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Abstract: This article presents a customized system dynamics model to facilitate the informed
development of policy for urban heat island mitigation within the context of future climate change,
and with special emphasis on the reduction of heat-related mortality. The model incorporates a
variety of components (incl.: the urban heat island effect; population dynamics; climate change
impacts on temperature; and heat-related mortality) and is intended to provide urban planning and
related professionals with: a facilitated means of understanding the risk of heat-related mortality
within the urban heat island; and location-specific information to support the development of
reasoned and targeted urban heat island mitigation policy.
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1. Introduction

Heat is a serious public health threat that results in a significant amount of mortality
ﬁf;,edcgtg on an annual basis. To illustrate, Kalkstein et al. [1] have estimated that there was an annual
average of approximately 1300 heat-related deaths in 40 major American cities over the
Citation: Dare, R. A System 30-year period from 1975 through 2004. Similarly, Cheng et al. [2] have estimated that, over
Dynamics Model to Facilitate the the 47-year period from 1954 through 2000, there was an annual average of approximately
320 heat-related deaths in the Canadian cities of Toronto, Montreal, Ottawa and Windsor.
Additionally, Guest et al. [3] have estimated that there was an annual average of 175 heat-
related deaths in the Australian cities of Adelaide, Brisbane, Melbourne, Perth and Sydney
over the period from 1979 through 1990. Annual average estimates of heat-related deaths
can, however, be exceeded during brief periods of extreme heat (i.e., heatwaves). This is
demonstrated by the example of a heatwave in the central part of the United States that
resulted in an estimated total of approximately 525 excess deaths over a five-day period
in July 1995 in Chicago alone [4], where, according to Kalkstein et al. [1], there was an
annual average of approximately 93 heat-related deaths from 1975 through 2004. Other
such examples of heatwaves with significant mortality abound (see: [5-8]).
published maps and institutional affil- Based on the above, it is clear that heat is a serious public health threat when consid-
{ations. ered in a historical context. However, heat is even more troubling when considered in a
future context. Indeed, with recent climate models projecting an increase of up to 4.8 °C in
the global mean surface temperature and an overall increase in the frequency and duration
of extreme heat events through 2100 [9], it is clear that extreme heat will pose an increased
public health threat in the years to come. This threat will be further exacerbated by the fact
that populations are growing older in many world regions (see: [10]). Indeed, the elderly
are among the most impacted by the public health threat of heat [11-17]. Growth in elderly
populations will, therefore, contribute to the increased significance of the public health
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be expected to increase, humans have a natural ability to acclimatize to high temperatures
through physiological processes and behavior modification (e.g., reducing activity levels
and using air conditioning), which is frequently unaccounted for in projections of heat-
related mortality. The fact that acclimatization effects are frequently unaccounted for in
projections of heat-related mortality is demonstrated by a comparison of 14 projections by
Huang et al. [24], which indicated that only half of the projections had accounted for, or
examined, acclimatization to higher temperatures. Thus, one may conclude that projections
of heat-related mortality are frequently overstated. Nevertheless, heat will continue to be a
serious public health threat.

As demonstrated by multiple, historic studies of excess deaths related to extreme heat
exposure (see: [4,7,8,25]), the public health threat of heat is particularly severe in urban areas.
The presence of the urban heat island effect is a key explanation for this increased threat.
Indeed, this phenomenon causes urban areas to be considerably warmer than surrounding
rural areas and, therewith, increases the vulnerability of urban populations to heat-related
mortality [26,27]. To illustrate, the heightened vulnerability of urban populations to the
public health threat of heat is evident in the fact that about 91 percent of the excess deaths
that occurred in France during an August 2003 heatwave occurred in urban areas with at
least 5000 residents [25].

Despite its significant impact on heat-related mortality, there is great potential to
mitigate the urban heat island effect at the local level. The basis for this claim lies in
the fact that the urban heat island effect is principally the result of the impacts of the
built environment on surface energy balance [27]. Within individual urban heat islands,
wide temperature variations that correspond with different land uses, and types of land
surface cover, demonstrate the impacts of the built environment on surface energy bal-
ance (see: [27-29]). Indeed, Martin et al. [29] have observed differences in land surface
temperature, which is closely correlated with ambient temperature (i.e., air temperature;
see: [29-31]), of up to approximately 16 °C in Montreal, with the warmest and coolest areas
of the city being located in industrial and vegetated areas, respectively; they note that the
different thermal capacities of impervious surfaces, soils, vegetation and water to absorb
and emit heat impact the formation of urban heat islands.

The local level is well aware of the urban heat island effect and the potential for its
mitigation. To illustrate, as has been demonstrated in Dare [32], the ten most populous
municipalities in both the United States and Canada have been found to have a combined
total of 307 unique instances of direct policy measures for urban heat island mitigation,
with 85.7 percent of which prescribing approaches aimed at augmentation of latent heat
flux, provision of shade, and increasing of surface albedo (n.b., the remaining 14.3 percent
do not prescribe an approach). For as aware of the urban heat island effect and the potential
for its mitigation as the local level is, however, there appears to be a lack of awareness of
the public health impacts of the urban heat island effect. Indeed, of the aforementioned 307
unique instances of direct policy measures, only about 13.4 percent are framed in relation
to public health.

Given the lack of awareness of the public health impacts of the urban heat island effect
and the prospect of increased heat-related mortality in the future, it is important to foster
and support local efforts for urban heat island mitigation in order to reduce the potential
for heat-related mortality. To this end, this article presents a system dynamics model, which
is referred to herein as the Urban Heat Island Mitigation Planning Tool (UHIMPT model)
and may be used to facilitate an improved understanding of the public health threat of
heat within the urban heat island and, therewith, the informed development of policy for
its mitigation. To promote the future use and application of the UHIMPT model at the
local level, this article pays particular attention to its structure and parameterization. In
doing so, the intent is to provide urban planning and related professionals with sufficient
information to customize and apply the UHIMPT model in a given location.
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Article Organization
The remainder of this article is structured as follows:

e  Section 2. Materials and Methods provides: an overview description of the UHIMPT
model (incl., its components, required data inputs and data outputs), and a thorough
review of its mathematical parameterization (incl., the presentation of each equation);

e  Section 3. Results provides an illustrative demonstration of how the UHIMPT model
may be customized and used to facilitate an improved understanding of the pub-
lic health threat of heat within the urban heat island and, therewith, the informed
development of policy for its mitigation within a given location;

e  Section 4. Discussion reviews: the results of the illustrative demonstration of the
UHIMPT model, and the demonstrated utility of the UHIMPT model;

e  Section 5. Model Validation applies common structural and behavioral validation
tests to the UHIMPT model in order to verify that: the model structure represents
actual conditions accurately and in sufficient detail, and simulated behavior reasonably
mimics observed behavior to a degree that is sufficient to instill confidence;

e  Section 6. Model Limitations provides a discussion of the various limitations of the
UHIMPT model and, where relevant, identifies potential means to overcome same;

e Section 7. Proper Model Use explores, in consideration of model structure and
limitations, how the UHIMPT model should, and should not, be used,;

e Section 8. Conclusion summarizes the utility of the UHIMPT model.

2. Materials and Methods
2.1. Model Description

The UHIMPT model is a system dynamics model, which was created with Release
10.0 of the Systems Thinking, Experimental Learning Laboratory with Animation (STELLA)
structural equation modeling software package by isee systems, Inc. of Lebanon, NH,
USA (n.b., though STELLA was used in this instance, the UHIMPT model is presented in
such a way that it may be recreated in other programming languages with other software
packages). It is intended to be adaptable and easily applied in a variety of study areas and
operates on an annual time step in order to simulate conditions during the warmest month
(i.e., when the risk of heat-related mortality is greatest).

The UHIMPT model includes a variety of components (incl.: urban heat island effect;
population dynamics; climate change impacts on temperature; and heat-related mortality)
and provides the user with the opportunity to estimate the impacts of various hypothetical
urban heat island mitigation strategies on heat-related mortality. Complete information on
the various components of the UHIMPT model, as well as required data inputs and model
outputs, is provided in Sections 2.1.1-2.1.3.

2.1.1. Components

The individual components of the UHIMPT model, as well as the relationships be-
tween them, are discussed in the following subsections.

Please note that the purpose of Section 2.1.1 is to explain the general function of the
model, and the generalized interactions among the individual components thereof. Data
requirements of each component are discussed in Section 2.1.2. Parameterization of each
component is discussed in Section 2.2.

Urban Heat Island

The UHIMPT model accounts for the urban heat island effect. While there are numer-
ous conceptions of the urban heat island in the literature (see: [27]), the surface urban heat
island and the canopy layer urban heat island are of primary interest in this discussion.
The surface urban heat island is determined by the temperature of the land surface, which
is influenced by all urban features (e.g., paved surfaces, vegetation, walls, roofs, building
shadows), and exhibits the highest amplitude (i.e., urban—rural temperature difference)
during the daytime when solar heating creates the largest differences between pervious
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and impervious surfaces (see: [27]). The canopy layer urban heat island, on the other hand,
is measured by air temperature below the tops of buildings and trees (i.e., within the urban
canopy) and generally exhibits the highest amplitude at night because urban areas typically
retain heat longer than rural areas and, thus, cool more slowly (see: [27,33]).

The UHIMPT model examines canopy layer urban heat island. However, it does not do
so by a typical means of analysis (e.g., mobile transect measurement of air temperature as
in Oke [34]) or based on nighttime temperatures. Indeed, the UHIMPT model’s accounting
of the urban heat island effect relies upon user-input data on normal (i.e., derived from
climate norms) urban heat island amplitude during the warmest month, as measured
by air temperature and specifically representing: the difference between observed mean
warmest month air temperatures averaged over the entirety of the urban and the rural (i.e.,
surrounding) areas, and the difference between the mean maximum warmest month air
temperatures in the urban and rural areas. This results in the incorporation of baseline
measures of both the normal mean warmest month urban heat island amplitude, and the
normal mean maximum warmest month urban heat island amplitude (Note 1), within the
UHIMPT model. The UHIMPT model relies upon such measurements of urban heat island
amplitude because of the widespread availability of appropriate data, which is discussed
in Section 2.1.2 and eliminates the need to perform specialized data collection and analysis
(e.g., mobile transect measurement of air temperature as in Oke [34]; Note 2). This, in turn,
facilitates the application of the UHIMPT model.

It is important to note that urban heat island amplitude is not static. As cities grow
and develop, urban heat island amplitude, under conventional development scenarios and
without mitigation efforts, has shown a tendency to increase. This is demonstrated in the
case of the planned community of Columbia, Maryland, where Landsberg [35] documented
an increase of 6 °C in urban heat island amplitude between 1968 and 1974, when the town
was in the early stages of development and grew in population from approximately 1000
residents in 1968 to slightly more than 20,000 residents in 1974. Other examples of growth
and dynamism in urban heat island amplitude abound (see: [36-38]).

The development of the urban heat island effect has frequently been explained as:
a function of population growth (see: [34,39-41]), and as a function of the level of devel-
opment in an area, as measured by sky view factor, which is the proportion of sky that
is visible from a given location (see: [42—44]). While both functions may serve as a proxy
to simulate the dynamic nature of urban heat island amplitude, the UHIMPT model uses
population size to do so. Specifically, it adapts the population size-urban heat island am-
plitude function for North American settlements of Oke [34] to estimate future amplitude
based on: projected population size; and the factor of change in amplitude between two
consecutive time steps (i.e., years) that is reflected by said function (Notes 3-5). Complete
details of the adaptation of Oke’s population size—urban heat island amplitude function
for use in the UHIMPT model are provided in Section 2.2 (Notes 6-7).

The UHIMPT model also provides a means of testing the impacts of sundry hypothet-
ical policies for urban heat island mitigation. As shown in Dare [32], urban heat island
mitigation policy most frequently prescribes approaches aimed at: augmentation of la-
tent heat flux (e.g., by minimizing impervious surface cover); provision of shade (e.g.,
by increasing tree canopy); and increasing surface albedo (e.g., by setting performance
standards for flat and low-slope roof surfaces). To simulate the impacts of such policies, the
UHIMPT model includes an adaption of a customized multiple linear regression model,
which, as discussed in Section 2.1.2, is developed with user-input data and provides users
with the ability to modify land surface temperature by altering: surface albedo; impervious
surface cover; and the proportion of vegetation. To render this simulation of the impact of
sundry hypothetical policies for urban heat island mitigation compatible with the UHIMPT
model’s examination of the canopy layer urban heat island, the change in land surface
temperature is converted to air temperature by means of the linear regression model of
Gallo et al. [30], which is discussed in Section 2.2.
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To summarize, the UHIMPT model accounts for the following aspects of the urban
heat island effect:

Normal mean warmest month urban heat island amplitude;
Normal mean maximum warmest month urban heat island amplitude;
Development of the urban heat island effect, as determined by an adapted population
size—urban heat island amplitude function for North American settlements;

e Impact of sundry hypothetical policies for urban heat island mitigation.

Climate Change Impacts

The UHIMPT model accounts for the impacts of climate change on air temperature. To
do so, and as described in Section 2.1.2, it requires data on climate norms and projections
for the urban and rural areas. With such data, the UHIMPT model linearly interpolates
the projected impacts of climate change on mean warmest month and mean maximum
warmest month air temperature in the urban and rural areas for every time step (i.e., year)
and, therewith, the change in urban heat island amplitude resulting from climate change
(Note 8). The UHIMPT model then uses information from its accounting of the urban heat
island effect to estimate overall air temperature of the urban area, as impacted by: climate
change; the dynamic nature of urban heat island amplitude; and hypothetical policies for
urban heat island mitigation. This calculation of climate change impacts provides input to
the calculation of heat-related mortality, which is discussed later in this section.

It is important to note that the UHIMPT model itself does not project mean warmest
month air temperature and mean maximum warmest month air temperature. As a result,
the model does not simulate conditions beyond the last period that is reflected in the
user-input projections of mean and mean maximum warmest month air temperatures.

To summarize, the UHIMPT model accounts for the following aspects of climate
change impacts:

Normal mean warmest month air temperature;

Normal mean maximum warmest month air temperature;
Projected mean warmest month air temperature;

Projected mean maximum warmest month air temperature;
Impact of projected temperatures on urban heat island amplitude.

Population Dynamics

The UHIMPT model includes a cohort-component population projection. The cohort-
component population projection methodology is covered extensively in urban planning
and related literature (see: [45-49]) and is generally recognized as the most widely used
methodology for sub-national population projections (see: [45,47,49]). It accounts for
fertility, all-cause mortality and net migration, and is noted for its use in projecting not
only population size, but also population structure (e.g., age and sex cohorts).

