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Abstract: Global population is experiencing more frequent, longer, and more severe heat waves due
to global warming and urbanization. Episodic heat waves increase mortality and morbidity rates
and demands for water and energy. Urban managers typically assess heat wave risk based on heat
wave hazard, population exposure, and vulnerability, with a general assumption of spatial uni-
formity of heat wave hazard. We present a novel analysis that demonstrates an approach to deter-
mine the spatial distribution of a set of heat wave properties and hazard. The analysis is based on
the Livneh dataset at a 1/16-degree resolution from 1950 to 2009 in Maricopa County, Arizona, USA.
We then focused on neighborhoods with the most frequent, severe, earlier, and extended periods of
heat wave occurrences. On average, the first heat wave occurs 40 days earlier in the eastern part of
the county; the northeast part of this region experiences 12 days further extreme hot days and 30
days longer heat wave season than other regions of the area. Then, we applied a multi-criteria deci-
sion-making (MCDM) tool (TOPSIS) to evaluate the total hazard posed by heat wave components. We
found that the northern and central parts of the metropolitan area are subject to the greatest heat wave
hazard and that individual heat wave hazard components did not necessarily indicate heat hazard.
This approach is intended to support local government planning for heat wave adaptation and miti-
gation strategies, where cooling centers, heat emergency water distribution networks, and electrical
energy delivery can be targeted based on current and projected local heat wave characteristics.

Keywords: heat wave; MCDM; natural hazard; hazard mapping; hazard classification; adaptation;
mitigation; TOPSIS

1. Introduction

Heat waves and extremely hot weather conditions impact human health and infra-
structure in urban areas [1]. They are the main reason for weather-related human mortal-
ity and morbidity and cause serious air pollution by increasing the possibility of wildfires
and ground-level ozone formation [2,3]. From 1986 to 2017, heat waves were responsible
for more than 4000 deaths in the United States of America [4]; including the 1995 Chicago
and the 1999 Midwest heat waves that caused more than 1600 deaths [5,6]. Elsewhere, the
death toll from the 2003 European heat wave was 14,800 people in France, more than 3000
people in Italy, and more than 2900 people in Portugal [7-9]. Moreover, the 2010 Russian
heat wave was much worse than these events due to the unfortunate death of more than
55,000 people [10,11]. Following a long history of catastrophic heat waves in India, more
than 2400 people died in the heat wave of 2015 [12]. Coates et al., [13] reported 473 heat-
related fatalities in Australia from 2001 to 2018. Generally, the demographic with the high-
est mortality rate in urban areas is the urban elderly (over the age of 65), especially those
with pre-existing conditions, communication barriers, and low socioeconomic status res-
idents [14-16].
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Heat waves increase electricity usage for air conditioning and other cooling purposes
in many climates [17,18]. Colombo et al., [19] found that a 3 °C rise in the average temper-
ature increased electricity usage by 7% in Canada. In Greece, Cartali et al., [20] showed
that a 1 °C temperature rise increased energy usage for cooling by 28%. In Israel, a 4 °C
rise in average temperature is expected to leverage peak electricity demand by 10% [21].
These studies support more recent findings of a general linear relation between daily max-
imum temperature in the range of 28 °C to 40 °C and electrical energy consumption [22].

The performance of thermal and nuclear power plants decreases during prolonged
hot weather, due to challenges in their cooling systems, particularly during low-flow sea-
son or droughts [23-25]. Despite increasing extreme temperatures and heat waves, energy
infrastructure has often not been upgraded sufficiently to avoid numerous power failures
at local to national scales [17]. For example, the USA and Canada suffered power outages
in summer 2003 that lasted for several days and impacted more than 50 million people
[26]. During this period one extreme heat event increased the mortality rate in New York
City (NYC) by 25% [27].

Heat waves are complex natural hazards that differ spatially by extremity, magni-
tude, and frequency and present negative impact on humans, infrastructure, and the en-
vironment [28,29]. Urban morphology significantly affects the destructive effects of these
events [30]. For example, the interaction between urban heat island (UHI) and heat waves
results in exacerbated and extended heat wave events. A New York City study demon-
strated that during heat waves, mid-afternoon UHI enhanced temperature by 1.5-2.0 °C
[1]. Similarly, UHI is a cause of elevated nighttime temperature [31], which increases risk
of morbidity and mortality for elderly people and others who rely on overnight cooling
for relief [15]. Laaidi et al., [32] found that during the 2003 heat wave in France, exposure
to high nighttime minimum temperature was significantly correlated with the elderly
mortality rate. This will be exacerbated in the future based on studies that predict the
increase in heat wave length by up to 25 days per year [33]. Similar results from studies
of the 1995 Chicago heat wave showed the harmful impacts of high nighttime temperature
[6]. Several types of urban green infrastructure including parks, street trees, green roofs,
and green walls can offset solar heating in various ways due to differences in albedo, heat
capacity, and latent heat of vaporization. Estimates of green cooling vary spatially and
range from 7 °C [34] to 10 °C [35] for parks and 1.5 °C near street trees, with green walls
providing limited cooling near the wall surface [36]. Smith and Roebber [37] modeled
green roofs in Chicago, IL, and found that green roofs can decrease local temperatures by
up to 3 °C. In addition, some cities are using pavement watering as a temporary solution
for urban heat reduction emergency plans [33]. This method helps cities with a lack of
available green spaces, while it is useful for those with available water resources for wa-
tering purposes [33,38,39].

