vary across the stress categories (table S1).

7.5T,
Humidex = T, + g . ((6.112 - 102377+T,) - % - 10) (@))

2.4. Calculation of urban-rural intensity differences

AT, in the literature referred to as temperature anomalies in the context of Ta or LST, are defined as differences
between local and rural background air temperatures. Due to the extension to other thermal parameters we refer
to them as urban-rural intensity differences. Based on the methodology developed by Benz et al (2021) for each
pixel with alocal temperature value T(u, v) the median comparable rural background temperature

T (uy ¥, 7)ryral 18 Subtracted (equation (2)). Comparable meaning within a 100 km radius r of the local pixel
(therefore including pixel outside of Hesse when available) and with elevation differences of up to 100 m and
similar slope aspects (north or south-facing). If more than 30 pixel are available, the median of these pixels is
used to determine the comparable rural background temperature, otherwise, it is set as undefined. Positive
anomalies above 0.5 °C indicate warmer conditions, while anomalies under —0.5 °C denote cooler conditions.
By using this approach large-scale climate effects can be reduced and it ensures that temperature differences
reflect urbanization effects rather than topographic variations.

AT(”) v) = T(u, V)iocal — T(“) Vs Mrural 2

The calculation of urban-rural intensity differences for the thermal comfort dataset and other available
thermal parameters is equally performed. While a stronger signal is expected due to the additional inclusion of
RH, the following analysis will examine the relationship with LCZ, focusing on urban areas to refine our
understanding. However, the PET dataset proved unsuitable for this approach, as the hotspots could not be
clearly identified and did not show a clear pattern (figure S2), whereas the AHumidex dataset (min: —2.1 °C,
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Figure 2. Nighttime and daytime urban-rural intensity differences based on Ta (a) and (d), Humidex (b), (¢) and LST (c), (f). Urban
areas can be over 3 °C warmer than the comparable rural background area.

max: 4.3 °C) is found to be effective, revealing an even stronger urban heat island effect compared to both ATa
(min: —1.6 °C, max: 2.9 °C) and ALST (min: —3.0 °C, max: 3.4 °C) datasets (figure 2) for nighttime
temperatures.

3. Results

3.1. Spatial variations under consideration of LCZs
Urban climate is influenced by the specific structural and surface characteristics categorized by the LCZ. Built
types are in the classes 1 to 10 while land cover types are denoted alphabetical from A to G. In the region of Hesse,
densely populated urban areas fall mainly into class 2 (compact mid-rise) and 5 (open mid-rise) (figure S1) and
are particularly affected by elevated temperatures across all datasets (figure 3) during the nighttime at 01:00 hrs
(min: —1.6 °C, max: 2.9 °C), when the UHI effect is most pronounced (Voogt and Oke 2003), and further
magnified using the upper 90th percentile of Ta (min: —1.7 °C, max: 3.4 °C). With the inclusion of RH in the
form of the Humidex the overall spatial pattern stays consistent, while the contrast between urban and rural
areas is enhanced. The magnitude of positive urban-rural intensity differences are amplified, indicating that the
urban population experiences higher stress levels than anticipated based on air temperature alone, although the
total percentage of the population living in areas with positive urban-rural intensity differences during the
daytime is reduced considering AHumidex instead of ATa. For the daytime the UHI effect is only evident in the
ALST dataset, although the contrast between densely and sparsely populated areas is still most prominent
during the nighttime. Thermal comfort values based on PET are generally homogeneously distributed across
land cover zones but become increasingly inhomogeneous, with a tendency toward discomfort, in built-up areas
at the 1 km spatial scale. However, this resolution is too coarse to resolve individual buildings and shading
effects, which significantly influence thermal comfort in urban environments.

