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Abstract

Globally, increasing air moisture can limit not only the human body’s ability to cool
down, but also that of the Earth’s surface. This interaction, however, remains understud-
ied—especially across subtropical-to-tropical regions that experience high levels of hu-
midity. Here, we examine how air moisture influences nighttime land surface temperatures
(LSTs), as well as what this interaction means for thermal comfort overnight. During
summer months across seasonally muggy Southern Florida, during which time air mois-
ture reaches the highest values of any place in the United States, we examine: 1) how air
moisture, measured as specific humidity, varies with urbanicity and geography; 2) whether
air moisture limits LST cooling at night; and 3) the implications of increased air mois-
ture and nighttime LSTs for thermal comfort overnight. Based on data from 30 weather
stations, we find that nighttime LST remains higher and closer to daytime highs in areas
with increased specific humidity, highlighting a decreased surface cooling phenomenon
in more humid areas. Both urban and coastal areas exhibit higher nighttime LSTs that
are strongly related to thermal discomfort—also resulting in more time spent at or above
critical thresholds for thermal discomfort overnight. This analysis therefore underscores
the importance of heat mitigation and adaptation strategies that reduce LSTs and anthro-
pogenic heat inputs in seasonally muggy climates in order to increase thermal comfort,
especially near coastlines at lower latitudes.
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1 Introduction

Across subtropical-to-tropical regions, heat hazards are exacerbated by the presence of
high amounts of air moisture (i.e., water vapor), especially during the warm season (Ray-
mond et al. 2020). Increased air moisture can limit cooling of the human body, reducing
thermal comfort and increasing heat stress (Baldwin et al. 2023; Di Napoli et al. 2023;
Hanna and Tait 2015; Matthews 2018; Zhang et al. 2023). These thermal environments are
typically characterized by “muggy” dew point temperatures, which are frequently used as
meteorological proxies for the humidity of the air—that is, the amount of water vapor the air
holds. For example, in “seasonally muggy” climates, where average dew point temperatures
remain above 65 °F (~18.3 °C) during the warm season, the air is considered to contain
what the U.S. National Weather Service has labeled “muggy” to “oppressive” amounts of
air moisture, associated with dangers to human health (NOAA n.d.-a).

As compared to more arid climates, regions with seasonally muggy climates can have
additional consequences for heat hazards overnight through more limited nighttime cooling
(Feng et al. 2020; Hwang 2024; Li et al. 2019; Yin et al. 2020). Effective radiative cooling
of land surfaces can be inhibited by an intensified greenhouse effect, where higher con-
centrations of water vapor absorb and reemit more longwave radiation back to the surface
(Chang and Zhang 2019; Dai 2006; Dong et al. 2019; Held and Soden 2000; Hossain and
Gu 2016; Liu et al. 2019; Sherwood et al. 2018). Such a phenomenon is significant in areas
that exhibit elevated land surface temperatures (LSTs) (e.g., surface urban heat islands)
(Athukorala and Murayama 2020; Haashemi et al. 2016; Lemoine-Rodriguez et al. 2022;
Manoli et al. 2020; Muse et al. 2022, 2024; Peng et al. 2012; Wu et al. 2019; Zhou et al.
2019) and in coastal areas that are near sources of abundant air moisture (Raymond et al.
2021; Virmani and Weisberg 2005; Yang et al. 2023). In the absence of solar radiation, the
surface is a primary source of energy to heat the air of the lower atmosphere (Bechtel 2015;
Hulley et al. 2019; Tomlinson et al. 2011). With increased air moisture, elevated nighttime
LSTs may, in turn, increase nighttime surface air temperatures (SATSs; the ambient tempera-
ture that humans experience) and other measures of thermal comfort (e.g., heat index, wet
bulb temperature) (Chung et al. 2020; Hulley et al. 2019; NOAA and CDC 2024; Shandas et
al. 2019; Yao et al. 2011; Zeng et al. 2015). These factors could also potentially exacerbate
daytime heat hazards into the following day (Muse et al. 2024). Such a thermal environment
in seasonally muggy climates can be dangerous to human health, as stress on the body is
exacerbated by a lack of respite from heat hazards across the diurnal cycle (Di Napoli et al.
2023; He et al. 2022; Raymond et al. 2021; Rogers et al. 2021). These relationships among
air moisture, LST, and thermal comfort, however, remain understudied across regions with
seasonally muggy climates.

