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A B S T R A C T

The accelerating frequency, duration and intensity of extreme heat events demand accurate, spatially complete 
heat exposure metrics. Here, a modeling approach is presented for estimating the daily-maximum Heat Index 
(HI) at 1 km spatial resolution. Our study area covered the conterminous United States (CONUS) during the 
warm season (May to September) between 2003 and 2023. More than 4.6 million observations from approxi
mately 2000 weather stations were paired with weather-related, geographical, land cover and historical climatic 
factors to develop the proposed Satellite-based Heat Index estimatioN modEl (SHINE). Selected explanatory 
variables at daily temporal intervals included reanalysis products from Modern-Era Retrospective analysis for 
Research and Applications (MERRA) and direct satellite products from the Moderate Resolution Imaging Spec
troradiometer (MODIS) sensor.

The most influential variables for HI estimation were the MERRA surface layer height and specific humidity 
products and the dual-pass MODIS daily land surface temperatures. These were followed by land cover products 
capturing water and forest presence, historical norms of wind speed and maximum temperature, elevation in
formation and the corresponding day of year. An Extreme Gradient Boosting (XGBoost) regressor trained with 
spatial cross-validation explained 93 % of the variance (R2 = 0.93) and attained a Root Mean Square Error 
(RMSE) of 1.9◦C and a Mean Absolute Error (MAE) of 1.4◦C. Comparison of alternative configurations showed 
that while a MERRA-only model provided slightly higher accuracy (RMSE of 1.8◦C), its coarse resolution failed to 
capture fine-scale heat variations. Conversely, a MODIS-only model offered kilometer-scale spatial resolution but 
with higher estimation errors (RMSE of 2.9◦C). Integrating both MERRA and MODIS sources enabled SHINE to 
maintain spatial detail and preserved accuracy, underscoring the complementary strengths of reanalysis and 
satellite products. SHINE also demonstrated resistance to missing MODIS LST observations due to clouds as the 
additional RMSE error was approximately 0.5◦C in the worst case of missing both morning and afternoon MODIS 
land surface temperature observations. Spatial error analysis revealed <1.7◦C RMSE in arid and Mediterranean 
zones but larger, more heterogeneous errors in the humid Midwest and High Plains. From the policy perspective 
and considering the HI operational range for public-health heat effects, the proposed SHINE approach out
performed typically used proxies, such as land surface and air temperature. The resulting 1 km daily HI esti
mations can potentially be used as the foundation of the first wall-to-wall, multi-decadal, high resolution heat 
dataset for CONUS and offer actionable information for public-health heat studies, energy-demand forecasting 
and environmental-justice implications.

1. Introduction

Extreme heat events (EHEs) are temporal periods in which the 
average temperature exceeds the historical meteorological norms for a 
certain region (Sulikowska and Wypych, 2021). The prolonged duration 
of these events, which could extend from few days to weeks, are known 

as heatwaves (Chapman et al., 2019). Due to climate change, EHEs are 
expected to increase in terms of length, intensity and frequency 
(Trancoso et al., 2020), with considerable consequences on human 
health, social and industrial activities as well as agricultural produc
tivity (Nukala, 2023; Wang et al., 2022a). A recent survey by Ballester 
et al. (2023) estimated approximately 60,000 heat-related deaths in 
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Europe during the summer of 2022. Similar surges in death rates caused 
by heat were also reported in the US and China (Chen et al., 2017; 
Sheridan et al., 2021).

The development of a robust EHE detection model that could identify 
elevated heat exposure at sites with no surface-based meteorological 
monitoring is critical for improving the response to EHEs. (McElroy 
et al., 2020). The foundation for designing such systems is the explicit 
quantification of heat exposure at a high spatial resolution. While some 
studies solely considered the daily maximum air temperature (Tmax) as 
criteria EHE occurrence (Asadollah et al., 2021; Espinosa and Portela, 
2025; Nouri et al., 2022), it has been shown that inclusion of other 
additional factors enhances the exposure rate measurement. Relative 
Humidity (RH) is evidently another influential component, which, in 
conjunction with Tmax, can amplify the heat stress on human body and 
contributes to higher heat-related illnesses (Coffel et al., 2017; Min 
et al., 2025; Sobolewski et al., 2021).

Developing heat detection indices that incorporate multiple climate 
components has proven to be an effective solution for overcoming the 
limitations of single-criterion heat exposure detection. Indices such as 
the Universal Thermal climate Index and Canada’s Humidex (Bröde 
et al., 2012; Ho et al., 2016) enable a more comprehensive heat exposure 
measurement. The heat scale provided by Steadman is one of the most 
popular heat measurement criteria which operates as the foundation of 
heat vulnerability assessment systems in U.S. (Steadman, 1984) as well 
as Europe (Michelozzi et al., 2009), Asia (Burkart et al., 2011) and 
Central and South America (Bell et al., 2008). Steadman’s index esti
mates the severity of heat exposure considering a diverse set of pa
rameters including air temperature, vapor pressure, body size, clothing 
coverage, effective wind speed and etc. The impact of all these factors is 
translated into a single aggregated heat estimator called Heat Index (HI) 
with the same units as air temperature (Steadman, 1979). Steadman’s 
equation was comprehensive and accurate; however, it was very com
plex as it required large number of variables. Rothfusz developed a 
modified HI equation which was simultaneously suitable for quick 
measurement and also operational for weather services (Rothfusz and 
Headquarters, 1990). Since the Rothfusz equation was obtained through 
iterative regression analysis on Steadman’s original data, it is better 
tuned, making it reliable for use in nationwide weather forecasting. This 
equation is also utilized by the U.S. National Weather Service (NWS) to 
measure health threats due to heat-related disorders (Center, 2012).

HI has been shown to be crucial in identifying EHE and critical 
thresholds, highlighting its role in understanding heat-health impacts, 
and thus enhancing the effectiveness of required health interventions 
(Cristo et al., 2007; Petitti et al., 2016). Based on studies from Perera 
et al. (2022), HI is a valuable instrument for detection of thermal hot
spots in urban areas as micro climate environments. Khatana et al. 
(2022) demonstrated that the HI is a more sensitive and a locally 
adaptable heat exposure metric capturing heat stress on humans more 
accurately than temperature-based alternatives. In a health-related 
study, Benmarhnia et al. (2019) replaced the heat detection mecha
nism of the New York City heat emergency plan between 2004 and 2010 
with HI and estimated that this change could lead to a reduction of 
approximately 0.80 fewer heat-related illnesses per day, translating to a 
significant public health benefit. This adjustment could also lead to 
about 50 avoided cases of heat-related illnesses during the 2009–2010 
summers. By evaluating 1617 US counties over 22 states and over 50 
million hospital records from 2003 to 2012, a strong relationship was 
established between HI levels and heat-related hospitalizations 
(Vaidyanathan et al., 2019). Their findings further support the claim 
that HI metrics better align with heat related health impacts.

HI estimation models should be developed by considering an 
extensive range of historical events (Gobbi et al., 2017) and using a 
diverse range of meteorological and geographical conditions to capture 
the effects of weather and land variation on heat anomalies 
(Sangelantoni et al., 2023). Satellite-based Remote Sensing (RS) obser
vations have been proven to be a valuable source as they benefit from 

observational uniformity and span wide geographical areas and tem
poral extents. RS has been widely utilized for heat vulnerability 
assessment and urban heat analysis (Liu et al., 2023; Schaefer et al., 
2021; Wu et al., 2022). To effectively integrate the complex, high- 
dimensional data derived from remote sensing and meteorological 
sources, machine learning (ML) techniques offer significant advantages. 
ML models are capable of capturing nonlinear relationships and intricate 
interactions among variables that traditional statistical models may 
overlook (Chowdhury et al., 2023; Kheyruri et al., 2025). This is 
particularly important in the context of heat estimation and EHE 
detection, where the spatiotemporal dynamics are highly heterogeneous 
and influenced by multifactorial drivers (Cebrián et al., 2022; Jiang 
et al., 2023). Furthermore, ML approaches have demonstrated superior 
performance in estimation accuracy and generalization when trained on 
a large and diverse dataset, making them well-suited for applications 
requiring high-resolution spatiotemporal estimations across diverse 
geographic and climatic contexts (Chinchanikar and Shaikh, 2022; 
Rodrigues et al., 2021).

Combination of RS and ML have been widely used for Land Surface 
Temperature (LST) estimations (Benali et al., 2012; Li et al., 2023b). 
Landsat imagery, with its high spatial resolution and thermal infrared 
bands, provides reliable input data for estimating LST, making it 
particularly valuable for analyzing localized thermal patterns and urban 
heat dynamics (Ermida et al., 2020; Parastatidis et al., 2017). However, 
Moderate Resolution Imaging Spectroradiometer (MODIS) is often 
preferred over Landsat for daily heat estimations due to its higher 
temporal resolution, providing near-daily observations that enable 
continuous monitoring of temperature dynamics. For example, Wasif Ali 
et al. (2022) incorporated day and night LST MODIS products to 
examine the trends in maximum and minimum LST over Islamabad 
Capital Territory, Pakistan, using linear regression and the non- 
parametric Mann–Kendall test. In another study, Na et al. (2024) esti
mated daily mean, maximum, and minimum LSTs at the global scale 
using MODIS products as the input for eight different ML algorithms. 
However, as Krehbiel and Henebry (2016) point out, satellite-derived 
LST data measure something qualitatively different from weather sta
tion observations of the air temperature at the nominal height of 2 m as 
the spaceborne sensors sense the radiometric skin temperature at the 
land surface. Considering the fact that air temperature is essential to 
estimate the Heat Index, satellite LST data may not be a reasonable 
proxy for HI estimations.

Table 1 summarizes existing studies that have utilized RS products 
and statistical approaches to estimate daily maximum air temperature 
and relative humidity. While these studies do not explicitly estimate HI, 
they can indirectly be utilized for that purpose. The majority of the 
conducted studies concentrated on broader differences between statis
tics of air temperature (such as minimum, mean or maximum), and only 
a handful used Tmax to characterize EHEs. For example, with a stronger 
focus on capturing the spatial variations of heat exposure rate, Alqasemi 
et al. (2022) used both day- and night-time MODIS LSTs to estimate 
monthly maximum and minimum air temperatures using ordinary linear 
regression model over the United Arab Emirates. Chung et al. (2020)
used four daily MODIS LSTs as inputs for a Long Short Term Memory 
(LSTM) deep learning algorithm to estimate daily Tmax during heat 
waves and daily Tmin during cold waves. Moreover, studies such as 
Suthar et al. (2023), estimated Tmax using MODIS LSTs and used that 
estimation to detect EHE occurrences.

Estimation of relative humidity (RH), another essential component 
beyond the Tair for HI calculation, using MODIS products is less com
mon (see Table 1). Most studies incorporated MODIS-derived moisture 
variables, such as precipitable water vapor (PWV) or atmospheric 
moisture (AM), with the sole exception of Li and Zha (2018). Notably, 
Recondo et al. (2013) was the only study to develop models for both 
Tmax and RH, providing the necessary components for estimating 
apparent temperature. Among the reviewed literature, the study by Ho 
et al. (2016) stands out as the most comprehensive for HI estimation, as 
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it estimated HUMIDEX, a Canadian index of apparent temperature, 
using a combination of Landsat-derived LST, MODIS PWV, and 
urbanization-related auxiliary data. Furthermore, aside from a few 
studies (Ho et al., 2016; Li and Zha, 2018), the table reveals that the 
application of ML models as RH estimators remains significantly 

underrepresented in the literature.
Although the HI is widely recognized as an effective assessor of heat- 

health conditions, very few studies have directly estimated HI utilizing 
RS observations. However, HI estimation efforts using the combination 
of RS products and ML algorithms, especially in large geographic areas, 

Table 1 
Summary of statistical approaches for daily maximum air temperature and relative humidity estimation.