The distribution of diurnal urban-rural intensity differences varies across the different urban and land cover
zones defined by the LCZs. In the compact urban zones (LCZ 1-3) (figure 4(a)) the distribution is positive
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Figure 3. Scatterplots of the urban-rural intensity differences based on Ta (a), Humidex (b), LST (c) and PET (d). Especially for urban
areas based on the Local Climate Zones 1-3 with a high population density urban-rural intensity differences are elevated during the
night.

skewed, with the Humidex and Ta 90th percentile datasets showing an additional small peak at the higher end of
the temperature range. The mean AT in these zones are 1.03 £ 0.98 °C (Ta), 1.26 &= 1.09 °C (Ta (90th)),

0.89 £ 1.29 °C (Humidex) with ranges from —0.53 to 2.94 °C (Ta), —0.06 to 3.43 °C (Ta (90th)), —0.88 to

4.17 °C (Humidex). Although these areas can experience cooling, on average, temperatures are higher than the
baseline across the three datasets and are susceptible to episodes of extreme heat. In the open urban zones (LCZ
4-6) (figure 4(b)), the temperature distribution is nearly normal, indicating relatively balanced variations
throughout the day. The values range from —1.83 °Cto 4.33 °C (Humidex), —1.60 °Cto 2.81 °C(Ta), and
—1.70 °Ct0 3.30 °C (Ta (90th)) while the mean AT for these zones are —0.03 °C 4 0.62 °C (Humidex),

—0.00 °C £ 0.48 °C(Ta), and —0.01 °C 4-0.56 °C(Ta (90th)). While there are some fluctuations between the
urban-rural intensity differences, they are not as extreme as in the compact urban zones. The lower variability
also suggests that the microclimates in these zones are more stable, reducing the likelihood of temperature-
related stress on the urban population. However, the range of temperatures still indicates the potential for
elevated heat stress during the hotter periods of the day. In contrast, the distribution of urban-rural intensity
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Figure 4. Distribution of diurnal urban-rural intensity differences for compact urban zones (LCZ 1-3) (a) open urban zones (LCZ 4-6)
(b) and land cover zones (LCZ A-F) (c) across the datasets Humidex, Ta (mean and 90th percentile).

differences in the land cover type zones (LCZ A-F) (figure 4(c)) exhibit a shift towards colder temperatures
compared to baseline. The temperatures range from —2.94 °C to 3.81 °C (Humidex), —2.61 °Ct02.10 °C(Ta),
and —2.60 °C to 2.60 °C (Ta 90th) with mean temperatures of —0.30 °C +0.46 °C (Humidex), —0.24 °C
=+0.34 °C(Ta), and —0.28 °C £0.38 °C (Ta (90th)).

3.2. Temporal development under consideration of LCZs

The temporal development of the UHIs based on the ATa dataset follows the expected trend as described by
(Stewart and Oke 2012), with urban-rural intensity differences being stronger at night than during the day
(figure 5) and with higher positive anomalies for built-type zones, however based on the ALST dataset these
unique patterns are not as distinguishable. For the ATa and AHumidex datasets the temporal pattern is similar.
The mean of the urban-rural intensity differences of the open and compact urban zones (LCZ 1-6) consistently
shows a positive sign with a sinusoidal day-night curve, while other built type zones follow a different, more
linear pattern (LCZ 7-10), with land cover type zones (LCZ A-F) forming a slight inverse pattern. Some LCZs,
such as Zone 3, have few or no data points (figure S1) and are therefore considered outliers in this analysis.
Employing the upper 90th percentile instead of the mean leads to higher positive intensities with longer
durations for the open and compact urban zones, while the remaining zones show no discernible differences.
The distinction between the LCZs is strongest for the urban-rural intensity differences based on the AHumidex.
Although the MODIS LST dataset provides only four distinct local overpass times, the overall trend remains
observable, showing similar development patterns across all zones.

During the daytime mean urban-rural intensity differences in the compact urban zones are moderate and
with minor fluctuations during the day and at nighttime higher with greater variability. In open urban zones, the
daytime urban-rural intensity differences are close to the baseline with low variations and at night only slightly
elevated (table S2). There is greater variability when considering the upper 90th percentile of Ta.

The percentage of time that urban temperatures exceed rural baseline levels is consistently higher in urban
areas (figure 6), with mean values of 3.8 h and 2.8 h of the diurnal cycle for AHumidex and ATa, respectively,
compared to 0.7 h and 0.4 h in rural areas. When considering the Ta 90th percentile, the difference to the
AHumidex is reduced, with urban areas being hotspots for 3.6 h and rural areas for 0.6 h of the diurnal cycle.

