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Abstract
With the rise of global temperature, many cities are suffering from more and more frequent
extreme heat in hot summers. Quantitative information on the spatial distributions of urban heat
has become more and more important for extreme heat mitigation and adaptation in cities. This
study first investigated the fine-level heat hazard distributions at the sidewalk and building block
level from the pedestrian perspective in Philadelphia, Pennsylvania. The urban microclimate
modeling based on a high-resolution urban geometrical model was used to generate the 1m
resolution outdoor heat hazard map in the study area. The sidewalk map was overlaid on the
generated high-resolution heat hazard map to estimate the sidewalk level heat hazard. Based on the
sidewalk level heat hazard map, this study further calculated the heat hazard level in the 400m
walkshed along sidewalks for each building block. The building level hazard data were then ag-
gregated at the census tract level to compare with the socioeconomic and racial/ethnic variables.
The result shows that neighborhoods with higher proportion of African Americans have a higher
heat hazard level in Philadelphia. This study would provide new insights for developing more
thermally comfortable and pedestrian-friendly neighborhoods in the context of climate change.
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Introduction
Extreme heat events are increasing in frequency in large U.S. cities and are responsible for a greater
annual number of climate-related fatalities (Borden and Cutter 2008; Stone et al., 2010). Extreme
heat events have led to mortality increase in many cities all over the world, and many cities expect
extreme heat events more often because of urban heat island effects and climate change (Alexander
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and Arblaster, 2009; Gabriel and Endlicher, 2011). These summer heat waves will also increase the
deaths and illness caused by infectious disease and air pollution (Easterling et al., 2000; McPhearson
et al., 2020; Patz et al., 2005). In addition, heat stress deteriorates the livability and walkability of cities
(Lee et al., 2013) and impacts human physical activity levels.

It is important to examine how urban residents are exposed to extreme heat in cities in order to
take measures to mitigate the health risks of extreme heat (Li and Wang, 2021). Knowing the spatial
distribution and the temporal variation of heat is of great importance to understand how people are
exposed to extreme heat (Hsu et al., 2021; Li, 2021; Reid et al., 2009). Unlike dense ground-based
weather station networks, which are rare in cities, satellite-derived land surface temperature (LST)
provides an efficient way to map the spatial distribution of urban heat at a large scale. While being
widely used in urban heat mapping, LSTcannot present the human-centric and pedestrian-level heat
exposure in cities because of the coarse resolution and fixed observation periods. In addition, the
LST is impacted significantly by the temperature of building roofs and treetops, which are not the
place of human activities. Other than temperature, human heat stress is also impacted by other
factors, such as solar and terrestrial radiation, shade, wind, and humidity (Klemm et al., 2015; Li,
2021; Li and Wang, 2021; Norton et al., 2015). For example, a person directly exposed to solar
radiation gets significantly more heat exposure than someone staying in the shade. However, both
LST and air temperature cannot account for these factors.

There are still few studies that examine the heat exposure at individual level. Karner et al. (2015)
examined the heat exposure of non-motorize travel in the San Francisco Bay Area using the
transportation activity data and 1 km resolution air temperature from theDaymet data. Li et al. (2023)
applied a simulated travel pattern to estimate the heat exposure of travelers in Phoenix, Arizona. The
heat metrics of mean radiant temperature and wet bulb globe temperature were calculated based on the
meteorological parameters from the Daymet data. However, most of those heat metrics are too coarse
to fully indicate the spatial distribution of heat exposure within the urban space, where heat exposure
varies significantly street by street because of the heterogenous urban landscapes (Li, 2021).

Fine-level microclimate modeling based on high-resolution, three-dimensional urban geomet-
rical models, and local meteorological data provides a more comprehensive way to examine outdoor
heat exposure at pedestrian level (Li, 2021; Li and Wang, 2021; Lindberg et al., 2008; Lindberg
et al., 2016; Lindberg and Grimmond, 2011; Maronga et al., 2015; Matzarakis et al., 2007). Based
on the high-resolution input urban geometrical model, it is possible to calculate human heat stress
indicators at the meter level. For example, solar irradiance geometry models can estimate pedestrian
level heat exposure through a human-centric point of view based on urban geometrical models and
meteorological data. Ultimately, the finer-resolution heat hazard information would provide un-
precedentedly detailed understanding of the heat exposure on pedestrians and the mechanism of
how extreme heat events impact human wellbeing.