Tmax estimation Predictor variables Method Location Time RMSE R2

Joy et al. (2025) LSTs (Ad, An), NDVI, Land Cover, Elevation, Lat, Lon, 
Julian day, Distance to ocean

XGBoost, ANN, GAM, MLR Mainland India 2010–2022 1.7◦C 0.90

Zhang et al. 
(2024)

LSTs (Td, Tn), NDVI, Land Cover, Elevation, Lat, Lon, 
Julian day, Daylength

RF Iran 2010–2020 2.4◦C 0.94

He et al. (2023) LSTs (Td, Tn), NDVI, Land Cover, Elevation, Month, Lat, 
Lon

BPNN Loess Plateau, China 2003–2012 1.2◦C 0.94

Suthar et al. 
(2023),

LSTs (Ad, An, Td, Tn), NDVI, Aerosol optical depth, Surface 
layer height, Surface pressure, Water vapor, Solar 
radiation, Wind speed, RH, Lat, Lon

MLR, SVR, RF Rajasthan and 
Karnataka, India

2013–2022 0.7–1.3◦C 0.90–0.92

Alqasemi et al. 
(2022)

LSTs (Ad, An) SLR United Arab Emirates 2003–2019 1.7◦C 0.94

Zheng et al. 
(2022)

LSTs (Td), NDVI, Land Cover, Elevation, Lat, Lon, Julian 
day, Slope, Aspect

SLR, SVR, RF, GBR, 
AdaBoost, XGBoost, 
LightGBM, MLP

Qinghai–Tibet 
Plateau, China

2003–2018 2.1◦C 0.94

Zheng et al. 
(2022)

LSTs (Ad, An, Td, Tn), Solar and net Radiation, EVI, LAI, 
Albedo, Elevation, Lat, Lon, Julian day, Delta LST

HGB, RF, ET, DBN Eurasian continent 2003–2018 1.7–2.2◦C 0.98

Zeng et al. 
(2021)

LSTs (Ad), SRs, NDVI, Land cover, Snow Cover, Solar 
Radiation, Elevation, Julian day, View time, Climate zone, 
Distance to ocean

RF Global (Excluding 
polar zones)

2009–2018 2.6◦C 0.95

Serra et al. 
(2020)

LSTs (Td, Tn), NDVI, NDBI, Elevation, Lat, Lon, Slope, 
Aspect, Julian day

MLR Barcelona, Spain 2015 2◦C 0.92

Hough et al. 
(2020)

LSTs (Ad, An, Td, Tn), Ta, NDVI, Elevation, Land Cover, 
Lat, Lon, Slope, Aspect, Julian day, Climate region

XGBoost, RF, GAM Continental France 2000–2016 1.8◦C 0.95

Chung et al. 
(2020)

LSTs (Ad, An, Td, Tn) LSTM South Korea 2008–2018 2.2◦C 0.24

Phan et al. 
(2019)

LSTs (Ad, An, Td, Tn) SLR, MLR Vietnam 2004–2013 0.9–1.1◦C 0.86–0.94

Yoo et al. (2018) LSTs (Ad, An, Td, Tn), NDVI, Elevation, Aspect, Land 
Cover, Solar radiation, Lat, Lon

RF Los Angeles, USA 
Seoul, South Korea

2006–2016 1.0–1.7◦C 0.73–0.85

Kitsara et al. 
(2018)

LSTs (Ad, An), NDVI SLR Greece 2002–2004 5.9◦C 0.42

Yang et al. 
(2017)

LSTs (Ad, An), Solar Zenith Angle, acquisition time, NDVI, 
Elevation, Lat, Lon, Distance to ocean, Julian day

MLR Northeast China 2002–2016 4.6◦C 0.90

Janatian et al. 
(2017)

LSTs (Td, Tn), Solar Zenith Angle, NDVI, Elevation, Lat, 
Julian day

MLR Iran 2000–2004 3.0–3.6◦C 0.84–0.90

Cai et al. (2017) LST (Td), Land Cover OLS-LR Yangtze River, China 2008–2010 2.5◦C 0.87
Chen et al. 

(2016)
LSTs (Ad, An, Td, Tn), EVI SPR Beijing urban area 2009–2010 1.6–2.3◦C 0.95–0.98

Lin et al. (2016) LSTs (Ad, An, Td, Tn), NDVI, Humidity, TRI, Elevation SLR, MLR China 2000–2010 3.3◦C 0.90
Noi et al. (2016) LSTs (Ad, An, Td, Tn), NDVI, Elevation, Lat, Long, day- 

length in hours, Julian day, Solar zenith angles
Multivariate linear- 
regression framework

Northern Vietnam 2003–2013 1.4◦C 0.88

RH estimation Predictor variables Method Location Time RMSE R2

Liao et al. (2020) PWV (Td), Cloud (MOD06), Atm (Td) SLR U.S. Pacific Coast, 
Great Lakes Area

2009–2011 15.3- 
17.0 %

− -

Ramírez-Beltrán 
et al. (2019)

PWV (Td, Ad), LSTs (Ad, An, Td, Tn), NDVI, Albedo, 
Elevation, Soil classes

MLR Meso-America & 
Caribbean region

2010–2012 9.9 % 0.58

Li and Zha 
(2018)

Red, Green, Blue SRs (MODIS), EVI, Landcover, Distance to 
water, road and city, Elevation

RF China 2009 − - 0.70

Ho et al. (2016) LST (Landsat), PWV (Td), NDWI, Distance to ocean, Solar 
radiation, Sky view factor

RF Greater Toronto 2002–2009 9.0 % 0.87

Adab et al. 
(2013)

PWV (Td), Elevation PLR Iran 2012 4.8 % − -

Lin et al. (2013) AT (ad), AM (Ad), NDVI LR East Africa ​ − - 0.17–0.39
Recondo et al. 

(2013)
PWV (Td), LSTs (Td, Tn), NDVI, Elevation, Lon, Distance to 
ocean, Julian day

MLR Peninsular Spain 2010 8- 
11 %

0.39–0.49

Peng et al. 
(2006)

PWV (Td), AT (Td), Elevation Quadratic Regression Peninsular Malaysia 2000–2004 2.9 % 0.68

Notes: Ad, An, Td, Tn refers to Aqua Day, Aqua Night, Terra Day, and Terra Night, respectively. LST: Land Surface Temperature (MOD11A1/MYD11A1), PWV: 
Precipitable Water Vapor (MOD05/MYD05), AM: Atmospheric Moisture (MOD07/MYD07), AT: Atmospheric Temperature (MOD07/MYD07), NDVI: Normalized 
Difference Vegetation Index, EVI: Enhanced Vegetation Index, NDWI: Normalized Difference Water Index, TRI: Terrain Relief Index.
AdaBoost: Adaptive Boosting, ANN: Artificial Neural Network, BPNN: Backpropagation Neural Network, DBN: Deep Belief Network, DT: Decision Tree,
ET: Extremely Randomized Trees, FFNN: Feedforward Neural Network, GAM: Generalized Additive Model, GLM: Generalized Linear Model, GBR: Gradient Boosting 
Regressor, HGB: Histogram-based Gradient Boosting, LightGBM: Light Gradient Boosting Machine, LSTM: Long Short-Term Memory, MLP: Multi-Layer Perceptron, 
MLR: Multiple Linear Regression, OLS-LR: Ordinary Least Squares Linear Regression, PLR: Polynomial Linear Regression, PLS: Partial Least Squares, RF: Random 
Forest, SLR: Simple Linear Regression, SPR: Semi-Physical Regression, SVR: Support Vector Regression, XGBoost: Extreme Gradient Boosting.
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are scarce. Pede and Mountrakis (2022) estimated the daily HI across 
Conterminous Unites States (CONUS) over the summer of 2012, using 
climatical, topographical, geographical and land cover variables ob
tained from different RS sources. Using a Random Forest ML model on a 
dataset comprising data from 1395 CONUS stations over a 5-month 
summer period, HI model accuracy had an RMSE of 2.4◦C and an R2 

of 0.83. It should be noted though that this study used only clear sky 
observations thus limiting the applicability of the model. The majority of 
conducted studies incorporated short temporal lengths, which limits the 
modeling ability to capture the year-to-year variability. Furthermore, 
the concentration on a specific region or use of a small number of 
weather stations limits the geographical diversity and regional varia
tion. In addition, cloud coverage is a significant concern that greatly 
affects the availability of satellite products, often reducing the number 
of usable samples for estimation and, consequently, impacting the val
idity and applicability of the resulting models. Based on existing liter
ature, nearly all studies focusing on Tmax and RH estimations (Table 1) 
considered only clear-sky conditions, thereby entirely overlooking the 
influence of cloud contamination. This would cause serious issues in the 
estimation over regions with frequent cloud cover or when cloud cover 
leads to significant reductions in the observed LST values, especially 
during midday when the heat intensity is highest (Østby et al., 2014; 
Zeng et al., 2018).

Based on these gaps, our study aims to develop an HI estimation 
framework which takes advantage of RS products to build an accurate 
and spatially detailed wall-to-wall HI estimation framework at the 1 km2 

spatial scale. Our approach employs both MODIS and Modern-Era 
Retrospective analysis for Research and Applications (MERRA-2) as 
primary sources of dynamic daily climate data. Studies such as Grotjahn 
and Huynh (2018) and Vargas Zeppetello et al. (2022) demonstrated an 
ability of reanalysis products (e.g. MERRA-2 and ERA) to provide ac
curate assessment of Tmax, RH and HI on both continental and global 
levels. However, these studies also highlighted the limitation of the 
coarse spatial resolution (~50 km2) of reanalysis products, which 
significantly constraints their applicability on fine scale heat exposure 
assessments and overlooks critical local temperature anomalies. Addi
tionally, reanalysis products are produced based on assimilation of 
multiple sources into physically-based atmospheric models. Such pro
cess models may introduce systematic biases and uncertainties in high 
humidity conditions (Gupta et al., 2020). Thus, the application of 
downscaling methods solely to MERRA output could potentially amplify 
biases and cause inter‑variable dependencies, reducing the accuracy of 
estimation in multivariate heat metrics like HI (Adinolfi et al., 2023; 
Wang et al., 2021).

To address these limitations, we propose a model called Satellite- 
based Heat Index estimatioN modEl (SHINE). By integrating MERRA-2 
climate products with higher resolution MODIS-derived climatic prod
ucts and land cover topographic information, SHINE aims to achieve 
significant spatial resolution improvements with consistent high esti
mation accuracy. To address spatial coverage limitations from prior 
studies here we utilize over 2000 stations across CONUS. This empowers 
our estimation model to capture a wide range of climatical and 
geographical variabilities and enables large scale spatial validation. This 
study also utilizes daily data for over two decades of continuous tem
poral coverage. Exposure to such long-term dataset enables the model to 
consider historical heat trends and interannual variability, potentially 
enhancing the reliability of proposed framework. Lastly, the presented 
model development and accuracy assessment considers different cloud 
coverage scenarios to evaluate robustness and applicability under both 
full and partial cloud contamination conditions. Detailed error assess
ment is also provided as the overarching goal is to operationalize this 
model and create a series of historical HI-based heatmaps across the 
continental U.S.

2. Data and applied methodology

2.1. Study area and heat index estimation (target variable)

The Conterminous United States (CONUS) is a popular study area 
due to its geographical and climatic diversity as well as availability of 
long term publicly available datasets. To establish a reference dataset for 
the heat estimations, this study utilized NOAA’s Local Climatological 
Data (LCD), which included surface observations collected from the 
Automated Surface Observing System (ASOS) and the Automated 
Weather Observing System (AWOS) stations located across CONUS. The 
LCD data were obtained annually from 2003 to 2023 for five months 
starting May 1st to September 30th. Selection of this period ensured that 
the estimation model would capture year-to-year variability and also 
aligned with satellite data availability (MODIS products). Fig. 1 shows 
the study area, the geographic distribution of the included active 
weather stations and their observational annual frequency. An active 
station was defined as a station having at least 95 percent of valid data 
within each year. The stations on the spatial distribution map are the 
union of stations over considered years. As depicted in Fig. 1, the dis
tribution of stations is denser in the eastern part of the US with limited 
distribution in sparsely populated areas.