Understanding the relationships among air moisture, LST, and thermal comfort can
inform heat response priorities in seasonally muggy climates. If thermal comfort is decreased
as a result of higher nighttime LSTs in seasonally muggy climates, reducing surface absorp-
tion of daytime solar radiation in ways that ensure that air moisture is not further increased
becomes an important consideration for local heat mitigation. Such a consideration would
be of increased importance in muggy climates as opposed to drier climates, where a dry
atmosphere more freely allows for the reemission of longwave radiation through the lower
atmosphere. Potential response options include the expansion of tree canopy cover focused
on species with lower evapotranspiration rates (Chafer et al. 2020; Qiu et al. 2013; Yang et
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al. 2023; Zhang and Dai 2022), measures to increase albedo or surface reflectance (Akbari
et al. 2001; Priyadarsini et al. 2008; Taha et al. 1988), or cool roofs (Takebayashi and Mori-
yama 2007; Wang et al. 2022; Zonato et al. 2021). These response options can also improve
thermal comfort during the day for outdoor workers and commuters using public transit
(e.g., at bus and train stops). In addition, these responses can reduce the need for energy-
dependent cooling methods such as air conditioning and thereby decrease energy burdens,
emissions, and heat inputs into urban heat islands (UHIs) (Akbari et al. 2001; ‘Cathy’ Li et
al. 2024; Mohammed et al. 2024; Taha et al. 1988; Zhao and Zhang 2023). Further, ensuring
that buildings and homes are weatherized in ways that maintain cooler and drier air indoors,
as well as limit contributions of excess heat to the lower atmosphere, is also of high priority
in seasonally muggy climates, where nighttime outdoor temperatures are a greater hazard
(Litardo et al. 2022; NOAA and CDC 2024; Stone and Rodgers 2001; Turek-Hankins et al.
2025; Vijayan et al. 2022; Yurchenko et al. 2019).

Using the case of seasonally muggy Southern Florida, this study seeks to examine the
relationships among air moisture, LST, and thermal comfort across summer months (June—
August, 2015-2024) when local dew points remain above 22 °C, on average. With data from
30 quality-controlled weather stations, we ask: 1) How does air moisture vary with urbanic-
ity and geography across summertime, tropical Southern Florida? Urbanicity is measured as
impervious surface, and geography as latitude and proximity to the coast. 2) Does air mois-
ture limit LST cooling at night? And 3) what are the implications of increased air moisture
and nighttime LSTs for thermal comfort at night in this seasonally muggy climate, where
thermal comfort is assessed through three commonly used measures: SAT, heat index, and
wet bulb temperature. The results of this study provide insight into factors that can exac-
erbate heat exposures in regions that experience seasonally muggy climates, which can
inform appropriate heat mitigation and risk reduction strategies. In addition, this study has
important applications for future climate adaptation planning as water vapor concentrations
increase under the implications of a warming climate. Seasonally muggy, subtropical-to-
tropical regions with increased air moisture may require unique heat responses as compared
to more arid or temperate regions.

2 Materials and Methods
2.1 Study area

The Southeastern United States is, on average, the warmest and most humid region of the
country (Carter et al. 2018). With an annual mean temperature of 21.5 °C (70.7 °F), Florida
is not only the warmest state in the Southeast region but also the warmest across the con-
tinental United States (National Oceanic and Atmospheric Administration 2023). The state
also experiences the country’s highest nighttime, or minimum, temperatures (US Depart-
ment of Agriculture 2023). While most of the state falls under a humid subtropical clas-
sification (Cfa), Southern Florida, the focus area of the study, experiences the most tropical
climate across the continental United States during summer months (K&ppen-Geiger cli-
mate classifications: Aw: tropical savanna, Am: tropical monsoon, and Af: tropical rainfor-
est) (Beck et al. 2023; Kottek et al. 2006) (Fig. S1). Florida’s unique geography along the
peninsula greatly influences the state’s climate and weather conditions (Cloutier-Bisbee et
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Fig.1 Mean summer (June—August, 1991-2020) specific humidity (g/kg) across the eastern United States
(a) and seasonally muggy Southern Florida, the area of study (b). (a) The northern contour line highlights
the 13 g/kg threshold for mean summer specific humidity, while the southern contour line highlights the
16.5 g/kg threshold; these are approximately equivalent to dew point temperatures of 18 and 22 °C (65
and 72 °F). The black box highlights the area of study. (b) Stars indicate the 30 weather stations used for
analysis across Southern Florida

al. 2019; Winsberg 2011). The Gulf of Mexico to the west and the Atlantic Ocean to the east
maintain the U.S.’s highest levels of air moisture across the state, especially during summer
months (Fig. 1) (Zierden and Griffin 2014).