However, there are still few studies that use urban microclimate modeling for city-scale analyses
(Kong et al., 2022; Li, 2021; Li and Wang, 2021). The high computational cost of radiation
simulations on high-resolution urban geometrical models is the major obstacle. Recently, Li and
Wang (2021) developed GPU-accelerated algorithms for urban microclimate modeling that can
efficiently generate 1m resolution hourly mean radiant temperature (Tmrt) maps at large scales based
on urban geometrical models derived from LiDAR and aerial imagery. In this study, we adopted the
efficient urban microclimate modeling and mapped a 1m resolution Tmrtmap in Philadelphia. Based
on the 1m resolution urban heat hazard map, this study evaluated the heat hazard at the sidewalk
level and then examined the heat hazard of the walkshed of each building block. Please note that the
walkshed only includes the potential paths for people living in the buildings; therefore, the heat
hazard of walksheds cannot fully indicate the actual heat exposure at pedestrian level, since the
mobility of pedestrians is not considered. This study further investigated pedestrian level heat
hazard among different socioeconomic and racial/ethnic groups in Philadelphia. This study provides
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an unprecedented, detailed understanding of heat hazard at the pedestrian level, which would help to
develop walkable cities and build resilience to extreme heat in the context of climate change.

Methodology

Study area and data preparation
The study area is in Philadelphia, Pennsylvania, USA (Figure 1). The datasets used in this study
include the high-resolution (1m) land-use map, sidewalk map, building footprint map, LiDAR cloud

Figure 1. Location and datasets used in the study area: (a) the sidewalk map, (b) the building footprint map, (c)
the fine-level resolution land-use data in Philadelphia, (d) the normalized digital surface model of the
downtown Philadelphia, and (e) the land-use map in the downtown of the Philadelphia.
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point data, and meteorological data (Figure 1). The high-resolution land-use map created semi-
automatically based on high-resolution aerial imageries and LiDAR data with accuracy as high as
90% was collected from Pennsylvania Spatial Data Access (PASDA, https://www.pasda.psu.edu/).
The high-resolution LiDAR data in the form of pre-processed x, y, and z point cloud files were
collected from the United States Geological Survey 3D Elevation Program (https://usgs.entwine.io/
). In this study, the open-sourced tool PDALwas used to convert the LiDAR cloud points into digital
elevation model (DEM) and digital surface model (DSM) automatically. The high-resolution land-
use map and the generated DSM were combined to generate the building height model and the tree
canopy height model. In addition, this study collected the sidewalk map in Philadelphia from
DVRPC (Delaware Valley Regional Planning Commission, https://walk.dvrpc.org/). The hourly
meteorological data of air temperature, humidity, global horizontal radiation, direct radiation, and
diffuse radiation was collected from the National Renewable Energy Laboratory (NREL) (https://
nsrdb.nrel.gov/). The building footprint map was collected from Microsoft building footprint
database. The land-use information for each building block was determined by the overlay of the
building footprint on the land-use map of the study area.

Mean radiant temperature estimation
This study used the SOlar and LongWave Environmental Irradiance Geometry (SOLWEIG) model
to calculate and map the spatio-temporal distribution of mean radiant temperature (Tmrt). The high-
resolution urban geometrical model was used to represent the fine-level urban landscape. The Tmrt is
an objective indicator of the human body’s radiation exposure with consideration of the solar
radiation fluxes, air temperature, and shade. The SOLWEIG model has been developed over
decades and validated worldwide. In the SOLWEIG model, the Tmrt can be calculated as follows:
(Lindberg et al., 2008; Lindberg and Grimmond, 2011)

Tmrt ¼
ffiffiffiffiffiffiffiffiffiffiffiffi
R
"
εpσ

4
q

" 273:15 (1)

where σ is the Boltzmann constant, εp is the emissivity of the human body (standard value 0.97), and
R is the radiation that a human body exposed and can be estimated as,

R ¼ ξk
X6

1
KiFi þ εp

X6

1
LiFi (2)

where Ki is the shortwave radiation component from six directions (north, south, west, east, top, and
bottom), Li is the longwave radiation, Fi is the angular factor between a person and the surrounding
environment, and ξk is the absorption coefficient for shortwave radiation (standard value 0.7).
Figure 2(a) shows the process of Tmrt estimation based on the local meteorological data, tree canopy
height model, and building height model.