Heat-related mortality or morbidity risk is a function of exposure, vulnerability, and
hazard [40]. Exposure is an important element in assessing heat wave risk; if there is no
human exposure to the heat wave, there is no perceived risk [41]. Although humans can
acclimatize to a local climate setting, there are limits to the tolerable amount of heat expo-
sure [14]. These limits are narrower for children, elderly people, and during illness [42,43].
Other dimensions of vulnerability include socio-economic status, neighborhood popula-
tion density, heritage, and education [44,45]. A study across seven US cities found that
increased risk of mortality during a heat wave was associated with lower income and
housing value, higher percentage of elderly residents, Asian and Pacific Islander ethnicity,
young children, and residents with only primary education [46]. Studies also suggest the
importance of communication skills and language barriers in determining population vul-
nerability to heat waves [16,47].

Although many components for vulnerability and heat exposure analyses are well
documented, recognition of hazard elements is inconsistent across heat wave risk-assess-
ment studies. Heat waves have different combinations of components including, at least,
frequency, intensity, duration, and timing [48,49]. Each of these components can pose a
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different type of heat wave hazard in urban areas. Harlan et al., [50] found that maximum
temperature during a heat wave is the most important component related to the mortality
rate increase in Arizona desert cities (USA). Similar results support the importance of
maximum temperature in increasing contemporary heat wave hazard [51-53]. Differently,
other studies point to the importance of nighttime minimum temperature in urban areas,
particularly on the mortality increase of vulnerable populations [32,54,55]. In another
study, the mean land surface temperature during heat waves was found to be correlated
with heat wave mortality [56]. Further, a 1-day lag in maximum temperature is better cor-
related with increased mortality than maximum daily temperature [57]. Heat wave onset
time and duration are important heat wave components that define the hazard [58]. Sea-
sonally, earlier heat waves are more dangerous to human health than those within the
expected hot season and significantly raise the mortality rate [58-61].

The complexity of the impacts of compound heat wave components on human health
is most evaluated by two approaches; correlation between the individual heat wave haz-
ard components and the consequent impact [62-64] and multivariate regression models
that correlate the main heat wave components (i.e., intensity, duration, and timing) to the
overall impact of the event [50,65,66]. Although these methods highlight the importance
of understanding the impact of various heat wave hazard components, they do not pro-
vide a synthetic assessment of multiple factors or the spatial distribution of the heat wave
properties. Studies of spatial distribution for a single element of heat hazard are common.
Buscail et al., [41] defined a heat wave hazard map for the city of Rennes (France) based
on a single temperature measurement during a heat wave, acquired by Landsat Enhanced
Thematic Mapper (ETM+). In this regard, maximum temperature is a common heat wave
hazard indicator [67-69]. A recent study in Zhejiang province, China proposed accumu-
lated daily maximum and minimum temperatures above 35 °C and 26 °C, respectively, as
the heat hazard elements [70]. Liu et al., [56] used mean land surface temperature to map
heat wave hazard in China. Similarly, Wu et al., [47] argue the mean temperature level
across 24 h during a heat wave predicts mortality and morbidity rates better than maxi-
mum and minimum temperatures; yet, most studies focus on maximum daytime or
nighttime temperature as an indicator of heat wave hazard [71-73].

The increased negative impact of some complex heat waves has led to a new multiple
element heat wave hazard assessment. In South Korea, the annual frequency of heat
waves with daily peak temperature above 33 °C and nighttime minimum temperature
above 25 °C were used as metrics in hazard mapping [52]. Savi¢ et al., [74] integrated
frequency and intensity of heat waves for heat wave hazard mapping in European cities.
Similarly, intensity, duration, and timing of heat waves have been declared as important
metrics for hazard mapping in urban areas [75]. Zhang et al., [76] used heat wave fre-
quency and duration to study heat wave mitigation strategies in China. However, many
other heat wave components are neglected in these studies. For example, study of heat
wave hazard based on nighttime temperature during an early onset heat wave is unavail-
able in the literature to the best of our knowledge. We argue that heat wave hazard map-
ping and classification in urban areas requires considering many defined and known at-
tributed components of heat waves.