3.3. Comparison between the heat metrics

The Pearson correlation coefficient is calculated between urban-rural intensity differences at night and daytime,
excluding PET, for which the direct input parameters are used. The relationship between ALST and ATais
stronger during the night (r = 0.43) compared to the day (r = 0.24). This aligns with the understanding that LST
and Ta describe different physical properties. During the daytime, a strong positive correlation is observed
between ALST and PET (r = 0.49). For nighttime, since no PET values are available, the correlation is calculated
instead between nighttime ALST and daytime PET (r = —0.35). Additionally, a high positive correlation is
found between nighttime ALST and AHumidex (r = 0.47), while the correlation during the daytime is weaker
(r =0.22). However, the relationship between these parameters is not constant across all LCZ and varies
depending on the specific urban morphology and land cover characteristics of each LCZ (figure S3).

3.4. Heat extremes in the hottest regions of Hesse

To assess the different heat metrics in the context of heat extremes, we first identify the hottest regions in Hesse
based on multiple thermal metrics (PET, ALST (1:00) using the 90th percentile, AHumidex (1:00) using the
90th percentile, hot and very hot days, number of heat wave days and heat wave events) based on a simple
ranking score. Using the mean and also the max values per district the district ‘City of Frankfurt am Main’ (figure
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Figure 5. Temporal development of the mean and standard deviation per hour of the urban-rural intensity differences per LCZ based
on Humidex (a), (b), Ta (c), (d) and LST (e), (f).

S5) is identified as the hottest region across all analysed parameters. Between 2014 and 2022, the percentage of
vulnerable individuals and heat-related emergency deployments increased, indicating a growing risk due to heat
(Steul et al 2023) within the city. In this district, the strongest correlation with the number of heat wave events
and heat wave days is observed in the LST dataset, while the number of (very) hot days aligns most closely with
the Humidex dataset (table 1), which is expected, as both parameters are derived from air temperature as a
common input variable. With the exception of the PET dataset an urban heat island effect is evident in figure S5.
However, for LST and heat waves, the peak values appear to be spatially shifted toward the east.

The correlation analysis for the district ‘City of Frankfurt am Main’ (table 1) shows a strong relationship
between LST anomalies and very hot or hot days, while correlations with heat wave days and events are notably
weaker. However, when the focus shifts from just one of the hottest districts to include additional regions with
fewer thermal extremes, the relationship weakens (figure 7). This suggests that LST-based metrics are most
effective for identifying urban heat hotspots when the area is of high risk of thermal stress. In these cases, LST isa
valuable tool for mapping heat-exposed areas. While LST anomalies are effective for identifying localized heat
stress like very hot days, they may not fully capture the dynamics of prolonged heat waves when relying on
aggregated data. For all analysed parameters, the relationship with the occurrence of (very) hot days is generally
stronger than with the occurrence of heat waves, whether considering singular events or cumulative exposure.
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Figure 6. The percentage of time an area is considered colder (AT < 0.5) based on ATa (a) and AHumidex (d) or neutral (AT between
—0.5t00.5) based on ATa (b) and AHumidex (e) per daily 24 h cycle or hotter (AT > 0.5) based on ATa (c) and AHumidex (f) per
daily 24 h cycle. Urban areas (e.g. Kassel and Frankfurt) are hotspots for most of the time of the day based on Ta (h), which are

Table 1. Correlation between heat extreme events and heat
parameters such as PET (13:00), ALST (90th percentile, 01:00) and
AHumidex (90th percentile, 01:00). High correlations are found
between ALST and (very) hot days, but not for heat wave events or

days for the district ‘City of Frankfurt am Main’.

PET AQO‘hLST AQO[hHumidex
heat wave events —0.07 0.31 0.00
heat wave days —0.06 0.18 —0.08
very hot days 0.22 0.69 0.95
hot days 0.04 0.69 0.72
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Figure 7. The correlation between temperature metrics—PET (14:00), Ag, LST (01:00), and Agg,Humidex (01:00)—and the
occurrence of extreme temperature events, including hot days (a), very hot days (b), heat wave events (¢c), and the number of heat wave
days (d), is analysed. The districts are ranked based on their mean temperature extremes score, with each subsequent district added
sequentially to the analysed region. The regions ranked as the hottest districts show a stronger correlation with ALST, while the
relationship weakens as colder regions are included.