For each day, the reference HI value for each station was estimated as 
follows: for each hourly observation of air Temperature (T) and Relative 
Humidity (RH) the HI was calculated using the approach of Lu and 
Romps (2022). Unlike the traditional NWS calculation approach, which 
was based on Steadman’s approach, the Lu and Romps method re-solves 
Steadman’s full human heat-balance equation for all probable temper
ature and humidity pairs. This enables the physical validation of 
calculated HI from cold conditions to extreme heat and humidity situ
ations. Their physics-based approach replaced Steadman’s original 
simplified linear long-wave radiation term with the nonlinear Stefan- 
Boltzmann law. Additionally, they adopted a novel saturation-vapor- 
pressure equation, while all other parameters remained unchanged.

Steadman’s original method was based on seven major constraints, 
so in extremely cold or hot-humid conditions the solution no longer 
considered body’s core at the life-critical 36.8◦C. Lu and Romps added a 
new eighth constraint which fixed the core temperature at around 
36.8◦C and simultaneously freed one parameter that Steadman had 
treated as fixed, turning it into the extra unknown needed to keep the 
system solvable. The freed parameter was depended on different climate 
regions, ranging from very cold to extreme hot-humid. By shifting from 
one control parameter to another based on the governing climate con
dition, the extended model always has eight equations in eight un
knowns, guaranteeing a physically consistent solution for every 
temperature–humidity pair while preserving the core-temperature set- 
point that Steadman assumed (Lu and Romps, 2022). Through reas
sessing historical US heat waves from 1984 to 2020, application of this 
extended method showed that the traditional NWS approximation 
underestimated the true heat index by up to 10◦C (20◦F) in extreme 
cases (Romps and Lu, 2022). Using this extended approach, the highest 
value from all measured HIs within a day was selected to represent the 
maximum daily HI value.

Ground-based observational HI data were generated for the summer 
months (May to September) from 2003 to 2023 at active stations for 
each year leading to a total of 5,371,371 samples. From these samples, 
120,023 samples had no observation for Tmax which led to no mean
ingful HI value and consequently were removed from the dataset. Also a 
total of 624 samples had unusually high HI estimations (above ~70◦C) 
and were excluded based on justifications provided by Lu and Romps 
(2022). Furthermore, 636,484 samples had RH value of zero, possibly 
due to measurement error, mistakes in data entry or stations instru
mental issues, and they were removed from the dataset. Applying all 
these removal criteria resulted in a final dataset with 4,614,240 valid 
daily samples.
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2.2. SHINE explanatory variables

The main objective of this study is to provide a high resolution wall- 
to-wall CONUS HI estimation model. Variable generation initially 
included coarse resolution (~50 km2) Modern-Era Retrospective anal
ysis for Research and Applications version 2 (MERRA-2) products, such 
as temperature, humidity and wind information. MERRA-2 products 
integrate RS products and ground-based observations into the GEOS 
physical atmospheric model (Dorji et al., 2025; Jordan et al., 2010). To 
downscale the MERRA-2 variables and improve model accuracy addi
tional gridded products are included. The Moderate Resolution Imaging 
Spectroradiometer (MODIS) and the Shuttle Radar Topography Mission 
(SRTM) are two primary sensors-based sources providing gridded 
observational data for climate and topography, respectively. Addition
ally, the Landsat-based National Land Cover Dataset (NLCD) is chosen 
for land cover land use (LULC) representations (Singh et al., 2012; Wan 
et al., 2019). Finally, long term climatic averages are included to provide 
general contextual information to the model using the TerraClimate 
gridded climate products (Abatzoglou et al., 2018; Black, 2010).

Table 2 shows the list of tested independent variables, their 
description, spatial and temporal resolution, aggregation approaches 
and RS source used for HI estimation. Note that the final model utilized a 
subset of these variables (see Results section).

2.2.1. Merra-based land surface forcing
Land Surface Forcin (LSF) products from NASA’s MERRA version 2 

were also included as explanatory variables. Data provided by MERRA-2 
have been widely used in large- and local-scale heatwave detection over 
US, Africa and other regions (Coughlan de Perez et al., 2023; Engdaw 
et al., 2022; Yang et al., 2019). This product is delivered with an hourly 
resolution with a global pixel size of nearly 50 km. LSF variables include 
instantaneous near surface variables, namely the air temperature, spe
cific humidity, wind speed, surface pressure and surface layer height. 
These variables have been dynamically generated by the Goddard Earth 
Observing System (GEOS) atmospheric model while continuously 
assimilating satellite and in-situ observations since 1980.

2.2.2. Land surface temperature (LST)
LST products from MODIS’s MOD11A1 (Terra) and its Aqua twin 

(MYD11A1) were utilized. These products provide daily earth surface 
temperature estimations in pixels with 1 km resolution. For each single 
day four observations were available, including Terra daytime (10:30 a. 

m. local time), Aqua noontime (1:30p.m.), Terra nighttime (10:30p.m.) 
and Aqua nighttime (1:30 a.m.). These products are derived from the 
sensor’s thermal-infrared bands after cloud-screening and atmospheric- 
water–vapor correction. As table 1 shows, this specific set of MODIS 
products has been extensively used for both maximum air temperature 
and relative humidity estimations (Agathangelidis et al., 2022; Albright 
et al., 2011). While some studies used surface skin temperature from 
MODIS atmospheric profile products (MOD/MYD07), the selected 
products (MOD/MYD11A1) are closer to observational ground temper
ature (Wang et al., 2007; Zhang et al., 2025). Invalid observations due to 
cloud presence were kept in the dataset and their accuracy impact was 
assessed.

2.2.3. Precipitable water vapor (PWV)
PWV products were obtained from the Terra and Aqua (MOD/ 

MYD05) Total Precipitable Water product at daytime and represent the 
total depth of water in an atmospheric column above each pixel. While 
availability of LST products is affected by cloud coverage, PWV obser
vations need a clear line of sight through the column of air, not a direct 
view of the land surface (Gao and Kaufman, 2003). Thus it can operate 
under thin or broken-cloud conditions and even above low clouds, and 
contains far fewer missing observations making it good auxiliary vari
able to be used beside the LSTs for HI estimations (Gao et al., 2003). 
While MODIS atmospheric profile products (MOD/MYD07) offer 
various products for vapor content at different atmospheric levels, the 
utilized PWV products were a better match to in-situ ground relative 
humidity (Albert et al., 2005; Peng et al., 2006).

2.2.4. Surface Reflectance (SR)
SR bands 1 to 7 (ranging from visible to short-wave infrared) were 

also considered as a separate set of input variables. These observations 
were obtained from both Terra and Aqua at daytime (MOD09GA/ 
MYD09GA) at a daily basis with 500-meter spatial resolution. Inclusion 
of such variables enables the model to capture better Albedo, which 
directly governs the surface energy balance, physically based heat-fluxes 
(Angelini et al., 2021; Liang, 2001). Based on table 1, vegetation indices 
were extensively used as input parameter for both air temperature and 
relative humidity estimations. To capture daily variations in vegetation 
indices, the Normalized Difference Vegetation Index (NDVI) and the 
Normalized Difference Water Index (NDWI) from bands 1–2 (red and 
NIR) and bands 2–7 (NIR and MIR) pairs were calculated and consid
ered. While MODIS provides its own vegetation indices products (MOD/ 

Fig. 1. Spatial and temporal distribution of the utilized ground weather stations.
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Table 2 
Overview of predictor variables, their description, temporal and spatial resolution, spatial and temporal aggregations, source and product name.

Variable Description Temporal 
resolution

Spatial 
resolution

Spatial aggregations Temporal aggregations Source product

TLML Surface air temperature (◦K) Hourly ~ 50 
Kilometers

− - Average and Max Daily aggregations MERRA-2 
M2I1NXLFO 
(V 5.12.4)

HLML Surface Layer Height (meters)
PS Surface Pressure (Pa)
QLML Surface Specific Humidity (Kg/Kg)
SPEEDLML Surface Wind Speed (m/s)
LSTTD 10:30 am (Terra Day) Land Surface Temperature (LST) 

(◦K)
Daily 1000 m 1-, 3-, 5- and 10-km − - MODIS 

MOD11A1 (V 6.1)
LSTTN 10:30 pm (Terra Night) LST(◦K)
LSTAD 01:30 pm (Aqua Noon) LST (◦K) Daily 1000 m 1-, 3-, 5- and 10-km − - MODIS 

MYD11A1 (V 6.1)LSTAN 01:30 am (Aqua Night) LST (◦K)
PVWTD 10:30 am (Terra Day) Precipitable Water Vapor (cm) Daily 1000 m 1-, 3-, 5- and 10-km − - MODIS 

MOD05 (V 6.1)
PVWAD 01:30 pm (Aqua Noon) Precipitable Water Vapor (cm) MODIS 

MYD05 (V 6.1)
SRTD Surface Reflectance’s Band 1–7 (Terra Day) Daily 500 m − - − - MODIS 

MOD09GA (V 
6.1)

NDVI TD Normalized Difference Vegetation Index 1000 m
NDWI TD Normalized Difference Water Index
SRAD Surface Reflectance’s Band 1–7 (Aqua Noon) Daily 500 m − - − - MODIS 

MYD09GA (V 
6.1)

NDVI AD Normalized Difference Vegetation Index 1000 m
NDWI AD Normalized Difference Water Index
%Barren Percent of barren (NLCD class 31) Yearly 30 m Percentage of each LULC within 1-, 3-, 5- and 10-kilo

meter r
− - NLCD 

LULC maps%Cropland Percent of agriculture (NLCD classes 81–82)
%Developed Percent of developed (NLCD classes 21–24)
%Forest Percent of forest (NLCD classes 41–43)
% 

Herbaceous
Percent of herbaceous (NLCD classes 71–74)

%Shrubland Percent of shrubland (NLCD classes 51–52)
%Water Percent of water (NLCD class 11)
%Wetlands Percent of wetland (NLCD classes 90–95)
Elev Elevation (meters) Single date 

(2000 s)
30 m 1-, 3-, 5- and 10-km − - SRTM

Slope Slope (Percentage)
Aspect Aspect (Degrees)
TPI Topographic Position Index (Unitless)
TRI Terrain Ruggedness Index (Unitless)
Aet Actual Evapotranspiration (mm/month) Monthly ~4000 m − - Statistics calculated for 

20 (2000–2021) 
30 (1990–2021) and 
50 (1960–2011) years of historical 
periods

TerraClimate
Pet Potential Evapotranspiration (mm/month)
Ppt Precipitation (mm/month)
Soil Soil Moisture (mm3/ mm3)
Srad Downward shortwave radiation (W/m2)
Swe Snow water equivalent (mm)
Tmax Max Temperature (◦C)
Tmin Min Temperature (◦C)
Vap Vapor pressure (kPa)
Ws Wind speed (m/s)
PDSI Palmer Drought Severity Index (Unitless)
Julian Day Day-Of-Year based on Julian calendar Daily − - − - − - − -
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MYD13), their 16-days temporal resolution did not align with the daily 
estimation goal of our study.

2.2.5. Land use land cover (LULC)
Based on table 1, variables capturing the land use/cover were 

considered as an input variable among the majority of studies for both 
Tmax and RH estimations. Here, the percentage of different LULC classes 
was calculated within defined neighborhoods using the National Land 
Cover Dataset (NLCD) database (Jin et al., 2023b,2023a). NLCD clas
sifies every pixel into 8 main and 20 sub LULC classifications, with 
annual updates released every year (starting from 1992 to current) to 
track landscape change, canopy cover, and impervious surfaces. For the 
purpose of this study, corresponding sub classifications were merged 
under their main category and only the percentage of final eight major 
LULC (namely barren, cropland, developed, forest, herbaceous, shrub
land, water and wetlands) were reported. Several studies justified the 
inclusion of cropland, developed and forest LULC in their heat estima
tions as they govern the high portion of heat exchange between different 
mediums. Inclusion of herbaceous, shrubland and wetlands LULCs can 
provide valuable information regarding the heat mitigation factors as 
they could contribute to temperature decrease (Muro et al., 2018; Shen 
et al., 2022). On the other hand, studies show that large barren or arid 
tracts act as heat sources (Aghazadeh et al., 2023; Baronian et al., 2024). 
Water is the only LULCs which could act as both depleting and exacer
bating heat exposure (Akter et al., 2021; Sadiq Khan et al., 2020).