Here, we propose an analysis that integrates multiple components to develop an as-
sessment approach that is both comprehensive and specific. Accordingly, we introduced
a new framework for heat wave hazard mapping based on all components of the event
and a multi-criteria decision-making (MCDM) approach. We used the technique for order
preference by similarity to an ideal solution (TOPSIS) model to show how considering
MCDM methods improves our knowledge of hazard distribution and reveals unseen haz-
ards in urban neighborhoods.
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2. Method, Data, and Study Site
2.1. Heat Wave Definition and Components

We know of no universal heat wave definition, and many debates exist on the pa-
rameters that should be included to define a heat wave [29]. In this study, we defined a
heat wave as an event that has at least two consecutive days with minimum and maxi-
mum daily temperatures greater than the 90th percentiles of the historical minimum and
maximum daily temperatures (thresholds), respectively. This definition has been widely
used before in heat wave studies [15,49,77].

In addition to the traditional heat wave components, including frequency, intensity,
duration, and timing [48], the presented analysis determines eight heat wave components
based on the available climatological data. This approach provides clear definitions for
each of the main heat wave components [49,78,79].

1. Number of hot days (Days): a hot day has both maximum and minimum tempera-
tures higher than defined thresholds.

2. Frequency of heat wave (Waves): number of independent heat waves in each calen-
dar year.

3. Total number of days of heat waves (Total): the cumulative number of days of all
heat waves in each calendar year.

4. Longest heat wave event (Longest): the longest heat wave event occurrence in each
calendar year.

5. Daytime heat wave intensity (Intensity): the cumulative value of daytime tempera-
tures above the defined maximum temperature threshold during a heat wave.

6. Nighttime heat wave intensity (Night): The cumulative value of nighttime tempera-
tures above the minimum temperature threshold during a heat wave. For example, a
heat wave of two consecutive days with the minimum and maximum daily temper-
atures of 30 °C, 35 °C, 35 °C, and 42 °C at a pixel and the defined thresholds of 28 °C
and 33 °C, respectively, has the daytime heat wave intensity and nighttime heat wave
intensity of 11 °C and 9 °C, respectively.

7.  First heat wave event (First): the day of year for the first day of heat wave in a calen-
dar year.

8. Heat wave season duration (Duration): the period between the first calendar day of
heat wave and the last day of the final heat wave in each year.

2.2. Study Area

We selected the city of Phoenix, Arizona, USA and the associated metropolitan area
(Maricopa County) and three nearby cities from Pinal County (Maricopa City, San Tan
Valley, and Apache Junction) for this study (Figure 1). The population of the city of Phoe-
nix and Maricopa County based on 2020 census data were 1,608,139 and 4,420,568, respec-
tively [80]. In addition, based on 2020 census data, the accumulated population of the
other three sites was more than 165,000 [80]. Based on the Koppen climate classification,
most of this area is located in the hot desert climate category (BWh), where the tempera-
ture can exceed 40 °C frequently [81].
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Figure 1. Phoenix metropolitan area, city of Phoenix (red area), and three nearby communities (blue
areas) located in the state of Arizona in the United States, with more than 4 million population
(2020).

2.3. Data Source

We used a daily gridded air temperature product (minimum and maximum temper-
atures) developed by Livneh et al., [82] based on the interpolation of climate station ob-
servations at a 1/16 (~6 km x 6 km) degree resolution. To cover the study area, we obtained
the daily maximum and minimum temperatures data from 1950 to 2009 for 810 pixels, 30
longitudinal (-112.9688 to -111.1562), and 27 latitudinal (32.53125 to 34.15625). We exam-
ined these data to investigate the average decadal change of minimum and maximum
temperatures and then we used a developed code in R to calculate the heat wave proper-
ties, defined in Section 2.1 for each of 810 pixels [83].

2.4. Multi-Criteria Decision-Making

Multi-criteria decision-making (MCDM) methods solve complex problems with
multiple competing criteria and no optimal solution to satisfy all the decision maker pref-
erences or a procedural goal [84]. For example, most intense heat waves, first heat wave
of a season, and longest heat wave are unlikely to coincide in a single neighborhood of a
city. Hence, it is not typically possible to find a single region with simultaneous maximum
highest heat wave hazard across multiple components simultaneously. Therefore, it is
practical to assess each component individually and combine the weighted contributions
from all factors in an aggregate assessment [85]. The importance of each component is
determined by numerical weight. Some popular multi-criteria decision-making methods
include weighted sum model, weighted product model, ELECTRE, TOPSIS, MAUT, PRO-
METHEE, hybrid fuzzy, VIKOR, and analytical hierarchy process (AHP) [86-88]. MCDM
methods are popular in spatial studies of various natural hazard and climate extreme
events distribution. Aman and Aytac [89] used the AHP method for city scale post-earth-
quake assembly studies in Turkey. The AHP method is also popular for mapping flood
hazard in urban areas based on different flood sources [90-92]. Lassandro and Turi [93]
used the multi-criteria decision-making approach to evaluate the best response ability of
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mitigation methods to rising heat waves. For this study, we used the TOPSIS method to

investigate how heat wave hazard is spatially distributed across urban areas, based on all

the individual heat wave components. This selection was mainly according to the ability

of the TOPSIS method to rank the domain pixels based on all defined components of a

heat wave, thereby removing any need for independent hazard components [78,84]. In

addition, this selection is in line with previous studies on heat waves using TOPSIS multi-

criteria decision-making [94-96].