4. Discussion

The datasets used in this study differ in terms of data sources and acquisition methods, with unique inherent
uncertainties, which complicate direct comparisons and require careful interpretation of results. Although,
ideally, datasets should be as comparable as possible, the limited spatiotemporal coverage of heat stress
parameters still presents a challenge. A spatial scale of 1 km still represents a relatively low resolution when
considering thermal comfort, as it may not fully capture local variations. Although solar radiation is
incorporated in the PET model, factors like shading from buildings or vegetation introduce significant
variability, making these parameters highly localized and dependent on specific micro-environments. Some
LCZ are under represented in this study, therefore an extension to other regions would improve the zone specific
results.

An UHI effect based on the thermal comfort index PET dataset can not be observed, however the UHI effect
is visible within the Humidex dataset during nighttime, as well as in the Ta and LST datasets. Different thermal
comfort indices assign varying weights to the influence of independent variables (Simpson et al 2023), and thus
the relationship to LST might differ. While the overall spatial pattern of urban-rural intensity differences
remains consistent with the inclusion of Humidex, it provides a clearer distinction between urban and rural
areas, providing a more detailed and distinct representation of their thermal profiles and properties, though with
increased variability. The temporal development of the UHI, based on Ta and Humidex, aligns in general with
the description of Stewart et al (2021). The characteristic ‘spoon shape’ is visible in compact and open urban
zones (LCZ 1-6), while alinear or inverse spoon pattern emerges in the remaining LCZs. Urban areas experience
higher positive urban-rural intensity differences for alonger duration throughout the diurnal cycle with high
variability, while land cover zones show a stable and relatively cool temperature profile.
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We find, that nearly on third of the population (30.4% (Ta), 25.6% (Humidex), 34.7% (LST)) within Hesse
lives in areas with elevated temperatures compared to baseline both during the daytime and the nighttime.
Compact urban zones (LCZ 1-3), which already exhibit moderate urban-rural intensity differences during
normal conditions, experience higher daytime anomalies during extreme heat conditions. During such events
nighttime cooling deficits are prolonged, especially in densely populated built-up zones (LCZs 1-6), although
urban-rural intensity differences are consistently exceeding baseline values across all datasets (Ta, Ta 90th
percentile, and Humidex) within these areas. Open urban zones (LCZ 4-6) show more balanced and moderate
variations throughout the day, indicating that these zones are less prone to extreme temperature fluctuations,
although heat stress is still elevated compared to land cover type zones with a low population density. Urban-
rural intensity differences during the day are moderate, while nighttime anomalies exhibit high variability. This
aligns with the findings of (Tungman et al 2024), which show that compact cities in Europe exhibit a stronger
UHI effect compared to lower-density cities; although, our analysis focuses on the intra-city level density.
However, when analysing the ALST dataset, which only captures four specific local overpass times, the patterns
are less distinct, particularly in the built-up areas.

Although alternative sources for LST, such as Landsat-8, provide LST at a fine 30 m resolution, its temporal
coverage is limited. Nighttime LST is strongly correlated with Ta (Naserikia et al 2024), and the nighttime UHI
effect is strongest. MODIS offers long-term LST records but at a coarser 1 km resolution. Despite this limitation,
it still improves upon the low spatial resolution of geostationary satellites, which prioritize high temporal
resolution, capturing diurnal temperature variations more frequently. However, MODIS is restricted to a few
observations per day and is dependent on clear-sky conditions, leading to potential data gaps and biases due to
cloud cover. Although MODIS Aqua is chosen for its higher likelihood of detecting minimum and maximum
temperature deviations (Crosson et al 2012), it may not accurately capture the true minimum and maximum
temperatures (Sara and Rajasekaran, 2025). While diurnal temperature cycle (DTC) models and spatial
downscaling techniques (Lai et al 2018, Sara et al 2024) can generate high resolution and continuous time-series
data, this study focuses on direct observations, as these models can introduce additional uncertainties in urban
areas where complex surface heterogeneity and sensor view angles already affect the accuracy of LST products
(Trebs et al 2021). Future satellite missions, such as the proposed Land Surface Temperature Monitoring (ESA
and CEQOS 2025) mission by the European Space Agency, could provide higher-resolution and more frequent
thermal observations, enhancing the monitoring and analysis of urban heat island effects.