2.2 Data

LST data from the Moderate Resolution Imaging Spectroradiometer (MODIS) instru-
ment were retrieved from the NASA Terra satellite. The MODIS instrument orbits Earth
at 1-to-2-day cycles, capturing LST data at 1-kilometer resolution within 36 spectral bands
(National Aeronautics and Space Administration 2023). More specifically, MOD11A2 Ver-
sion 6 data were used, where each 1-kilometer pixel represents an average 8-day LST value
in Kelvin (Wan et al. 2015). Although other satellites such as Landsat and ECOSTRESS
capture LST data at higher resolution, MODIS captures both daytime and nighttime LST
most consistently and with the highest spatial coverage. MODIS data are cloud masked
before download from the USGS EarthExplorer website (USGS 2023), and the 8-day aver-
age LST provides the best surface coverage with reduced cloud interference. The Florida
peninsula falls within horizontal tile 10 and vertical tile 6 of the Terra satellite’s record
database. 119 scenes were downloaded and utilized for this study.

Automated Surface Observing System (ASOS) network weather station data were
retrieved from the lowa Environmental Mesonet (Iowa State University 2023) for 30 South-
ern Florida weather stations (Fig. 1; Table S1). Daily SAT and parameters for the calcula-
tion of specific humidity and other thermal comfort indices were downloaded for summer
(June—August) 2015-2024 at hourly intervals for each weather station.

Available impervious surface data for 2017, 2019, 2021, and 2023 were downloaded
from the National Land Cover Database (NLCD) at 30-meter resolution (National Land
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Cover Database 2023). Each 30x30m pixel value represents a percentage of impervious
surface (0—100%) for that area.

2.3 Methodology

This study used airport weather station data and MODIS satellite imagery to examine the
role of air moisture for nighttime cooling across the seasonally muggy Florida peninsula
during summer months (June—August, 2015-2024). LST data, processed in ArcGIS Pro
software (Environmental Systems Research Institute (ESRI) 2021), were converted to Cel-
sius (°C) with a scale factor of 0.02. Statistical analyses were performed to explore modulat-
ing factors for specific humidity, nighttime LST, and diurnal LST (defined as the difference
between daytime and nighttime LST) across the study region. Nighttime and diurnal LSTs
were then examined to understand the roles that air moisture and geographical factors (urba-
nicity, latitude, proximity to coast) play in potentially limiting surface cooling overnight.
The relationships between nighttime and diurnal LST and thermal comfort indices (SAT,
heat index, wet bulb temperature) were also explored. All statistical analyses were per-
formed in R (Posit team 2024).

2.3.1 Specific Humidity

Specific humidity (g) is the mass of water vapor per mass of moist air (American Meteoro-
logical Society 2022). As opposed to dew point temperature (°C), the amount of moisture
in the air is quantified as specific humidity (g/kg)—the ratio of the mass of water vapor to
the mass of moist air. Specific humidity in Fig. 1 was calculated from Parameter-clevation
Regressions on Independent Slopes Model (PRISM) Climate Group dew point data at 800-
meter resolution using elevation and barometric pressure (European Centre for Medium-
Range Weather Forecasts (ECMWF) n.d.; National Science Foundation and MetPy n.d.;
PRISM Climate Group 2023). For airport station data analysis, specific humidity was calcu-
lated utilizing equations from Bolton (1980):

17.67 % Ty

e = 6.112(exp(m

)

where e represents vapor pressure in millibars, and T, represents the dew point temperature
(°C). With e, g can be calculated in g/kg:

0.622
__(0622x¢) n00,
(p—(0.378 x €))
where p represents the surface pressure in millibars. Limitations for using Bolton’s equation
to determine specific humidity (i.e., temperatures outside —35 °C to 35 °C) did not apply to
this study’s analysis.
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2.3.2 Wet bulb temperature