Using the TOPSIS method generally includes the following steps [84,97,98]:

1. Calculation of the decision matrix, including alternatives A; (fori=1 to m, which is
the number of pixels, 810 pixels each one ~6 km x 6 km) and criteria C; (forj=1ton,
which is the number of heat wave hazard components, including Days, Waves, Total,
Longest, Intensity, Night, First, and Duration as defined in Section 2.1):

c, .. C,
A [X11 = X1in 1)
D — . ‘. .
Am Xm1 ° Xmn

2. Normalization of the elements in the decision matrix for each criterion:

" R o
i= ij

3. Calculation of the weighted normalized decision matrix values:
Vij = WiN;; ®)
where W; is the weight of each criterion that highlights the importance of that criteria

(i.e., each heat wave hazard component as defined in Section 2.1).

4.  Finding the best and worst (or ideal and negative ideal) solutions for each criterion:
AY =V, LGy = {(max (V)L € )), (min (Vi)|j € ])} (4)
A™ =V, . W} = {(min (V;)lj €)), (max Vpli €]} 6

where ] is associated with benefit criteria and |’ is associated with negative criteria. For
example, later heat waves are usually associated with benefit (less harmful) to human
health, while higher heat wave intensity is a negative criterion.

5. Calculation of distance from best and worst ideal solutions for each alternative using
Euclidean distance method:

pf = |y (v —v)’ (6)
D = Z(Vij_vj_)z @
=1

6. Computing the relative closeness to the ideal solution (best or worst case), based on
the decision goal:
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Cr = L (8)
" (D7 + D)
7. Ranking each alternative (4;), based on the calculated relative closeness to the ideal

solution (C;").

This method ranks neighborhoods (i.e., alternatives or pixels) based on the weighted
heat wave component (i.e., criteria). However, to the best of our knowledge, there is no
quantitative comparison across all heat wave components. The first heat waves in each
calendar year and the most intense heat wave (either higher minimum nighttime temper-
ature or maximum daytime temperature) are the most impactful heat waves. Accordingly,
considering greater weights for these factors is inevitable. However, the question remains
regarding the quantitative distribution of weights between eight heat wave components,
defined in Section 2.1. One practical solution for this problem is to perform a sensitivity
analysis for the weights of the inputs to the TOPSIS model to highlight the sensitivity of
this analysis to the weights.

2.5. Sensitivity Analysis

Heat wave definition and assigned criteria weights determine the range of possible
results of heat wave hazard mapping and classification. To organize the results, we de-
fined six different scenarios to show how the hazard rank of each pixel changes by sum-
mation of weighted criteria. In our basic scenario (S1), we assigned the same importance
weight to each of the eight heat wave components or MCDM criteria. For Scenario 2 (52),
we assigned the weight of 2 to temperature-related components of the heat wave hazard
(i.e., Intensity and Night) and the weight of 1 to the other components. We defined the
third scenario (S3) by assigning the weight of 2 to heat wave timing elements (i.e., First
and Duration) and 1 to the other components. In the fourth scenario (54), we assigned the
weight of 2 to the number of hot days, frequency of heat waves, total length of heat waves,
and longest heat wave event (i.e.,, Days, Waves, Total, and Longest) and 1 to the other
components. Scenario 5 (S5) is defined based on the heat wave components known to have
greater human and environmental impacts, including daytime heat wave intensity,
nighttime intensity, and first heat wave event (i.e., Intensity, Night, and First) and 1 to the
other components. Scenario 6 (S6) is the more extreme representation of the previous sce-
nario (55), i.e., a weight of 4 to the daytime heat wave intensity, nighttime intensity, and
first heat wave event and 1 to the other components. Table 1 summarizes the 6 defined
scenarios that we used for sensitivity analysis.

Table 1. Defined relative criteria weights in each scenario for sensitivity analysis.