Although cohort-component population projections most frequently include pro-
jections of age and sex cohorts, the UHIMPT model incorporates a simplified cohort-
component population projection that includes only population size and age cohorts (n.b.,
the UHIMPT model uses single-year age cohorts to make the cohort population projection
compatible with its annual time step). It does not include sex cohorts. The reason for
this simplification is that the cohort-component population projection is only used by the
UHIMPT model: to estimate the number of excess deaths that would result from one day of
exposure to extreme heat in the urban area (n.b., the risk of heat-related mortality is highest
on the day of exposure [50]), as determined by all-cause mortality and the increased relative
risk of same that results from exposure to heat, the calculation of which is discussed in the
next subsection and relies upon aggregate data that does not distinguish between sexes
(Note 9); and to calculate change in urban heat island amplitude, which, as previously
discussed, is calculated as a function of total population size. The cohort-component
population projection of the UHIMPT model is used for no other purposes.
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In addition to the above, it is noted that the UHIMPT model’s cohort-component
population projection does not extrapolate or project future trends in mortality, fertility
and net migration rates. Instead, the mortality, fertility and net migration rates that are
experienced between the past two official censuses are estimated, annualized, and applied
in the projection. This simplification has been made in order to reduce user-input data
requirements. It has also been made because, as noted by Smith et al. [47]: there is a lack of
scientific reasoning that proves that such rates can be accurately projected, particularly in
small areas (e.g., a municipality), on the basis of historic information; and the performance
of past projections of such rates has generally left much to be desired. It is further noted
that the application of static mortality, fertility and net migration rates within the UHIMPT
model is justified by common practice [46,47,51,52].

To summarize, the UHIMPT model analyzes population dynamics with a cohort-
component population projection, which accounts for:

e  Fertility;
e  All-cause mortality;
e  Net migration.

Heat-Related Mortality

The UHIMPT model accounts for heat-related mortality. To do so, it uses the temperature—
mortality functions of Nordio et al. [50], which are based on a statistical analysis of more
than 42 million death records from —out the contiguous United States and provide regional
climate-specific factors of relative risk of mortality resulting from one day of exposure to
extreme heat in the urban area (n.b., continental United States-specific the temperature—
mortality functions of Nordio et al. [50] may be substituted when the UHIMPT model is
to be adapted for use in other regions). Specifically, these factors are used, along with the
cohort-component population projection and the interpolated projections of air tempera-
ture that have been previously described, to estimate the impact of one day of exposure to
extreme heat, as represented by mean maximum warmest month air temperature, in the
urban area. The appropriate relative risk factor for a given study area is determined by the
normal mean summer and winter air temperatures in the region (Note 10).

It is important to note that although humidity has an impact on heat-related mortality,
air temperature is a much stronger predictor of same [53,54]. For this reason, and in an effort
to simplify the UHIMPT model, it relies entirely upon air temperature as a predictor of heat-
related mortality. Nonetheless, the temperature—mortality functions of Nordio et al. [50]
have been developed with the benefit of a cluster analysis, which identified eight climate
clusters covering the continental United States based on relative humidity, mean summer
and winter air temperature, and the standard deviation of mean summer and winter air
temperature. For each of these climate clusters, Nordio et al. [50] prepared customized
temperature-mortality functions, all of which have been incorporated into the UHIMPT
model (n.b., as explained in Sections 2.1.2 and 2.2.4, the appropriate temperature-mortality
function is automatically selected based on user-input data on normal mean summer and
winter air temperatures for the region). Thus, although the UHIMPT model does not
directly rely upon information on relative humidity to explain heat-related mortality, the
influence of relative humidity is captured in the temperature—mortality functions of Nordio
et al. [50].

In addition to the above, it is noted that a reduction factor is applied to the appropriate
factor of relative risk of mortality in order to account for the natural human ability for
acclimatization to higher air temperatures resulting from future climate change. This
reduction factor is derived from and corresponds with a meta-regression analysis by Nordio
et al. [50], which indicates that every 5 °C increase in mean air temperature is accompanied
by a 1.78-percent reduction in heat-related mortality (95-Percent CI: 0.82, 2.74).

It is important to note that the UHIMPT model does not simply apply a variable
relative risk factor that corresponds with projected mean warmest month and coldest month
air temperatures for the region at a given time step. Such an approach assumes sudden
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acclimatization. Acclimatization, however, is more likely to be gradual and continuous
(see: [50,55]). Such a gradual and continuous pattern of acclimatization is captured by
applying the aforementioned reduction factor.
Please note that heat-related mortality is calculated for scenarios that assume both no
mitigation of the urban heat island effect and mitigation of the urban heat island effect.
To summarize, the UHIMPT model accounts for the following aspects of heat-related
mortality:
e Impact of mean warmest month air temperature on mortality (i.e., heat-related mortal-
ity);
e Impact of mean maximum warmest month air temperature on mortality (i.e., heat-
related mortality);
e Impact of acclimatization to higher temperatures resulting from future climate change
on heat-related mortality.

Summary of Relationships between Model Components

As has been shown by the foregoing discussion, the UHIMPT model includes various
components to account for the urban heat island effect (incl., the impact of hypothetical
urban heat island mitigation policy), the impacts of climate change, population dynamics,
and heat-related mortality. The generalized relationships between these components are
demonstrated in Figure 1.

Mitigation | ) Urban Heat <
Policy Island Effect
Climate Change Population
Impacts Dynamics
A 4
Heat-Related <
Mortality

Figure 1. Generalized Relationships between UHIMPT Model Components.

The generalized relationships between components of the UHIMPT model are shown
in Figure 1. As shown, the accounting of the urban heat island effect and climate change
impacts collectively impact the accounting of heat-related mortality. Specifically, the
accountings of the urban heat island effect and climate change impacts are used to obtain
an estimate of overall mean warmest month and mean maximum warmest month air
temperature in the urban area, which is then used to determine the relative risk of heat-
related mortality. As represented in the UHIMPT model, climate change impacts further
impact the accounting of heat-related mortality in that projected increases in mean air
temperature result in reduced relative risk of heat-related mortality. In addition, heat-
related mortality is further impacted by population dynamics. Indeed, it uses the cohort-
component population projection, and specifically the cohort-specific population totals
and mortality rates, in the estimation of the impacts of one day of exposure to extreme
heat. In addition, population dynamics impact the accounting of the urban heat island
effect. Specifically, the UHIMPT model uses population growth represented in the cohort-
component population projection as a proxy for increased urban heat island amplitude
resulting from urban growth and development. Finally, it is noted that hypothetical urban
heat island mitigation policy alters the magnitude of the urban heat island effect and, in
turn, the accounting of heat-related mortality.
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2.1.2. Data Inputs

The UHIMPT model has moderate data input requirements, which include data on
climate norms and projections, baseline population data, and sundry geospatial datasets
(e.g., geographic boundaries, impervious cover). This section provides an overview of the
data input requirements for each of its individual components. In addition, Supplement
A provides an inventory of data input requirements and potential data sources in tabular
format.

Urban Heat Island

The accounting of the urban heat island effect requires the following data: normal
mean warmest month air temperature for the urban and rural (i.e., surrounding) areas;
and the normal mean maximum warmest month air temperature for the same areas. These
data may be obtained from a raster-based geospatial dataset, which is presented in Wang
et al. [56] and has a spatial resolution of 1.0 km?. Said dataset provides coverage for all
regions of North America (Note 11).

As previously explained in Section 2.1.1, the UHIMPT model uses a customized multi-
ple linear regression model to demonstrate the relationship of surface albedo, impervious
cover and the proportion of vegetation with land surface temperature. This multiple linear
regression model relies on user-input data and must be tailored by the user to the specific
geographic area of application of the UHIMPT model. To do so, the following data are
required: recent cloud-free, daytime Landsat 8 satellite imagery that was captured in
the warmest month, or other such satellite imagery of the same or higher resolution that
has ultra-blue, green, red, near infrared, and thermal infrared bands; and a vector-based
geospatial dataset representing impervious cover (n.b., such datasets are typically derived
from remote sensing methodologies and frequently published by state, regional and local
governments on public geospatial data clearinghouse platforms). The multiple linear
regression model is further discussed in Sections 2.2 and 5, as well as in Supplement B.

Climate Change Impacts

The UHIMPT model’s accounting of climate change impacts requires the following
data for the urban and rural areas: normal mean warmest month air temperature; projected
mean warmest month air temperature for three periods (e.g., 2020’s, 2050’s, 2080’s), as
downscaled to the area of interest; normal mean maximum warmest month air temperature;
projected mean maximum warmest month air temperature for three periods, as downscaled
to the area of interest and for the same points as provided for mean warmest month
air temperature; and the first and last years of the periods that are represented in the
projected mean warmest month and mean maximum air temperatures. All other required
information is derived from data inputs to other components. This component (i.e., climate
change impacts) has no further data input requirements.

There are a variety of sources for information on climate norms and projections. The
most important criterion for use in the UHIMPT model is that the data are of a spatial
resolution that is high enough to represent local conditions (n.b. it is recommended that the
spatial resolution be no less than 1.0 km?). An example of a suitable source for information
on climate norms and projections is the geospatial dataset that is presented in Wang
et al. [56]. This dataset, which covers all regions of North America at a spatial resolution of
1.0 km?, provides climate norms for the period from 1981 through 2010, and projections
for the following periods: 2020s, which is calculated as an average from 2011 through
2040; 2050s, which is calculated as an average from 2041 through 2070; and 2080s, which is
calculated as an average from 2071 through 2100.

Population Dynamics

The following data are required to prepare the UHIMPT model’s cohort-component
population projection: total population by single-year of age as reported in the past two
official censuses; total births by single-year of age of the parous female for the period
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between the past two censuses; and total deaths by single-year of age of decedent for
the period between the past two censuses. Information on population by age can be
obtained from official census agencies (e.g., United States Census Bureau; Statistics Canada).
Information on births and deaths can be obtained from local or regional health departments,
or offices of vital statistics.

Heat-Related Mortality

As previously noted, the calculation of heat-related mortality relies upon the
temperature-mortality functions of Nordio et al. [50], which are programmed into the
UHIMPT model. The following data are required to enable the selection of the proper
temperature-mortality function: normal mean summer air temperature for the region (i.e.,
urban and rural areas combined); and normal mean winter air temperature for the region.
The geospatial dataset of Wang et al. [56] is a known source of this data.

In addition, a temperature rise-acclimatization change factor that is provided in
Nordio et al. [50] is used to account for the natural human ability to acclimatize to higher
temperatures. This change factor is programmed into the UHIMPT model. However,
data on projected mean annual air temperature for three periods, as downscaled to the
region (i.e., urban and rural areas combined) and for the same periods as provided for the
accounting of climate change impacts is required. The aforementioned geospatial dataset
of Wang et al. [56] is an example of a known source for these data. All other required
information is derived from other components. This component has no further data input
requirements.

Other Data Requirements

In addition to the data requirements that have been identified in the preceding dis-
cussion, vector-based geospatial datasets representing the boundaries of the urban area
(e.g., municipal boundary) and the broader region (e.g.: core-based statistical areas; census
metropolitan area; an appropriate buffer of the urban area) are needed to make full use
of satellite imagery and select data from Wang et al. [56] for processing and use in the
UHIMPT model.

2.1.3. Model Outputs
The UHIMPT model provides the user with information about:

e  Future urban heat island amplitude, as measured by urban-rural differences in mean
warmest month and mean maximum warmest month temperatures and impacted
by climate change and the dynamic nature of urban heat island amplitude, but not
hypothetical policies for urban heat island mitigation;

e  Future urban heat island amplitude, as measured by urban—rural differences in mean
warmest month and mean maximum warmest month temperatures and impacted by
climate change and the dynamic nature of urban heat island amplitude, as well as
hypothetical policies for urban heat island mitigation;

e  The impacts of heat-related mortality in the urban area, as expressed as the number of
deaths that can be expected to result from one day of exposure to the mean warmest
month and mean maximum warmest month temperatures for both a no-mitigation
and urban heat island mitigation scenarios, but not accounting for the impacts of the
human capacity for acclimatization to higher temperatures;

e  The impacts of heat-related mortality in the urban area, as expressed as the number
of deaths that can be expected to result from one day of exposure to mean warmest
month temperature and mean maximum warmest month temperature for both no-
mitigation and urban heat island mitigation scenarios with accounting for the impacts
of the human capacity for acclimatization to higher temperatures.



Urban Sci. 2021, 5, 19

10 of 41

2.2. Model Parameterization

This section provides details of the mathematical parameterization of the UHIMPT
model. Please note that although the UHIMPT model was developed in STELLA, the
information provided herein facilitates the replication of the UHIMPT model in a variety
of other software packages and programming languages.

2.2.1. Urban Heat Island

Baseline measures of normal mean urban heat island amplitude and normal mean
maximum urban heat island amplitude are the starting point of the parameterization of this
component. Normal mean warmest month urban heat island amplitude is calculated by
subtracting the normal mean warmest month air temperature of the rural (i.e., surrounding)
area from that of the urban area. Similarly, normal mean maximum warmest month urban
heat island amplitude is calculated by subtracting the normal mean maximum warmest
month air temperature of the rural area from that of the urban area. These operations are
summarized in Equations (1) and (2).

Equation for Normal Mean Warmest Month Urban Heat Island Amplitude:

ABaseline, Normalwarmest Month 1)

TNormalWarmfst Months Urban — TNorm”anrmest Months Rural.

Equation for Normal Mean Maximum Warmest Month Urban Heat Island Amplitude:
ZBaseline, Maximumygemest Month )

TMaximuqu,,mt Montn, Urban — TMaximumwmmst Month, Rural.

In Equations (1) and (2), A represents mean urban heat island amplitude and T
represents mean air temperature. Subscripts associated with these variables specify magni-
tudinal (e.g., normal, maximum), locational (e.g., urban, rural) and temporal (e.g., baseline,
warmest month) characteristics such that: Zgaselim Normalyamest Mo, TEPTESENES the normal
mean urban heat island amplitude in the warmest month; and TMax,»mumew Months Urban
represents normal mean maximum air temperature in the urban area during the warmest
month.

As has been noted in Section 2.1, urban heat island amplitude is not static. To account
for this fact, the UHIMPT model adapts the population size-urban heat island ampli-
tude function for North American settlements of Oke [34] to estimate future amplitude.
Specifically, the total populations of two consecutive time steps are applied to Oke’s [34]
population size—urban heat island amplitude function in order to calculate a factor of
change in urban heat island amplitude between the same time steps. This factor of change
is then applied to the actual urban heat island amplitude of the previous (e.g., first) time
step in order to yield an estimate of urban heat island amplitude in the current (e.g., second)
time step. In cases where a population decline is projected between time steps, there is
assumed to be no change in urban heat island amplitude; this is based on the assumption
that there would be a significant lag between population decline and potential resulting
modifications of the built environment (e.g., demolition of unused structures, renaturation),
which would yield a reduction of urban heat island amplitude. Calculation of change in
urban heat island amplitude is demonstrated in Equations (3) and (4), which are applied
between each pair of consecutive time steps in order to yield calculations of mean warmest
month and mean maximum warmest month urban heat island amplitudes (Note 12).