Wet bulb temperature (77,) (closely related to Wet Bulb Globe Temperature (National
Oceanic and Atmospheric Administration n.d.) represents the lowest possible temperature
to which the SAT (also known as dry bulb temperature) can be cooled via evaporation
(National Wildfire Coordinating Group n.d.) Such a measure is important because it can
indicate how much the human body is able to cool down via the evaporative cooling of
sweat. At 100% relative humidity, the wet bulb temperature is equal to the SAT, as the air
cannot be cooled further via evaporation due to saturation. Wet bulb temperature (°C) was
estimated using an equation from Stull (2011):

T, = Ttan~'(0.151977VRH + 8.313659) + tan (T + RH) — tan~ ' (RH — 1.676331)
+0.00391838v/RH tan! (0.023101 x RH) — 4.686035,

where T represents SAT (°C) and RH represents relative humidity (%).
2.3.3 Statistical analysis

Multiple linear regression was performed to examine the relationships that specific humid-
ity, nighttime LST, and diurnal LST share with relevant predictor variables across Southern
Florida. Predictor variables included proximity to the coast (kilometers), impervious sur-
face (%), latitude (for specific humidity), and daytime LST (°C). Average specific humidity
was calculated at each station (2015-2024) from daily observations. Impervious surface
represents the mean value of pixels (% impervious surface) aggregated within a 1-kilome-
ter (km) buffer around a weather station. Variance inflation factors (VIFs), key metrics of
multicollinearity or a predictor variable’s level of correlation with other predictor variables
in a multiple regression model, were calculated to ensure the quality of analysis (Murray et
al. 2012). High VIF values (VIF >5) indicate inflation of the variance of a variable’s coef-
ficient, potentially resulting in a misrepresentation of the predictor variable’s impact on the
dependent variable.

Average nighttime (12 AM local time) specific humidity values (June—August, 2015—
2024) were compared to mean nighttime LST (12 AM) values measured at each station.
Mean daytime and nighttime LST pixels were calculated for 2015-2024 across Southern
Florida. Mean LST pixels were then aggregated to their mean value within a weather sta-
tion’s 1-km buffer for analysis with specific humidity and predictor variables. Diurnal LST
was calculated by subtracting mean nighttime LST pixels from daytime LST pixels within
weather station 1-km buffers. Pearson's correlation was used for comparative analysis.

To understand the role that nighttime LST plays in nighttime thermal comfort, nighttime
LST was compared to nighttime SAT, heat index, and wet bulb temperature at each station.
Since MODIS nighttime imagery is captured at 12 AM, nighttime LST was compared to
12 AM SAT, heat index, and wet bulb temperature observations. The relationships between
thermal comfort and factors that contribute to increased specific humidity and LSTs were
also examined, with implications for understanding where nighttime thermal stress may be
most elevated.
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3 Results
3.1 Modulating factors for specific humidity

In Southern Florida, specific humidity increases with decreasing latitude and increased
proximity to the coast, as expected. Although this trend is not obvious to the eye in Fig. 2a,
especially north of the Florida Keys, multiple regression analysis shows latitude (—0.344)
and proximity to coast (—0.41) as statistically significant predictor variables for air mois-
ture across the study region (Table S2). Also shown as statistically significant in the mul-
tiple regression model for specific humidity is the interaction between geographical factors,
latitude, and proximity to the coast, where specific humidity increases with simultaneous
decreasing latitude and distance to the coast. The four weather stations located in the Florida
Keys (EYW, K70, MTH, NQX) are a key example of this interaction effect, as Florida Keys
stations are located at an average latitude of 24.79 °N and sit at an average proximity to the
coast of 0.76 km. Together, the archipelagic geography and low latitude of the Florida Keys
result in the highest specific humidity observations of the study region, with an average
value of 18.8 g/kg across the study period (2015-2024). For context, specific humidity’s
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Fig. 2 Nighttime LST and specific humidity across Southern Florida, as well as specific humidity’s rela-
tionship with nighttime and diurnal LST. (a) Each circle represents the average daily summer (June—Au-
gust, 2015-2024) specific humidity observed at each station. Each 1-km LST pixel represents the mean
nighttime (12 AM) LST value for that location over the study period. (b) Each data point represents an
average summer-specific humidity value observed at each weather station versus the mean summer night-
time LST value within a 1-km buffer around the corresponding weather station, colored by latitude. (¢)
Each data point represents an average summer-specific humidity value observed at each weather station
versus the mean summer diurnal LST value within a 1-km buffer around the corresponding weather sta-
tion, colored by mean impervious surface (%). Grey shading around the regression lines indicates a 95%
confidence interval
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daily average (June—August, 2015-2024) across all weather stations (n = 30) is 18.1 g/kg.
Urbanicity, the third predictor variable for air moisture used in the analysis, was statistically
insignificant in the multiple regression model (Table S2, S3).