Heat Wave Component S1 S2 S3 S4 S5 Se6
Number of hot days (Days) 1 1 1 2 1 1
Frequency of heat wave (Waves) 1 1 1 2 1 1
Total length of heat waves (Total) 1 1 1 2 1 1
Longest heat wave event (Longest) 1 1 1 2 1 1
Daytime heat wave intensity (Intensity) 1 2 1 1 2 4
Nighttime heat wave intensity (Night) 1 2 1 1 2 4
First heat wave event (First) 1 1 2 1 2 4
Heat wave season duration (Duration) 1 1 2 1 1 1

3. Results

First, we present the decadal average changes in minimum and maximum tempera-
tures for the study area from the 1950s to 2000s to show the combined impact of urbani-
zation and climate change on local temperature over six decades. Then, Section 3.2 pre-
sents the spatial heat wave components distribution across the study domain. Section 3.3
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presents the results of heat wave hazard ranking in 810 pixels by TOPSIS model to show
how heat wave hazard is distributed across the region. Eventually, Section 3.4 demon-
strates the sensitivity of this study to weights assigned to the decision criteria.

3.1. Temporal Change in Decadal Average Minimum and Maximum Temperatures

We analyzed the decadal average minimum temperature (hereafter AMiT) and de-
cadal average maximum temperature (hereafter AMaT) for the study domain from 1950
to 2009. As shown in Figure 2a, AMiT ranges from 0 °C to 18 °C in the 1950s, with higher
temperatures in the southern part of the city of Phoenix (red circle on Figure 2a) and
southwest of the study domain and lower temperatures in the northeast part of the do-
main. Higher AMIiT in the 1950s in southern Phoenix can be attributed to the urban heat
island effect [99]. During the 1960s and 1970s, AMIiT increased in the urbanized areas to
the north (red circles on Figure 2b,c), while it decreased in the southern domain of the
delineated municipal areas. For the next three decades, AMiT increased steadily, particu-
larly in the urbanized areas. By the 2000s, the decadal average nighttime temperatures for
the city of Phoenix had increased by up to 6 °C.
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Figure 2. Decadal Average Minimum Temperature (AMiT) in the 1950s and changes over the next
five decades (the circles indicate the regions with highest AMiT (a) and the regions with the most
temperature changes compared to 1950s as discussed in Section 3.1).
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Inspection of AMaT across the study domain shows that the change in average max-
imum temperature is significantly less than the change in the average minimum temper-
ature. Figure 3a shows the AMaT across the study area in the 1950s, which ranges between
18 °C to 34 °C. Most of the urbanized areas coincided with pixels with the highest value
of AMaT (Figure 3a). At this time, north, northeast, and east of the study domain showed
the lowest AMaT. In the 1960s there is a general pattern of decrease in AMaT in urban
areas, except in parts of the cities of Buckeye and Goodyear (red circle on Figure 3b). This
pattern continues in the 1970s, yet the western side of the domain shows an increase in
AMaT, while AMaT is decreasing in other regions. In the 1980s, the regions on both sides of
the urbanized areas show increasing AMaT compared with the 1950s. Then, in the1990s and
2000s, all urbanized areas have increased AMaT values compared with the 1950s. The only
exception in this pattern over five decades is the city of San Tan Valley, which indicated a
constant decrease pattern in AMaT until the1990s and then a slight increase in the 2000s (red
circles on Figure 3e,f). Interestingly, we found that the maximum change in AMaT is 2.5 °C,
which is less than 6 °C change in AMiT for the same study period in the area.
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Figure 3. Decadal Average Maximum Temperature (AMaT) in the1950s and changes over the next
five decades (the circles indicate the regions with the most temperature changes relative to the 1950s
as discussed in Section 3.1).
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3.2. Heat Wave Components Spatial Distribution

We analyzed the average values of heat wave components (Days, Waves, Total,
Longest, Intensity, Night, First, and Duration) for each of the 810 pixels from 1950 to 2009
to understand their spatial properties. We found that the average annual number of Days
is between 45 and 70 (Figure 4a), which is greater in the northern parts of the cities of
Peoria, Phoenix, Cave Creek, Carefree, and Scottsdale. Days are not always consecutive
and the number of heat waves in each year is less than Days at three to six per year. The
Waves are distributed nearly evenly across the cities of the study site. However, the total
heat wave duration was not equal across the pixels. As shown in Figure 4c, the total days
of heat waves, Total, in the study domain is between 12 and 24 days and the northern
parts of Peoria, Phoenix, Cave Creek, Carefree, and Scottsdale have more Total than other
locations. This pattern was expected following the higher value of Days in those pixels.
Other pixels within the cities have a similar total period of heat waves. The longest heat
wave events, Longest, range from 5 to 9.5 days within the study domain. As shown in
Figure 4d, although there is a slight difference between city pixels, following Days and
Total, the longest heat wave events tend to happen in the northern edge of the study cities.
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Figure 4. Average annual heat wave components’ spatial distribution, including Days (a), Waves (b),
Total (c), Longest (d), Intensity (e), Night (f), First (g), and Duration (h) as defined in Section 2. Circles
indicate relatively higher values of each component in urban areas as discussed in Section 3.2.