The SOLWEIG model is very slow running on the CPU based on high-resolution urban
geometrical models (Li, 2021; Li and Wang, 2021). This study adopted the previously developed
GPU-based method to accelerate the SOLWEIG model (Li and Wang, 2021). The GPU-parallel
computing algorithm has been reported to achieve a speed as high as 400,000 times for urban
geometrical parameter estimation than the regular method (Li and Wang, 2021). In this study, the
GPU-accelerated algorithm for estimating the Tmrt can achieve a 100x speedup compared with the
regular method. Figure 2(b) shows the computational model of the GPU-accelerated model for
computing the Tmrt based on the input urban geometrical model and the meteorological data.

In this study, the meteorological data for the summertime of 2019 was used to generate the hourly
Tmrt maps of summertime from July 1st to Sep 1st from 9 a.m. to 4 p.m. each day, which are
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considered as the hottest time periods of 1 year. To generate the general spatial distribution of the
heat hazard in the study area, those hourly Tmrt maps were aggregated by the mean value.

Estimating heat hazard level along sidewalk
In order to generate the heat hazard along the sidewalks, this study overlaid the sidewalk map on the
generated 1 m resolution urban heat hazard map to calculate the heat hazard along sidewalks. The
sidewalk map was planarized based on the intersection points into segments. Figure 3(a) and (b)
shows the overlay of the sidewalk segments on the generated 1 m resolution average urban heat
hazard map in part of the study area. The open-sourced tool GDAL (Geospatial Data Abstraction
Library) was used to conduct the overlay. Then the heat hazard along each sidewalk segment was
estimated as the mean values of all Tmrt pixels along the segment.

Based on the sidewalk level heat hazard map, this study further estimated the heat hazard for each
building block within walkshed of a 400m walking distance, which is usually considered as the
general walking distance threshold. The centroid of each building footprint was used as the origin to
determine the walkshed (Figure 3(c)). Then the walking heat hazard level for each building was
estimated by averaging the heat hazard along all the planarized sidewalk segments in the walkshed
(Figure 3(d)) as follows:

Figure 2. Calculation of the mean radiant temperature (Tmrt) using the SOLWEIG model based on land-use
map, urban geometrical model, and meteorological data using the GPU-accelerated algorithm: (a) the
SOLWEIG model for estimating the Tmrt and (b) the GPU parallel computing framework for modeling
radiation fluxes in complex urban geometrical spaces based on building height model and tree canopy height
model in raster data format.
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HeatExpo ¼
Xn

i¼0
Heati (3)

where n is the number of planarized sidewalk segments within the walkshed of 400 walking distance
and Heat is the heat hazard along the ith sidewalk segment within the walkshed. In this way, we
estimated the heat hazard at the building block level in the study area.

The distance between building and nearby sidewalk segments was calculated as the network
distance while generating the walkshed of each building. The frontend point of each building is
deterred as the perpendicular distance from the centroid of the building footprint to the closest
sidewalk segment (Figure 3(c)). The coordinate of the frontend point B (x, y) of each building block
with the centroid of (Cx,Cy) was calculated using liner interpolation process based on the coordinate
of the two endpoints (x1, y1) and (x2, y2) of the sidewalk segment.

Figure 3. Estimation of heat hazard along the sidewalk and building level heat hazard: (a) the overlay of the
sidewalk map on the generated pixel level Tmrt, (b) the heat hazard along the sidewalk, (c) the front-end point
along street of one building in the study area, and (d) the sidewalk segments in 400m walkshed of one building
block.
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Social-environmental analyses
In order to examine the pedestrian level heat hazard among different socioeconomic and racial/
ethnic groups, this study compared the aggregated building level heat hazard map with socio-
economic and racial/ethnic statuses in the study area. To represent the social statuses of residents,
this study selected variables of per capita income, proportion of non-Hispanic Whites, proportion of
African Americans, proportion of Hispanics, proportion of Asian Americans, proportion of people
older than 65, proportion of people younger than 5, proportion of people with bachelor or higher
degrees, and proportion of people without high-school degrees based on previous studies (Hsu et al.,
2021; Landry and Chakraborty, 2009; Li, 2021). All the variables were collected from American
Community Survey 5-year data of 2015–2019. To make the heat maps comparable to the census
data, this study aggregated building level heat hazard map to census tract using the mean value.