Equation for Mean Warmest Month Urban Heat Island Amplitude:
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(296 x log( (T foront pe) —6.41) ) -
2.96 x log( ket Cohortp 1) — 6.41 B
T ( <( lLuftogool:otrx‘l ’ ) )) +1] x Ax—lw Month |7 if AP>0
XWarmest Month 2.96 x log((zi:&?hﬂﬂl Pxfl)_6'41) armest Mont (3)
X=X warmest Month” lf AP S 0.
Equation for Mean Maximum Warmest Month Urban Heat Island Amplitude:
ZJ‘/Nmm‘mumWarm st Month
296 x log( (THe okt Pr) — 6.41) ) —
(2.96 x 1og( (Zi‘?ﬁ ot Px—l) - 6.41)) B
l o + 1 X AX*l/M”ximumWarmesf Month |’ lf AP >0 (4)

= 296 x log((LEed omort pe_1)—6.41)

Ax_lfMaXimumWarmest Month” lf AP < 0.

In Equations (3) and (4), A represents mean urban heat island amplitude and P
represents population, the calculation of which is described in Section 2.2.3. The subscript
x represents the current step. The subscript x — 1 represents the previous time step, or the
baseline (i~e-r ABuselim’, Normalwaymest Month ©F ABaseline, Maximumygemest Month’ &S appropriate and
represented in Equations (1) and (2), respectively) when the current time step (i.e., x) is the
first time step. All other subscripts are as in Equations (1) and (2).

The UHIMPT model provides users with the ability to estimate the impacts of various
hypothetical urban heat island mitigation strategies. Specifically, it enables users to simulate
the impacts of changes in mean surface albedo, the mean proportion of impervious surface
cover and the mean proportion of vegetation on air temperature. This is achieved by
incorporating: the standard (i.e., beta [B]) coefficients of a customized multiple linear
regression model wherein the surface albedo and proportions of impervious surface cover
and vegetation in a given area are the independent variables and land surface temperature
of the same area is the dependent variable (Note 13); and the linear regression model of
Gallo et al. [30], which provides a means of estimating air temperature from land surface
temperature, in order to convert the simulated impacts of alterations of surface albedo,
impervious surface cover and the proportion of vegetation on land surface temperature to
air temperature (Note 14). Equations (5) and (6) are used to calculate modification of mean
and mean maximum warmest month urban heat island amplitudes, respectively.

Equation for Modification of Mean Warmest Month Urban Heat Island Amplitude:

XWarmest Month, Modified —

7 N (((m x A1)~ (Bo x ﬁ;‘g)—(ﬁa x Atx)—2.82> N 2.452) (5)

XWarmest Month

Equation for Modification of Mean Maximum Warmest Month Urban Heat Island
Amplitude:

x, Maximumyarmest Month, Modified —

— i X AT)—(By x AV)—(By x AR)—2.82 6
Ax,MaximumWarmgSt Month + (<<ﬂ * ) (ﬁ X1'15) (Pa x A%) >+2452> ( )

N

In Equations (5) and (6): A represents mean urban heat island amplitude; AT represents
the change in mean proportion of impervious surface cover in the urban area (Note 15);
AV represents the change in mean proportion of vegetation in the urban area (Note 16); A&
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represents the change in mean surface albedo in the urban area (Note 17); ; represents the
standard (i.e., beta [B]) coefficient for proportion of impervious surface cover that results
when the surface albedo and proportions of impervious surface cover and vegetation of a
given area are regressed on its land surface temperature; B, represents the standard (i.e.,
beta [B]) coefficient for proportion of vegetation that results when the surface albedo and
proportions of impervious surface cover and vegetation of a given area are regressed on
its land surface temperature; and 3, represents the standard (i.e., beta [B]) coefficient for
albedo that results when the surface albedo and proportions of impervious surface cover
and vegetation of a given area are regressed on its land surface temperature. Subscripts,
other than those contained in standard (i.e., beta [B]) coefficients, are as in Equations (1)—(4),
except that the subscript Modi fied denotes the modified urban heat island amplitude.

Please note that Section 3.1 provides an illustrative model demonstration that includes
details on the preparation of a multiple linear regression model for use in the UHIMPT
model.

2.2.2. Climate Change Impacts

The first step in the parameterization of climate change impacts is to determine the
midpoints of the three periods that are represented in the projections of mean warmest
month and mean maximum warmest month air temperatures in the urban and rural areas.
This is done by: first subtracting the first year of the period from the final year of the same
period; then dividing the resulting difference by two; and lastly, by adding the resulting
quotient to the first year of the period. In cases where the result of this set of operations
is not a whole number, the number is rounded down to the nearest whole number. The
calculation of midpoints of periods is shown in Equation (7).

Equation for Midpoint of Period:

YFinal Periody — YPirst Period
MPeriodx = {( - * > - =)+ YFirst,Periodx (7)

In Equation (7), M represents midpoint and Y represents year. Subscripts denote final
and first years of particular periods. For instance, the subscript in Yr;,,1, period, indicates
the final year of a given period. Please note that this equation is applied to each of the
three periods that are represented in the projections of mean warmest month and mean
maximum warmest month air temperatures in the urban and rural areas.

After midpoints have been calculated, the period-specific projections of mean warmest
month air temperature and mean maximum warmest month air temperature are annualized
by means of linear interpolation. The first step in the annualization of the projections is
to calculate the change in degrees that is reflected between the projected value (i.e., mean
warmest month or mean maximum air temperature) and the corresponding value of the
previous period, or, in the case of the first period, the value that represents the climate
norm. The change in degrees is then divided by the difference, in number of years, between
midpoints, or, in the case of the first period, between the midpoint of the first period and
the last year that is represented by the climate norm; the result of this operation is the
linearly interpolated annual change in air temperature. This change in air temperature is
then multiplied by the time step, as represented by the number of years that have elapsed
since the last year represented by the climate norm or the midpoint of the previous period,
and then added to the corresponding climate norm or linearly interpolated projected
value of the midpoint of the previous period, as appropriate, in order to obtain a linearly
interpolated projected value for a given year of the next period (Note 18). Equations
(8)—(10) detail the annualization of projections for mean warmest month air temperature
for the first, second and third projected periods. These equations are followed by Equations
(11)—(13), which detail the annualization of projections for mean maximum warmest month
air temperature for the projected periods. Please note that Equations (8)-(13) are applied
separately to the projections of mean warmest month and mean maximum warmest month
air temperatures in the urban and rural areas.
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Equation for Annualization of Projections of Mean Warmest Month Air Temperature
(First Projected Period):

Tx,lnterpolutedwmmest Month,Period; —

TWurmest Monfh,Periodl 7TWarmest Month,Norm % S + T
MPeriodl_ENorm [ENurm+1 - MPeriodl] Norm.

®)

Equation for Annualization of Projections of Mean Warmest Month Air Temperature
(Second Projected Period):

Tx,Interpolatequ,mst Month, Periody =

TWarmest Month,Periudz_TWarmesf Month,Periodq % S (9)
MPeriodz 7MPeriod1 [MPeriudl +1 - EPeriodz]

+ TInterpolutedwa,mest Montn,Periody Final Year.

Equation for Annualization of Projections of Mean Warmest Month Air Temperature
(Third Projected Period):

Tx,lntfrpolatedwa,mgst Month, Periods =

TWarmest Month,Periods —TWmmesf Month,Periody % S (10)
MPeriod3 7MPeriod2 [MPeriud2+1 . EPeriod3]

+ Tlnterpolutedwmmest Montn,Periody,Final Year.

Equation for Annualization of Projections of Mean Maximum Warmest Month Air
Temperature (First Projected Period):

Tx,Interpoluted, Maximumwgemest Month,/Periody —

TMaximumemest Month/Pe”’Jdl 7TMaximumemest MUnth'Nwm > S (11)
MPeriodl —ENorm [ENarm+1 . MPBriodl]

+ TNorm.

Equation for Annualization of Projections of Mean Maximum Warmest Month Air
Temperature (Second Projected Period):

Tx,lnterpolated, Maximumwgemest Month,/Periody —

TMuximume,mest Manth,Periodz—TMaximumWarmest Month-Periody « S (12)
MPL’YiDdz 7MP€)‘Z'Dd1 [MPeriad1+l . MPeriudz}

+ TInterpolated,Maximumwa,mest Montn,Periody Final Year.

Equation for Annualization of Projections of Mean Maximum Warmest Month Air
Temperature (Third Projected Period):

Tx,Interpolated, Maximumygemest Month, Periods —

TM‘”‘“”“”’Warmest Manth,Period3_TMuximumWa,mest Month-Periody % S (13)
MPerind3 7MP€)‘Z'Dd2 [MPeriad2+1 . MPeriud3]

+ TInterpolated,Maximumwmmest Montn,Periody,Final Year.

In Equations (8)-(13), T represents mean temperature and M represents midpoint,
as calculated in Equation (7). Subscripts associated with variables T and M specify char-
acteristics (e.g., interpolated temperature, maximum temperature) and period (e.g., the
first projected period, warmest month and, in the case of x, the current step) such that
Tx,]nterpolated, Maximumyamest monn Period; denotes the interpolated mean maximum temper-
ature during the warmest month for a given time step of the first projected period. In
addition, it is noted that Eny,, means the last (i.e., end) year represented by the climate
norm. The variable S represents a given time step, as represented by number of years
that have elapsed since the last year represented by the climate norm or the first year of
the projected period; it is accompanied by the subscript to specify the range of time steps,
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SUCh that S[£Norm+l . MPeriodl]

represented by the climate norm, and the last time step is the midpoint of the first projected
period. It is reiterated that Equations (8)—(13) are applied separately to the projections of
mean warmest month and mean maximum warmest month air temperatures in the urban
and rural areas.

After having annualized the projections of mean warmest month and mean maximum
warmest month air temperatures for the urban and rural areas, the projected impacts of
climate change on urban heat island amplitude are calculated by: first subtracting the
annualized projection of mean warmest month and mean maximum warmest month air
temperatures in the rural area from the annualized projection of mean warmest month and
mean maximum warmest month air temperatures in the urban area; and then subtracting
the normal mean and normal mean maximum warmest month and mean urban heat island
amplitudes, as calculated with Equations (1) and (2), respectively, and which are discussed
within the context of Section 2.2.1, from the difference between the annualized projections
of mean warmest month and mean maximum warmest month air temperatures in the
urban and rural areas, as calculated in the previous step. These operations results in
the isolation of the projected change over the baseline urban heat island amplitudes that
are reflected in the annualized projections of mean warmest month and mean maximum
warmest month air temperatures in the urban area. Equations (14) and (15) detail these
operations.

Equation for Isolation of Climate Change Impacts on Mean Warmest Month Urban
Heat Island Amplitude:

indicates that the first time step is one year after the last year

. A x,Interpolatedyzrmest Month, Periody — (14)

Tx,InterpolatedWWmSSf Month, Urban, Periody — Tx,Interpolatedwmmest Month, Rural, Periody.

Equation for Isolation of Climate Change Impacts on Mean Maximum Warmest Month
Urban Heat Island Amplitude:

AAx,Interpoluted,Mﬂximummrmest Month, Periody = (15)

Tx,Interpolated,MaximumWay,,,gst Month, Urban, Periody, — Tx,Interpolated,MaximumWa,mes, Month, Rural, Periody.

In Equations (14) and (15), A represents mean urban heat island amplitude. All other
notation is as in Equations (8)—(13).

Finally, it is noted that the sum of projected climate change impacts on urban heat
island amplitude and the estimated impacts of hypothetical planning interventions on
urban heat island amplitude, which are calculated with Equations (5) and (6) of the previous
section, represent the estimated total urban heat island amplitude at a given time step, as
impacted by both projected climate change, population-based urban heat island dynamics,
and hypothetical planning interventions. When this estimate of total urban heat island
amplitude is added to the annualized projections of mean warmest month and mean
maximum warmest month air temperatures in the rural areas, the calculation of which is
demonstrated in this section, the total estimated air temperature of the urban heat island at
a given time step is yielded. These operations are demonstrated in Equations (16)—(19).

Equation for Total Mean Warmest Month Urban Heat Island Amplitude:

_ A Warmest Month = (16)
AAx,Interpolatedw,,ymgst Month, Periody + Axw,,,mpst Month, Modified.

Equation for Estimated Mean Warmest Month Air Temperature of the Urban Heat
Island:

o XWarmest Moni‘h/urba’i
AAernterp‘)luiEdWmmest Months Periody + Aqurmesf Monthr MOdifiEd (17)

+ Tx,lnterpolatedw,mmt Month, Rural, Periody.,
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Equation for Total Mean Maximum Warmest Month Urban Heat Island Amplitude:

Ax/MﬂxlmumWarmest Month ~—

(18)

AAx,Inier]zzolat‘ed, Maximumwgmest Month, Periodx + Ax, Maximumygemest Month, Modified.

Equation for Estimated Mean Maximum Warmest Month Air Temperature of the
Urban Heat Island:

_ Tx/ Maximumpy grypest Montldlrblm =
AAx,Interpolated, Maximumyaypest Month, Periods + Ax, Maximumygpmest Month, Modified. (19)

+ Tx,Maximum,Interpolutedwa,mest Month, Rural, Periody.

In Equations (16)—(19), variables and subscripts are as in Equations (8)-(15). It should,
however, be noted that: AAy, 1nserpolatedyyymest momins Periody 1S s calculated in Equation (14);

A parmest Monti Modified is as calculated infquation ) Tx,Interpolutedw,,,,,mst Month, Rural, Periody
is as calculated in Equations (8)—~(10); AAy 1uterpolated, Maximuntyarmest moni, Periody 1S @S calcu-

lated in Equation (15); Kx, Maximumgmes: Montn» Modified 18 as calculated in Equation (6); and

Tx,Maximum,Interpolatequ,,mt Montn, Rural, Periody is as calculated in Equations (11)-(13).
In addition to the above, please note that Equations (16)—(19) may be used to calculate

estimates of urban heat island amplitude and air temperature for a scenario that assumes no
mitigation of the urban heat island effect. To do so, null values for the variables AI, AV, and
Aw in Equations (5) and (6), which feed into Equations (16)—(19) with the inclusion of the
Variables Aqurmest Months MOdifiEd and Axr MaximumWarmest Months MOdifiEd in same, are required'

2.2.3. Population Dynamics

Population dynamics are represented in the previously described cohort-component
population projection. The first step in the cohort-component population projection is to
compute the age cohort-specific fertility and mortality rates that are represented by the total
numbers of births and deaths by age cohort between the past two official censuses, and
then annualizing said rates. For instance, the age cohort-specific fertility rate is determined
by calculating the total number of births that occurred to the population in a given age
cohort during the period between the past two censuses and dividing said total by the size
of the age cohort at the time of the last census; the quotient resulting from this operation is
then divided by the number of years between the past two censuses in order to annualize
the rate. The computation of the age cohort-specific mortality rate is performed in the same
manner. Equations (20) and (21) demonstrate the computation of the age cohort-specific
fertility and mortality rates, respectively.

