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Abstract: The present special issue discusses three signiﬁcant challenges of the built environment,
namely regional and global climate change, vulnerability, and survivability under the changing
climate. Synergies between local climate change, energy consumption of buildings and energy poverty,
and health risks highlight the necessity to develop mitigation strategies to counterbalance overheating
impacts. The studies presented here assess the underlying issues related to urban overheating.
Further, the impacts of temperature extremes on the low-income population and increased morbidity
and mortality have been discussed. The increasing intensity, duration, and frequency of heatwaves
due to human-caused climate change is shown to aﬀect underserved populations. Thus, housing
policies on resident exposure to intra-urban heat have been assessed. Finally, opportunities to mitigate
urban overheating have been proposed and discussed.
Keywords: climate change; urban heat island; mitigation; resilience; survivability; low-income
population

1. Introduction
The so-called urban heat island (UHI) phenomenon has been known for decades, and many studies
have been developed worldwide to address urban overheating. However, rapid urbanization, combined
with a continuous increase in the anthropogenic heat in cities, has intensiﬁed the phenomenon’s
magnitude and aggravated its impact on energy, environment, comfort, and health. Further, global
climate change has caused a signiﬁcant increase in the frequency, magnitude, and duration of
extreme heat events intensiﬁes UHI’s magnitude, especially during heat waves because of the critical
synergetic eﬀects.
An increase in the ambient temperature and more frequent heat waves signiﬁcantly impact
the energy consumption and environmental quality of buildings and increase the vulnerability of
the local population [1]. Energy poverty refers to the conditions where households cannot aﬀord
their basic energy needs. In other words, it refers to the “inability to adequately meet household
energy needs” [2]. Research has shown a strong correlation between energy poverty and building
performance and the local climate change [1]. Houses with high energy consumption are a severe
burden to low-income populations who can hardly aﬀord to satisfy energy needs for proper indoor
temperature and environmental conditions. In parallel, low-income populations mainly live in quite
deprived and degraded urban areas, where the phenomenon of the urban heat island is quite strong.
Exposure to higher summer outdoor temperatures considerably increases the low-income population’s
vulnerability and puts their health conditions under stress, leading to increased mortality rates.
Climate 2020, 8, 122; doi:10.3390/cli8110122
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Heat mitigation and adaptation technologies to upgrade the environmental and climatic conditions
in deprived urban zones and improve the energy performance and indoor environmental quality
of low-income households are essential technological responses to the problem. This special issue
aims to discuss and present the problems and highlight the need to develop heat mitigation plans to
counterbalance the impacts of overheating.
2. Special Issue Content
Five papers have been published in this special issue discussing several topics related to
climate change, UHI, heat mitigation technology, survivability, resilience, and low-income population.
Climate change and urbanization aﬀect the thermal-energy balance of the built environment. This
is a primary environmental concern, as it has negative impacts on energy, environment, comfort,
and health. The UHI can raise the temperature in cities, which is a signiﬁcant problem worldwide.
In the ﬁrst paper by Mohammed et al. [3], the UHI magnitude and its association with the main
meteorological parameters (i.e., temperature, wind speed, and wind direction) in the hot arid climate
of the United Arab Emirates have been discussed. Several studies have been developed to examine the
impacts of diﬀerent urban heat mitigation technologies and evaluate their eﬀectiveness. Among all,
trees are useful for the mitigation of urban overheating via transpiration and shading. The paper by
Gao et al. [4] explores the transpiration cooling of large trees in urban environments where the sea
breeze dominates the climate. This study highlights the importance of considering synoptic conditions
when planting trees for mitigation purposes.
Global climate change increases the frequency, magnitude, and duration of extreme heat events.
Low-income populations typically live in degraded urban areas, where the phenomenon of the
urban overheating is strong. Higher summer outdoor temperatures increase the vulnerability of the
low-income population and adversely aﬀect their health.
Longer and more frequent heat waves due to human-caused climate change put historically
underserved populations in a heightened state of precarity, as studies observe that vulnerable
communities are disproportionately exposed to extreme heat. The paper by Hoﬀman et al. [5] explores
how historic policies of redlining help to explain current patterns of intra-urban heat and the extent
to which these patterns were consistent across 108 US urban areas. It reveals that historical housing
policies may be directly responsible for disproportionate exposure to current heat events.
The increased frequency of temperature extremes is concerning as they are associated with
increased morbidity and mortality. The relationship between hot and cold conditions and mortality
from respiratory and cardiovascular causes is well established. Pyrgou and Santamouris [6] examined
the heat and cold-related mortality risk of diﬀerent age groups subject to cold and heat extremes and
compared them between the two genders.
Further to the above, drought and extreme temperature forecasting is essential for water
management and the prevention of health risks, especially in a period of observed climatic change.
A large precipitation deﬁcit and increased evapotranspiration rates in the preceding days contribute
to exceptionally high temperature anomalies in the summer, above the average local maximum
temperature for each month. The study by Pyrgou et al. [7] investigated droughts and extreme
temperatures in Cyprus and suggested a diﬀerent approach in determining the lag period of summer
temperature anomalies and precipitation.
3. Conclusions
This special issue aims to highlight the issues related to local climate change and extreme heat,
to enhance survivability against the eﬀects of insecurities in climate change and energy poverty.
The papers presented here cover diﬀerent climatic contexts and discuss several issues related to
changing climate. This knowledge is vital to develop appropriate strategies for managing and
preventing health risks caused by extreme temperatures. The substantial impact that energy poverty
can have on population health highlights the need to adopt policies and practices that protect people
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from energy insecurity and climate change. Many countries have recognized the importance of
energy-eﬃcient techniques, adaptation, and mitigation technologies to drastically improve energy
poverty. Therefore, the use of energy-eﬃcient technology will help to reduce vulnerability to the
changing climate and revitalize the low-income households’ economic situation.
Author Contributions: Conceptualization, M.S.; writing—original draft preparation, A.S., S.H., P.R., and M.S.;
writing—review and editing, A.S., S.H., P.R., and M.S. All authors have read and agreed to the published version
of the manuscript.
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Abstract: The impact that climate change and urbanization are having on the thermal-energy balance
of the built environment is a major environmental concern today. Urban heat island (UHI) is another
phenomenon that can raise the temperature in cities. This study aims to examine the UHI magnitude
and its association with the main meteorological parameters (i.e., temperature, wind speed, and wind
direction) in Dubai, United Arab Emirates. Five years of hourly weather data (2014–2018) obtained
from weather stations located in an urban, suburban, and rural area, were post-processed by means of
a clustering technique. Six clusters characterized by diﬀerent ranges of wind directions were analyzed.
The analysis reveals that UHI is aﬀected by the synoptic weather conditions (i.e., sea breeze and hot
air coming from the desert) and is larger at night. In the urban area, air temperature and night-time
UHI intensity, averaged on the ﬁve year period, are 1.3 ◦ C and 3.3 ◦ C higher with respect to the rural
area, respectively, and the UHI and air temperature are independent of each other only when the wind
comes from the desert. A negative and inverse correlation was found between the UHI and wind
speed for all the wind directions, except for the northern wind where no correlation was observed.
In the suburban area, the UHI and both temperatures and wind speed ranged between the strong and
a weak negative correlation considering all the wind directions, while a strong negative correlation
was observed in the rural area. This paper concludes that UHI intensity is strongly associated with
local climatic parameters and to the changes in wind direction.
Keywords: subtropical desert climate; urban overheating; cluster analysis; air temperature; wind
speed and wind directions; synoptic conditions