2.2.6. Topographic indicators
Since altitude changes directly influence the fluctuation in Tmax and 

RH, numerous studies have incorporated it (Chen et al., 2021; Fernán
dez-Duque et al., 2023). Based on Table 1, beside elevation, derivatives 
including slope and aspect were also frequently listed among input 
variables. Here, elevation from Shuttle Radar Topography Mission 
(SRTM) mission and calculate the slope and aspect from the digital 
elevation mode (Van Zyl, 2001; Werner, 2001). Beside these common 
topographic variables, the Topographic Position Index (TPI) and the 
Terrain Ruggedness Index (TRI) were also included. TPI and TRI could 
relate to heat exposure as the terrain shape and ruggedness control 
sunlight exposure, shading, and local microclimates, with ridges and flat 
areas typically experiencing higher heat stress (Dobrowski, 2011; Jucker 
et al., 2018; Xu et al., 2025a).

2.2.7. Historical climate indicators
Long-term, high-resolution data on temperature, humidity and hy

drometeorological conditions are essential for identifying heat stress 
trends and anomalies (Beniston and Stephenson, 2004; Grotjahn et al., 
2016). TerraClimate is a global, monthly dataset from 1958 to present 
with nearly 4-kilometer spatial resolution, which blends station-based 
climatologies with monthly anomalies from reanalysis datasets 
(Abatzoglou et al., 2018). To fully capture the effect of historical hy
drometeorological conditions and provide related historical context 
several TerraClimate variables were considered. These included atmo
spheric (min and max temperature, vapor pressure, wind speed and solar 
radiation), hydrological (precipitation, soil moisture, snow water, 
Palmer Drought Severity Index (PDSI)) and energy-water balance 
(evapotranspiration) variables. Several historical periods were also 
considered to evaluate the governing pattern in near-, middle- and far- 
past.

2.3. Explanatory variables: spatial resampling and aggregated statistics 
generation

To achieve an operation spatial resolution of 1 km2, the spatial co
ordinate system of MODIS products was used as reference and other 
utilized satellite products were either down- or up-sampled to match it. 
The bilinear interpolation was used to down sample the MERRA-2 
products (~50 km latitudinal × 60 km longitudinal) and TerraClimate 

(~4 km × 4 km) to match the MODIS cell size and projection. Bilinear 
interpolation is a widely used up sampling approach that calculates the 
weighted average of the four adjacent pixels to estimate a new value 
within that pixel (Le Bideau et al., 2019; Vandal and Nemani, 2021). 
Application of bilinear interpolation to resample MERRA-2 products to 
the 1-km grid is conducted for co-registration with other higher spatial 
resolution covariates. The expectation is that the coarser MERRA-2 
products will capture large scale effects while the more detailed 
MODIS LST, NLCD land-cover fractions, and SRTM topographic vari
ables will contribute to the distribution of the MERRA-2 coarse infor
mation into the operating 1 km reference system. Area-weighted 
aggregation was employed to down sample NLCD-based LULC per
centages and SRTM variables (both with an original grid size of 30 m) to 
the reference 1 km grid size. Area-weighted aggregation is used to down 
sample raster data by aggregating the values of multiple higher- 
resolution pixels into a single lower-resolution pixel, with each pixel's 
value being weighted according to its area or proportion of the total area 
in the new pixel (Chen et al., 2024; Zhong et al., 2024).

After resampling all explanatory variables to the reference 1 km 
spatial resolution, several spatial and temporal statistical aggregated 
metrics were derived. From the spatial perspective, buffer zones of 1, 2, 
3, 5, and 10 km were created and within each buffer statistical sum
maries such as mean, standard deviation, 10th and 90th percentiles, and 
the range were calculated. This process was specifically applied to 
MODIS- and STRM-based variables and each aggregated metric was used 
as a separate explanatory variable. The same buffer zones were also used 
as neighborhood areas to calculate the percentages of different LULC 
classes. Incorporation of spatial aggregation could enable capturing 
neighborhood characteristics and landscape heterogeneity around each 
station, which may outperform single-pixel value extractions (Barbosa 
et al., 2021; Wu et al., 2019). In terms of intraday temporal matching, 
our model incorporates observations of variable temporal length. For 
example, the MERRA-2 variables were measured on a daily-basis and 
aggregated into a daily mean and maximum. On the other hand MODIS 
provides instantaneous LST snapshots at ~10:30 a.m. and ~01:30p.m. 
local time. We used a mixed-timescale predictor set by design, where 
instantaneous MODIS LSTs provide snapshots that capture the typical 
rise toward daily HImax and carry information about the daytime sur
face energy and cloud coverage. Meanwhile, MERRA-2 variables sum
marize the day-integrated thermodynamic environment that governs 
evaporative cooling and the humidity contribution to HI. Due to the fact 
that fixing all predictors to a single time window can misrepresent the 
true HI and introduce time-mismatch noise (Menne and Williams, 2009; 
Zhang et al., 2011), one-to-one hour alignment between MERRA-2 and 
MODIS has not been carried out. For TerraClimate, the mean and stan
dard deviation of variables were estimated for all 12 months and the 5 
summer months for 20 years (2000–2020), 30 years (1990–2020), 40 
(years 1980–2020), 50 years (1970–2020) and 60 years (1960–2020) as 
historical periods. For temporal aggregation, a 30-year historical period 
is considered as climatological normal based on the World Meteoro
logical Organization (WMO). This 30-year span is long enough to 
smooth the year-to-year anomalies and short enough to reflect the cur
rent climate conditions. While considering 40–60 years historical in
tervals might reduce the weight of today’s climate, it enables the model 
to capture multi decadal climate models and provides long-memory 
climate trends (Mann et al., 2021). Furthermore, the 12-month span 
allows for an annual climate envelope while focusing on summer months 
concentrates on the primary heat exposure season.

2.4. Machine learning model selection − extreme gradient boosting

This study uses the Extreme Gradient Boosting (XGBoost) machine 
learning (ML) model (Chen and Guestrin, 2016). XGBoost is an ensemble 
machine learning model which estimates a target by sequentially adding 
regularized decision trees that fit to the residuals of prior trees using 
second-order gradient information, so the weighted ensemble 
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progressively minimizes the chosen loss function (Li et al., 2022; Niaz
kar et al., 2024). As discussed in section 2.2, MODIS products are highly 
affected by cloud coverage. In our case, this resulted in numerous 
samples with missing values (e.g., LST, SR and to a lesser extent PVW 
MODIS data).

One advantage of XGBoost is its ability to accept the missing obser
vations without further processing (Shaik et al., 2024; Shi et al., 2022). 
During tree construction XGBoost learns for every split the “default” 
branch that yields the lowest loss when a variable is absent, so each 
observation with a gap is routed automatically without prior imputa
tion. This lets the algorithm to train directly on incomplete data, pre
serves any predictive signal carried by every sample, and avoids the bias 
or information loss that simple fill-in methods can introduce. To perform 
the optimization task on the XGBoost associated parameters, a one- 
parameter-at-a-time sweep was first applied, varying each parameter 
across a wide numeric range and selecting the value that maximized 
mean k-fold cross-validation accuracy before proceeding to the next 
parameter. Once all hyper-parameters had been tuned sequentially, a 
final model was trained with the chosen settings and its generalization 
ability evaluated via nested five-fold cross-validation (outer loop) and 
an independent hold-out test set. This two-stage workflow keeps 
computational cost low while still yielding an out-of-sample perfor
mance estimate free from optimization bias.

2.5. Variable selection and accuracy assessment

The list of candidate variables represented in Table 2 was nearly 200. 
This high number of candidate inputs necessitated the inclusion of a 
feature engineering phase to reduce the dataset size and its complexity. 
Variable selection was conducted using a Forward Feature Selection 
(FFS) method. Each variable was progressively selected and added by 
considering the accuracy variation caused by the addition of each single 
variable using criteria, named Root Mean Squared Error (RMSE). 
Considering this accuracy metric enabled the model to capture the 
overall magnitude of errors and has been applied in numerous studies as 
the core metric for determining a variable inclusion in the final optimize 
dataset (Balram et al., 2019; Meyer et al., 2018; Zhang et al., 2017).

The presence of multicollinearity was another concern, as some 
variables are direct statistical estimations of an original variable and 
may be highly correlated. Due to the high number of included variables 
and to increase the model’s computation efficiency, variables which 
were statistical derivates from a common variable (e.g., spatial aggre
gations) were initially grouped as subsets. Next, the Variance Inflation 
Factor (VIF) analysis was applied among the features in each subset to 
assess multicollinearity. The VIF method quantifies how much the 
variance of a regression coefficient is inflated due to multicollinearity 
among the independent variables, helping to identify and address 
redundancy in predictors (Cheng et al., 2022; Thompson et al., 2017). In 
the case of multicollinearity, the Random Forest tree-based importance 
method was applied to the subset. The feature with the highest impor
tance rate with HI, the target variable, was extracted from the subset and 
passed to the second feature selection level. If the subset showed no 
multicollinearity, all features within it would pass to the next level. In 
the second feature engineering step, the newly created dataset from the 
concatenation of aforementioned subsets was used in the FFS algorithm.

Accuracy assessment for SHINE was conducted across all 4.6 million 
samples using a spatial 10-fold cross-validation where each fold had 
samples from non-overlapping weather stations. This validation method 
ensured that model assessment took place on samples which were 
spatially independent from those used for training (Pede and Moun
trakis, 2022). This process also generated a more reliable accuracy 
assessment in real-world scenarios where spatial autocorrelation is a 
critical consideration (Deppner and Cajias, 2024).. In addition, 
geographic distribution of errors was assessed spatially through station- 
level analysis carried out across the CONUS as well as within selected 
Köppen–Geiger climate divisions. The Köppen–Geiger system is a 

globally consistent climate-zone taxonomy based on long-term temper
ature and precipitation thresholds, and it is often preferred because it’s 
simple, empirically derived classes align closely with vegetation and 
hydrological regimes while remaining readily comparable across re
gions and studies (Skandalos et al., 2022; Zhang and Gao, 2023). Finally, 
the model’s estimation performance was examined under different cloud 
coverage scenarios to quantify how missing LST information affected the 
overall estimation accuracy. Fig. 2 shows a schematic overview of the 
methodology used in developing SHINE.

3. Results

3.1. Variable final selection considerations

The Forward Feature Selection (FFS) methodology was applied to 
evaluate the importance of each SHINE variable’s addition to the 
dataset, based on RMSE accuracy metrics. The FFS procedure initiated 
by selecting the first variable that estimates HI with the lowest RMSE 
and designated it as the base model. Then, FFS iteratively introduced the 
remaining variables and measured their contribution to models’ overall 
accuracy by considering the RMSE reduction. Once the second variable 
was determined and added, the updated RMSE was set as the new ac
curacy baseline, against which the importance of the remaining vari
ables was evaluated. The process continued until a predefined 
termination criterion was met, namely when the inclusion of an addi
tional variable resulted in less than a 1 % improvement in RMSE. 
XGBoost served as the base estimation algorithm in the SHINE FFS 
model and was tuned for optimal hyperparameter selection using an 
iterative procedure. Table 3 shows the final 10 selected variables, their 
spatial and temporal aggregations and corresponding error absorption 
metrics.

As shown in Table 3, two of products obtained from MERRA-2 have 
high contribution to HI estimation. It is essential to emphasize that these 
variables are not categorized under solely satellite observations but 
modeled products created from the integration of multi observational 
sources (including satellite and ground-based observations) into the 
physically-based Goddard Earth Observing System (GEOS) atmospheric 
model. Consequently, these variables inherently carry the model- 
originated complexity and uncertainty caused in assimilation pro
cesses, yet their inclusion increased overall model estimation accuracy 
by effectively representing critical atmospheric mixing dynamics related 
to heat and humidity (Budakoti and Singh, 2021; Miao et al., 2017). 
Beyond MERRA-2, the MODIS LST variables are the remaining satellite- 
based products represented at sub-daily scales. These variables not only 
serve as spatial fine-scaling agents that help to deal with coarser rean
alysis estimates, but also provide detailed information regarding 
changes in surface energy balance (Wang et al., 2023b). LSTs also 
closely track near surface air temperature fluctuations which is essential 
to capture diurnal heat dynamics (Safieddine et al., 2025; Shar
ifnezhadazizi et al., 2019).