Equation for Age Cohort-Specific Fertility Rate:

Z?EEOI iCoharr x>
Po, conort

Feonort x Co—Co_1. (20)

As related to Equation (20), F means age cohort-specific fertility rate, B means births

in the respective cohort, P means population in the respective cohort, and C means year

of census. Subscript notation relates to years of official censuses or the identification of

a particular age cohort. To illustrate, Cy denotes the year of the immediate past census,

whereas Cy_; denotes the year of the penultimate census. Similarly, Py coport x denotes

population at the time of the last official census in a given age cohort. Please note that this
equation is applied to all age cohorts.
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Equation for Age Cohort-Specific Mortality Rate:

D,
0-1 -
Zi:DO ICohort x )

PO, Cohort x

M e S — 21
Cohort x CO — C071. ( )

As related to Equation (21), M means age cohort-specific mortality rate and D means
deaths. The meaning of all other notation in Equation (21) corresponds with that of
Equation (20). Please note that this equation is applied to all age cohorts.

The part of population growth or decline that occurs between two points and is not
attributable to births or deaths is attributable to net migration. Within the UHIMPT model,
net migration is computed as the change in the population of a given age cohort between
the past two censuses, minus the difference between the total number of births and deaths
that are attributable to the population in the same age cohort between the past two official
censuses, and then divided by the population of the age cohort at the time of the last
census; the resulting quotient is then divided by the number of years between the past two
censuses in order to annualize the rate. This is demonstrated in Equation (22).

Equation for Age Cohort-Specific Net Migration Rate:

B, D,

0-1 0-1

(PO, Cohort x_PO—]/ Cohort x)_ (Zi:BO ICohort x_2i=D0 ICohort x)
PO/ Cohort x

Nconort x = Co—Co1 (22)

As related to Equation (22), N means age cohort-specific net migration rate. The
meaning of all other notation in Equation (22) corresponds with that of Equations (20) and
(21). Please note that this equation is applied to all age cohorts and may result in a positive
or negative rate. Positive and negative rates indicate in-migration and out-migration,
respectively.

With the annualized, age cohort-specific fertility, mortality and net migration rates
having been calculated, future population can be projected. As is demonstrated in the
following discussion, the projection methodology for the first and last age cohorts differs
from that of all other age cohorts.

The first step in projecting population in the first age cohort is to compute the total
number of births that can be expected to occur in all age cohorts during the current time
step. This is done by applying the appropriate age cohort-specific fertility rate to the
corresponding age cohort’s population in the current time step, and then summing the
result for all age cohorts to yield the total number of births that can be expected to occur
throughout all age cohorts. Next, the impacts of mortality are accounted for by multiplying
the total number of births that can be expected to occur in all age cohorts by the difference
between one and the first age cohort’s mortality rate. This results in an estimate of new
population (i.e., births) that can be expected to survive to the next age cohort. Finally, the
impacts of migration are accounted for by multiplying the first age cohort’s net migration
rate with the estimate of new population that can be expected to survive to the next age
cohort, and then adding the product of this operation to said estimate in order to obtain
the projection of future population in the first age cohort in the next time step. This is
summarized in Equation (23).

Equation for Projection of Population in the First Age Cohort:

P x, Cohort 1 —
Last Cohort

((1_MC0h0rtl) x Y, (F X le,i))
i=Cohort 1 (23)
Last Cohort
+ (1_MC0hort1) X Z (Fi X Pxfl,i) X NCohartl .
i=Cohort 1
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In Equation (23), notation is as defined in, or follows the conventions of, Equations (20)—
(22). It should, however, be noted that the subscript in P, .0, 1 denotes the population
of the first age cohort in a given time step. Please note that this equation is only used to
project the population of the first age cohort.

The first step in projecting population in the second through the penultimate age
cohorts is to estimate the portion of the population of the preceding age cohort (i.e., the
first through the antepenultimate age cohorts, as appropriate) in the current time step
that can be expected to survive into the next age cohort. This is done by multiplying the
population of the preceding age cohort in the current time step by the difference between
one and its (i.e., the preceding age cohort’s) mortality rate. The product that results from
this operation serves as an estimate of the portion of the population of the preceding age
cohort in the current time step that can be expected to survive into the next age cohort.
Next, said estimate is multiplied with the respective age cohort-specific net migration rate
in order to estimate the impacts of migration on the population size; the net migration rates
of the preceding age cohort are used in this step. The impact of migration is then added
to the aforesaid estimate in order to obtain the projected population of the respective age
cohort in the next time step. This is summarized in Equation (24).

Equation for Projection of Population in the Second through the Penultimate Age
Cohorts:

P x, Cohort x —
((1 - MCohort xfl) X Pxfl,Cohort xfl) (24)
+((1 - MCohort xfl) X Pxfl, Cohort x—1 X NCohort xfl)'

The notation of Equation (24) is the same as, or follows the conventions of, Equations
(20)—(23). It is, however, noted that the subscript in Mcoj,ost x—1 Signifies the preceding age
cohort’s mortality rate. Similarly, the subscript in Py cport x—1 denotes the population of
the preceding age cohort in a given time step. Please note that this equation is applied to
all age cohorts except the first and last age cohorts.

To project the population of the last age cohort in the next time step, the portions of
the populations of the penultimate and last age cohorts in the current time step that can be
expected to survive into the next age cohort are computed by multiplying said populations
with the difference between one and their respective mortality rates. The results of these
operations are then summed to yield a total estimate of population in the penultimate and
last age cohorts in the current time step that can be expected to survive into the next time
step. Next, this estimate is multiplied with the net migration rate of the last age cohort in
order to determine the impact of migration thereon. The impact of migration is then added
to the aforesaid estimate in order to yield the projected population of the last age cohort in
the next time step.

Equation for Projection of Population in the Last Age Cohort:

Px, Last Cohort =
((1 - MLust Cohort ) X Pxfl,Lust Cohort)
+ ((1 - MLHSt Cohort—l) X Px—l,Lust Cohort—l) (25)
+ < ((1 — Mpgst Cohort) X Px—l,Last Cohort X NLast Cohort) >
+((1 - MLast Cohortfl) X Pxfl,Last Cohort—1 X NLust Cohortfl)

The notation of Equation (25) follows the style and conventions of Equations (20)—(24).
Please note that this equation is used to project the population of only the last age cohort.

The sum of the projected populations of all age cohorts in a given time step represents
the total projected population in the UHIMPT model in the same time step.

Please note that the methodologies and operations that are detailed in this section
draw primarily from Klosterman [46] and Smith et al. [47].

2.2.4. Heat-Related Mortality

As has been discussed in Section 2.1, the UHIMPT model uses temperature-mortality
functions of Nordio et al. [50]. These functions, which indicate the relative risk of mortality
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according to normal mean summer and winter air temperatures in a given area, are
programmed into the UHIMPT model and represented in Equations (26)-(33) (Note 19).
Table 1, which follows Equations (26)-(33), provides an overview of the corresponding
mean summer and winter air temperatures that correspond with each of the functions.

Table 1. Temperature-Mortality Functions by Corresponding Mean Summer and Winter Air Temperature.

Summer Air Temperature

Winter Air Temperature

Temperature-Mortality Function 5 Standard N Standard
Mean (°C) Deviation (SD) Mean (°C) Deviation (SD)
Temperature-Mortality Function 1 (TM;) 22.79 3.78 0.78 5.42
Temperature-Mortality Function 2 (TM,) 21.31 3.81 —-3.19 6.57
Temperature-Mortality Function 3 (TM3) 23.90 3.54 0.40 6.58
Temperature-Mortality Function 4 (TMy) 25.90 2.85 6.53 5.82
Temperature-Mortality Function 5 (TMs) 19.67 3.79 9.54 4.57
Temperature-Mortality Function 6 (TMg) 27.35 1.92 12.03 5.40
Temperature-Mortality Function 7 (TMy) 27.74 1.57 17.59 4.87
Temperature-Mortality Function 8 (TMg) 29.17 4.29 10.18 3.98

Source: Adapted from Nordio et al. [50].

Equation for Temperature-Mortality Function 1 (TM;):

Rrm, =
(2 x 10719)T6 — (8 x 15—10)"[5— (6 x 1078)T*

+ (8 x 1077)T°® + (9 x 107°)T? 4 0.0017T + 0.9502.

Equation for Temperature-Mortality Function 2 (TMj):

Rrm, =
(3 x 1071 T+ (3 x 1079)T° + (7 x 1078)T*

— (2 x 1077) T8 + (5 x 107°)T? 4 0.0013T + 0.9587.

Equation for Temperature-Mortality Function 3 (TM3):

Rrpy =
(2 x 1071 T8 + (2 x 1?)*9)T5+ (3 x 107%)T*

— (1 x 107%) T8+ (1 x 107%)T? 4 0.0011T + 0.9581.

Equation for Temperature-Mortality Function 4 (TMy):
Rrm, =
(1 x 1071976 — (9 x 10719)T° — (1 x 1077)T*
— (4 x 1077)T® 4 0.0002T? — 0.0007T + 0.9753.

Equation for Temperature-Mortality Function 5 (TMs):

Rrms =
(-8 x 1071)T6 — (2 x i0—9)T5+(5 x 1077)T*

— (6 x 107%) T8+ (6 x 1075)T2 4 0.0019T + 0.9504.

Equation for Temperature-Mortality Function 6 (TMg):

Rrmg =
(3 x 1071976 — (2 x 1078)T° + (1 x 1077)T*
+ (2 x 107%)T3 + 0.0002T2 — 0.0039T + 1.0121.

(26)

(27)

(28)

(29)

(30)

(31)
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Equation for Temperature-Mortality Function 7 (TMy):
Rrm, =
(=6 x 1071976+ (5 x 10°8)T°— (1 x 1076)T* (32)
+ (2 x 107°)T3 + 0.0001T2 — 0.0044T + 1.0179.
Equation for Temperature-Mortality Function 8 (TMs):
Rrmg =
(=4 x 10719)T® + (5 x 1078)T° — (2 x 107%)T* (33)

TMApplicuble =

+ (2 x 107°)T® + 0.0002T2 — 0.0028T + 0.9741.

In Equations (26)-(33), Rrp1, represents relative risk of mortality as represented in a
given temperature-mortality function (e.g., the relative risk of mortality in Temperature—
Mortality Function 1 is represented as Rrar,), and T represents the air temperature of
exposure in degrees Celsius (i.e., °C). Please note that the air temperature of exposure, T,
as applied in the UHIMPT model, is 7XWmmest o, Urban, Which is calculated in Equation
(17), or Tx,MaximumWWW vtoni Urban, Which is calculated in Equation (19).

As has been previously noted, the temperature-mortality functions of Nordio et al. [50],
which are represented in Equations (26)—(33), correspond with mean summer and winter
air temperatures in a given area. Table 1 provides an overview of the mean summer and
winter air temperatures that correspond with each of the temperature-mortality functions.

Based on user-input data on normal mean summer and winter air temperatures for
the region, the UHIMPT model selects the proper temperature-mortality function for
application. This is done by: first computing the sum of the absolute differences between
the user-input normal mean summer and winter air temperatures and those (i.e., the mean
summer and winter air temperatures) that are representative of each of the temperature—
mortality functions (see: Table 1); then, selecting the temperature-mortality function that
results in the smallest absolute difference, as determined by the minimum of the entire set
of sums of absolute differences. This is demonstrated in Equations (34) and (35).

Equation for Sum of Absolute Differences Between User-Input and Temperature—
Mortality Function-Represented Mean Summer and Winter Air Temperatures:

Dllser,TMx - (|T5ummer,User - TSummer,TMx ) + (‘TWinter,User - TWinter,TMx D (34)

Equation for Selection of Temperature-Mortality Function with Smallest Sum of Abso-
lute Differences Between User-Input and Temperature-Mortality Function-Represented
Mean Summer and Winter Air Temperatures:

TMX associated with min { Dllser,TMll DUser,Tsz DUser,TM3/ DUSET,TM4/ } . (35)
User, TMss DLlser,TMér DUser,TM7/ DUser,TMg

In Equation (34), Dyser, TM, represents the sum of the absolute differences between
user-input normal mean air temperatures and those reflected in a given temperature—
mortality function, Tsymmer, User Means the mean summer air temperature in degrees
Celsius (i.e., °C) that is represented in the user-input data, and TWintg,/ TM, Means the
mean winter air temperature in degrees Celsius that is represented by a given temperature—
mortality function.

In Equation (35), TM appiicabie denotes the applicable temperature-mortality function.
The variable TM, denotes a given temperature-mortality function, which is defined as the
temperature—mortality function that is associated with the minimum of the set of all sums
of the absolute differences between user-input temperatures and those reflected in the eight
temperature-mortality functions of Nordio et al. [50]; i.e., Dyser, Tm, through Dyjser, Tag)-

As has been previously stated, the UHIMPT model accounts for the human ability to
acclimatize to higher temperatures. It does so by modifying the applicable temperature—
mortality function with an acclimatization factor. This acclimatization factor is obtained
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from the results of a meta-regression analysis by Nordio et al. [50], which indicates that
every 5 °C increase in mean air temperature results in a 1.78 percent reduction in heat-
related mortality (95-Percent CI: 0.82, 2.74). The UHIMPT model uses this reduction in
heat-related mortality, but applies it continuously, such that every fractional degree increase
in projected mean air temperature results in a corresponding percent reduction in heat-
related mortality. This is done in order to represent acclimatization as a gradual and
continuous process (see: [50,55]). This is summarized in Equation (36).
Equation for Determination of Acclimatization Factor:

(%)) - -
A= T X (TSX — Tsxil). (36)

In Equation (36), A represents acclimatization factor. The variable T represents mean
annual air temperature for the region and its accompanying subscripts represent time steps,
such that Tg__, represents the previous time step and T, represents the current time step.

The result of Equation (36), A, is then multiplied by the applicable factor of relative
risk of mortality, which is determined by the temperature-mortality function that is selected
by Equation (35), and then subtracted from same. This results in the modification of the
relative risk factor according to changes in mean air temperature (Note 20). Equation (37)
demonstrates the application of the acclimatization factor against the relative risk factor.