1. Introduction
As observed in many cities globally, rapid urbanization has produced negative eﬀects on the
climate and the local microclimate. Currently, the urban population exceeds 50% of the total of
the world’s population and by 2050 it is expected to rise above 60%. This means that with urban
development worldwide and at the current rate of population growth, another 2.5 billion people will
be living in urban areas by 2050 [1]. Consequently, this urban expansion will exacerbate the hostile
impact that human activities are already having on environmental systems.
Rapid urbanization has boosted regional climate change. In particular, the increase in urban heat
island (UHI) intensity is strictly connected with the urbanization growth given the derived increase in
anthropogenic heat emissions, land-use change (with the associated decrease in the vegetation and the
albedo of the built area), and changes in the advection.
The UHI phenomenon has been documented in more than 400 cities around the world [2]. Its impact
is closely related to land cover which controls the energy budget on the earth’s surface. The surface
energy budget diﬀerence between the urban and rural zone, caused by various thermal-optical surface
Climate 2020, 8, 81; doi:10.3390/cli8060081
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characteristics, leads to the occurrence of the UHI phenomenon [3]. Thus, urban areas are hotter
than their undeveloped surroundings. This phenomenon has a signiﬁcant impact not only on the
environmental quality of cities, but also on energy, thermal comfort, and health [4–7]. In particular,
the UHI increases the demand for peak-time electricity and the consumption of cooling energy in
buildings, intensiﬁes the concentration of various harmful pollutants, increases the ecologically harmful
footprint of cities, and has a signiﬁcant impact on health [8]. Most cities are sources of pollution and
heat, released from buildings and roads. The manifestation of the UHI phenomenon is inﬂuenced by
several factors including climate variables (i.e., air temperature, air relative humidity, wind speed) and
the related local synoptic weather conditions [9,10], thermal-optical characteristics of the materials,
the magnitude of the anthropogenic heat released, and the existing heat sources in the areas [2].
On the other hand, the construction and building industries are indispensable to everyday life
and are essential to future social and technological developments. However, they are responsible for a
great deal of pollution, generation of waste, and the consumption of energy and natural resources
accounting for 30%–40% of the overall consumption on the planet [11,12]. Moreover, these industries
have negative eﬀects on the local and global climate [12]. The International Energy Agency estimates
that the growth in energy consumption will be around 38.4 PWh in urbanized countries by 2040,
while energy consumption globally was about 23.7 PWh in 2010 [13]. These industries account for
38% of all greenhouses gas emissions. They also contribute signiﬁcantly to increase the temperature of
cities by producing the urban heat island (UHI) phenomenon [8].
Population growth and rural depopulation will lead to greater energy consumption, particularly
in hot and dry cities which require more cooling loads; in addition, this increases the number of gas
emissions and pollution that negatively interact with the phenomenon of the UHI [14]. Furthermore,
the expansion of urban areas will require a more complex energy infrastructure to meet demand [12,15].
Recently, many studies have demonstrated that per degree of temperature increase, the peak
electricity demand increases by between 0.45% and 4.6% due to the UHI [16]. Moreover, it is expected
that by 2050, there will be a massive increase of about 750% and 275% globally in the cooling
requirements of the residential and commercial sectors, respectively [17]. Furthermore, the UHI has
a signiﬁcant impact on human health, as several studies have shown that high temperatures lead
to a great increase in the number of people suﬀering from heat exhaustion and heatstroke in urban
areas [18]. Moreover, it has been pointed out that there is a strong correlation between the increase in
human mortality and the rise in urban temperatures [19]. Several studies in various Asian cities have
shown that temperatures above 29 ◦ C can increase the mortality rate between 4.1% and 7.5% per 1 ◦ C
increase in temperature [20]. Hence, from the aforementioned discussion, it is clear that cities need
speciﬁc controls and strategies to mitigate the negative impacts of the UHI phenomenon [12].
Among the performed studies on UHI, three diﬀerent deﬁnitions of UHI are usually considered,
such as the boundary UHI for mesoscale analysis [21], the canopy UHI for microscale analysis [22],
and the surface UHI [23]. Diﬀerent methods have been reported [24] to identify the diﬀerent UHI types,
including direct and indirect methods, numerical modeling, and estimates based on empirical models.
In contrast with the numerous studies on UHI performed in temperate regions, only a few studies
have been concentrated in the observation of the UHI intensity in desert regions [25,26]. Some of
those studies state that the UHI presents a diurnal and seasonal cycle in the Gulf area. The canopy
level of the UHI of Muscat, Oman, reaches the peak approximately 7 h after sunset based on summer
meteorological observations. Muscat city is characterized by low ventilation, many business activities,
multi-storied buildings, heavy traﬃc, and topography factors [27]. In another study in Bahrain,
numerical modeling was performed and the results show an increase in the simulated average air
temperature of about 2 ◦ C–5 ◦ C when assessing the impact of the urbanization and that the canopy
UHI magnitude is enhanced by various urban activities such as construction processes, vegetation