Heat wave intensity during the daytime, Intensity, is between 90 °C and 150 °C. Like
Days, Total, and Longest, the higher values of Intensity happen in the northern edge of
Peoria, Phoenix, Cave Creek, and Carefree, and most parts of Scottsdale city. Meanwhile,
a few areas within the city of Phoenix show higher Intensity compared with their neigh-
borhoods.

The distribution of nighttime heat wave intensity, Night, is completely different from
other heat wave properties. Interestingly, the range of Night is like Intensity and equal to
60 °C and varies from near 80 °C to 140 °C. However, the spatial distribution of this com-
ponent is more disperse than others, showing the importance of considering nighttime
effects on temperature separately (Figure 4f). As shown in Figure 4f, San Tan Valley has
the lowest value of Night between other cities. Meanwhile, Phoenix has the relatively
highest value of Night. The pattern of timing of the first heat wave, First, is closest to the
pattern for nighttime in the eastern area and occurs between Julian day 150 and 195 (30
May and 14 July). Accordingly, residents of the area, including southern parts of Scotts-
dale, Fountain Hills, all of Gilbert city, north and central parts of Mesa, northern parts of
Chandler and Tempe, and the center of Phoenix, experience the first heat wave in each
year up to one month earlier than the adjacent cities (Figure 4g).

The heat wave season is uneven due to local differences in Duration, which varies
between 30 and 65 days, and is typically longer in the northern parts of Peoria, Phoenix,
Carefree, Cave Creek, and Scottsdale (Figure 4h). The wide variation of spatial patterns of
heat wave components across the study area reveals a pattern of spatially different local
maxima, with occasional spatial congruence. For example, higher values of Days, First,
and Duration occur in three distinct neighborhoods (Figure 4a,g/h). This finding supports
the use of the multi-criteria decision-making tool for heat wave hazard mapping and clas-
sification.

3.3. Heat Wave Hazard Mapping Using TOPSIS

We applied the TOPSIS multi-criteria decision-making model to sort the domain pix-
els according to the eight defined heat wave components, following the steps described
in Section 2.4. The base hazard classification scenario (S1) weighted each heat wave com-
ponent equally. The pixel rank values indicate the level of heat wave hazard in decreasing
rank order (1 to 810) within the map. Figure 5 shows five main regions of greater heat
wave hazard, of which only three are in the urbanized area. The first region includes
northern Peoria and Phoenix, Cave Creek, Carefree, and most of Scottsdale (Figure 5, Cir-
cle a). Similarly, the eastern part of Mesa and all of Apache Junction have higher heat
wave hazard (Figure 5, Circle b). This greater hazard follows the spatial distribution of
Days, Total, Intensity, First, and Duration shown in Section 3.2 (Figure 4a,c,e,g,h). Surpris-
ingly, we found localized heat wave hazard in southern Phoenix (Figure 5, Circle c). This
area did not show high individual heat wave components but scored a greater hazard
from multiple contributing hazard elements. Overall, heat wave hazard is extensive north
of Surprise and Buckeye, least in Goodyear and Southern Buckeye (Figure 5, Circle e), and
San Tan Valley (Figure 5, Circle f).
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Figure 5. Heat wave hazard mapping based on TOPSIS (lower rank indicating greater heat wave
hazard, Circles a—c and Circles e and f are the urban regions with highest and lowest heat wave
hazard, respectively).

3.4. Sensitivity Analysis

We defined six scenarios (Table 1) to compare the sensitivity of heat wave hazard
classification with the weights of various criteria in this multi-criteria decision-making
process. For simplification, we categorized the ranks in five levels of heat wave hazard,
including extreme (1 to 162), severe (163 to 324), moderate (325 to 486), mild (487 to 648),
and low (649 to 810). This classification is not directly related to the actual hazard posed
to human health; rather, the ranks serve to highlight the relative spatial distribution of
heat wave hazard. Accordingly, S1 is the base scenario and highlights the classification of
heat wave hazard distribution based on equal weights for the criteria (see Section 3.3). We
compare other scenarios with S1 to compare the relative change in heat wave hazard cat-
egories using different criteria weights. For 52, the combined daytime and nighttime heat
wave intensity increases the hazard level in the city of Phoenix from severe to extreme
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hazard and within the city of Surprise from moderate to severe hazard (Figure 6b). In
scenario S3, we found that heat wave hazard decreases in the western part of the study
domain, mainly in the city of Buckeye (Figure 6c), and there is no significant change in
other locations.
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Figure 6. Sensitivity analysis based on different scenarios, including Scenario A (a), Scenario B (b),
Scenario C (c), Scenario D (d), Scenario E (e) and Scenario F (f) as defined in Section 2.5. Circles show
significant changes in heat wave hazard class compared with S1 as discussed in Section 3.4.