Equation for Application of Acclimatization Factor to Relative Risk Factor:

RTMApplicabler Acclimatized = RTMApplicable - (A X RTMApplicable) . (37)

In Equation (37): RTam,,, .., TePTesents the relative risk of mortality that is associated
with the applicable temperature-mortality function, which is selected with Equation (35)
and represented in one of Equations (26)—(33); and Ry, ApplicabierAcclimatized represents the
relative risk of mortality that is associated with the applicable temperature-mortality
function, as impacted by acclimatization. The variable A represents the acclimatization
factor, which is calculated in Equation (36).

After having applied the acclimatization change factor to the relative risk of mortality,
the total impact of heat-related mortality, and specifically the number of excess deaths
that can be expected to result from one day of exposure to heat in the urban area, is
estimated. This is done by: first applying the relative risk of mortality that is associated
with the applicable temperature-mortality function and impacted by acclimatization,
which is defined as Ryt Acclimatized in Equation (37), to the mortality rate and population
of each age cohort that is reflected in the UHIMPT model’s cohort-component population
projection, and summing the results thereof; then subtracting the product of the mortality
rate and population of each age cohort that is reflected in the UHIMPT model’s cohort-
component population projection, and summing the results thereof; and finally dividing the
difference by 365 (i.e., the total number of days in one year). The result of these operations
is the total estimated number of excess deaths resulting from one day of exposure to heat
in the urban area. This is demonstrated in Equation (38).

Equation for Total Estimated Increase in Mortality Resulting from One Day of Expo-
sure to Heat in the Urban Area:

Last Cohort
<<RTMApplicabIe/ Acclimatized X Mconort x) X Py, conort x> > 7( i:cghgr'ﬂ (MCahort x X Py, conort x)) (38)

365

In Equation (38): ADp,,; represents the total estimated excess deaths resulting from
one day of exposure to heat in the urban area; Ry, Applicabler Acclimatized is the relative risk
of mortality that is associated with the applicable temperature—mortality function, as
impacted by acclimatization and calculated in Equation (38); Mconort x Tepresents age
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cohort-specific mortality rate as calculated in Equation (21); and Py coport x Tepresents the
population of a given age cohort in a given time step, which is calculated by Equations
(23)—(25).

Please note that Equation (38) is used to estimate excess deaths resulting from one
day of exposure to heat, as represented by the projected mean warmest month and mean
maximum warmest month temperatures. This is effectuated through its inclusion of the
variable Rty Applicatles Acclimatized which, as may be seen in Equations (34), (35) and (37),
is ultimately derived from the temperature-mortality functions that are presented in
Equations (26)—(33). As has been previously explained in this section, these temperature—
mortality functions are used to obtain the relative risk of mortality that is associated with
the projected mean warmest month and mean maximum warmest month temperatures.

3. Results

The foregoing equations and structures complete the foundation of the UHIMPT
model. This section demonstrates how it may be applied in a given location in order to
facilitate an improved understanding of the public health threat of heat within the urban
heat island and, therewith, the informed development of policy for its mitigation.

3.1. Illustrative Model Demonstration

The following illustrative model demonstration is made within the context of Philadel-
phia, Pennsylvania. Philadelphia was selected for the purposes of this demonstration as
a result of the author’s familiarity with the area, as well as the fact that the Philadelphia
region has a temperate climate with a normal mean annual air temperature that closely
approximates that of the continental United States (n.b., data obtained from Wang et al. [56]
indicate that the normal mean annual air temperature from 1981 through 2010 was 11.91 °C
in the continental United States and just 0.34 °C higher [12.25 °C] in the Philadelphia—
Camden-Wilmington, PA-NJ-DE-MD Metropolitan Statistical Area, which comprises
Philadelphia and the surrounding region). It is noted, however, that the UHIMPT model
may be applied in any study area (e.g., regional level, municipal level, sub-municipal level)
for which sufficient data may be obtained. Philadelphia is only used as an illustrative
example of UHIMPT model application for the purposes of this article.

The illustrative model demonstration is presented in three parts, as follows: prepara-
tion of the customized multiple linear regression model that is adapted for use in Equations
(5) and (6); outline of data inputs the UHIMPT model; and simulation of hypothetical
interventions.

3.1.1. Preparation of Customized Multiple Linear Regression Model

The UHIMPT model requires the preparation of a multiple linear regression model
wherein: the land surface temperature of the intended study area is the dependent variable;
and the mean surface albedo and the mean proportions of impervious surface cover and
vegetation in the intended study area are the independent variables. Said multiple linear
regression model is developed with user-input data and adapted for inclusion in Equations
(5) and (6). Specifically, the standard (i.e., beta [B]) coefficients of the multiple linear
regression model’s independent variables are incorporated into Equations (5) and (6),
which have been introduced in Section 2.2, and are reproduced below with graphical
annotations as Equations (5r) and (6Rr), respectively.

Equation for Modification of Mean Warmest Month Urban Heat Island Amplitude
(Reproduced with Graphical Annotations):

( X M) — ( x AV) - ( x AE) —282

AxWarmesr Month, Modified = Zme’mest Month + 115 +2452 |. (SR)
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Aer[IXim"mWarnzest Month, Modified = Ax'MaXim“mWnrmest Month +

Equation for Modification of Mean Maximum Warmest Month Urban Heat Island
Amplitude (Reproduced with Graphical Annotations):

B ((( < aT) = (o] < a7) - ([B] x a5 ) ) o)

1.15

In Equations (5g) and (6Rr), the standard (i.e., beta [B]) coefficients of the multiple
linear regression model’s independent variables are boxed. The coefficient ; represents
the standard (i.e., beta [B]) coefficient for mean proportion of impervious surface cover
that results when the mean surface albedo and mean proportions of impervious surface
cover and vegetation of a given area are regressed on its land surface temperature. The
coefficient B, represents the standard (i.e., beta [B]) coefficient for mean proportion of
vegetation that results when the mean surface albedo and mean proportions of impervious
surface cover and vegetation of a given area are regressed on its land surface temperature,
and, similarly, the coefficient B, represents the standard (i.e., beta [S]) coefficient for
mean surface albedo that results when the mean surface albedo and mean proportions of
impervious surface cover and vegetation of a given area are regressed on its land surface
temperature. Please refer to Section 2.2 for definitions of all other variables in Equations (5)
and (6) as reproduced above as Equations (5g) and (6R).

The preparation of a multiple regression model is required to assign appropriate,
study area-specific values to B;, B» and B,. Data for the multiple regression model are
derived from cloud-free, daytime satellite imagery or processed from available digital
geographic data. Specifically, data on land surface temperature, as well as surface albedo
and the proportion of vegetation, are derived from moderate-to high-resolution daytime
satellite imagery (e.g., Landsat 8), and the proportion of impervious surface cover is derived
and processed from locally or regionally available digital geographic data in shapefile
format (n.b., in this example, impervious surface cover has been derived and processed
from geospatial dataset published by the City of Philadelphia [see Supplement B]). Data
points (i.e., records) for inclusion in the multiple linear regression model represent and
are calculated from pixels in the satellite imagery, or, in the case of the proportion of
impervious surface cover, are processed with a geographic information system software
package (e.g., ArcGIS Desktop by ESRI, Inc. of Redlands, CA, USA) to represent conditions
in geographical areas that are identical to those represented by pixels in the satellite imagery.
The specifics of data derivation and processing (incl., land surface temperature, mean
surface albedo, and the mean proportions of impervious surface cover and vegetation) are
fully described in Supplement B.

For the purposes of this illustrative model demonstration, a multiple linear regression
model that represents conditions in Philadelphia, Pennsylvania has been prepared with IBM
SPSS Statistics (Release 25), which is a statistical analysis software package by IBM Corpo-
ration of Armonk, NY, USA. Data entered into the multiple linear regression model include
the surface albedo, proportion of vegetation, proportion of impervious surface cover, and
land surface temperature of every 30-m by 30-m area within Philadelphia, which was totally
on land surface (Note 21); this dataset included a total of 379,419 records and was approxi-
mately normally distributed (see: Supplement B). The resulting multiple linear regression
model indicated that when the impact on land surface temperature is predicted, surface
albedo (N = 379,419; B = —5.874; p < 0.0005;95—Percent CI = —6.042, —5.707), imper-
vious surface cover (N = 379,419; B = 2.103; p < 0.0005;95—Percent CI = 2.078, 2.128),
and the proportion of vegetation (N = 379,419; p = —8.730; p < 0.0005;95—Percent CI =
—8.779, —8.681) are highly significant predictors. The coefficient of multiple determination
(1’2) of the resulting multiple linear regression model is 0.63. Supplement B provides
additional details on the preparation of the multiple linear regression model that is used in
this illustrative model demonstration.
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XWarmest Months MUdifiEd

Ax,Mzzximumwmmst Month, Modified = A

With the multiple linear regression model having been developed, its standard (i.e.,
beta [B]) coefficients are entered into Equations (5) and (6), which are again reproduced
below as Equations (5g) and (6r), respectively.

Equation for Modification of Mean Warmest Month Urban Heat Island Amplitude
(Reproduced with Standard Coefficients of Illustrative Model Demonstration):

1.15

_ 2.103 x AI) — (8.730 x AV) — (5.874 x Aw) —2.82
= AxWarmest Month + <<( ) ( ) ( ) ) +2452> . (5R)

Equation for Modification of Mean Maximum Warmest Month Urban Heat Island
Amplitude (Reproduced with Standard Coefficients of Illustrative Model Demonstration):

— (2.103 X AT) — (8.730 X AV) — (5.874 x Aw)—2.82
X, Maximumy grmest Month 115 42452 |. (6R)

Equations (5) and (6), as reproduced above as Equations (5r) and (6r), are used to
depict modification of the mean and mean maximum warmest month urban heat island
amplitude in the illustrative demonstration of the UHIMPT model.

3.1.2. Outline of Data Inputs Used in Illustrative Model Demonstration

The data input requirements of the UHIMPT model have been outlined in Section 2.1.
As shown therein, these input requirements are largely centered around: population counts
by age cohort at the time of the penultimate and last censuses; information on the births
and deaths that occurred between the penultimate and last censuses; projections of mean
and mean maximum warmest month temperatures in the urban and rural areas; and
projections of mean annual temperature in the region. The Philadelphia-specific data used
in this illustrative demonstration of the UHIMPT model are provided in Supplement C.
Please note that this data is in addition to the standard (i.e., beta [B]) coefficients that have
been discussed in Section 3.1.1.

3.1.3. Simulation of Hypothetical Intervention Scenarios

The UHIMPT model was run several times with the Philadelphia-specific standard
(i.e., beta [B]) coefficients in Equations (5) and (6), as well as other data-inputs, which have
been described in Sections 3.1.1 and 3.1.2, respectively (n.b., a copy of the UHIMPT model
with these data inputs is provided in STELLA file format in Supplement D). In each of
the model runs, the values representing changes to mean surface albedo and the mean
proportions of impervious surface cover and vegetation (i.e., A%, Al and AV in Equations
(5) and (6)) were modified to result in the following four hypothetical intervention scenarios
for simulation:

e Increasing mean surface albedo, but making no changes to the mean proportions of
vegetation or impervious surface cover;

e  Increasing the mean proportion of vegetation, but making no changes to mean surface
albedo or the mean proportion of impervious surface cover;

e  Decreasing the mean proportion of impervious surface cover, but making no changes
to mean surface albedo or the mean proportion of vegetation;

e Increasing mean surface albedo and the mean proportion of vegetation in equal
amounts, while decreasing the mean proportion of impervious surface cover in an
amount that is equal to the additive inverse of said increases.

The purpose of these four scenarios is to demonstrate the utility of the UHIMPT model
in exploring: the issue of the urban heat island effect; and by estimating the minimum
changes to mean surface albedo and the mean proportions of vegetation and impervi-
ous surface cover that would be needed in order to eliminate urban-rural temperature
differences, the efficacy of hypothetical urban heat island mitigation measures.
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Increasing the Mean Surface Albedo

The illustrative model demonstration indicates that, when the proportion of mean
surface albedo is increased, but no changes are made to the mean proportions of vegetation
or impervious surface cover, an increase of between 0.0711 and 0.0748 would be sufficient
to result in the elimination of a mean maximum warmest month urban-rural temperature
difference from 2018 through 2100, with the required increase growing over time. On the
other hand, to eliminate the mean warmest month urban—rural temperature difference
from 2018 through 2100, an increase in mean surface albedo of between 0.2970 and 0.3099
would be required over the same period also with the required increase growing over time.
The reason why a larger increase in mean surface average albedo would be required to
eliminate the mean warmest month urban-rural temperature difference is that the normal
mean warmest month urban—rural temperature difference is slightly more than four times
larger than the mean maximum warmest month urban-rural temperature difference.

The impacts of increasing mean surface albedo on mortality are discussed at the end
of this section.

Increasing the Mean Proportion of Vegetation

The illustrative model demonstration indicates that, when the mean proportion of
vegetation is increased, but no changes are made to mean surface albedo or the mean
proportion of impervious surface cover, an increase of between 0.0480 and 0.0505 would
be sufficient to result in the elimination of a mean maximum warmest month urban—rural
temperature difference from 2018 through 2100, with the required increase growing over
time. To eliminate the mean warmest month urban—-rural temperature difference from
2018 through 2100, however, an increase in the mean proportion of vegetation of between
0.2002 and 0.2090 would be needed, also with the required increase growing over time.
As was the case with mean surface albedo, the fact that the normal mean warmest month
urban-rural temperature difference is slightly more than four times larger than that of
the mean maximum warmest month temperature results in the need for a larger increase
in the mean proportion of vegetation to eliminate the mean warmest month urban—rural
temperature difference than would be required to eliminate the mean maximum warmest
month urban—rural temperature difference.

The impacts of increasing the mean proportion of vegetation on mortality are discussed
at the end of this section.

Decreasing the Mean Proportion of Impervious Surface

The illustrative model demonstration indicates that, when the mean proportion of
impervious surface cover is decreased, but no changes are made to mean surface albedo
or the mean proportion of vegetation, a decrease of between 0.2097 and 0.2206 would be
sufficient to result in the elimination of a mean maximum warmest month urban-rural
temperature difference from 2018 through 2100, with the required decrease growing over
time. To eliminate the mean warmest month urban-rural temperature difference from 2018
through 2100, however, a decrease in the mean proportion of impervious surface cover of
between 0.8759 and 0.9142 would be needed, also with the required decrease growing over
time. As was the case with mean surface albedo and the mean proportion of vegetation, the
need for a larger decrease in the mean proportion of impervious surface cover to eliminate
the mean warmest month urban-rural temperature difference than would be required
to eliminate the mean maximum warmest month urban—rural temperature difference is
explained by the fact that the normal mean warmest month urban-rural temperature
difference is slightly more than four times larger than that of the mean maximum warmest
month temperature.