The STRM elevation and its spatial aggregated derivative captured 
the influence of topographic conditions for modeling local climate 
variability (de Meij and Vinuesa, 2014). Higher elevations are typically 
associated with lower temperature and humidity, which in turn lead to 
lower HI values (Navarro-Serrano et al., 2020). In addition, land cover 
percentages estimated from the NLCD provide the model with infor
mation regarding surface characteristics which either exacerbate or 
mitigate heat exposure (Zhou et al., 2014). Forested areas contribute to 
cooling mechanisms through shading and evapotranspiration, while 
proximity to water bodies can both enhance heat exposure or operate as 
heat mitigation factor, depending on local conditions and type of water 
body (Cai et al., 2022; Meili et al., 2021). Furthermore, the two 
TerraClimate-derived historical averages contributed to model overall 
accuracy by providing valuable information regarding background 
climate regimes and their variabilities over certain temporal windows 
(MacDonald et al., 2020). Finally, the inclusion of the Julian day 
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variable provided a temporal reference for the seasonal cycle of solar 
forcing, enabling the model to align estimations with typical seasonal 
patterns of heat stress (MacDonald et al., 2020).

The obtained VIF values for incorporated variables were between 1.1 
and 3.2. Being below the 5–10 range, a common threshold used to detect 
multicollinearity issues (O’brien, 2007; Tsagris and Pandis, 2021) it can 
be concluded that the predictors provided largely non-redundant in
formation and that the selected variables can be utilized as inputs for HI 
estimation into the XGBoost model. Together, this set of input variables 
integrated dynamic atmospheric states, land-surface feedbacks, topo
graphic modifiers, and long-term climatic context, yielding a more 
comprehensive representation of the contributors of HI across CONUS.

3.2. Accuracy assessment of the full SHINE model

Model error estimation was carried out using 10-fold spatial-cross 
validation with nearly 4.6 million samples, thus the XGBoost model 
was exposed to a wide range of HI values. Fig. 3 shows the Scatter- 
Density plot of estimated HI against their observed values. To 
generate this plot, first a classic scatter plot was created and then the 
number of points in each 0.5◦C by 0.5◦C cell was used to visualize the 
data density.

Distribution of samples formed a narrow ellipse shape with strong 
alignment with the optimal line (1:1 dashed line) indicating that the 
developed estimation model was able to successfully capture the HI 
variability. Considering the R2, nearly 93.2 percent of the HI variance 
was effectively modeled by predictors. The estimated errors of RMSE 

(=1.9◦C) and MAE (=1.4◦C) suggest that the model offers sufficiently 
accurate HI estimations for a wide range of applications. Color distri
bution reveals that majority of samples are between 20◦C and 40◦C, 
however, HI ranges below ~0◦C and above ~50◦C show respectively 
systematic positive and negative biases, with the latter being more sig
nificant. Extreme HI observations (above 50◦C) represented only 0.2 % 
of the dataset and are mainly recorded during midsummer heat peaks 
window (mid-July to early August) throughout different summers 
within the study period of 2003 to 2023. Mapping their spatial fre
quency revealed that stations which observed these extreme HI occur
rences were scattered across the Central and Southeastern CONUS rather 
than clustered in a specific zone. This spatial analysis reduced the 
probability of systematic sensor glitches or climatic biases. Thus, we 
retained these samples as they were deemed both rare and heteroge
neous in origin. While this subset of extreme HI values (>50◦C) is 
physically plausible, several studies suggest that they be errors due to 
sampling biases or instrumental uncertainty under extremely hot and 
humid conditions (Li et al., 2023a; Yiou and Jézéquel, 2020). For 
example, it has been shown that ASOS and AWOS stations can exhibit 
dew point sensor saturation and ventilation biases under such extreme 
events (Ingleby et al., 2013; Lin and Hubbard, 2004; Sun et al., 2005). 
Because distinguishing, on a case-by-case basis, between valid extremes 
and instrument-affected outliers is not reliable with available metadata, 
we retained all extreme observations for model training but did not 
consider them in our interpretation as their sample size was small 
(<0.2 %).

Fig. 2. Schematic overview of the methodology used to develop SHINE.

Table 3 
Variable selection order in forward feature selection and variable contribution to RMSE (in oC), MAE (in oC) and R2 sequential improvements.

Order Added variable (source) Spatial aggregation Temporal aggregation RMSE MAE R2 VIF

1 Surface layer height (MERRA-2) – Mean daily 
from hourly records

2.8 2.0 0.81 3.2

2 LST of Terra at 10:30 a.m.(MODIS) – – 2.6 1.9 0.85 1.6
3 Average of Elevation (SRTM) % Within a 3 km buffer – 2.4 1.8 0.88 1.3
4 % Of Water LULC(NLCD) % Within a 5 km buffer – 2.2 1.7 0.91 1.1
5 Specific Humidity (MERRA-2) – Mean daily 

from hourly records
2.2 1.6 0.92 3.2

6 LST of Aqua at 01:30p.m. (MODIS) – – 2.2 1.5 0.93 1.5
7 Wind speed (TerraClimate) – Standard Deviation of summer months from 1990 to 2021 2.1 1.5 0.93 1.3
8 Julian Day – – 2.1 1.5 0.93 1.1
9 Maximum Temp (TerraClimate) – Mean of summer months from 1990 to 2021 2.0 1.5 0.93 1.7
10 % Of Forest LULC (NLCD) % Within a 10 km buffer – 1.9 1.4 0.93 1.2
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3.3. Impact of MODIS/MERRA-2 variable removal

The prior results showed that the fully integrated SHINE model 
(combining both MODIS and MERRA-2 inputs), provided accurate es
timations across the CONUS over a 20 year temporal range. To isolate 
the benefit of each daily data stream, here we benchmarked SHINE 
against two alternatives: a MODIS-only configuration that was solely 
dependent on direct satellite daily observations and excluded MERRA 
products, and a MERRA-only configuration which only utilized rean
alysis daily products without MODIS. The objective was to quantify the 
trade-offs between satellite-based, reanalysis-based, and integrated ap
proaches. For each configuration, a separate feature selection procedure 
was applied using the same FFS scheme and termination criteria 
described in section 3.1. List of FFS-selected features for MODIS-only 
and MERRA-only configurations and their corresponding contribution 
to error statistics are tabulated in Table 4. Additionally, Fig. 4 shows 
density-scatter plots of estimated versus observed HI for these two 
modeling configurations, with color intensity indicating the frequency 
of each HI pair.

Looking at Table 4, FFS results show that the MODIS-only model 
reaches the highest estimation accuracy by utilizing 12 predictors 
(including two PWV and four LST products) to explain approximately 
85 % of the estimation variance. This explanation rate increases to 0.92 
the MERRA-only model with just five predictors once a moisture product 
is added. Table 4 suggests that in the MODIS-only model the variables 
related to humidity were not selected in early selection stages, and the 

model needed a larger number of inputs to explain the HI variance. By 
contrast, for the MERRA-only configuration, specific humidity was 
among the first selected variables, suggesting that the availability of an 
explicit moisture representative in the model can improve the HI esti
mation accuracy.

The listed variables were then used as the input of XGBoost model 
and the HI error was estimated using the same spatial 10-fold cross- 
validation, as performed in full SHINE model. Fig. 4 shows that the 
MERRA-only had better alignment with the 1:1 line, whereas the 
MODIS-only deviated more from that line. Both models still struggle to 
model the HI at high values, thus they show no advantage over the fully 
integrated SHINE model in that aspect.

Across the 4.6 million evaluated samples, the two alternative con
figurations produce different HI estimation profiles with opposite limi
tations: MERRA-only shows more accurate HI estimations 
(RMSE = 1.9◦C), however, they came at the cost of blurred kilometer- 
scale contrasts. On the other hand, the estimation performance of high 
resolution MODIS-only shows nearly 1◦C decrease (RMSE = 2.9◦C) 
compared to other alternative models. While MERRA-only to some 
extent outperforms both SHINE and MODIS-only, yet its coarse spatial 
resolution cannot address the complex heat dynamics in urban, coastal 
or irrigated hot-spots.

Considering this, integration of these two sources allows the esti
mation model to fuse large-scale surface humidity information with fine 
scale surface temperature variables, recovering the ~1◦C error of 
MODIS-only model while preserving the 1 km texture lost in pure 

Fig. 3. Density-Scatter plot between the observed and estimated HI on ~4.6 million samples using a spatial cross validation.
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reanalysis-based estimation approach. The fully integrated SHINE 
model delivers both low error rate and kilometer-scale fidelity under 
different cloud contamination conditions, making it an operational 
approach for continental wide, wall-to-wall HI mapping.

3.4. Accuracy assessment across cloud conditions

The final SHINE approach included two variables that are susceptible 

to cloud interference, the daytime LSTs obtained by MODIS. Here, we 
present a sensitivity analysis to assess the impact of this cloud inter
ference. Based on Table 5 only 40 percent (~1.8 million) of samples had 
valid values for both Aqua and Terra LST observations. The model took 
advantage of clear sky observations resulting in much lower errors 
compared to cloudy conditions. Unfortunately, it is common that when 
one MODIS LST is obscured the other daytime observation may also be 
missing resulting in 38 % of the total samples being affected. The errors 
there were the highest, however they still fell within the reasonable 
ranges of 2◦C for the RMSE and below 2◦C for the MAE. When only one 
daytime LST was missing the results were somewhere in between, with a 
slight edge in having the 10:30AM LST over the 1:30PM LST. For all 
conditions, the R2 metric remained high showcasing that the predictor 
variables could explain the variation in the response variable in all cloud 
conditions.

3.5. Accuracy assessment across weather stations

Spatial analysis of error distribution across CONUS was carried out in 
Fig. 5. To create this figure, the SHINE RMSE was calculated for each of 
the stations across the entire time period. Measured RMSEs were then 
categorized under five main classes shown by distinct colors in the 
legend.

Overall, the results showed that nearly 70 percent of stations had 
RMSE below 2◦C, while only 8 percent of stations exceeded 2.5◦C. In 
general, stations with RMSE < 1.5◦C were located in the Southwest-West 
regions and the Atlantic. The 1127 stations falling in the yellow class 
with RMSEs between 1.5 and 2◦C had a stronger presence in the Midwest 
and Northeast areas. Moving to the worst performing stations in orange 

Table 4 
Results of forward feature selection and variable contribution to error statistics 
for MODIS-only and MERRA-only models.

MODIS-only RMSE 
(◦C)

MAE 
(◦C)

R2 VIF

Max Temp, summer months average from 
1990 to 2021 (TC)

5.9 4.3 0.51 1.3

Julian Day 4.8 3.7 0.59 1.0
PWV of Terra at 10:30 a.m. (MODIS) 4.2 3.2 0.69 1.8
LST of Terra at 10:30p.m. (MODIS) 3.9 2.9 0.73 1.4
Average of Elevation (SRTM) 3.6 0.7 0.77 1.4
LST of Terra at 10:30 a.m. (MODIS) 3.4 2.5 0.80 1.7
PWV of Aqua at 01:30p.m. (MODIS) 3.2 2.3 0.82 1.8
LST of Aqua at 01:30 a.m. (MODIS) 3.1 2.3 0.83 1.4
LST of Aqua at 01:30p.m. (MODIS) 3.0 2.2 0.84 1.7
Precipitation, summer months average from 

1990 to 2021 (TC)
3.0 2.2 0.84 1.6

% of Forest LULC within a 10 km buffer 
(NLCD)

2.9 2.1 0.85 1.2

% of Water LULC within a 10 km buffer 
(NLCD)

2.9 2.1 0.85 1.2

MERRA-only RMSE 
(◦C)

MAE 
(◦C)

R2 VIF

Surface layer height, Mean daily (MERRA-2) 2.8 2.2 0.85 3.3
Air temperature, Maximum daily (MERRA- 

2)
2.6 1.9 0.88 2.9

Precipitation, summer months average from 
2000 to 2021 (TC)

2.5 1.8 0.89 1.7

% of Cropland LULC within a 10 km buffer 
(NLCD)

2.2 1.6 0.91 1.3

Specific humidity, Mean daily (MERRA-2) 2.2 1.5 0.92 4.2
% of Developed LULC within a 10 km buffer 

(NLCD)
2.1 1.5 0.92 1.3

Julian Day 2.0 1.4 0.92 1.0
Vapor pressure, summer months StDev from 

2000 to 2021 (TC)
1.9 1.3 0.93 1.6

Wind speed, Maximum daily (MERRA-2) 1.8 1.3 0.93 1.1
Max Temp, summer months average from 

2000 to 2021 (TC)
1.8 1.2 0.93 2.0

Fig. 4. Density–scatter plots of observed versus predicted daily-maximum HI for (a) MERRA-only and (b) MODIS-only.