shrinkage, and sea reclamation [28].
Given the lack of information about UHI intensity concepts in the Middle East in general [28]
and speciﬁcally in Dubai, United Arab Emirates (UAE), this paper aims to quantify and analyze the
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intensity of the canopy UHI in Dubai, highly inﬂuenced by the urban geometry and physical properties
of the built environment, and its relation with the main climatic parameters continuously monitored
for a period of ﬁve years.
2. Materials and Methods
2.1. Geographical Location, Population, and Climate of Dubai
Dubai, one of the seven emirates and the second largest city of the United Arab Emirates (UAE),
has an area of 4114 km2 , accounting for 5% of the overall area of the country. Dubai city is recognized
as the economic capital of the UAE. Situated on the Tropic of Cancer, between 25◦ 16 N and 55◦ 18 E,
it has a coastal length of 72 km on the eastern coast of the Arabian Peninsula and faces the South-West
of the Arabian Gulf [29,30].
According to the census conducted by the Statistics Centre of Dubai, Dubai is the city with the
highest population density in the UAE. The population of Dubai increased by 27% from 2,327,350 to
3,192,275 between 2014 and 2018 inclusively [31].
The Dubai region has a subtropical desert climate, with hot and humid summers and warm
winters [30]. The air temperature ranges between 10 ◦ C to 30 ◦ C in the winter season and increases up
to 48 ◦ C in the summer season [29]. The hot period starts with average daily temperatures over 37 ◦ C
from 18 May to 23 September, lasting for 4.1 months; the cool season starts with average temperatures
of less than 27 ◦ C from December 4th to March 8th and lasts for 3.1 months [32]. Winter is characterized
by rainfall and fog, while in summer, the relative humidity reaches 80%–90% [29]. The average rainfall
ranges between 13 and 17 mm [32].
2.2. Meteorological Stations and Data Analysis
In this study, climate data (i.e., air temperature, relative humidity, wind speed, and wind direction)
were collected by three meteorological stations in Dubai (i.e., Dubai International Airport station,
Al-Maktoum International Airport station, and Saih Al-Salem Station) belonging to the UAE National
Center of Meteorology (NCM). Hourly data of each microclimate parameter were collected from
each meteorological station and analyzed in the MS Excel tool for a period of ﬁve years from 2014 to
2018 (i.e., 43,824 values recorded in total for each climate variable). Data of cloud coverage were also
collected by the two stations of Dubai Airport and Al-Maktoum Airport, while the solar radiation that
equally aﬀects the three areas of Dubai was not measured by any meteorological station. In this study,
no further tools were used for the data analysis except for MS Excel.
Table 1 summarizes the geographical information of the three meteorological stations [33],
while Figure 1 shows their locations in Dubai. All three stations are installed at a height of about 10 m
from the ground, allowing to perform the microscale analysis of the UHI phenomenon, investigating
the canopy UHI and its association with the climate parameters measured at the same height.
Station 1 (Table 1) is located within Dubai International Airport, one of the largest and most
modern airports in the world, located in Al Garhoud City, which is a commercial and residential
region of Dubai, approximately 5 km (2.9 miles) East of the Dubai’s CBD (central business district),
and around 19 m above sea level [34]. A total of 15,000 solar panels were installed on the roof of the
airport building 2 km away from the meteorological station [35].
Station 2 (Table 1) is located within the Al Maktoum International Airport, 37 km (23 miles)
South-West of Dubai. The airport is surrounded by a mixed-use area, made of residential and commercial
buildings; it is the major part of the Dubai World Central in the Jebel Ali zone with a total area of
around 14,000 hectares (35,000 acres). This area could be described as an open area. It is almost at a
16 km (10 miles) distance from the sea and has no surrounding buildings or major obstacles that could
interfere with the wind ﬂowing from diﬀerent directions [36].
Station 3 (Table 1) is located within Saih Al Salem, a village in Dubai with a population of
589 residents, accounting for 0.02% of the total population of Dubai, as reported by the Dubai Statistic
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Centre in 2018 [37]. The meteorological station is surrounded by the Marmoom Desert Conservation
Reserve, which constitutes 10% of the total area of Dubai. It is the ﬁrst unfenced desert reserve in the
UAE. The total area exceeds 40 hectares of shrubland and contains many lakes with a total area of
around 10 km2 [38]. The amount of vegetation in the areas surrounding the three stations is negligible.
In Table 1, the population density of the three locations is calculated as the ratio between the
population and the land area of the sectors of Dubai to which the weather stations belong. Considering
as references the population densities of Sector 1 (i.e., 10,561/km2 ) classiﬁed as “High” and of the
Sector 9 (i.e., 5/km2 ) classiﬁed as “Low”, then Sector 2, the sector where the weather station of
Dubai International Airport is located, is classiﬁed as an urban area with a “Medium” population
density (3611/km2 ). Al Maktoum International Airport is instead located within Sector 5, presenting
a population density of 825/km2 and therefore classiﬁed as a suburban area with a “Medium/Low”
population density. The area of Saih Al-Salem presents a low population density of 7/km2 and being
located within Sector 9, was deﬁned as a rural area for this study [39].
Table 1. Geographical information and description of the urban, suburban, and rural meteorological
stations.
Weather
Station No.
1
2
3