The impacts of decreasing the mean proportion of impervious surface cover on mor-
tality are discussed at the end of this section.
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Simultaneously Increasing Mean Surface Albedo and the Mean Proportion of Vegetation,
and Decreasing the Mean Proportion of Impervious Surface

The illustrative model demonstration indicates that, when mean surface albedo and
the mean proportion of vegetation are increased in equal amounts, and the mean proportion
of impervious surface cover is decreased in an amount that is equal to the additive inverse of
the increases to mean surface albedo and the mean proportion of vegetation, the following
changes would be sufficient to result in the elimination of a mean maximum warmest
month urban-rural temperature difference from 2018 through 2100: an increase of between
0.0252 and 0.0265 in mean surface albedo and the mean proportion of vegetation, with the
required increase growing over time; and a decrease of between 0.0252 and 0.0265 in the
mean proportion of impervious surface cover, with the required decrease growing over
time. Similarly, the following changes would be sufficient to result in the elimination of
the mean warmest month urban—rural temperature difference from 2018 through 2100: an
increase of between 0.1052 and 0.1098 in mean surface albedo and the mean proportion of
vegetation, with the required increase growing over time; and a decrease of between 0.1052
and 0.1098 in the mean proportion of impervious surface cover, with the required decrease
growing over time. As in all other scenarios, the fact that the normal mean warmest month
urban-rural temperature difference is slightly more than four times larger than that of the
mean maximum warmest month temperature results in a need for more significant changes
to eliminate the mean warmest month urban-rural temperature difference than would
be required to eliminate the mean maximum warmest month urban—rural temperature
difference.

The mortality-related impacts of simultaneously increasing mean surface albedo and
the mean proportion of vegetation, and decreasing the mean proportion of impervious
surface cover, are discussed in in the next subsection.

Mortality Impacts of all Hypothetical Scenarios

In each of the four aforementioned scenarios, between 41.65 and 144.66 deaths would
result from one day of exposure to the mean maximum warmest month temperature if
the respective interventions (viz.: increasing mean surface albedo; increasing the mean
proportion of vegetation; decreasing the mean proportion of impervious surface cover;
and the combination of increasing mean surface albedo, increasing the mean proportion of
vegetation, and decreasing the mean proportion of impervious surface cover) were made,
with the number of deaths increasing over the period from 2018 through 2100. This is
between 0.40 and 1.49, or 0.95 and 1.02 percent, less than the number of deaths that would
result from one day of exposure to the mean maximum warmest month temperature if no
interventions to address the urban heat island effect by eliminating the mean maximum
warmest month urban-rural temperature difference were taken.

With regard to the number of deaths that would result from one day of exposure to
the mean warmest month temperature if the respective interventions were made, it is noted
that, in each of the four scenarios, between 37.50 and 130.02 deaths would result, with
the number of deaths growing over the period from 2018 through 2100. This is between
0.79 and 2.91, or 2.06 and 2.19 percent, less than the number of deaths that would result
from one day of exposure to the mean warmest month temperature if no interventions to
address the urban heat island effect by eliminating the mean warmest month urban-rural
temperature difference were taken.

Please note that, in this illustrative demonstration, the impacts on mortality are the
same among all four scenarios because their interventions are of the same magnitude.
Indeed, each scenario’s intervention has been designed to be sufficient to eliminate the
urban-rural temperature difference.

In addition to the above, please note that acclimatization would have no substantial
impact on heat-related mortality in each of the four aforementioned scenarios. Indeed, the
total impact of acclimatization on the number of deaths resulting from one day of exposure
to the mean and mean maximum warmest month temperatures with the simulated urban
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heat island mitigation measures in place would be less than 0.001 deaths in 2100. Overall,
from 2018 through 2100, the impact of acclimatization on the relative risk of heat-related
mortality, based on the simulated conditions of this illustrative demonstration of the
UHIMPT model, would only be slightly less than 1.23 percent. Thus, the gap between the
commonly perceived threat of heat in urban areas, which generally does not account for
acclimatization, and the actual threat, which accounts for acclimatization, is, based upon
the simulated conditions, very small.

4. Discussion
4.1. Results of lllustrative Model Demonstration

As shown in Section 3, Philadelphia-specific inputs were used in the UHIMPT model
for the purpose of conducting an illustrative demonstration of its utility. The final step
in said demonstration was the simulation of hypothetical urban heat island intervention
scenarios. These scenarios provide valuable insight, which can be used to inform the
policy development. To illustrate, the three hypothetical scenarios wherein mean surface
albedo and the mean proportions of vegetation and impervious surface cover are modified
individually reveal that increasing the mean proportion of vegetation would require the
smallest modification to eliminate urban—rural temperature differences. Thus, according
to this illustrative demonstration of the UHIMPT model, increasing the mean proportion
of vegetation would have the greatest impact in urban heat island mitigation. This may
help to explain why;, as is demonstrated in Dare [32], efforts to increase latent heat flux by
increasing the abundance of vegetation and other measures are the current focal point of
urban heat island mitigation policy. Naturally, the amenability and immediately visible
co-benefits of increasing the mean proportion of vegetation (e.g., improved aesthetics;
expanded open space area) may also help to explain their place at the current focal point of
urban heat island mitigation policy [32].

In addition, it is noted that although the illustrative model demonstration shows that
mean proportion of vegetation would require the smallest increase to eliminate urban—rural
temperature differences, the amount of increase needed begs the question of whether or
not effectuating such an increase is possible. Indeed, the illustrative demonstration of the
UHIMPT model shows that to eliminate the mean warmest month urban-rural temperature
difference through 2100, an increase of 0.2090 in the mean proportion of vegetation would
be needed. Currently, the mean proportion of vegetation within Philadelphia is approx-
imately 0.3762. Thus, if the mean proportion of vegetation were increased in a manner
that is sufficient to eliminate the mean warmest month urban-rural temperature difference
through 2100, the total mean proportion of vegetation within Philadelphia would need to
be 0.5852. Clearly, attaining such a high mean proportion of vegetation would be extremely
ambitious, if not impossible. As stated, however, the mean proportion of vegetation would
require the smallest increase to eliminate urban-rural temperature differences. The mean
proportion of impervious surface cover, on the other hand, would require the greatest
change in order to eliminate the mean warmest month urban-rural temperature difference
through 2100. When it is considered that a decrease of 0.9142 in the proportion of impervi-
ous surface cover would be required to eliminate the mean warmest month urban-rural
temperature difference through 2100, and that the current mean proportion of impervious
surface cover within Philadelphia is approximately 0.5540, the unlikelihood of attaining
said decrease becomes abundantly clear.

Based on the above, the illustrative demonstration of the UHIMPT model makes it
clear that eliminating urban-rural temperature differences by modifying just one of mean
surface albedo, the mean proportion of vegetation, or the mean proportion of impervious
surface cover, would be very difficult to impossible. If, however, efforts are made to si-
multaneously modify mean surface albedo, the mean proportion of vegetation, and the
mean proportion of impervious surface cover, the goal of eliminating urban-rural tem-
perature differences becomes much more attainable. Indeed, according to the illustrative
demonstration, increases of 0.1098 in the mean surface albedo and the mean proportion of
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vegetation, and a decrease of 0.1098 in the mean proportion of impervious surface cover,
would be required if all three of these three variables were simultaneously modified in
equal magnitudes. Obviously, these modifications would be much more readily effectuated
than the modifications required to eliminate urban-rural temperature differences that are
indicated by the three scenarios wherein mean surface albedo, the mean proportion of
vegetation, and the mean proportion of impervious surface cover are modified individually
and in isolation from one another. This suggests that it is important to address the issue of
urban heat island mitigation with a multifaceted approach, rather than concentrating on
one mitigation approach in particular.

Finally, and in addition to the above, it is noted that the fact that the illustrative
demonstration of the UHIMPT model shows that only very small reductions in mortality
would result from the simulated interventions demonstrates that land use planning and
design can be only a part of the response to the issue of the urban heat island effect. Indeed,
effectively and comprehensively addressing the risk of heat-related mortality in urban
areas would require a coordinated and multifaceted response from a variety of perspectives.
In particular, responses to the issue of heat-related mortality in urban areas from a public
health and emergency management perspective would be critical in minimizing future
risk.

4.2. UHIMPT Model Potential

As shown in the illustrative demonstration that was presented in Section 3, the
UHIMPT model provides a facilitated means of understanding the public health threat of
heat within the urban heat island, as well as assessing the potential impacts of hypothetical
urban heat island mitigation scenarios over an extended period. It does so by using
modification of surface albedo and the proportions of vegetation and impervious surface
cover as proxies for frequently prescribed approaches to urban heat island mitigation, and
simulating the potential results of such modification, as impacted by future climate change
and the human ability for acclimatization to higher air temperatures. The information it
yields may be translated into policy for urban heat island mitigation (e.g., information
resulting from hypothetical scenarios related to modification of surface albedo may be
translated into cool roof requirements with specific performance standards).

Based on the foregoing, one may conclude that use of the UHIMPT model has the
potential to increase the efficiency and precision of the policy development process as
related to urban heat island mitigation. Indeed, it can support the development of reasoned
and targeted urban heat island mitigation policy by facilitating the assessment of potential
results of planned policy before implementation, thereby preventing the adoption of policy
that is ineffective or may have undesired outcomes. Similarly, the UHIMPT model can
help to improve the goal-setting process by providing insight into the extent of change
that is needed to effectively mitigate the urban heat island, and the feasibility thereof. This
promotes the definition and adoption of realistic and achievable goals that inspire action.

In addition to the above, it is noted that the UHIMPT model’s customizability for
application in any given area serves to ensure the accuracy of its outputs. This customiz-
ability promotes increased efficiency and precision of the policy development process
by ensuring the validity of model outputs, and confidence therein. Moreover, the range
of parameters in the UHIMPT model, which draw from a variety of published studies
(e.g.,: temperature-mortality functions and acclimatization factor of Nordio et al. [50];
the population size—urban heat island amplitude function of Oke [34]; the land surface
temperature-air temperature modeling of Gallo et al. [30]), provide urban planning and re-
lated professionals (i.e., intended users of the UHIMPT model) with access to relevant and
useful information that may be from fields outside of their specific area of expertise. This
further supports the policy development process not only with the information provided,
but also by incorporating a plurality of perspectives in developing policy responses.
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5. Model Validation

The UHIMPT model is intended to be used to estimate the potential impacts of
hypothetical urban heat island mitigation strategies on heat-related mortality. Given its
intended use, the critical aspects of model validation are: whether or not the model structure
represents actual conditions accurately and in sufficient detail; and if simulated behavior
reasonably mimics observed behavior to a degree that is sufficient to instill confidence in
the model [57-59]. Both of these aspects of model validation are addressed in the following
sections.

5.1. Structural Validation

To validate the structure of the UHIMPT model, the boundary adequacy, structure
verification, and parameter verification tests of Forrester and Senge [57] have been applied.

5.1.1. Boundary Adequacy

The purpose of the boundary adequacy test is to determine if the model includes the
relevant concepts and structures that are necessary to fulfill its intended purpose [57,59],
which, as previously stated, is to estimate the potential impacts of hypothetical urban heat
island mitigation strategies on heat-related mortality. With this purpose having been stated,
it is noted that the UHIMPT model includes the following structures and concepts:

e  Urban heat island amplitude, as affected by population size, which is used as a proxy
for development intensity, and the application of hypothetical urban heat island
mitigation measures;

e Climate change impacts, and specifically the annualized projections of mean and
mean maximum warmest month temperatures;

e A cohort-component population projection, which impacts urban heat island ampli-
tude with its projection of total population and is also used in the estimation of future
heat-related mortality;

e  Future heat-related mortality, which is driven by: the mortality calculations of the
cohort-component population projection, and temperature-mortality functions and
an acclimatization factor, all of which have been developed by Nordio et al. [50].

Each of the aforementioned structures and concepts is endogenous to the UHIMPT
model. They are, however, impacted by built-in functions from published studies, in-
cluding: the population size—urban heat island amplitude function for North American
settlements of Oke [34]; a linear regression model by Gallo et al. [30] wherein air tempera-
ture is the independent variable and land surface temperature is the dependent variable;
and the temperature—mortality functions and acclimatization factor of Nordio et al. [50].
In addition, the aforementioned structures and concepts are impacted by a variety of
user-input data, which has been discussed in Section 2.1.

The aforementioned concepts and structures are sufficient to fulfill the purpose of
the UHIMPT model. Indeed, they enable the user to estimate the potential impacts of
hypothetical urban heat island mitigation strategies on heat-related mortality, as impacted
by population growth and development, climate change impacts on temperature, and
acclimatization to higher temperatures. Nonetheless, it is acknowledged that use of the
UHIMPT model for any other purpose may require adaptation of same, which may result
in the need for boundary modification.

5.1.2. Structure Verification

The structure verification test is focused on comparing the structure of the model with
that of the actual system it represents [57]. This section applies the structure verification
test to the UHIMPT model.

Structure of Actual System

With regard to the structure of the actual system, it is noted that the urban heat island
effect is primarily the result of the impacts of the built environment on surface energy
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balance [27]. Under development trajectories wherein no efforts to mitigate the urban heat
island effect are made, a preponderance of low-albedo surfaces and areas with reduced
latent heat flux are largely responsible for urban heat island formation [60]. The intensity
of the urban heat island effect is generally coupled with the intensity of development in
the built environment. Indeed, highly intense levels of physical development in the built
environment generally result in increased urban heat island amplitude (see: [61]).

Exposure to high temperatures in the urban heat island increases the relative risk of
mortality [26,27]. This increased relative risk of mortality is exacerbated by the fact that
climate change is also expected to result in higher temperatures (see: [9]). Indeed, not
only does the urban heat island effect result in higher temperatures in the urban area, but
climate change may be expected to result in higher temperatures overall. However, research
indicates that humans have a capacity to gradually acclimatize to higher temperatures
(see: [50,55]). Thus, the increased relative risk of mortality is counterbalanced by the human
capacity for acclimatization.

Mortality, however, does not maintain a constant rate among all age cohorts. Indeed,
mortality rates vary among age cohorts, with the mortality rate for infants typically being
higher than for young children and adolescents, and the mortality rate for post-adolescence
age cohorts generally tending to increase with age [47]. This must be accounted for when
simulating the impacts of heat exposure on future heat-related mortality.