Correlation analysis was conducted to compare the correlation between heat hazard and social
variables. The ordinary least squares (OLS) regression models were applied to investigate the
associations between the social variables and heat hazard level. Only those variables with significant
correlation with the heat hazard levels were selected in the OLS regression model. The global
Moran’s I statistics were used to examine the spatial autocorrelation in the residuals of the OLS
regression model. The spatial regression model was then applied when the residuals have significant
spatial dependence in the OLS model.

There are two major methods to incorporate the spatial dependence into the regression model:
spatial lag regression model (SARlag) and spatial error regression model (SARerr). The SARlag

incorporates the spatial dependence into the dependent variable, while the SARerr incorporates the
spatial dependence into the error terms. In this study, the PySal module was used to conduct the
spatial regression analyses (Rey and Anselin, 2009), and the Lagrange Multiplier and Robust
Lagrange Multiplier tests were conducted to judge whether to use SARlag model or SARerr.

Results
Figure 4(a) and 4(b) show the spatial distributions of the mean radiant temperature (Tmrt) at the pixel
level and the sidewalk in the city of Philadelphia for the summer of 2019. Generally, the Tmrt along
the sidewalk (Figure 4(b)) has a similar pattern to the pixel level Tmrt map (Figure 4(a)). The
downtown areas and the northwestern areas have lower Tmrt, while the northern and northeastern
areas have a higher Tmrt. These spatial patterns match well with the spatial distributions of tree
canopy cover and the high-rise buildings. The downtown area has more high-rise buildings, and the
northern and northwestern areas have high tree canopy cover (Figure 1).

Table 1 shows the results of correlation analysis between the heat hazard along the sidewalk and
the streetscape variables. The heat hazard has significant and negative correlations with the tree
canopy cover, tree canopy height, and building height along sidewalks. The correlations of heat
hazard along sidewalks and the landscape features become weaker as the buffer distance increases.

Figure 5 shows the bar chart of the average heat hazard levels for sidewalks with different
orientations. The orientation angle starts from the east in anti-clockwise way. The sidewalks with the
orientations of 60–90° have significantly lower heat hazard level than sidewalks of other orientation
angles. Those streets orient in degree of 0–30 have significantly higher heat exposure level.
Figure 6(a) show the spatial distribution of the heat hazard within 400m walking distance walkshed
for each building block in the city of Philadelphia. Figure 6(b) shows the aggregated census tract
level hazard. Generally, the downtown areas and the northwestern parts of the city have lower heat
hazard level, while the northeastern and the southern areas have higher heat hazard level.

Table 2 presents the correlation coefficients between the aggregated building-level heat hazard
and the socioeconomic and racial/ethnic variables in the study area at the census tract level. The per
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capita income is strongly and negatively correlated with the heat hazard. The proportion of people
with bachelor or higher degrees has no significant correlation with the heat hazard, while the
proportion of people without high school degree has a significant and positive correlation with the
heat hazard. The proportion of non-Hispanic Whites is significantly and negatively correlated with
the heat hazard. The proportion of Hispanics and the proportion of African Americans both are
significantly and positively correlated with the heat hazard level, while no significant correlation
between the proportion of Asian Americans and heat hazard was detected. The proportion of people
under 5 years is significantly and positively correlated with the heat hazard, while the portion of
people older than 65 years is not significantly correlated with the heat hazard.

Table 3 presents the regression analysis of the pedestrian level heat hazard and the racial/ethnic
and socioeconomic variables. The per capita income is negatively and significantly associated with
the building level heat hazard level in the ordinary least squares (OLS) linear regression model,
while the association is not significant in the spatial regression model after controlling the spatial

Figure 4. Spatial distributions of the mean radiant temperature (Tmrt) at the pixel level (a) and the sidewalk
level (b) in Philadelphia.

Table 1. Correlation coefficients between the heat hazard along sidewalk and the nearby landscape variables
at different buffer distances.