Population Density
(pop./km2 )

Weather Station
Name

Latitude
(◦ N)

Longitude
(◦ E)

Station
Elevation (m)

Dubai International
Airport
Al Maktoum
International Airport
Saih Al Salem

25◦ 15 10

55◦ 21 52

19

Urban

Medium (3611)

24◦ 55 06

55◦ 10 32

52

Suburban

Medium/Low (825)

24◦ 49 39

55◦ 18 43

80

Rural

Low (7)

Surrounding
Area

Figure 1. Location of the weather stations in Dubai as shown in Google Maps (1. Dubai International
Airport station, 2. Al Maktoum International Airport station, 3. Saih Al Salem station).

2.2.1. Cluster Analysis of Climate Data
Clustering techniques were used to investigate the level of correlation between the microclimate
parameters, i.e., air temperature and wind speed, monitored in the urban and suburban locations,
8
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and the canopy UHI intensity under the diﬀerent ranges of wind directions. The cluster analysis
was performed in the MS Excel tool only for the urban and suburban locations because those are the
areas where the urbanization may produce an impact on the UHI intensity, while the rural area was
considered as the reference location for the calculation of the UHI intensity. The data collected by each
meteorological station for the entire period of interest (i.e., 5 years) were divided into six clusters based
on the directions of the wind (i.e., either from the seaside or from the desert side, or from the coastal
side which is in between, and divided according to four wind direction ranges). The characteristics of
the six clusters are summarized in Table 2 and Figure 2.
Table 2. Clusters of wind direction.
Cluster No.

Wind
Direction (◦ )

Directions
Speciﬁcation

No. of Measurements
Dubai Airport

No. of Measurements
Al Maktoum Airport

1
2
3
4
5
6

260–330
70–140
200–260
140–200
330–20
20–70

The sea
The desert
Coastal area
The desert
The sea
Coastal area

13,689
7873
4407
8848
4298
4709

13,305
7805
4067
9320
4862
4465

Figure 2. Representation of the six clusters of wind direction.