Radiation-related parameters, such as PET and ALST, exhibit greater heterogeneity, and their relationship
with other heat metrics (ALST, ATa, AHumidex) varies depending on the time of day and urban morphology.
Similar to previous studies comparing absolute LST and Ta (Naserikia et al 2024), we found lower correlation
between ALST and both ATa and AHumidex during the day than during the night. While LST is commonly
used to approximate Ta, stronger correlations are found with PET during the day and with AHumidex at night.
This could be explained by the inclusion of solar radiation in PET, which reflects surface heating influenced by
solar radiation (Ghausi et al 2023).

Steul et al (2018) demonstrated a link between heat wave duration and excess mortality, suggesting that
duration is a better indicator of excess mortality than temperature alone during heat waves in Frankfurt.
However, our analysis found a weak correlation between the analysed parameters and heat wave days and events,
while the relationship with (very) hot days was slightly stronger. Although Agathangelidis et al (2022) found an
increasing correlation between LST and the progressing heatwaves in our temporally aggregated data, this
pattern is not evident. Instead, we observe a slightly higher correlation between LST and the number of heatwave
events in Frankfurt compared to the correlation with the number of heatwave days, although this trend is not
consistently observed across all regions. This aligns more with the the findings of Sara and Rajasekaran (2025),
who found that the coarse resolution of about 1 km LST is not capable of capturing the effects of heat waves,
whereas the application of DTC modelling allows the generation of high resolution LST, making it suitable for
identifying heat wave effects. This highlights the need to incorporate additional factors to more accurately assess
prolonged heat wave risks, rather than relying solely on coarse resolution LST. Nevertheless, in areas
experiencing high temperature stress, LST-based metrics serve as a useful proxy for identifying urban heat
hotspots, making them valuable for mapping heat-exposed areas and informing mitigation strategies.

While LCZ classification and census-based population density provide a baseline for heat exposure risk, they
overlook human mobility and urban function. Commuting patterns and daily activities influence actual
exposure, requiring a more dynamic assessment. Thermal comfort metrics based on population averages fail to
account for vulnerable groups such as the elderly and children (Wallenberg et al 2023), whose spatial
distribution, near schools or nursing homes, affects risk. Since thermal comfort is influenced by personal factors
(such as clothing or activity level) as well as environmental factors (such as shading from solar radiation), both
aspects should be considered for climate adaptation. Additionally, higher temperatures in compact, high-
density cities intensify UHI effects and elevate air pollution levels, exacerbating mortality risks (Ilungman et al
2024). When considering human health in climate change scenarios, indirect effects must also be taken into
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account. Future studies should therefore also focus on the inclusion of urban form, demographics, and multi-
hazard interactions for effective heat mitigation and adaptation strategies.

5. Conclusion

In this study we focus on urban-rural intensity differences for the comparison of LST, Ta, and the thermal
comfort metrics PET and Humidex. The analysis is conducted for the region of Hesse, Germany, at a spatial
resolution of 1 km over a full decade (2011-2022), using hourly averages or the 90th percentile of the available
data from the summer months June, July and August.

Our results indicate that, although LST is commonly used to approximate Ta, it has limitations in capturing
the distinct patterns between the LCZs and its correlation with Ta is generally weaker during the daytime
compared to nighttime. Higher correlations are observed with PET during the day and with AHumidex at night,
as well as with (very) hot days, whereas the association with the location and duration of heat wave events
remains weak. This indicates that while LST anomalies are effective for identifying localized heat stress, they may
not fully capture the dynamics of prolonged heat waves when relying on aggregated data. The inclusion of RH in
the form of AHumidex allows for clearer distinctions between the LCZs than on ATa alone and additionally
shows a magnification of the UHI effect for densely built up areas. Relying solely on LST or Ta may
underestimate the heat stress experienced by urban populations. This is crucial since nearly one third of the
population in Hesse lives in areas with elevated temperatures both during the daytime and at night compared to
baseline temperature. Especially the population in compact urban zones (LCZ 1-3) experiences high urban-rural
intensity differences, with prolonged nighttime cooling deficits, while open urban zones (LCZ 4-6) exhibit more
moderate heat stress but still show elevated nighttime anomalies.

Future studies should integrate urban form, demographics, and multi-hazard interactions with
socioeconomic data to identify vulnerable populations. Combining these data with heat parameters could
provide a more comprehensive understanding of heat stress distribution, essential for the targeted
implementation of heat mitigation strategies.
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