Correlation

Different distances along the sidewalk

N10m 20m 30m

Tree canopy cover "0.25** "0.22** "0.19** 130,962
Height of trees "0.10** "0.04** "0.02**
Building height "0.15** "0.09** "0.08**

** Correlation is significant at the 0.01 level (2-tailed).
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Figure 5. Bar chart of the averaged heat hazard of sidewalks with different orientations (in degrees, start from
the east in anti-clockwise way).

Figure 6. Spatial distribution of the heat hazard within 400m walkshed for each building block: (a) the building
level heat hazard within walkshed and (b) the aggregated census tract level heat hazard.
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effect. The proportion of Hispanics has no significant association with the building level heat
hazard. The proportion of African Americans has a significant and positive association with the
building level heat hazard after controlling the spatial effect. The proportion of people under 5 years
of age has a significant and positive association with the building level heat hazard in the OLS
model, while in the spatial regression model the association is not significant.

Discussion
The study applies geospatial data analytics, urban microclimate modeling, and GPU parallel
computing to model and map urban outdoor heat hazard at the pedestrian level. High-resolution
(1m) multispectral aerial imageries and LiDAR cloud point data were used to generate the 3D urban
fabrics, which were then used to model the radiation fluxes and estimate the mean radiant

Table 3. Ordinary least squares (OLS) regression model and spatial lag model (SARlag) of the aggregated
building level mean radiant temperature (Tmrt) and independent variables at census tract level in the study area.

Variables

OLS SARlag

Coefficients (z-values) Coefficients (z-values)

Constant 46.48** 5.49**
Per capita income (thousand dollar) "0.03 ("5.98**) "0.002 ("0.098)
Proportion of Hispanics 0.39 (0.72) 0.25 (0.97)
Proportion of African Americans "0.06 ("0.16) 0.42 (2.48*)
Proportion of Asian Americans "0.84 ("0.83) 0.66 (1.32)
Proportion of people under 5 years of age 11.70 (4.88**) 0.41 (0.31)
R2 0.28
Pseudo R-squared 0.83
Adjusted R2 0.27
F-statistic 28.42**
Moran’s I of residuals 0.68 (23.28**)

**Significant at the 0.01 level (2-tailed).
*Significant at the 0.05 level (2-tailed).

Table 2. Correlation coefficients between the aggregated building level heat hazard (mean radiant
temperature, Tmrt) and the socioeconomic and racial/ethnic variables at the census tract level.

Category Variables
Pearson’s
correlation

Sig (2-
tailed) N

Economic status Per capita income "0.47** 0.000 374
Education Proportion of people without high school degree 0.42** 0.000

Proportion of people with bachelor or higher
degrees

"0.59** 0.000

Race and
ethnicity

Proportion of non-Hispanic Whites "0.36** 0.000
Proportion of Hispanics 0.22** 0.000
Proportion of African Americans 0.25** 0.000
Proportion of Asian Americans "0.11 0.029

Age Proportion of people under 5 years of age 0.34** 0.000
Proportion of people older than 65 years of age "0.07 0.178

** Correlation is significant at the 0.01 level (2-tailed).
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temperature (Tmrt) as the indicator of the urban outdoor heat hazard. In doing so, it produces high
spatial resolution (1m) urban outdoor heat hazard map for Philadelphia. The fine-resolution heat
hazard maps present unprecedented details of the distribution of urban heat across the city with
consideration of shading effects of the surrounding fine level urban landscape features. Such
hyperlocal information about the spatial distribution heat hazard would help to provide more
actionable insights for climate-resilient planning and policies. For example, it provides an efficient
tool to examine which neighborhoods, blocks, and streets need more resources for heat mitigations,
such as tree planting and shading infrastructure. The high-resolution Tmrt can also be incorporated to
estimate the heat vulnerability and support the heat management and emergency planning in
extreme heat weathers.

By overlaying the sidewalk map on the generated heat hazard map, this study estimated the heat
hazard level along sidewalks in Philadelphia. This is the first sidewalk level urban heat mapping at
the city scale. The sidewalk level heat hazard map provides a pedestrian level heat hazard spatial
distribution in Philadelphia. Generally, the tree canopy cover, height of street trees, and height of
buildings all associated with lower heat hazard level. In addition, the orientation of the sidewalk
would also impact the heat hazard significantly. Those sidewalks that orient in the degrees of 0 to
30 from the east in anti-clockwise way have higher heat hazard than sidewalks of other orientations
in Philadelphia. In this study, the heat hazard is the averaged Tmrt from 9a.m. to 4p.m., while the Tmrt
varies significantly hour by hour. Therefore, this pattern may not be valid at hourly level. In cities of
different latitudes, the heat hazard levels of sidewalks with different orientations may be different
because of the different sun paths in the summertime.