The importance of the weighing of hot days, heat wave frequency, total duration of
heat waves, and longest heat wave events for each year are shown by comparison of sce-
nario S1 with 54, S5, and S6. 54 decreases heat wave hazard for the eastern regions, while
increasing heat wave hazard from mild to moderate for the cities of Surprise and Buckeye
(circles shown on Figure 6d). S5 represents both daytime and nighttime heat wave inten-
sities and heat wave onset time, which have the greatest weight of the eight heat wave
components (Table 1). Previous qualitative studies have prioritized these criteria due to
the direct effects on human health [59,69,100]. Based on S5, heat wave hazard decreases
from moderate to mild for the western part of Buckeye, increases from moderate to severe
in southern Surprise, increases from severe to extreme for northern Phoenix, and increases
from moderate to severe for the southern part of Phoenix. Following other scenarios, we
find no significant change in heat wave hazard classification for cities out of Maricopa
County. Similarly, the heavy weighting factor (4) of S6 for heat wave intensity during days
and nights and heat wave onset further emphasizes heat wave hazard in urban areas by
increasing heat wave hazard level. In this scenario, we observed a change from moderate
to mild hazard for the western part of Buckeye, from moderate to severe and extreme in
southern Surprise, from severe to extreme for the northern part of Phoenix, and from mod-
erate to severe and extreme for the southern part of Phoenix.

4. Discussion

We found that the average temperature in the greater Phoenix area has increased
over the last six decades, extending the results from prior studies [99,101,102], with
marked increase in minimum nighttime temperature. We attribute this change to global
warming and urbanization and knock-on effects from UHI to the greater nighttime tem-
perature [1]. However, disaggregation and quantification of the individual contributions
of climate change and urbanization to increasing temperatures is not within the scope of
this research. We observed clear and quantifiable spatial variations in heat wave compo-
nents across the study area. To the best of our knowledge, this is the first research study
that shows the spatial and temporal changes in various heat wave components simulta-
neously. This finding calls into question the fidelity of current heat wave risk mapping
and classification methods. In addition, it echoes a need for more regional and finer scale
extreme events studies, particularly for heat waves [47,103].

Traditional heat wave risk studies assume an even distribution of heat hazard
[14,104]. This remains the case for studies that recognize different hazard components for
risk assessment but rely on temperature as the single indicator of heat wave hazard dis-
tribution [41,75]. The result of this study contradicts the previous traditional assumptions
by showing how these heat wave hazards change spatially and temporally. Here we
demonstrated that heat wave hazard should be independently mapped, along with the
exposure and vulnerability components throughout the study area, to achieve more accu-
rate heat wave risk assessments. We propose that this more sophisticated approach can
improve the value of high spatial resolution temperature information and, as a result, bet-
ter heat adaptation and mitigation strategies.

We found that the northern regions of urbanized areas in the study experience more
extreme heat days than other areas, while heat wave frequency spatial distribution is
nearly even across the study areas. Total length of heat waves follows the pattern of hot
days, which was predictable, as the hotter days will result in a higher total length of heat
waves. The longest heat wave events occur slightly more frequently in the northern part
of the domain. This is likely due to conversion of cropland and loss of cooling by latent
heat of evaporation from agricultural fields. A similar research study showed that the
shrinkage of green areas in the urban surroundings of Karachi, Pakistan resulted in the
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excessive nighttime warming and more frequent and extended heatwaves [39]. In agree-
ment with other UHI studies, we found that urbanization is increasing heat wave intensi-
ties in urban areas due to UHI [105] and increases heat wave exposure likelihood for res-
idents primarily by increased urban temperatures [15]. Heat wave onset, seasonal dura-
tion, and spatial distribution were not predictable. Regions with higher nighttime temper-
atures experience earlier heat wave seasons. This implies that urbanization amplifies and
extends heat wave season timing. In addition, the findings of this study help urban plan-
ners to develop mitigation plans more efficiently. It also repeats the importance of green
space as an effective mitigation strategy in urban areas. We found that the incidence of
heat waves was advanced by as much as 40 days over the study period in some regions;
this means earlier extra pressure on water resources and electricity distribution grids.

Despite the measurable values of heat wave components, we can find no study that
has developed spatial urban heat wave hazard maps and classification based on heat wave
compound properties. Accordingly, we applied a rank-based multi-criteria decision-mak-
ing tool to integrate a broad set of components to develop hazard maps. Although the
presented approach does not determine heat wave hazard for individual pixels, it facili-
tates broad interpretation of quantitative metrics for adaptation and mitigation plans by
presenting relative hazard in the study domain.