In Table 2, it can be observed that the dimensions of the six clusters (i.e., number of measurements
included in each cluster) are consistent between the urban (i.e., station 1) and the suburban (i.e., station 2)
area due to their close proximity. From the cluster analysis, the resulting predominant wind is the
one coming from the sea, mainly seen in cluster 1 (i.e., 13,689 and 13,305 for station 1 and station 2,
respectively) and cluster 5 (i.e., 4298 and 4862 for station 1 and station 2, respectively). The second
predominant wind is the one coming from the desert, mainly seen in cluster 2, but also in cluster 4.
2.2.2. Canopy UHI Magnitudes
The hourly canopy UHI magnitude was calculated at 10 m above the ground for the urban and
suburban locations for a period of ﬁve years (i.e., 2014–2018). Saih Al Salem (i.e., station 3) was chosen
as a reference station, because it is located in a rural area not too far from the downtown city and
close to the desert. Of the three stations, this was the least aﬀected by the UHI due to its low level of
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urbanization. Since this reference station is located outside of the built-up area, it has natural desert
coverage and negligible anthropogenic heat.
The canopy UHI magnitude (UHI intensity T1–T3 ) was determined as the air temperature diﬀerence
between Dubai International Airport (T1 Urban Average) which is station 1 and Saih Al Salem (T3 Rural
Average) which is station 3, according to the following equation [40], Equation (1):
UHI intensity T1–T3 [◦ C] = T1 Urban Average [◦ C] − T3 Rural Average [◦ C]

(1)

While the canopy UHI magnitude (UHI intensity T2–T3 ) was determined by calculating the air
temperature diﬀerence between Al Maktoum International Airport (T2 Suburban Average) which
is station 2 and Saih Al Salem (T3 Rural Average) which is station 3, according to the following
equation, [40] Equation (2):
UHI intensity T2–T3 [◦ C] = T2 Suburban Average [◦ C] − T3 Rural Average [◦ C]

(2)

The canopy UHI calculations, performed according to the above equations, and the data
post-processing presented in the result section, were based on the climate data analyzed in MS Excel.
3. Results
3.1. Microclimate Analysis
This section presents the microclimate analysis for the three investigated locations in Dubai.
Table 3 summarizes the results of the statistical analysis performed on the main weather parameters
(i.e., air temperature, relative humidity, and wind speed) recorded by the three urban, suburban,
and rural meteorological stations for the entire period of investigation (i.e., 2014–2018).
Table 3. Statistical data of the weather parameters for the three meteorological stations for 5 years
(i.e., 2014–2018).
Weather
Station No.

Weather
Station Name

Weather Parameters

Max Value

Min Value

Average
Value

Standard
Deviation

1

Dubai
International
Airport

Temperature dry (◦ C)
Relative humidity (%)
Wind speed (km/h)

48.6
100
63

12.3
4
0

29.6
50
13

6.6
18.0
6.5

2

Al Maktoum
International
Airport

Temperature dry (◦ C)
Relative humidity (%)
Wind speed (km/h)

48.5
100
67

7.1
2
0

28.0
53
14

7.8
22.7
7.9

3

Saih Al Salem

Temperature dry (◦ C)
Relative humidity (%)
Wind speed (km/h)

50.8
100
67

4.7
1
0

28.3
48
10

8.9
26.0
7.0

Considering the entire 5 year period from 2014 to 2018, the average, maximum, and minimum
air temperatures (measured at 10 m above the ground) were 29.6 ◦ C, 48.6 ◦ C, and 12.3 ◦ C for Dubai
International Airport station 1, 28.0 ◦ C, 48.5 ◦ C, and 7.1 ◦ C for Al Maktoum International Airport
station 2, and 28.3 ◦ C, 50.8 ◦ C, and 4.7 ◦ C for Saih Al Salem station 3, respectively. Station 3 (i.e., Saih Al
Salem station), located nearest to the desert, showed the lowest minimum and the highest maximum
temperatures (i.e., highest thermal excursion) compared to the other two stations which, being located
near the sea, present a local microclimate that is inﬂuenced by the Arabic Gulf. The minimum
temperatures were recorded by station 3 in February 2014 and 2018 and were lower by about 7.6 ◦ C
and 2.4 ◦ C than those recorded by Dubai Airport station and Al Maktoum Airport station, respectively.
In July 2014 and 2017, the maximum temperatures recorded by station 3 were higher by about 2.2 ◦ C
and 2.3 ◦ C than those recorded by the stations at Dubai Airport and Al Maktoum Airport, respectively.
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Figure 3 summarizes, with the box plot representation, the air temperature measured by the three
weather stations for the entire period of investigation (i.e., 2014–2018) and for each year separately.

Figure 3. Box plot of the air temperature for the urban, suburban, and rural areas in Dubai for 5 years
(i.e., 2014–2018).