3.2 Nighttime and diurnal LST

Across the study region, nighttime LSTs remain higher where air moisture concentrations
are increased, at a rate of 1.2 °C per unit (g/kg) increase of specific humidity (Fig. 2b).
This finding was supported by multiple regression analysis, with other predictor variables
(proximity to coast and imperviousness) held constant (Table 1). Proximity to the coast is
also a statistically significant predictor variable for nighttime LST, where nighttime LST is
predicted to decrease by 0.02 °C per kilometer of distance away from the coast. Surpris-
ingly, there was also no significant relationship found between nighttime LST and imper-
viousness. Although urban nighttime LSTs are generally higher in more urban areas, mean
nighttime LSTs in more rural areas remain within 1 °C of urban nighttime LSTs (Table S3).
Daytime LST, a measure typically highly and positively correlated with imperviousness,
also exhibits a positive relationship with nighttime LST (Table 1). For every 1 °C increase
in daytime LST, we can expect nighttime LST to increase (or remain higher) by 0.18 °C.
Such a finding is not surprising, as the warmth of the surface during the daytime can play
a significant role in how warm the surface remains at night. Like specific humidity, night-
time LST is also highest on average (26.0 °C) across Florida Keys weather stations (24.9 °C
across all weather stations).

Like nighttime LST, the differences between daytime and nighttime LSTs (diurnal LSTs)
exhibit a statistically significant relationship with specific humidity across the study region,
as diurnal LSTs are smaller where specific humidity is increased. Fig. 2¢ displays the rela-
tionship between diurnal LST and specific humidity across the 30 weather stations, where
differences in daytime and nighttime LST decrease by 3 °C per unit increase in air mois-
ture (g/kg). Multiple regression analysis supports this correlation. When holding latitude,
imperviousness, and coastal proximity constant, diurnal LST decreases by 2.798 °C per g/
kg increase in specific humidity (Table 2). Impervious surface has an opposite, statistically
significant effect on differences in daytime and nighttime LST (0.04 °C increase per percent

Table 1 Southern Florida nighttime LST (°C) vs predictor variables. The relationships between nighttime
LST and average specific humidity, proximity to coast, mean daytime LST, and mean imperviousness are
provided, as measured at weather stations (n = 30). Each coefficient can be interpreted as a change in night-
time LST (°C) per a unit change in a variable, while other variables are held constant (e.g., one kilometer
increase in distance to the coast equals a 0.022 decrease in nighttime LST (°C))

Independent Variable Coefficient Std. Error p-value VIF
Average Specific Humidity (g/kg)* 1.111 0.313 p=10.002 1.439
Proximity to coast (km)* —-0.022 0.006 p=10.002 1.239
Mean Daytime LST (°C)* 0.175 0.060 p=10.007 1.381
Mean Impervious Surface (%) —0.000 0.007 p=0.986 1.222
*Statistically
significant
(p<0.05)
Constant Adjusted Model
R-Squared p-value
—0.895 0.60 p=0.000
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Table2 Southern Florida difference in mean daytime and nighttime (diurnal) LST (°C) vs predictor variables.
The relationships between diurnal LST and average daily specific humidity, mean imperviousness, and prox-
imity to coast are provided, as measured at weather stations (n = 30). Each coefficient can be interpreted as a
unit change in diurnal LST per a unit increase in a variable, while other variables are held constant (e.g., one
percent increase in mean imperviousness equals a 0.039 °C increase in diurnal LST)

Independent Variable Coefficient Std. Error p-value VIF
Average Specific Humidity (g/kg)* —2.798 0.82 p=10.002 1.219
Mean Impervious Surface (%)* 0.039 0.018 p=0.035 1.007
Proximity to coast (km) 0.012 0.018 p=0.513 1.222
*Statistically
significant
(p<0.05)
Constant Adjusted Model
R-Squared p-value
57.88 0.38 »=0.001

increase in mean imperviousness), signifying a wider range of diurnal LST in more urban
areas.