Finding a higher hazard rank for the northern and eastern parts of the urban areas
was expected. When many individual heat wave components have higher (or highest)
values within these regions, it is expected that the MCDM approach points to them as
well. Surprisingly, we found the areas in the central part of Phoenix with greater hazard
value. Such important findings at this level could be used to guide resources to this heav-
ily populated neighborhood to limit exposure, vulnerability, and heat wave hazard of the
residents, where there is very high heat wave risk.

A novel finding of this research was the identification of heat wave hazard regions
that are the product of multiple heat wave hazard components. In Phoenix, with the high-
est population of the study region, we found two primary regions with extremely high
heat wave hazard, i.e., the northern and the central parts (Figure 5). Since northern Phoe-
nix is less urbanized than central Phoenix, we propose that central Phoenix has the great-
est heat wave hazard. According to the USA National Weather Service (NWS), most heat
wave fatalities occur within the resident household [4]. Similar findings confirm that ex-
posure to greater frequency of heat wave hazard increases health risk, especially for vul-
nerable groups [32,41]. Importantly, this study identified high heat wave hazard where
Chuang and Gober [106] found the highest vulnerability and hospitalization rate in Phoe-
nix, supporting the utility of this analysis.

In this study, we found that the lowest heat wave hazard generally occurs in regions
with greater green space. The latent heat decreases the temperature within the region and
subsequently decreases heat wave occurrences and hazard. This observation encourages
the importance of green spaces within urban areas as a natural tool for heat wave mitiga-
tion [39,99].

5. Conclusions

We analyzed the decadal average minimum and maximum temperatures changes
and heat wave components’ spatial distribution across the 810 pixels (1/16° at 1/16°), cov-
ering the Phoenix metropolitan area in Maricopa County located in the state of Arizona,
USA from 1950 to 2009. During this period, we demonstrated the potential combined im-
pact of urban heat island and global warming in urban heat stress. If current trends in
population growth and urbanization continue to leverage global warming in the Phoenix
metropolitan area, more extremely hot days and nights are expected to occur. This study
demonstrates that heat wave components are not evenly distributed in the study domain.
This analysis is leveraged by a multi-criteria decision-making tool to highlight local areas
with enhanced heat wave hazard. To the best of our knowledge, this is the first research
study that focuses on the spatial distribution of heat wave components using an MCDM
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approach. We found that the urban core of Phoenix is among the highest heat wave hazard
areas, and agricultural fields and cultivated croplands have the lowest heat wave hazard.
This supports the use of green space in mitigation of heat wave hazard. Finally, we per-
formed sensitivity analyses and showed that the heat wave hazard map is insensitive to a
change in the selected hazard criteria weights for this city. The products of this study clar-
ify the many differences in quantitative heat wave elements’ variation on a local scale and
serve as an example of analysis to support heat wave adaptation and mitigation strategy
plans for local government. We argue this new method significantly improves our under-
standing of heat wave hazard distribution in the urban areas. Consequently, more accu-
rate mitigation plans can be developed for each individual urban setting. Remedial
measures in target areas may include schedules for cooling centers, heat emergency water
distribution networks, and electrical energy delivery based on regional heat wave charac-
teristics.

6. Research Limitations and Future Directions

This study introduces a new approach to heat wave hazard mapping in urban areas
based on the MCDM approach. However, it has a few limitations. In this research, only
one heat wave definition has been used. This definition is based on ambient temperature
and ignores the impact of humidity and, consequently, apparent temperature or heat in-
dex in heat wave definition. Although this definition is commonly used in the field, argu-
ments exist on the benefits of using the heat index. The size of pixels (or smallest areas
with assigned data) is 6 km x 6 km. This dimension is reasonable for larger urban studies.
However, in dense urban areas, a finer resolution is required for decision-making pur-
poses. Another limitation of this research is the availability of the Livneh data set. The
required data for this research were available only for 1950 to 2013 [82], and we used those
from 1950 to 2009 to cover the historical changes in heat wave characteristics for 6 decades.
In addition, we only used TOPSIS for MCDM analysis. This leaves the impact of MCDM
selection in the hazard mapping results unknown. Lack of similar studies in the past re-
garding this topic for result comparison purposes is another limitation of this research.
Although we compared the findings of this study with some previous research, it was
impossible to find similar studies that used the MCDM-based approach using different
heat wave components in the study area of this work. Accordingly, we propose a direction
for future studies and present alternatives and further research as follows:

1. Applying different heat wave definitions, including those based on heat index, to
understand the impact of various heat wave measures on the hazard mapping.

2. Using finer resolution, at least for dense urban areas, to understand the impact of
different urban structure on heat wave hazard distribution.

3. Analyzing different mortality and morbidity data from the area to understand the
correlation between heat hazard and public health. This will help to validate the re-
sults of this research in the context of a lack of other similar publications.

4.  Using another data set(s) to cover more recent years (i.e., 1950 to 2019 instead of 1950
to 2009.
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