As expected, each station has an air temperature proﬁle slightly diﬀerent from the other two,
despite their proximity to each other. The diﬀerent locations of the stations with respect to the desert,
the built area, and the coast, produced signiﬁcant diﬀerences in terms of air temperature. The synoptic
conditions (i.e., the hot air coming from the desert, the cool air coming from the sea or sea breeze) that
characterize the entire area interact in a diﬀerent way in the proximity of each meteorological station.
According to the collected relative humidity data, which aﬀects the local microclimate, the Summer
season is characterized by around 90% humidity. The maximum value recorded in all three stations is
100%, while the minimum and average values range from 1% to 4% and from 48% to 53%, respectively,
where as expected, the highest values are experienced in the urban and suburban areas that are located
closer to the sea, with a negative impact on human activities and outdoor thermal comfort.
A limited presence of clouds was observed in the urban and suburban areas of Dubai during the
monitored period, with a clear annual and seasonal variability of the cloud coverage. In the 5 years of
monitoring, the cloud cover rarely reached the maximum value of 9 octas (i.e., sky obstructed from
view). Only for 14% and 12% of the time, the sky was between 4 octas (i.e., sky half cloudy) and 9 octas
during the monitoring period in the urban and suburban areas, respectively.
In contrast, the total absence of cloud cover (i.e., 0 octas) was recorded very frequently along the
monitored period (i.e., 67% and 69% of the time in the urban and suburban areas, respectively) leading
to high values of the incident solar radiation, and as a result, to a large amount of the heat absorbed by
the built environment during the daytime. This absorbed heat is then released into the atmosphere
during the night time. Under these conditions, the nocturnal radiative cooling will be less eﬀective
in the built areas with respect to the desert rural area that easily cools down. This contributes to the
night-time UHI phenomenon, where the temperature diﬀerence between the urban and rural areas is
positive at night.
When the sky is completely obstructed from view (i.e., 9 octas), the night-time UHI intensity T1–T3
and T2–T3 reach the maximum (minimum) value of 7.1 ◦ C (0.3 ◦ C) and 3.4 ◦ C (−0.9 ◦ C), respectively,
when measured in correspondence to station 1, and of 9.4 ◦ C (0.3 ◦ C) and 7.8 ◦ C (−3.0 ◦ C), respectively,
when measured in correspondence to station 2. When the sky is completely clear (i.e., 0 octas),
the night-time UHI intensity T1–T3 and T2–T3 reach the maximum (minimum) value of 11.5 ◦ C (−3.3 ◦ C)
and 13.0 ◦ C (−7.7 ◦ C), respectively, when measured in correspondence to station 1, and of 11.5 ◦ C
(−3.3 ◦ C) and 13.0 ◦ C (−8.9 ◦ C), respectively, when measured in correspondence to station 2. Thus,
the night time UHI variability range is higher under clear sky conditions (i.e., 0 octas) than under
cloud-covered sky conditions (i.e., 9 octas). The same result is obtained for the UHI intensity value,
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as can be observed in Figure 4, which shows the existing relation between the UHI intensity T1–T3
and T2–T3 and the cloud cover for the entire monitored period of 5 years and for the urban and
suburban areas.

Figure 4. Comparison between the urban heat island (UHI) and the cloud cover relation: UHI intensity
and cloud cover from station 1 (top left), UHI intensity T2–T3 and cloud cover from station 1
(top right), UHI intensity T1–T3 and cloud cover from station 2 (bottom left), UHI intensity T2–T3 and
cloud cover from station 2 (bottom right).
T1–T3

3.2. Daytime and Night-Time UHI Intensity and Frequency Distribution
Figure 5 shows the daytime (i.e., 6 a.m.–9 p.m.) and night-time (i.e., 9 p.m.–6 a.m.) boxplot of the
canopy UHI intensity T1–T3 and T2–T3 for the entire period of ﬁve years considered in this study.

(a)

(b)

(c)

(d)

Figure 5. Box plot of the daytime and night-time UHI intensity for 5 years (i.e., 2014–2018): (a) daytime
UHI intensity T1–T3 , (b) daytime UHI intensity T2–T3 , (c) night-time UHI intensity T1–T3 , (d) night-time
UHI intensity T2–T3 .
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The daytime and night-time UHI T2–T3 show higher maximum values of 11.7 ◦ C and 13 ◦ C
compared to the daytime and night-time UHI T1–T3 values which are 11.3 ◦ C and 11.5 ◦ C, respectively
(Figure 5 and Table 4). The average and median values recorded for the daytime and night-time UHI
intensities T1–T3 and T2–T3 are shown in Table 4 together with the maximum and minimum values.
Table 4. Daytime and night-time UHI intensities T1–T3 and T2–T3 values for 5 years (i.e., 2014–2018).
Value
Discretion
Maximum value
Minimum value
Average value
Median value

UHI Intensity

Daytime UHI
Intensity

Night-time UHI
Intensity

UHI Intensity

Daytime UHI
Intensity

Night-time UHI
Intensity

T1–T3
(◦ C)

T1–T3
(◦ C)

T1–T3
(◦ C)

T2–T3
(◦ C)

T2–T3
(◦ C)

(6 a.m.–9 p.m.)

(◦ C)
(9 p.m.–6 a.m.)

11.7
−13.5
−1.1
−1.3

13.0
−9.9
1.3
1.4

11.5
−12.8
1.3
1.7

(6 a.m.–9 p.m.)

(9 p.m.–6 a.m.)

11.3
−12.8
−0.4
−0.7

11.5
−5.4
4.6
4.6

13.0
−13.5
−0.3
−0.2

T2–T3

It is worth noting that, considering the period of interest and as summarized in Table 4, the urban
and suburban areas of Dubai were in average warmer at night than the rural area by 4.6 ◦ C and 1.3 ◦ C,
respectively. On the contrary, during the day, the rural area was in average warmer than the urban and
suburban areas (i.e., 0.4 ◦ C and 1.1 ◦ C, respectively).
The frequency distribution of the daytime and night-time values for the UHI intensity T1–T3 and
T2–T3 given in (Figure 6) help to understand the distribution of the values representing the UHI intensity
during the period of interest.