This study also studied the heat hazard at the building level by estimating the average heat hazard
in the 400m walking distance walkshed of each building block. Therefore, the heat hazard in the
walkshed can better indicate human potential heat hazard. The building level heat hazard clearly
presents the spatial distribution of the potential heat hazard for urban residents in Philadelphia.
Generally, the downtown area and the northwestern parts of the city have a lower heat hazard level
than the northeastern and northern parts of the city. This study aggregated the building level heat
hazard to census tract level and investigated the heat hazard among different socioeconomic and
racial/ethnic groups across neighborhoods of Philadelphia. Different from previous work (Li, 2021)
that used the aggregated Tmrt values of all non-building pixels at the census tract level, the sidewalk
level heat hazard has no significant association with income in Philadelphia after controlling the
spatial dependence. In addition, the racial/ethnic statuses have a significant association with the
sidewalk level heat hazard, as neighborhoods with higher proportion of African Americans tend to
have higher sidewalk level heat hazard.

The developed framework in this study provides an objective way to study human heat hazard
from a pedestrian perspective in a human-centric way. The developed method is highly scalable and
can be easily scaled to other cities in the United States since the datasets used in this study are
publicly accessible and nationally available. The generated fine-resolution heat hazard map can be
also overlaid with other urban facility maps to examine the heat hazard in other facilities, such as
public transit stations, playgrounds, schoolyards, and parks, which seem impossible using tradi-
tional methods. The developed study would be applied to examine urban resident’s heat hazard
more objectively and provide new insights to alleviate the vulnerabilities to the heat through urban
climate planning, which are of great importance in the context of climate change and urban heat
island intensification.

Although this study examined the heat hazard level in Philadelphia from the pedestrian per-
spective, there are still several limitations in this study. Firstly, this study only studied the daytime
urban outdoor heat hazard level, and the heat hazard at nighttime was not considered. However, the
nighttime and indoor heat stress levels also impact human wellbeing significantly. In this study, the
walksheds of buildings were used as the surrogate of the human potential walking areas, while the
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actual pedestrian’s activities were not considered. Using different urban facilities like parks,
playgrounds, and bus stops as destinations would be a new option to indicate human potential
walking paths. Using the fine-level human mobility data would help to better represent human
walking activities and further indicate the heat exposure of pedestrians.

Another limitation of this study is that the 400m walking distance was used as the universal
distance to define the walkshed in the whole city to examine heat hazard, while the walking distance
may be different in different urban form settings of the study area. Future work should use adaptive
distance for different areas in the study area. In addition, this study didn’t consider the different land
uses of building blocks. However, different types of buildings may have different functions of
human activities and different population densities; therefore, future studies should also consider the
different functions of buildings and the population density.

In addition, this study used the averaged Tmrt at hourly level in the summertime to indicate the
heat hazard levels. However, the temporal variation of the heat hazard along the sidewalk was not
considered, while the temporal variation of the heat in different time of 1 day is significant.
Therefore, future research should consider the heat hazard at the sidewalk and building levels at
different time points.

Conclusion
This study examined the spatial distributions of heat hazard from pedestrian perspective at sidewalk
and building level using urban microclimate modeling based on 1m resolution urban geometrical
model. The existence of the street trees and buildings would help to lower the heat hazard level
along sidewalk. The orientations of the sidewalk impact the heat hazard of sidewalk significantly,
while the relationship varies at different hours, days, and spatial locations. Social-environmental
analysis results show that neighborhoods with a higher proportion of African Americans have a
higher heat hazard level in Philadelphia.

This study presents a scalable and efficient tool to evaluate the heat hazard at the sidewalk and
building block level from a more human-centric perspective at the city scale. Such a developed
human-centric framework for estimating pedestrian level heat hazard would provide a powerful tool
for developing more thermally comfortable and pedestrian-friendly cities in the context of climate
change.
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