Table 5 
Influence of MODIS LST missing observations in model performance.

Scenario Valid 
10:30 
am 
Terra 
LST

Valid 
1:30 pm 
Aqua LST

Number of 
Samples 
(Percentages)

RMSE 
(◦C)

MAE 
(◦C)

R2

1 Yes Yes 1,811,605 
(39 %)

1.6 1.2 0.93

2 Yes No 568,615 (12 %) 1.9 1.3 0.93
3 No Yes 485,682 (11 %) 2.0 1.4 0.92
4 No No 1,748,338 

(38 %)
2.2 1.6 0.92
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(RMSE 2◦C–2.5◦C) and red (RMSE over 2.5◦C) classes, the number of 
stations dropped to 523 and 160, respectively. The majority of these 
stations were concentrated in the Dakotas, Iowa and Illinois. In terms of 
temporal residual analysis, temporal analysis revealed a consistent and 
stable residual structure across years. More specifically, evaluation of 
the annual RMSE showed no more than ~0.3◦C variation from the 1.9◦C 
baseline, therefore no evidence of performance degradation or over- 
fitting to specific years.

3.6. Accuracy assessment across climatic zones

In this section error was assessed across different climatic zones. The 
intent was dual fold: identify climatic conditions of underperformance 
for future refinement and consider generalization capabilities to other 
regions outside our study area of the continental United States. From the 
calculation perspective, first the RMSE for every station was estimated, 
then the mean and standard deviation of the RMSEs for stations within 
each climate region were computed. Table 6 tabulated the mean and 
standard deviation of RMSEs for each climate region, corresponding 
number of stations and regions description based on this climate clas
sifications. Based on the Köppen-Geiger classified map with resolution of 
approximately 90 m (0.00083 degrees), CONUS included a total of 
twenty different climate divisions (Beck et al., 2018). Here only di
visions with 15 stations or higher were included to increase reliability of 
results.

cross the eleven Köppen-Geiger regions examined, mean RMSE 
stayed below 2.0◦C in all arid environments, including the hot-desert 
(BWh, 1.3◦C) and cold-desert (BWk, 1.5◦C) classes, as well as the hot 
semi-arid steppe (BSh, 1.6◦C). Mediterranean zones show slightly higher 
but still modest errors (~1.6◦C) in the hot-summer (Csa) and warm- 
summer (Csb) types. Despite higher number of stations, with RMSEs of 
2.0 and 2.1◦C for Dfb and Dfa, respectively, humid-continental climates 
observed the highest mean RMSEs. The marine west-coast (Cfb) and sub- 
arctic dry-summer (Dsb) regions, each represented by fewer than 20 
stations, fell in the mid-range with mean RMSEs of 1.8 to 1.9◦C. The Cfb 
division showed the highest variability (StDev = 0.8◦C) which may 
originate from the low number of associated samples. While summer 
humid continental (Dfb) and cold steppe (BSk) had higher number of 

included stations, the variability is higher (~0.6◦C) compared to other 
climatic divisions. Overall, the SHINE approach delivered sub-1.5◦C 
RMSE in dry and Mediterranean climates but increased to about 2.0◦C in 
humid-subtropical, humid-continental and cold-steppe zones, under
scoring those errors increased where atmospheric moisture and surface 
heterogeneity were high. Finally, the standard deviation highlighted 
model instability in marine west-coast regions, humid continental in
teriors, and cold semi-arid steppes.

3.7. Accuracy assessment for extreme heat events detection

Since SHINE is using past observations, the intent is to create his
torical wall-to-wall maps that will assist policy makers in trend analysis. 
From that perspective, and as mentioned in the introduction, a critical 

Fig. 5. Spatial distribution of per station RMSE (◦C).

Table 6 
Error distribution of HI estimation across different climate regions defined by 
Köppen-Geiger classification over the CONUS.

Köppen-Geiger 
Climate 
divisions

Average ± StDev 
RMSE

Station 
counts per 
division

Climate condition 
description

BWh 1.3 ± 0.3◦C 53 Hot desert
BWk 1.5 ± 02◦C 49 Cold desert
BSh 1.6 ± 0.3◦C 63 Hot semi-arid steppe
Csa 1.6 ± 0.4◦C 43 Hot-summer 

Mediterranean
Csb 1.7 ± 0.2◦C 71 Warm-summer 

Mediterranean
BSk 1.8 ± 0.6◦C 239 Cold semi-arid steppe
Dsb 1.8 ± 0.4◦C 16 Mediterranean-pattern 

sub-arctic
Cfb 1.9 ± 0.8◦C 16 Marine west-coast (no 

dry season, warm 
summer)

Cfa 2.0 ± 0.3◦C 750 Humid subtropical (no 
dry season, hot summer)

Dfb 2.0 ± 0.6◦C 261 Humid continental 
warm-summer

Dfa 2.1 ± 0.3◦C 466 Humid continental hot- 
summer
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objective is the accurate and relevant detection of Extreme Heat Events 
(EHEs). Depending on the study objective, several HI thresholds have 
been applied to define and extract EHEs. Tuholske et al. (2021) identi
fied EHEs with HImax ≥ 40.6◦C to gauge global urban exposure. Studies 
such as Madrigano et al. (2015) and Black (2010) identified HI equal to 
35◦C and above as the critical point where heat related illnesses and 
emergency visits start to spike. Other studies, for example from Metzger 
et al. (2010), showed that HI values between 35◦C and ~37◦C force a 
sharp increase in daily heat-related mortalities. Furthermore, compre
hensive epidemiological studies conducted by Lewandowski and 
Shaman (2022) and Blum et al. (2024) identified the 105◦F (~40.5◦C) 
threshold as the upper limit of an extreme HI event. While based on NWS 
policies the ~40◦C threshold could rise up to ~43◦C for southern states 
(Hawkins et al., 2017), several studies including Vecellio et al. (2022)
and Grundstein et al. (2012) demonstrated that HI values above ~40◦C 
added no new physiological information that is not already included in 
previous hazard tiers.

Considering the above, here we present model performance for EHE 
binary classification using an HI threshold ranging from 35◦C to 42◦C. 
Table 7 presents the classification results. Recall indicates how many 
true EHEs the model correctly captures, while precision indicates how 
often an EHE detection is correct. Due to the fact that from the public 
health perspective it is better to err on unnecessary precautions rather 
than an unissued warning, the cost of a missed EHE (false negative) is 
greater than that of a false alarm (false positive). This makes recall a 
more important performance criterion. Up to 37◦C, recall showed that 
4/5ths of EHEs are correctly captured, with a similar performance for 
precision. Analyzing the number of EHE occurrences reveals that as the 
threshold increases, the EHE count rapidly drops from ~20 % to below 
2 %. This sharp decline in the detected positives is the reason behind the 
recall considerable drop, while the decrease in precision remains more 
gradual.

Fig. 6 shows the tradeoff between Precision and Recall for an in
crease in the EHE definition threshold. As the trend lines show, near the 
40◦C threshold there is an accelerated non-linear drop in both recall and 
precision. At the highest examined value of 42◦C approximately half of 
the actual EHEs were correctly identified. Looking beyond our modeling 
results, this analysis shows the sensitivity of the produced EHE accuracy 
to their definition, even for the same model. While the EHE thresholds 
are a convenient way to define them, it may be useful to look at 
continuous values and trends that SHINE can produce. From a public- 
health perspective, SHINE adopts the primary EHE threshold of 40◦C 
(≈ 105◦F), which highly aligns with practical heat warning and epide
miology studies. Several studies, such as Weinberger et al. (2018) and Le 
Roy et al. (2024), show that human health outcomes deteriorate rapidly 
beyond a HI of roughly 40◦C as death rates show exponential rise. 
Similarly, Blum et al. (2024) also recognize the same HI threshold 
(~40.6◦C) for an extreme humid-heat event as their results show sig
nificant spike in mortality risk among dialysis patients.

For better interpretability of the reported classification metrics in 
Table 7 and SHINEs ability to detect EHEs at the defined threshold, we 
considered a “no-skill” baseline model that classifies all samples as an 
EHE. Considering such baseline model is a standard practice across 
several domains with similar classification schemes (Ford et al., 2018; 

Lopez-Gomez et al., 2023; Saito and Rehmsmeier, 2015). Since this 
baseline model (classifier) catches all the actual EHEs, it has a perfect 
recall (=1.0). However, the precision would be as low as the actual event 
occurrences, since from all labeled EHEs only a certain low number are 
actually correct. At the defined optimal threshold (=40◦C), precision of 
“no-skill” baseline is equal 0.04 as the prevalence rate is 4.0 %. Based on 
Table 7, at the same threshold, SHINE achieves precision of 0.75 and 
recall of 0.66, a ~19-fold precision lift over the baseline while retaining 
two-thirds of events, indicating substantial skill beyond class 
prevalence.

4. Discussion

4.1. Relevance of selected variables to HI

The variable selection process included both physical and statistical 
criteria. Based on the comprehensive candidate pool (Table 2) statistical 
assessment was conducted and at least one representative from each 
variable group was passed on to the FFS for further consideration. That 
way each physically meaningful variable had the statistical opportunity 
to be selected at the final pruning step. Sensitivity checks that reintro
duced excluded, physical-motivated variables produced negligible ac
curacy gains, indicating that the final set preserved essential drivers 
while removing redundant features.

4.1.1. Statistical importance
To quantify the statistical relevance of the selected inputs, their 

relationship with observed station-level heat indicators was investi
gated. To do this, first-, second- and third-order polynomial functions 
were fitted between each predictor and station level Tmax, RH and HI. 
For each fit, the R2 values were calculated and the highest R2 among 
these three polynomial fits was selected as the best statistical relation
ship and tabulated in Table 8.

Surface layer height shows the strongest statistical alignment with 
observed HI and Tmax, underscoring its role in regulating near-surface 
heat entrapment. Specific humidity and MODIS LSTs exhibit moderate 
correlations with HI, Tmax and RH, consistent with their direct physical 
relevance to thermal stress (Yang et al., 2021). In contrast, variables 
such as Julian day and the forest and water fractions have very low R2 

values across all three heat indicators, suggesting that their contribu
tions within SHINE primarily arise through indirect modulation of sur
face energy balance or humidity rather than through strong direct 
relationships with heat variables (Li et al., 2016; Wang et al., 2022b). 
Elevation shows nearly zero correlation with station-based HI and Tmax 
but a moderate association with RH, indicating its influence on back
ground moisture climatology rather than on temperature directly (Feld 
et al., 2013; Gheyret et al., 2020). Finally, the frequent near-zero or 
negative correlations with RH (e.g., for historical maximum temperature 
or surface layer height) emphasize that RH alone cannot explain HI 
variability (Min et al., 2025; Parasin and Amnuaylojaroen, 2023) and 
that SHINE relies on multivariate interactions rather than simple uni
variate dependencies.

Figs. S1 and S2 in the appendix further investigate the relationships 
summarized in Table 8. These figures present scatter-density plots 

Table 7 
Classification performance of the HI model based on different extreme-heat thresholds.