Figure 6. Frequency distribution of the daytime and night-time UHI intensity for 5 years (i.e., 2014–2018):
daytime UHI intensity T1–T3 (top left), night-time UHI intensity T1–T3 (top right), daytime UHI intensity
T2–T3 (bottom left), night-time UHI intensity T2–T3 (bottom right).

Figures 5 and 6 show that the UHI intensity is higher at night than during the daytime in both
urban and suburban areas. The urban area presents higher values of average UHI intensity with
respect to the suburban area both during the night (i.e., 3.3 ◦ C of diﬀerence) and the day (i.e., 0.7 ◦ C
of diﬀerence).
3.3. UHI Intensity T1–T3 and Climate Parameters Collected by Station 1
The air temperature and wind speed measured by station 1, located in the Dubai International
Airport, were investigated for the six clusters of diﬀerent ranges of wind direction in relation with
the canopy urban heat island intensity (UHI) calculated as the diﬀerence between the air temperature
measured at the Dubai International Airport (i.e., station 1) and at Saih Al Salem (i.e., station 3),
where station 1 is considered as located in an urban area and station 3 is considered as located in a
suburban area (Figure 7).
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Figure 7. Representation of the UHI calculation and the station (i.e., urban station under the yellow
circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

Figure 8 shows a comparison of the relation between the hourly canopy UHI intensity (UHI intensity
T1–T3 ) and the hourly air temperature measured by station 1 under a diﬀerent cluster of wind directions.

A moderate negative correlation between the temperature and the UHI intensity was found for cluster 1
(i.e., wind direction between 260◦ and 330◦ from the seaside) (Figure 8a) where the UHI ranges between
11.5 ◦ C and −12.8 ◦ C, cluster 3 (i.e., wind direction between 250◦ and 210◦ from the coastal area)
(Figure 8c) where the UHI ranges between 10.1 ◦ C and −7.8 ◦ C, and cluster 4 (i.e., wind direction
between 200◦ and 150◦ from the desert) (Figure 8d) where the UHI ranges between 11.4 ◦ C and
−11.2 ◦ C. The temperature for these three clusters ﬂuctuates between 47 ◦ C and 12.3 ◦ C. A weak
negative correlation between the temperature and UHI intensity was found for all the remaining
clusters except for cluster 5 (i.e., wind direction located between 20◦ and 340◦ ) (Figure 8e) where no
correlation was found. The results show that the UHI intensity varies with diﬀerent wind directions.
When the wind is blowing from the desert (i.e., cluster 2) (Figure 8b), the temperature and the UHI
are almost independent. Despite the positive impact of the sea breeze, coastal cities suﬀer from the
UHI [41]. Diﬀerent experimental and numerical investigations have shown the impact of the sea
on the development of the UHI in coastal cities [42,43]. The temperature in station 1 is aﬀected by
UHI when the wind is blowing from the seaside. It seems that, when there is a sea breeze combined
with high temperatures, the negative UHI value is high (Figure 8a). This is due to the fact that the
high temperatures recorded by station 1 are mitigated by the sea breeze more than the temperatures
recorded by rural station 3, which is closer to the desert and typically reaches higher temperatures
during hot days. This pattern is due to advection from the sea breeze cooling mechanism and the ﬂow
of air, which is aﬀected by buildings. These results align with those of similar studies in Athens and
Sydney [2,7,44,45].
Figure 9 shows a comparison of the relation between canopy UHI intensity (UHI intensity T1–T3 )
and the wind speed measured by station 1 under diﬀerent clusters of wind directions.
For the wind speed, as for the air temperature, a negative slope of the regression line (p-value < 0.05)
is evident in all clusters except in cluster 5 (Figure 9e) where there is no correlation. In this case,
the correlation coeﬃcient (R) between the UHI and the wind speed is negative and weak (ranging
between −0.2–−0.4 for all clusters) regardless of the wind direction. The results show that the wind
speed is lower when the wind blows from the coastal area (i.e., clusters 3 and 6) (Figure 9c,f) with
average wind speeds of 10 km/h and 11 km/h, respectively. It reaches higher values when the wind
blows from the sea (i.e., cluster 1) (Figure 9a) with average wind speeds of about 18 km/h due to the
energy produced by the sea breeze. The results show that wind speed has an impact on the magnitude
of the UHI. Results show that the low values of wind speed are more conducive to the development of
a UHI [46]. Thus, the data from station 1 shows an inverse relation between the wind speed and UHI
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intensity when the wind speed increases for all clusters except cluster 5. This relation is consistent
with several studies conducted in various regions [2,47–49]. In cluster 5 (Figure 9e), with the wind
from the North, no correlation was found between the wind speed and UHI intensity [2].