3.3 Implications for thermal comfort

Thermal comfort, as measured by SAT, heat index, and wet bulb temperature, decreases
across Southern Florida weather stations with increasing proximity to the coast (Fig. 3a,
b, ¢). This finding is similar to nighttime LST, which exhibits a negative relationship with
proximity to coast across the study region (Table 1). Heat index values across weather sta-
tions increase at the greatest rate per kilometer decrease in distance to the coast (0.06) (Fig.
3b). 93% of weather stations within 25 kilometers of the Southern Florida coast exhibit
average nighttime heat index values of “caution” (27 °C, as defined by the National Weather
Service (NOAA n.d.-b) or greater, on average.

Nighttime LST is also strongly correlated with thermal discomfort (Fig. 3d, e, f). As
expected, where nighttime LSTs are increased, SAT (coefficient = 1.1), heat index (coef-
ficient = 2.2), and wet bulb temperature (0.47) are also increased. Like nighttime LST, these
thermal comfort indices also remain higher overnight in more urbanized settings (Table S3).
These findings support much of the literature concerning UHIs that are characterized by
increased temperatures and thermal discomfort as compared to more rural areas. Nighttime
LSTs that are positively influenced by specific humidity account for a significant amount of
variance in relationships with thermal comfort (R >.80, for all three indices) (Fig. 3d, e, f).

Although only 4 stations have a mean heat index of “extreme caution” (at or above 90 °F
or 32.2 °C) as deemed by the local National Weather Service (Miami-Ft. Lauderdale-West
Palm Beach) (Fig. 3), all stations reach this threshold throughout the study period (Fig. 4).
Figure 4a shows the average number of hours that each station spends at or above a heat
index value of “extreme caution” across Southern Florida. Unsurprisingly, Florida Keys sta-
tions spend the most amount of time at or above the 90 °F threshold—at least 5.5 hours per
summer night (Fig. 4a). Stations with higher amounts of impervious surface are also associ-
ated with increased hours at or above “extreme caution” (Table S3). Many of these stations
with increased urbanicity are located in Southeast Florida, the state’s most urbanized and
populous area (US Census Bureau 2025). In addition, Table S3 shows decreased distance
to the coast resulting in a greater amount of hours at or above “extreme caution”. Lastly,
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Fig. 3 Nighttime SAT (a, d), heat index (b, e), and wet bulb temperature (¢, f) vs coastal proximity and
nighttime LST (°C) across Southern Florida weather stations (n = 30). Each triangle represents the aver-
age nighttime thermal comfort measure (12 AM) measured at each weather station versus that station’s
distance to the coast (a, b, c; colored by impervious surface (%)) and the mean of mean summer (June—
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station (d, e, f; colored by average daily specific humidity (g/kg)). Background colors represent “caution”
and “extreme caution” heat index thresholds (b) as defined by the National Weather Service (NOAA n.d.-
b) and “critical” wet bulb temperature thresholds (¢) as defined across the literature (Raymond et al. 2020;
Sherwood and Huber 2010; Vecellio et al. 2022). Grey shading around the regression lines indicates a
95% confidence interval

increased nighttime LST, which also increases with decreased distance to the coast, also has
a positive relationship with hours spent at or above the “extreme caution” threshold—a 1.6
hour increase in time spent at or above “extreme caution” per each degree Celsius increase
in nighttime LST (Fig. 4b). On the western coast of Southern Florida, weather stations do
not spend more than 4 hours above “extreme caution” per night, on average. Despite this,
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Fig. 4 Nighttime LST and average nighttime hours above an “extreme caution” heat index value (32.2 °C
or 90 °F) across Southern Florida. (a) Each circle represents the average summer (June—August, 2015—
2024) nighttime hours that a station observes a heat index above 90 °F, deemed “extreme caution” by the
local National Weather Service. Each 1-km LST pixel represents the mean nighttime (12 AM) LST value
for that location over the study period. (b) Each triangle represents a weather station’s average number
of nighttime hours spent above 90 °F versus the mean nighttime LST (°C) within a 1-km buffer around
the corresponding weather station, colored by average specific humidity (g/kg). Grey shading around the
regression line indicates a 95% confidence interval

all stations remain at “caution” (80.6 °F or 27 °C) on average throughout summer nights
across the study period.