Threshold (◦C) Precision “SHINE” Precision “no-skill” Recall True Negative False Positive True Positive False Negative Total EHEs (% of EHEs)

35 0.88 0.20 0.85 3,572,123 108,647 135,638 797,832 933,470 (20.2 %)
36 0.86 0.16 0.83 3,778,160 99,087 121,929 615,064 736,993 (15.9 %)
37 0.84 0.12 0.81 3,965,296 85,980 108,888 454,076 562,964 (12.2 %)
38 0.83 0.09 0.76 4,122,715 67,497 103,781 320,247 424,028 (9.1 %)
39 0.79 0.06 0.72 4,272,183 53,597 81,592 206,868 288,460 (6.2 %)
40 0.75 0.04 0.66 4,388,556 41,116 62,628 121,940 184,568 (4.0 %)
41 0.71 0.02 0.60 4,472,133 27,695 45,634 68,778 114,412 (2.4 %)
42 0.70 0.01 0.52 4,522,963 17,010 35,498 38,769 74,267 (1.6 %)
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showing how each environmental predictor relates to RH and Tmax. For 
RH, surface specific humidity and water land cover exhibit steep, satu
rating increases, consistent with their roles in supplying atmospheric 
moisture. In contrast, LST overpasses, surface layer height, and histori
cal Tmax show decreasing RH trends, reflecting how intense surface 
heating and deeper boundary layers suppress near-surface humidity. 
Elevation also shows a gentle decline in RH, likely due to the cooler, 
drier air masses typical of higher altitudes. For Tmax, the dominant 
patterns shift toward thermal indicators as surface layer height, LSTs, 
and historical Tmax all show strong, monotonic increases, consistent 
with intensified heating under low mixing depths and higher skin tem
peratures. Interestingly, Tmax rises with increasing specific humidity up 
to a point, then slightly declines at the highest humidity levels, likely 
due to latent cooling. Forest and water land cover fractions tend to 
suppress Tmax but show limited or non-monotonic relationships with 
RH, reflecting their dual influence on energy balance and surface 
moisture.

4.1.2. Physical importance
The surface layer height, as one of two MERRA-based variables, was 

shown to be the most correlated variable with HI. This parameter 
directly governs the energy exchange, night time temperature trapping 
and evapotranspiration effect on humidity. Shallower height squeezes 
the heat and moisture into a smaller air volume, exacerbating their 
combined effects in the region (Budakoti and Singh, 2021; Miao et al., 
2022). Specific Humidity (SH), the second selected MERRA-2 product 
provides information about the amount of latent heat in the air. Because 
relative humidity (RH) is temperature dependent, it can understate the 

moisture burden during hot events. In contrast, SH combines moisture 
content with temperature, providing a more direct measure of the 
body’s ability to cool by evaporation and reduce heat stress (Bu et al., 
2024; Coffel et al., 2017).

Evaluation of an alternative model that solely uses these MERRA-2 
products (as the source of daily dynamic variables) provides a good 
initial HI estimation, however they are only offered at a coarse resolu
tion of approximately 50 km. Studies such as Tuholske et al. (2021) also 
show that MERRA-2 generally underestimates temperature in case of 
high heat-humidity conditions but can be an influential input for HI 
calculation when used in combination with other input variables. 
Furthermore, a developed MODIS-only model (built on direct daily 
satellite observations) demonstrates acceptable estimation accuracy, but 
it struggles to capture the near surface moisture dynamics. MODIS PVW 
products do serve as moisture proxy, however, they represent water 
vapor based on atmospheric column integration which aggregates the 
moisture from earth surface up to the top of the atmosphere (Lin et al., 
2013). This aggregation process reduces the applicability of PVW as a 
humidity proxy, since a dense cloud at higher altitudes can significantly 
inflate PVW while the surface humidity remains modest (Ruckstuhl 
et al., 2007; Zhao et al., 2022).

Based on this fact, integration of MERRA-2 reanalysis with MODIS 
products is a promising approach to provide an estimation model with 
high accuracy and spatial resolution. MODIS LST products were used for 
both their additional explanatory power (as their absence due to clouds 
shows their influence) and their ability to adjust locally the MERRA-2 
estimation to a much finer 1 km cell size. Daily LST products from 
Aqua and Terra capture the surface temperature in the morning and at 
early afternoon, as well as the transition between these times for heat 
estimation (Albright et al., 2011; Benali et al., 2012). This daily LST pair 
has been widely used in heat studies as can be seen from Table 1. These 
MODIS- and MERRA-based variables were considered as dynamic vari
ables, as they have several observations within a day capturing the 
within and intra-day variability.

In addition to the daily dynamic variables, several static variables 
were included. Among static variables, the percentage of a water and 
forest land cover in 5- and 10-kilometer radiuses, respectively, have the 
highest impact on HI estimation, compared to other tested land cover/ 
use alternatives. Due to shading and albedo forest solely operates as a 
heat mitigation factor (Gage and Cooper, 2017; Gibbard et al., 2005). 
Proximity to water bodies can have a bidirectional HI effect. In case of 
high temperatures, the evaporation from water bodies could be a sig
nificant contributor to humidity increases, which exacerbates the heat 

Fig. 6. Precision and Recall trend lines as a function of a changing EHE threshold.

Table 8 
Statistical analysis between selected predictors and station-based HI, Tmax, and 
RH using Coefficient of determination (R2).

Predictor variable Observed HI Tmax RH

Surface layer height (MERRA-2) 0.86 0.77 0.01
LST of Terra (MODIS) 0.36 0.52 0.31
Average of Elevation (SRTM) 0.06 0.02 0.22
% Of Water LULC (NLCD) 0.01 0.03 0.08
Specific Humidity (MERRA-2) 0.42 0.20 0.30
LST of Aqua (MODIS) 0.32 0.49 0.34
Wind speed (TerraClimate) 0.05 0.04 0.01
Julian Day 0.21 0.18 0.01
Maximum Temp (TerraClimate) 0.34 0.31 0.02
% Of Forest LULC (NLCD) 0.02 0.03 0.07
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effect on human bodies (Jacobs et al., 2020; Yao et al., 2023). On the 
other hand, access to water bodies can serve as a heat mitigation factor 
since their high heat storage capacity keeps the surface cooler than 
adjacent land during the day. The created pressure gradient between 
land and water drives a breeze circulation that brings cooler marine air 
inland, often dropping the surface air temperature by several degrees 
(Jeong et al., 2015; Mutiibwa et al., 2015).

Furthermore, general climatic context can provide important in
sights. The summer average of two historical climatic variables, namely 
wind speed and maximum temperature, from TerraClimate were also 
found influential. These two variables act as static covariates that 
describe the background climate regime within which the day-to-day 
weather unfolds, thereby modulating the HI in complementary ways 
(Grotjahn and Huynh, 2018; Jackson et al., 2025). As another selected 
static variable, elevation was also shown to be a climate modifier factor 
by reducing the temperature-humidity pair as altitude increases 
(Krzysztof et al., 2021; Raymond et al., 2022). Finally, as the least 
computationally demanding variable, the Julian day was also shown to 
be an influential parameter for HI estimation. As an integer day-of-year 
counter, it encapsulates the seasonal phase of the Earth–sun geometry, 
which affects daily top-of-atmosphere insolation and drives the average 
pattern variability of near-surface temperature and atmospheric mois
ture, the two variables that are used to measure HI (Emamifar et al., 
2013).

4.2. Evaluation of the model’s comparative and practical value

In general, our literature review indicated a limited number of direct 
HI estimation efforts using satellite observations. A similar study con
ducted by Pede and Mountrakis (2022) led to an RMSE of 2.4◦C and an 
R2 of 0.83. While the geographic area was also CONUS, that work ob
tained lower accuracy while also limiting the evaluation to a single year, 
a much more favorable sampling that only included clear sky days, and 
one-tenth the number of observational sites. Due to the limited number 
of studies on HI estimation, the results of the present study can be 
compared with those based on alternative apparent temperature indices, 
among which the Universal Thermal Climate Index (UTCI) and Canada’s 
Humidex are two prominent examples. Ho et al. (2016) estimated the 
Humidex heat detection criteria across Greater Vancouver, Canada and 
their accuracy assessment estimated an RMSE of 2.0◦C and R2 of 0.57. 
Wu et al. (2023) also employed a random forest based model to estimate 

Humidex over the Yangtze River Delta for four selected months (Jan, 
Apr, Jul and Oct) in 2020, reporting an RMSE ranging from 2.2 to 3.2◦C 
(4.0–5.8◦F) and R2 between 0.86 and 0.93. While similar to Pede and 
Mountrakis (2022), these studies solely considered cloud free samples 
and their geographic coverage entailed only a limited number of land 
covers/uses. Furthermore, Hiroki et al. (2025) estimated the UTCI over 
140 stations in Japan between 1980 and 2020, and their developed 
XGboost model returned an RMSE of 6.8◦C and an R2 of 0.92. While this 
study delivers the first 41-year, nation-wide record of UTCI change for 
Japan, its explanatory power and accuracy were constrained by the low 
number of observations, spatially coarse inputs and limited inclusion of 
land cover and climate-oscillation drivers.

4.2.1. Comparisons with other high spatial resolution models
Due to limitations in HI data availability, studies have been using 

land surface temperature (LST) and daily maximum air temperature 
(Tmax) as proxies. As our dataset can extract LSTs from MODIS and 
Tmax from the weather stations we have a unique opportunity to 
contrast here these commonly used approaches to both our estimated HI 
via SHINE and the reference HI data on these weather stations. Fig. 7
shows the error distribution of the three approaches (SHINE HI, Tmax 
and MODIS Aqua LST) within successive, fixed-width intervals of 
weather station HI as the reference variable. Each boxplot includes the 
median, inter-quartile range (IQR), and tails for its bin, allowing quick 
visual assessment of how both the magnitude and variability of the error 
change across the reference HI range. For each 5◦C HI bins between 10◦C 
and 60◦C, grey bars (on the right y-axis) show the sample frequency in 
millions.

Due to the wall-to-wall global availability researchers have utilized 
MODIS LST for EHE identification through flagging multi-day exceed
ances above historical norms (Albright et al., 2011), tracking peak daily 
LSTs (Cotlier and Jimenez, 2022), detecting LST anomalies in the 
Mediterranean (Agathangelidis et al., 2022), and mapping continental- 
scale thermal extremes (Metz et al., 2017). Fig. 6 indicates that under 
extreme heat conditions (HI > 35◦C), the LST-HI relationship becomes 
more consistent, which is possibly due to stronger surface–air coupling 
in hot and dry conditions (Dirmeyer et al., 2022; Ganeshi et al., 2022). 
However, LST use is not suggested as a good proxy for EHE detection due 
to high error variability. While the median error could be adjusted with 
appropriate normalizations across the HI range, the high variability 
cannot be addressed as a wide range of LST values could lead to very 

Fig. 7. Contrasting SHINE predictions with Air and Land temperature estimations for EHE detection.
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similar HI estimations. This wide error variability is consistent across all 
HI ranges.

Although the HI estimation is conceptually distinct from estimating 
daily Tmax, the latter is often employed to identify EHEs in a wide range 
of interdisciplinary studies. This could be problematic as Tmax only 
captures the sensible-heat component of thermal stress and completely 
ignores the incremental role of moisture content in the air (Zhang et al., 
2014). As a result, the disparities between Tmax-based and HI-based 
EHE detection are evident in the extreme heat-humidity tail 
(HI > 35◦C), where public health interventions are most critical (Lee 
et al., 2021). Consequently, Tmax should not be used as the sole crite
rion for EHE identification, as it systematically underestimates and 
could miss dangerous hot-humid events. Another important consider
ation is that the presented Tmax analysis used weather station Tmax 
data, so from a practical perspective to create a wall-to-wall imple
mentation a spatial distribution model would introduce additional 
variability.

In comparison the SHINE HI error analysis shows that the median 
error remains near zero up to the 40◦C-45◦C bin with a small IQR spread 
(<±2◦C), indicating accurate performance over considered EHE 
thresholds. This further confirms that SHINE exhibits a low to moderate 
homoscedastic error across the public health warning range.