Structure of UHIMPT Model

With regard to the structure of the UHIMPT model, it is noted that initial urban
heat island amplitude is derived from the normal temperatures in the urban and rural
(i.e., surrounding) areas. As urban development occurs, however, urban heat island
amplitude increases. The UHIMPT model uses simulated population size as a proxy
for urban development and means of determining future urban heat island amplitude
in accordance with the population size—urban heat island amplitude function for North
American settlements of Oke [34]. This function uses population size as a proxy for urban
development intensity and, therewith, increased urban heat island amplitude (n.b., use of
population size as a proxy for urban development intensity is explained by the fact that
increased population creates a need for increased housing opportunities, commercial and
retail space, and supporting infrastructure). Simulated population size, however, is not
the only determinant of future urban heat island amplitude. Indeed, the UHIMPT model
also provides a means of simulating modification of the urban heat island amplitude. It
does so by providing the user a means of altering the mean surface albedo and the mean
proportions of impervious surface and vegetation, both of which have an impact on latent
heat flux.

In addition to the above, the UHIMPT model accounts for the impacts of climate
change by incorporating user-input temperature projections for future periods in the urban
and rural (i.e., surrounding) areas, and annualizing same projections over the course of
the simulated period. This results in an accounting of the impacts of climate change on
temperature, both generally and on urban heat island amplitude in particular. When the
simulated urban heat island amplitude at a given time step, which, to clarify, may be
defined as the urban-rural temperature difference, is added to the simulated temperature
of the rural area at the same time step, the total simulated temperature in the urban area at
the given time step results.

The total simulated temperature in the urban area impacts relative risk of mortality,
which is determined in accordance with climate-specific temperature-mortality functions
of Nordio et al. [50]. In the UHIMPT model, however, the relative risk of mortality is
adjusted to account for acclimatization by means of the acclimatization factor of Nordio
et al. [50]. This adjustment is made on the basis of change to the mean annual temperature
of the region (i.e., the combination of urban and rural areas), and not just that of the urban
area. This is based on the knowledge that human populations are, as a whole, not sedentary
and travel on a frequent basis (e.g., when commuting to a place of employment).



Urban Sci. 2021, 5, 19

30 of 41

Finally, the UHIMPT model uses the adjusted relative risk factors to simulate the
impacts of exposure to heat within the urban heat island. It does so by multiplying the
adjusted relative risk factor by the calculated daily mean number of deaths in each age
cohort. The results of this operation for each age cohort are then summed to obtain a total
number of deaths per day of exposure to heat in the urban heat island.

Result of Structure Verification Test

The generalities of the actual system and the UHIMPT model have been described
in this section. Based on these descriptions, it is apparent that UHIMPT model does not
contradict knowledge about the actual system it represents. Thus, the structure of the
UHIMPT model is verified.

5.1.3. Parameter Verification

With regard to parameterization, it is noted that several parts of the UHIMPT model
use specialized information from published studies, which extend beyond the particular
user-input data requirements that have been discussed in Section 2.1 and detailed in Supple-
ment A. These include: an adaptation of the population size-urban heat island amplitude
function for North American settlements of Oke [34], which is included in Equations (3)
and (4); a linear regression model by Gallo et al. [30], which is incorporated into Equations
(5) and (6) and provides a means of estimating air temperature from land surface tempera-
ture; the temperature-mortality functions of Nordio et al. [50], which are represented in
Equations (26)—(33) and provide a means of computing relative risk of mortality according
to local climate and temperature of exposure; and the acclimatization factor that results
from a meta-regression analysis by Nordio et al. [50] and is incorporated into Equation (36).
The validity of this specialized information is discussed, upon introduction, in Section 2.2;
and fully detailed in Oke [34], Gallo et al. [30] and Nordio et al. [50], as applicable.

5.2. Behavioral Validation

Behavioral validation is focused on whether or not the model’s behavior reasonably
mimics the observed behavior of the actual system [57]. When conducting the illustrative
demonstration of the UHIMPT model that is presented in Section 3.1, efforts were made
to proof the simulated behavior against the behavior that could be expected to occur in
the actual system. This proofing of the UHIMPT model revealed no anomalies. The model
behaved as one would expect of the actual system, with and without the application of
hypothetical urban heat island mitigation measures.

6. Model Limitations

As with any model, there are limitations associated with the UHIMPT model. The
following sections outline known limitations of the UHIMPT model.

6.1. Total Impact of Multi-Day Extreme Events

A key limitation of the UHIMPT model is that it does not simulate the total impact of
heat-related mortality over multi-day extreme heat events (i.e., heatwaves). Such events
may result in uneven patterns of mortality resulting from the thermoregulatory capacities
of various populations, the potential for behavioral modification caused by prolonged heat
exposure, when the heatwave occurs, emergency response management, and a variety of
other factors (see: [62-65]). The UHIMPT model, however, simulates the impacts of one day
of same-day exposure to the mean warmest month and mean maximum warmest month
temperature on mortality. It does not simulate the impacts over multi-day periods and
should under no circumstances be used to derive estimates of same (e.g., by multiplying
the simulated impacts of one day of same-day exposure to the mean warmest month
and mean maximum warmest month temperature on mortality by the number of days
in a hypothetical extreme heat event). Nonetheless, the risk of mortality resulting from
exposure to heat is generally highest on the same day of exposure [50,62,66]. Thus, the
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UHIMPT model’s simulation of the impacts of one day of same-day exposure to the mean
warmest month and mean maximum warmest month temperature on mortality helps to
illustrate a worst-case scenario.

6.2. Accidental Mortality

The UHIMPT model does not account for accidental mortality. Accidental mortality,
however, may be associated with behavioral modification caused by extreme heat events
(see: [64,65,67]). For instance, high temperatures may cause various populations to seek
relief by swimming, which may cause a spike in drownings. This is demonstrated by
Basagaria et al. [64], who show that the relative risk of mortality from accidental drowning
on extremely hot days may be greater than 2.0. Such deaths are not accounted for by the
UHIMPT model because, vis-a-vis non-accidental mortality, there are few studies on the
subject from which to draw.

6.3. Assumption of Constant Growth or Stagnant Conditions in the Built Environment

An additional limitation of the UHIMPT model is associated with its accounting
of the dynamic nature of urban heat island amplitude, which uses population size as a
proxy for development intensity and, therewith, urban heat island intensity, and assumes
constant growth or stagnant conditions in the built environment. In the event of a decline
in population, the UHIMPT model assumes no contraction of the built environment,
which could be expected to result in decreased development intensity and an associated
reduction in urban heat island intensity. Such contractions of the built environment
have been observed in parts of the United States (e.g., Ohio, Pennsylvania) and eastern
Germany (see: [68,69]), where, for instance, renaturation has been proposed as a means of
addressing the phenomenon (i.e., population decline) and associated problems of disused
properties (see: [70,71]). The UHIMPT model does not simulate such contractions of
the built environment because it is assumed that any contraction would be associated
with a significant and highly variable lag time that cannot be sufficiently modeled with a
reasonable degree of accuracy. This limitation can, however, be overcome by providing
updated data inputs and rerunning the model at any point in the future. By doing so,
new baseline urban—rural temperature differences would be established, and inaccuracies
minimized. Nonetheless, the UHIMPT model should not be employed in cases where there
is a sustained decline in population.

6.4. Assumption of Constant Mortality, Fertility and Net Migration Rates

The UHIMPT model’s cohort-component population projection assumes that mortality,
fertility and net migration rates remain constant. As has been described in Section 2.1.1,
however, this assumption is consistent with common practice (see: [46,47]) and reduces
user-input data requirements. This assumption has also been made because, as noted
in Smith et al. [47], there is a lack of scientific reasoning that proves that such rates can
be accurately projected on the basis of historic information, particularly in small areas
(e.g., a municipality), and past attempts to project such rates have not proven to be highly
successful. In addition to the assumption of constant mortality, fertility and net migration
rates, the UHIMPT model’s population projection does not assume an upper limit to
growth. Although a municipality’s population growth potential would, ultimately, be
limited by local development capacity, the UHIMPT model’s population projection does
not assume an upper limit to growth in order to reduce user-input data requirements
(Note 22). To overcome these limitations, the user may provide updated data inputs for
the population projection as described in Section 2.1.2 and rerun the model. By doing so,
updated mortality, fertility and net migration rates would be obtained.

6.5. Unforseen Circumstances

The UHIMPT model does not account for the potential for unforeseen political, eco-
nomic, land use, administrative or regulatory changes or similar circumstances that may
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impact urban heat island formation. To illustrate, some hypothetical examples of such
changes are: recession and economic downturn; changes in land use cover that are unre-
lated to the UHIMPT model’s ability to test the impacts of changes to mean surface albedo,
mean proportion of vegetation, and mean proportion of impervious surface; changes to mu-
nicipal boundaries resulting from municipal mergers, demergers and other administrative
changes; and the introduction of regional development policy that results in the alteration
of historic development rates. While it would be impossible to develop the UHIMPT model
to account for every possible scenario that may impact urban heat island formation, many
would likely impact population dynamics. Thus, the impact of unforeseen changes that are
not accounted for in the UHIMPT model can be accounted for by providing updated data
inputs and rerunning the model.

6.6. Limitations of Population Size—Urban Heat Island Amplitude Function

Although the population size-urban heat island amplitude function of Oke [34]
provides the most comprehensive analysis of the relationship between population size
and urban heat island amplitude in North American cities available to date, and the
methodology with which it was produced has proven to be highly reliable in several
subsequent studies (see: [39-41]), it is aging. In the event that an updated population
size—urban heat island amplitude function becomes available, the model, and specifically
Equations (3) and (4) as detailed in Section 2.2.1, should be revised to include same
(Note 23).

With further regard to the population size—urban heat island amplitude function of
Oke [34], it is noted that said function represents nighttime urban heat island amplitude,
which is generally greater than daytime urban heat island amplitude because rural areas
tend to cool at a faster rate than urban areas. However, the UHIMPT model’s baseline
measurement of urban heat island amplitude is not derived from nighttime-specific data
(n.b., as explained in Section 2.1.2 and Section 2.2.1, the UHIMPT model’s baseline mea-
surement of urban heat island amplitude is derived from: normal mean warmest month
air temperature, which is influenced by daytime and nighttime temperature; and normal
mean maximum warmest month air temperature, which, because highest temperatures
tend to occur during the afternoon, is influenced by daytime temperature). As a result,
the magnitude of increase in urban heat island amplitude may be overstated. Although
there have been several studies on the significance of diurnal variation in urban heat island
amplitude (see: [27]), none have been as comprehensive or proven to be as reliable over
a broad geographic area as the study upon which Oke’s [34] population size—urban heat
island amplitude function was developed. Thus, in the absence of a population size-urban
heat island amplitude function that represents mean or daytime urban heat island ampli-
tude, the use of Oke’s [34] population size—urban heat island amplitude function in the
UHIMPT model is justified. Nonetheless, it is noted that this issue can be addressed by
providing updated baseline climate information as it becomes available and subsequently
rerunning the UHIMPT model. Additionally, the modularity of the system dynamics
approach provides the opportunity to revise the UHIMPT model to incorporate a different
population size-urban heat island amplitude function or include an appropriate adjustment
at a later date.

6.7. Conversion of Land Surface Temperature to Air Temperature

In order to convert the simulated impacts of alterations of surface albedo, impervious
surface cover and the proportion of vegetation on land surface temperature to air tempera-
ture, the UHIMPT model incorporates an adaptation of the linear regression model of Gallo
et al. [30]. Said linear regression model, which is based on a comparison of air temperature
and land surface temperature data collected at 14 meteorological observation stations lo-
cated throughout the continental United States, represents cloud-free, daytime conditions.
As such, it can only be used to simulate cloud-free, daytime conditions; it cannot represent
the range of other possible conditions (e.g., cloudy, nighttime). This, however, is consistent



Urban Sci. 2021, 5, 19

33 of 41

with the UHIMPT model’s use of satellite-derived data representing cloud-free, daytime
conditions in the development of the customized multiple linear regression model that is
incorporated into Equations (5) and (6) and discussed at several points in Sections 2 and 3,
as well as in Supplement B.

In addition to the above, it is reiterated that the aforementioned linear regression
model of Gallo et al. [30] is not location-specific, but rather based on data collected at
14 meteorological observation stations located throughout the continental United States.
Although their model explains 88 percent of the variability in the collected data (i.e.,
2 = 0.88), local analysis of the relationship between land surface temperature and air
temperature in a given study area may result in a more reliable model. In the event that a
more reliable, location-specific model becomes available, revision of the UHIMPT model to
incorporate same should be considered. Note that the modularity of the system dynamics
approach affords the opportunity to easily make such revisions.

6.8. Selection of Appropriate Temperature—Mortality Function

As noted in Section 2.1.1, the temperature-mortality functions of Nordio et al. [50]
have been developed with the benefit of a cluster analysis, which identified eight climate
clusters covering the continental United States based on relative humidity, mean summer
and winter air temperatures, and the standard deviation of mean summer and winter air
temperatures. For each of these climate clusters, Nordio et al. [50] prepared a corresponding
temperature-mortality function; all of these temperature-mortality functions have been
incorporated into the UHIMPT model.

Although relative humidity, mean summer and winter air temperatures, and the
standard deviation of mean summer and winter air temperatures have been used to
identify clusters and, therewith, define the sample from which temperature-mortality
functions were prepared, the UHIMPT model, as demonstrated in Equations (34) and (35),
identifies the most applicable temperature—mortality function for a given area on the basis
of mean summer and winter air temperatures alone. By doing so, the UHIMPT model’s
data input requirements are minimized.

While identification of the most applicable temperature-mortality function for a given
area with the addition of information on relative humidity and the standard deviation
of mean summer and winter air temperatures may, in theory, improve the identification
of the most applicable temperature-mortality function for a given area, incorporation
of such information results in a significantly increased burden on the user to input data.
Moreover, the UHIMPT model’s approach to selection of the appropriate temperature—
mortality function for a given area already results in a reasonable degree of accuracy. This
has been confirmed by testing at the time of model parameterization, which revealed that
the UHIMPT model approach was able to: select the temperature-mortality function for
the same climate cluster as provided by Nordio et al. [50] in 35 of 48 cases; and select
the temperature-mortality function for a climate cluster that was, as regarded from the
standpoint of air temperature, closely similar to the climate cluster as provided by Nordio
et al. [50] in eight of 48 cases (Note 24). Thus, the UHIMPT model approach results in a
reasonable degree of accuracy with the temperature—mortality function for the same or
closely similar climate cluster as provided in Nordio et al. [50] being selected in 43, or 89.6
percent, of 48 cases (Note 25).

7. Proper Model Use

Given the limitations that have been discussed in Section 6, it is important to consider
the UHIMPT model’s proper use. In this regard, it is noted that the UHIMPT model should
not simply be run once and never revisited after its initial outputs have been obtained.
Indeed, the UHIMPT model should be periodically rerun as updated data inputs become
available. This is particularly important in the case of the UHIMPT model’s population
projection, which, as has been discussed in Section 6, assumes constant mortality, fertility
and net migration rates in the projected period. By rerunning the model as updated data
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inputs become available, the impacts of new phenomena and trends on the components
of the UHIMPT model can be captured and, therewith, the accuracy of its outputs can be
maximized.