4 Discussion

Higher levels of air moisture exacerbate heat hazards, especially in regions that experi-
ence “seasonally muggy” climates. In this study, we examine the role that air moisture,
as represented by specific humidity, and each of its modulating factors play in influencing
nighttime LST and thermal comfort across a seasonally muggy region, as very few studies
have done. Specific humidity, which is generally variable across the study region, exhib-
its a strong, positive relationship with nighttime LSTs. Diurnal LSTs (differences between
daytime and nighttime LSTs) also exhibit a statistically significant relationship with air
moisture, decreasing with increasing specific humidity. Where nighttime LSTs are higher,
thermal discomfort is also decreased, as expected. This is especially true closer to the coast
and in more urban regions, where there is an increased average number of nighttime hours
at or above heat index values considered to be of “extreme caution”. Air moisture’s role in

@ Springer



176 Page 12 of 19 Climatic Change (2025) 178:176

decreasing thermal comfort during the evening hours could intensify under the implications
of global warming and requires place-specific responses to ensure human health.

In a peninsular region at lower latitudes, intense solar radiation heats the surface, in turn
increasing LSTs during the daytime, but also inducing higher rates of evaporation (Becker
and Boyd 1957; Bhatia 2014; Muse et al. 2024; NASA n.d.; Roca et al. 2010) from sur-
rounding waters such as the Gulf of Mexico and the Atlantic Ocean. Nighttime LST can be
considered a function of not only daytime heating that is most intense at lower latitudes,
but also specific humidity, observed to be higher closer to the coast (Table S2, S3). Coast-
lines are typically defined by an advection of abundant moisture inland due to the onshore-
offshore gradient in temperature (Estoque 1962; Pielke 1973). Such a phenomenon would
result in an increased amount of air moisture in coastal areas and subsequently an intensi-
fied local greenhouse effect that can limit cooling of the surface, as observed in this study
(Chang and Zhang 2019; Dai 2006; Dong et al. 2019; Held and Soden 2000; Hossain and
Gu 2016; Liu et al. 2019; Sherwood et al. 2018).

A potential localized greenhouse effect of water vapor in the lower atmosphere was also
observed with diurnal LST, as the range between daytime and nighttime LSTs decreases
with increasing air moisture (Fig. 2, Table 2). With solar radiation absent, nighttime LSTs
that remain higher and closer to their daytime highs can continue to heat the air and contrib-
ute to decreased thermal comfort for longer periods of time. This is especially true of sta-
tions closer to the coast (Fig. 4), such as in the Florida Keys, where diurnal LSTs of less than
5 °C were observed, with corresponding diurnal heat indices as low as 4 °C. These findings
support assumptions made in thermal comfort tools such as the National Weather Service’s
“HeatRisk” tool, where: 1) more humid air typically leads to warmer overnight tempera-
tures, and 2) smaller differences in daytime highs and overnight lows tend to occur in more
humid locations (NOAA and CDC 2024). We hypothesize that similar patterns that can
threaten human health across the diurnal cycle also exist along much of the United States’
Gulf Coast, which exhibits muggy conditions for much of the year (Greene et al. 2011;
Léaderach and Raible 2013; Petkova et al. 2015), and even more so in Caribbean islands that
are surrounded by warmer bodies of water (Di Napoli et al. 2023). These findings contrast
with the effects that increase thermal comfort, such as Chicago’s lake effect (Chakraborty
et al. 2023) and dynamics along California’s Pacific Coast (Gershunov and Guirguis 2012),
where cooler waters persist and still allow for land-water breezes that can serve as natural
cooling mechanisms. Increased urbanization along the coast, prevalent along Florida coasts,
has also been found to be a major factor in weakening land-sea breezes that moderate ther-
mal stress (Shen et al. 2019; Xiao et al. 2023). This coastal urbanization has been linked to
decreased ventilation in urban areas, allowing for warmer, more stagnant air masses during
the evening hours (Tysa et al. 2019; Yang et al. 2019).