4.2.2. Comparisons with other high accuracy models
Tables 3 and 4 indicate that the full SHINE model exhibits very 

similar error to a MERRA-only model that does not incorporate MODIS 
products. While the latter model would reduce workload and de
pendencies on MODIS, the full SHINE model takes advantage of the 
MODIS 1 km products to capture fine-scale spatial detail. Fig. 8 visually 
contrasts the MERRA-only and the full SHINE HI outputs across the state 
of New Mexico (top row) and within the urban environment of Albu
querque (bottom row). These maps were generated using the trained 
models of each configuration with the selected input variables noted in 
Tables 3 and 4. To highlight HI variation, July 18th, 2012, one of the 

hottest summers in the U.S., was chosen as a case study 
(Anagnostopoulos et al., 2022; Romps and Lu, 2022). While MERRA- 
only provides accurate estimations (Fig. 4), its coarse resolution 
(~50 km) fails to capture important fine-scale thermal contrasts be
tween the Albuquerque urban area and its surrounding desert and 
mountainous landscapes. Based on the reference spatial resolution of 
MERRA-2 products, the CONUS domain is represented by approximately 
2700 pixels, whereas the full SHINE captures the same domain with 
nearly 12 million pixels, providing much finer spatial detail essential for 
local-scale exposure assessment. Together, these maps highlight the 
complementary strengths of the reanalysis-based and integrated 
modeling approaches and reinforce the need for a fused framework that 
combines accuracy with high spatial fidelity.

To further demonstrate the advantages of SHINE, its conceptual 
framework could be compared with similar heat-related spatiotemporal 
fusion models. For example, studies such as Meng et al. (2025), Guo 
et al. (2024) and Tang et al. (2023) produced 1-km gridded LST datasets 
with global coverage by fusing meteorological products from Landsat, 
MODIS and Moderate Resolution Spectral Imager (MERSI). These LST- 
fusion models focused on reconstructing LST and are considered valu
able and accurate for near surface temperature mapping. SHINE on the 
other hand is designed for heat exposure estimation, where HI estima
tion is practically superior to LST estimations as Fig. 7 demonstrates.

SHINE is the first HI-based national scale dataset at 1 km scale, 
however, meteorological datasets such as PRISM and Daymet are also 
widely used to quantify the heat-exposure with similar spatial and 
temporal resolutions (Clark et al., 2024; Manware et al., 2022). PRISM 
and Daymet could theoretically provide HI estimations through RH es
timations with the Daymet’s vapor pressure or PRISM’s dew-point var
iables. The issue though would be that PRISM and Daymet utilize all the 
available weather stations in their spatial interpolation models through 
the ASOS and AWOS networks (Thornton et al., 2021), therefore there 
would be no stations left to conduct an independent assessment between 
these models and SHINE, which are also utilized to define SHINE’s HI 

Fig. 8. Comparison between MERRA-only and SHINE spatial resolution in HI (◦C) estimation on July 18, 2012, across New Mexico. The yellow box in the top-left 
map marks the Albuquerque metropolitan area depicted in the bottom row. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.)
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ground truth.

4.3. Assessment of spatial error patterns in HI estimations

Station-level error assessment showed a large portion of high error 
stations concentrated in the Midwest region, an area known as corn-belt 
(Fig. 5). While additional variables were tested to capture the heavily 
agricultural nature of these underperforming regions, they were not 
successful. A potential contributing factor is the high evapotranspiration 
rate in mid-summer caused from vast corn and soy agricultural fields 
(Ting et al., 2021). This factor forces a spike in surface dew-point tem
perature which is often smoothed by gridded meteorological products 
(Alter et al., 2018; Souri et al., 2020). Due to this smoothing effect, the 
model is fed with lower humidity values than those that actually occur, 
leading to HI underestimation during peak events, a behavior also 
observed by our model. Furthermore, this region is impacted on both 
sides by extreme Gulf moisture and Canadian air masses (Haigh et al., 
2015; Rohli et al., 2024). Unlike deserts in southwest and plains of 
southeast, which have relatively stable climate governance, Midwest 
and Northeast regions can be exposed to hot-dry or hot-humid condition 
dynamics within a short time span (Agel et al., 2021; Archer and Pre
dick, 2008). This rapid change in climate condition poses hetero
scedasticity which is difficult for a regression model to capture (Gelfand, 
2015; Paliwal and Kumar, 2011; Sall’, 2015).

A climate-specific analysis of model residuals by Köppen–Geiger 
climate class reveals systematic, climate-dependent patterns in HI esti
mation error. Evaluation of model performance across different Köppen- 
Geiger regions showed low errors in desert and Mediterranean climates 
reflecting their relative thermodynamic simplicity. Low moisture con
tent keeps HI close to air temperature, so uncertainty in humidity con
tributes little additional variance (Alfano et al., 2011; Anderson et al., 
2013). By contrast, the Midwest and Southeast regions, which are rep
resented in the Cfa, Dfa, and Dfb climatic divisions, couple high atmo
spheric humidity with sharp synoptic swings between Gulf and 
continental air masses, amplifying the HI variability and producing both 
higher means and broader error ranges (Obarein and Lee, 2025; Ray
mond et al., 2024). The exceptionally wide spreads in the Cfa and BSk 
divisions further point to sub-grid heterogeneity: “corn-sweat” moisture 
spikes in irrigated farmland and patchy irrigation across High-Plain’s 
steppes can challenge a model calibrated on 1-km grids (Gibson et al., 
2017; Qiao et al., 2022). Given that the three most populated classes 
(Cfa, Dfa, Dfb) contain nearly 1500 stations and dominate national 
statistics, future error reductions should prioritize improved boundary- 
layer humidity representation and land-cover heterogeneity in these 
humid and transition-zone climates rather than in already well- 
modelled arid regions.

Several underlying mechanisms could possibly lead to higher errors 
in these specific regions. At high temperature conditions, HI grows non- 
linearly with the humidity and dew point (Xu et al., 2025b). As a result, 
in moist climate, marginal error in RH will disproportionally propagate 
to estimated HIs and shift them by multiple ◦Cs (Simpson et al., 2023). 
Additionally, those humid regions have frequent and fast-evolving 
cloudy condition (Feng et al., 2019; Lynn et al., 2001; Romps et al., 
2021), which reduces the MODIS clear sky availability and increases the 
model’s reliance on coarser MERRA-2 products. While our error analysis 
showed that MERRA2-only has close performance with SHINE, its 
coarser resolution is unable to capture sharp moisture gradients which 
are caused by sea-lake breezes, frontal zones and convective outflow 
boundaries at small spatial scales (Apke et al., 2020; Justin et al., 2025; 
Wang et al., 2023a). To overcome this issue, the model needs to go 
through a smoothening stage, which increases HI estimation error. 
Finally, the dominant LULCs in Cfa and Dfa climatic regions are gener
ally forests and crops lands with strong latent heat flux at midday 
(Hiestand and Carleton, 2020; Jansen et al., 2023). While this flux has 
little effect on air and dew point temperatures, it reduces the LST 
through evaporation and weakens its linkage to HI.

To assess whether local LULC composition contributed to the 
elevated errors in the Midwest, an additional diagnostic was employed 
which used station-level HI errors and LULC shares within 1 km buffer. 
For each station, the distribution of SHINE errors was calculated and 
then linked to binned fractions of cropland, developed, forest, and 
barren LULCs. Results show very similar error distributions across LULC 
fraction bins, with no systematic shift in bias or variance as the share of 
any class increases. This suggests that local LULC composition is not a 
primary driver of the higher errors in these regions, and that atmo
spheric and radiative factors are more likely responsible.

The modest underestimation of extreme HI in those regions indicates 
that SHINE may yield conservative estimates in threshold-based EHE 
detection, and errors in regions with sharp moisture gradients can 
restrict its reliability for very fine-scale operational applications. Un
derstanding these behaviors is important both for guiding future meth
odological improvements and for ensuring that appropriate caution 
would be considered for interpreting SHINE in such environments.

4.4. Limitations and future suggestions

The targeted 1 km2 spatial resolution, while an advancement for the 
current state-of-the-art, may be inadequate to capture the micro-climate 
fluctuation in small heterogenous regions. Leveraging higher-resolution 
LST from Landsat (~100 m) and ECOSTRESS (~70 m) can refine the 
temperature component of HI at sub-kilometer scale. This will help 
SHINE resolve sharp land–water, urban–rural, and terrain-driven gra
dients in hot-humid regions that are under-represented currently at 
1 km. Another potential issue is the decommission of MODIS and po
tential replacement by VIIRS products. After 2022, the MODIS overpass 
times have drifted (10:30am to ~9:30am for Terra and from 1:30 pm 
to ~2:30 pm for Aqua), therefore the potential of future MODIS/VIIRS 
use should be investigated.

Another approach to reduce the cloud contamination is the use of 
advanced machine learning imputation models. These models consider 
the entire time-series and predict missing values. While they have been 
used by the remote sensing community to fill the gaps in LST products of 
Landsat (Tang, 2024; Wang et al., 2024) and MODIS (Mokari et al., 
2021; Xiao et al., 2021), their ability to improve the estimation accuracy 
is still under-studied.

Although SHINE demonstrates superior accuracy relative to com
parable studies, error rates are higher in humid climates, notably across 
the agriculture-dominated Midwest. While several scientific factors 
likely contribute to this underperformance, a more detailed, region- 
targeted investigation is required to identify and mitigate the sources 
of error and uncertainty and to further improve model’s performance. 
One approach is the application of dataset fusion, which could further 
reduce the pixel-based estimation bias of SHINE by including fields from 
gridded datasets such as PRISM and Daymet. Produced HIs from these 
sources can be incorporated as auxiliary covariates within SHINE to 
exploit their spatial coherence in data-sparse regions while preserving 
independence in evaluation, possibly through a CoKriging statistical 
estimation.

Finally, the imbalance of HI samples across the entire operating 
range poses modeling constraints, most notably the low frequency of 
extreme events. While SHINE used calculated HI from ASOS and AWOS 
stations as the target variable, addition of samples from national scale 
networks such as Remote Automated Weather Stations (RAWS) and 
more localized and state-specific Mesoscale Meteorological Network 
(Mesonet) can increase the sample size of those under-sampled high HI 
occurrences. Application of synthetic sample generators and neural 
network based resampling methods, such as Generative Adversarial 
Networks, could offer improvements. These methods have been suc
cessful in generating new samples in remote sensing tasks (Han et al., 
2020; Ma et al., 2019; Reyes et al., 2022); however, they are complex 
and computational demanding.
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5. Conclusions

This study presented a model for CONUS-wide, wall-to-wall daily HI 
estimation with 1 km resolution spanning 21 seasons from 2003 to 2023. 
The obtained overall RMSE of 1.9◦C (MAE = 1.4◦C, R2 = 0.93) suggests 
that SHINE could provide accurate HI estimations. A comparative 
analysis was conducted to demonstrate the trade-offs between different 
input alternatives. The MERRA-only model demonstrated slightly more 
accurate HI estimation but at a much coarser spatial resolution, while 
the MODIS-only model retained kilometer-scale detail but with a higher 
error. The proposed integrated SHINE framework reconciles these lim
itations, recovering fine-scale spatial scale without sacrificing accuracy, 
and thus represents a balanced operational solution. Furthermore, 
SHINE retains high accuracy under different cloud contamination sce
narios enabling dependable estimates where satellite products may be 
missing. Analysis on the spatial and climatic distribution of the error 
indicated good performance across the board with the highest potential 
for improvement in the humid Midwest and Northeast, where “corn- 
sweat” evapotranspiration and sharp air-mass transitions may amplify 
humidity uncertainty. From the policy perspective and considering the 
HI operational range for public-health heat effects, the proposed SHINE 
approach outperforms typically used proxies such as land and air tem
perature. Moreover, SHINE reliably detected Extreme Heat Events, 
maintaining strong EHE correct identification up to the 37◦C threshold 
and operational accuracy at the critical 40◦C level used in health 
warning systems.

The study demonstrated that integrating multi-source Earth-obser
vation data with machine learning algorithms can deliver operational, 
continent scale HI estimations of sufficient accuracy for public health 
decision-making, climate risk attribution and adaptation research. 
Expanding and refining this framework through global deployment, 
real-time updating and coupled health-impact modelling represents a 
promising pathway toward more proactive and precise heat-risk man
agement in a warming world.
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