In addition to the above, it is noted that, given the necessary simplification of the
real-world phenomena that are represented in the UHIMPT model, its outputs should
not be used as definitive, long-term projections of future urban heat island amplitude.
Rather, it should only be used to facilitate the development of generalized estimates of the
potential impacts of hypothetical urban heat island mitigation strategies on heat-related
mortality. Using the UHIMPT model in this manner provides a means of obtaining valuable
information to support the development of targeted policy for urban heat island mitigation.

8. Conclusions

The UHIMPT model represents a new approach to estimate the potential impacts
of hypothetical urban heat island mitigation strategies on heat-related mortality. It pro-
vides a high degree of customizability and, as has been demonstrated within the context
of Philadelphia, Pennsylvania, yields important information that can inform the policy
development process.

9. Notes

1.  Please note that although data on normal extreme maximum temperature exists
(e.g., the dataset that is presented in Wang et al. [56] includes data for extreme
maximum temperature over thirty years), the UHIMPT model uses normal mean
maximum warmest month temperature in its accounting for the urban heat island
effect. Both indicators represent extremes with: normal mean maximum warmest
month temperature able to be considered as the mean extreme; and the normal
extreme maximum temperature able to be considered as the extreme of extremes.
The UHIMPT model, however, includes normal mean maximum warmest month
temperature in its accounting for the urban heat island effect because addressing the
mean extreme is, generally, more attainable than addressing the extreme of extremes.
Moreover, addressing the mean extreme, as opposed to the extreme of extremes, may
often be considered to be a more efficient use of resources. Indeed, it may be better to
plan for the mean extreme, which represents conditions that are more likely to happen
on an annual basis, than conditions that are less likely to occur at a given time (n.b., to
borrow from the example of flood hazard mitigation, it is noted that the United States
Federal Emergency Management Agency [FEMA] requires that levees be designed to
provide protection for floods that have a 1.0 percent chance of occurring on an annual
basis [i.e., a 100-year flood], as opposed to a more extreme flood that has a 0.2 percent
chance of occurring on an annual basis [i.e., a 500-year flood]). Please note, however,
that this approach of planning for the mean extreme and not the extreme of extremes
may not be universally applicable within the realm of hazard mitigation and climate
change adaptation; it should not be applied without careful consideration outside of
the context of application of the UHIMPT model.

2. Asnoted, the canopy layer urban heat island generally exhibits its highest amplitude
during the nighttime hours. Although the data used to calculate the baseline measure-
ments of urban heat island amplitude are not specifically representative of nighttime,
the UHIMPT model, as explained in Section 2.2.2, uses urban heat island amplitude
to develop estimates of mean warmest month and mean maximum warmest month
air temperature within the urban heat island. Thus, the overall focus of the UHIMPT
model is not on the mere amplitude, but on the total temperature to which the urban
heat island amplitude contributes. Nonetheless, we note that while the canopy layer
urban heat island generally exhibits its highest amplitude at nighttime, nighttime
does not correspond to the highest air temperatures. This distinction is important
given the UHIMPT model’s incorporation of heat-related mortality. By developing
an estimate of mean maximum warmest month air temperature within the urban
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10.

heat island, however the basis for analysis of the maximum impacts of the urban heat
island on heat-related mortality is provided.

Although the UHIMPT model makes use of a population size—urban heat island
amplitude function for North American settlements, it can be easily adapted to
incorporate similar functions for other regions.

Despite its age, the population size—urban heat island amplitude function for North
American settlements of Oke [34] remains the most comprehensive analysis of the
relationship between population size and urban heat island amplitude of North
American cities available to date. Moreover, it relies on a methodology that has been
proven to be highly reliable in several subsequent studies (see: [39—41]).

In the event that population should decline between two consecutive time steps, the
factor of change in urban heat island amplitude is assumed to be zero. This assumes
that no significant changes in urban geometry that would alter urban heat island
amplitude accompany such a decline in population.

A key explanation why the UHIMPT model uses an adaptation of Oke’s [34] popu-
lation size—urban heat island amplitude function is to keep the model as simple as
possible. Adding sky view factor measurements would result in the need to include
their measurement, which would result in a significant increase in data input require-
ments for the user. However, as is indicated in Section 2.1.1, the UHIMPT model
already includes a cohort-component population projection. By using an adaptation
of Oke’s [34] population size—urban heat island amplitude function, the numbers of
individual components and required inputs is reduced, which, thereby, simplifies the
model and makes it more user-friendly and easier to run.

Although sky view factor, which is directly representative of urban geometry, may;,
upon first consideration, seem to have a more direct relationship with the formation of
the urban heat island effect than population size, population size is a reliable indicator
of urban heat island amplitude when its relationship with temperature is determined
at the regional level (see: [34,39,40]). By doing so, the influence of regional practices in
land use and the construction and operation of the built environment, which impact
urban heat island formation, are captured.

Although long-term climate projections are generally reported as averages over
multiple-year periods in order to reduce associated variability, the user-input projec-
tions are annualized in the UHIMPT model through the application of linear interpo-
lation. This is done in order to make the projections of mean and mean maximum air
temperatures compatible with the annual time step of the UHIMPT model.

Please note that although the cohort-component population projection is used in, and
impacts, the heat-related mortality calculations that are discussed in Section 2.1.1, it
is not impacted by said calculations. The reason for this is associated with the fact
that the UHIMPT model operates on an annual time step to simulate conditions in
the warmest month. For the impacts of air temperature on population development
to be isolated and reliably estimated on a continuous basis, the model would need
to operate on a daily time step. However, given the presence of seasonal variability
and the impacts of climate change, development of such a model that would simulate
change over a continuous period (i.e., a period represented by a daily time step over
multiple years) is impractical.

It is important to note that mean summer and winter air temperatures, not mean
maximum summer and mean minimum winter air temperatures (i.e., not extremes),
are used to determine the appropriate relative risk factor for a given location. The
reason for this is that the human capacity for acclimatization to higher temperatures
is linked to climate as a whole, not just its extremes (see: [50,72]). Moreover, the
temperature-mortality and temperature increase—acclimatization functions of Nordio
et al. [50] have been developed with data that represents mean air temperatures.
Nonetheless, as is described in Section 2.2, the impact of heat-related mortality on
population dynamics is estimated using mean maximum warmest month air temper-
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13.

14.

15.

16.

17.

atures. This allows the user to understand the impacts of extreme heat, as represented
by projected mean maximum warmest month air temperatures.

Similar datasets based on the methodologies presented in Wang et al. [56] exist for
Europe and Latin America and the Caribbean (see: [73,74]). It is recommended that
the spatial resolution of alternate datasets be no less than 1.0 km?.

Please note that Equations (3) and (4) include a modification of the population size—
urban heat island amplitude function for North American settlements of Oke [34].
The original function was expressed by Oke [34] as: AT, _, () = 2.96 log P — 641,
where AT, _,(;4y) Tepresents maximum urban heat island amplitude and P represents
total population. The coefficient of determination of this function (r2), as calculated
by Oke [34], was 0.96 (i.e., ¥ = 0.96).

The constant (i.e., intercept) of the customized multiple linear regression model is
excluded from Equations (5) and (6), and replaced with the mean and mean maxi-
mum urban heat island amplitude of the warmest month in a given time step (i.e.,
Asvarmet vontn AN Ay Maximumyy,, o oo, Tespectively). This is explained by the fact
that the customized multiple linear regression model is used for no other purpose than
to simulate the impacts of changes in surface albedo, impervious surface cover and
the proportion of vegetation on urban heat island amplitude. While the constant (i.e.,
intercept) could be used, the UHIMPT model already includes a more-accurate sim-
ulation of urban heat island amplitude with Zqurmes + Monrn AN Ay Maximumyamest Month*
The acceptability of this adaptation is confirmed by the fact that the relative impacts
of the independent variables remain unmodified.

The linear regression model of Gallo et al. [30] is based on a comparison of air
temperature and land surface temperature data, which was collected at a total of
14 United States Climate Reference Network meteorological observation stations
located throughout the continental United States. Their model indicates that air
temperature is a significant factor in explaining variation of land surface temperature
(N = 14; B = 1.15; p = 0.01). Their model, the coefficient of determination (r?) of
which is 0.88, expresses the relationship between land surface temperature and air
temperature as Tpg,g = 2.82 + (1.15 X Tjyj), where Tp,,; represents land surface
temperature and T4, represents air temperature. For use in Equations (5) and (6) of
the UHIMPT model, which pertain to the modification of mean and mean maximum
warmest month urban heat island amplitude, the linear regression model of Gallo
et al. [30] has been algebraically restated as: T4;, = W As restated, however,
even a null value for Tj,,,; will result in a value for Ty;, that is not zero, but —2.452.
This is problematic because the linear regression model is only used to convert the
simulated impacts of alterations of surface albedo, impervious surface cover and the
proportion of vegetation on land surface temperature to air temperature and lack of
alteration would not result in change. Thus, application of a correction factor of 2.452
is necessary to cause a null value for T7 ;4 to result in a value of zero for T4;,.

Please note that change in I is measured from negative one (i.e., —1.0) to one with
one being the highest possible value. Negative values represent decreases in the
proportion of impervious surface cover, which serves to mitigate the urban heat
island effect. Positive values represent increases to the proportion of impervious
surface cover, which increases the intensity of the urban heat island effect and is,
therefore, undesirable in this instance. The value of change applied must be no more
than the greatest possible positive or negative value less (i.e., minus) the initial (i.e.,
baseline) value.

Please note that change in V is measured from zero to one with one being the highest
possible value. The value of change applied must be no more than the highest possible
value less (i.e., minus) the initial (i.e., baseline) value.

Please note that change in & is measured from zero to one with one being the highest
possible value. The value of change applied must be no more than the highest possible
value less (i.e., minus) the initial (i.e., baseline) value.
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It is noted that this methodology results in the realization of projected temperatures
at the midpoint of the projected period. This is supported by the fact that climate
projections are typically reported as average values for multi-year periods (n.b., the
aforementioned projections of Wang et al. [56] are reported as average values for
30-year periods). The realization of projected temperatures at the midpoint of the
projected period facilitates an accurate portrayal of same because the midpoint is
equivalent to the average between two or more points (e.g., starting point, ending
point).

Equations (26)—(33) have been obtained through analysis of Figure 2, Part A of Nordio
et al. [50] with the open-source graph digitizing software package known as Engauge
Digitizer (Release 10.3) by Mark Mitchell of Torrance, California. Because of the
method through which these equations have been obtained, they may differ slightly
from those represented by the data used by Nordio et al. [50] to create aforesaid
Figure 2, Part A. Analysis with Engauge Digitizer was necessary because Nordio
et al. [50] report neither the data used to prepare the aforementioned figure, nor
provide equations for the curves it represents. In Equations (26)—(33), curves are
represented with sextic polynomial equations. This type of equation was chosen
because it most accurately reflects all of the data represented in Figure 2, Part A of
Nordio et al. [50]. The coefficient of determination (r?) for these equations ranges
from 0.99970 in Equation (28) to 0.99995 in Equation (30).

As has been previously indicated, the parameterization of this component is based
on the analysis of Nordio et al. [50], which indicates that every 5 °C increase in
mean air temperature results in a 1.78 percent reduction in heat-related mortality.
The UHIMPT model, however, applies this function continuously, such that every
fractional degree increase in mean air temperature results in a corresponding percent
reduction in heat-related mortality. In addition, as may be seen in Equation (37) this
function is also applied bi-directionally, such that a decrease in mean temperature
would result in a corresponding increase in the factor of relative risk of mortality. This
results from the fact that subtracting a negative number results in adding a positive
(e.g.: =5 —[-3] = —5+3 = —2). Nevertheless, it is noted that, as may be seen in
Equation (36), the acclimatization factor can only be negative if there is a decline in
mean temperature between the current time step and the next time step. Given the
general trend to higher mean temperatures as a result of global warming, a negative
acclimatization factor is unlikely and only possible in the UHIMPT model if a decrease
in mean temperature is indicated by the user-input mean temperature projections
that have been described in Section 2.1.2.

Data representing areas that were at least partially located within a water feature
were not entered into the multiple linear regression model. It is noted that the
surface albedo and surface temperature of water features is generally low. However,
low surface albedo over land is generally associated with high surface temperature.
Data representing areas that were at least partially within a water feature were,
therefore, excluded in order to prevent surface albedo over water from skewing the
multiple linear regression model’s depiction of the correlation between land surface
temperature and surface albedo.

Had a modified cohort-component projection been applied in the UHIMPT model, a
buildout analysis would have been required in order to estimate remaining develop-
ment capacity. This would have dramatically increased user-input data requirements
and model complexity, thereby potentially rendering the model less useful.

Despite its age, Oke’s [34] population size-urban heat island amplitude function was
used in the UHIMPT model because of its comprehensiveness, very high coefficient of
determination (n.b., the coefficient of determination [r?] was 0.96 [i.e., 7> = 0.96]), and
the fact that no suitable alternative currently exists for the entirety of North America.
When calculating the sum of absolute differences between user-input mean summer
and winter air temperatures and those of the climate clusters as provided by Nordio
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et al. [50] in accordance with Equation (34), the difference between the climate clus-
ter associated with the temperature-mortality function identified by the UHIMPT
model’s approach and the climate cluster provided by Nordio et al. [50] was between
0.03 and 0.73, with a mean difference of 0.49, in eight of 48 cases.

25. It is noted that the raw data used by Nordio et al. [50] were unavailable in these
tests. Had the mean summer and winter temperatures used by Nordio et al. [50] been
available, it is likely that the accuracy of the UHIMPT model’s approach to selection
of the appropriate temperature—mortality function would have been shown to be
higher than demonstrated here. This is suggested by the fact that, when calculating
the sum of absolute differences between user-input mean summer and winter air
temperatures and those of the climate clusters as provided by Nordio et al. [50] in
accordance with Equation (34), the difference between the climate cluster associated
with the temperature-mortality function identified by the UHIMPT model’s approach
and the climate cluster provided by Nordio et al. [50] was 0.73 or less in eight of
48 cases.

Supplementary Materials: The following are available online at https://www.mdpi.com/2413-8
851/5/1/19/s1, Supplement A—Inventory of Data Input Requirements of UHIMPT Model; Sup-
plement B—Development of Multiple Linear Regression Model Used in Equations (5) and (6);
Supplement C—Philadelphia-Specific Data Inputs to Demonstrative UHIMPT Model; and Supple-
ment D—Demonstrative UHIMPT Model in STELLA (.STMX) File Format. References [75-82] are
cited in the supplementary materials.
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