Nighttime LST’s positive relationship with specific humidity (Table 1, Fig. 2) can play a
key role in decreased thermal comfort (Fig. 3a, b, ¢). For example, nighttime SAT exhibits a
strong, positive relationship with nighttime LST (R = 0.87), contrasting relationships found
during the day in seasonally muggy climates (Muse et al. 2024). Among nighttime LST
and thermal comfort index interactions, the positive relationship between LST and SAT is
especially important for multiple reasons: 1) at nighttime, LST is one of the main sources of
energy to increase SAT; 2) SAT is a key component of commonly used measures of thermal
comfort; and 3) as SAT increases, the capacity of the air to hold additional moisture also
increases (Trenberth et al. 2003; Vecellio et al. 2022). Thus, the heat index and wet bulb
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temperature, two measures of thermal comfort dependent on SAT and air moisture, are also
likely to increase with higher nighttime LSTs (Fig. 4). This is especially true in urban regions
that exhibit UHI effects and coastal regions that are near abundant sources of air moisture
(Table S3). In seasonally muggy climates, coastal regions that experience increased thermal
discomfort as a result of increased urbanization and weakened natural cooling mechanisms
(i.e., sea and land breezes) must prioritize heat adaptation solutions in urban planning. For
outdoor urban heat hazards, especially those exacerbated by increased absorption of solar
radiation by impervious and blackbody surfaces, tree canopy and shading are available solu-
tions (Chen et al. 2020; Jiang et al. 2025; Muse et al. 2024). Indoors, air conditioning is a
primary source of relief, especially in moist climates where other complications can arise
(e.g., mold and mildew). However, efficiency in building energy attenuation and use is an
important factor, as heat from buildings can contribute to increased heat hazards outdoors
(‘Cathy’ Li et al. 2024). Cool and green roofs, as well as solar panels, have also been found
to be effective solutions (Jiang et al. 2025; Masson et al. 2014).

This research was not conducted without limitations. First, specific humidity, as well as
other parameters and thermal comfort measures observed at weather stations, remain highly
hyperlocal (Clement et al. 2023). As such, conditions close to and in between weather sta-
tions may vary. A limited availability of weather stations, including inland stations, affected
this analysis (60% of stations are located within 5 km of the coast). Additional inland sta-
tions can help to identify gradients that may exist in air moisture from inland to coastal
stations (Schmitt and Clement 2025; Winsberg 2011), as well as how such a gradient may
affect LST and thermal comfort, especially in a region characterized by abundant wetlands
(e.g., the Everglades) (US EPA 2024). Second, higher resolution LST data are static and
captured at the same time each night. More frequent LST observations at different times
of night (or day) for analysis with weather station data could better highlight relationships
between specific humidity and LST. Due to cloud cover and other satellite obstructions of
the surface, daily observations are also limited.

Future work could also address the role of other greenhouse gases of various potency
(e.g., carbon dioxide, CO,; methane, CH,; nitrous oxide, N,O) in limiting surface cooling,
with or without the impact of increased water vapor. Such analysis could be especially rele-
vant in urban areas, where anthropogenic heating is at its peak. In addition, many thresholds
for thermal comfort are defined by daytime highs in temperature, yet thresholds for thermal
comfort during the evening may be different, as physiological impacts of heat hazards and
decreased thermoregulation can be different at night. Establishing thresholds for nighttime
thermal comfort, both indoors and outdoors, could highlight the differences between day-
time and nighttime heat risks.

5 Conclusions

The results of this study highlight the effect of air moisture concentrations on nighttime
and diurnal LST across a seasonally muggy region, as well as the consequences for thermal
comfort. Nighttime LST remains higher and closer to daytime highs during summertime
evening hours in places that have higher specific humidity, highlighting the localized role
of water vapor’s greenhouse effect. In seasonally muggy regions, adaptation to reduce the
risk associated with intensified nighttime and diurnal heat hazards is important, especially in
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highly populous urban regions near the coast. Anthropogenic activities such as urbanization
have resulted in excess energy being contributed to local energy balances through higher
rates of solar radiation absorption and building energy output, increasing local temperatures.
In coastal regions at low latitudes where warmer bodies of water result in decreased natural
cooling (i.e., land-water breezes, air moisture sources), heat responses that reduce localized
energy inputs (e.g., increasing albedo and shading canopy), especially in UHIs, would in
turn improve thermal comfort considerations overnight. In addition to these adaptation mea-
sures, weatherizing buildings and homes is also of high priority for heat health implications
and energy security, as air moisture continues to increase alongside average temperature for
the foreseeable future.
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