Figure 8. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

Figure 9. Comparison between the UHI and the wind speed relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

3.4. UHI Intensity T1–T3 and Climate Parameters Collected by Station 2
The air temperature and wind speed measured by station 2 were investigated for the six clusters
of wind direction in relation to the UHI calculated as in the previous section and as shown in Figure 10.
A strong negative correlation between the air temperature measured by station 2 and (UHI intensity T1–T3)
was found for cluster 1 (Figure 11a) and cluster 3 (Figure 11c), where the UHI values range from 10.7 ◦ C
to −12.8 ◦ C and the temperatures range between 48.2 ◦ C and 12.4 ◦ C for both clusters. The values of
the correlation coeﬃcient comprise about 40% of the data. Regarding the other clusters, there is a weak
and negative linear relation between the temperature and the UHI intensity as shown in Figure 11.
As evident in Figure 12, the canopy UHI intensity has a moderate negative correlation with wind
speed, averaging around 14 km/h, in cluster 5 (Figure 12e) where the wind comes from the seaside
direction. The other clusters in the same station show a weak and negative correlation with close
(R) values varying between −0.2 and −0.5. The results indicate that the high values of wind speed
decrease the diﬀerences in the temperatures for all clusters, as observed in the study of Sydney [2] as
well as in [50]. Additionally, the impact on UHI intensity in terms of all wind directions is minimized
due to the eﬀects of the two parameters. An increase in wind speed in the urban area enhances the
heat ﬂux, whose heating impact on the urban environment is stronger than the enhanced cooling
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eﬀect [49,51]. It could also be that an urban atmosphere can absorb the heat from solar radiation
during the daytime. These outcomes are supported by the results of previous studies [52,53]. As shown,
the station recorded a maximum ambient temperature of 48.5 ◦ C in July 2015, while the reference
station recorded 50.2 ◦ C for the same year.

Figure 10. Representation of the UHI calculation and the station (i.e., the suburban station under the
yellow circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

Figure 11. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

Figure 12. Comparison between the UHI and the wind speed relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.
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3.5. UHI Intensity T2–T3 and Climate Parameters Collected by Station 1
The air temperature and wind speed measured by station 1 were investigated for the six clusters
of diﬀerent ranges of wind direction in relation with the canopy urban heat island intensity (UHI)
calculated as the diﬀerence between the air temperature measured at the Al Maktoum International
Airport (i.e., station 2) and at Saih Al Salem (i.e., station 3) (Figure 13).

Figure 13. Representation of the UHI calculation and the station (i.e., the urban station under the
yellow circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

Figure 14 shows a moderate negative linear relation between the temperature and the
(UHI intensity T2–T3 ) for cluster 1 (Figure 14a). The temperature for this cluster ranges between
46.1 ◦ C and 13 ◦ C with an average value close to 30.8 ◦ C and the UHI ranges from 12.4 ◦ C to
−13.5 ◦ C. For the ﬁve other clusters, the canopy UHI intensity shows a weak negative correlation with
temperature, with few variations. Here, the synoptic climate conditions associated with the advection
and convection phenomena play a role in this mechanism as does the additional anthropogenic
heat in the area. These ﬁndings are supported by several other studies [2,7,54,55]. Other previous
studies have reported that the daytime intensity of the heat island is reduced under speciﬁc synoptic
conditions [56,57].

Figure 14. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

In Figure 15, the (UHI intensity T2–T3 ) ranges between 11.6 ◦ C and −13.4 ◦ C showing a moderate
negative correlation when the wind speed ranges from 39 km/h to 0 km/h, with an average value close
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to 15 km/h when the wind is coming from the North as in cluster 5 (Figure 15e). The data of the cluster
demonstrate a 22.8% variation in the UHI intensity compared with the other clusters which have a very
weak correlation with the UHI intensity as they are close to zero. Moreover, in regard to western and
north-western wind directions, there is a negative relation between the UHI and both the temperature
and wind speed, similar to the ﬁndings of other studies [2].

Figure 15. Comparison between the UHI and the wind speed relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

3.6. UHI Intensity T2–T3 and Climate Parameters Collected by Station 2
The air temperature and wind speed measured by station 2 were investigated for the six clusters
of wind direction in relation to the UHI calculated as described in the previous section and as shown in
Figure 16.

Figure 16. Representation of the UHI calculation and the station (i.e., the suburban station under the
yellow circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

Cluster 1 (Figure 17a) and cluster 3 (Figure 17c) show a moderate negative correlation between the
temperature and (UHI intensity T2–T3 ). The temperature in both clusters ranges between 48.2 ◦ C and
12.2 ◦ C. However, in the other clusters, there is a negative weak correlation between the temperature
and the UHI intensity, as shown in Figure 17.
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Figure 17. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

Figure 18 shows a weak negative correlation which means little relation between the wind speed
and UHI intensity; it is close to zero in all clusters [2] for Al Maktoum International Airport (station 2).
The results show no signiﬁcant diﬀerence between station 1 and station 2 regarding the climate
parameters and the UHI intensity phenomenon. In the surrounding area of station 1, the prevailing
wind is coming from the sea. It is clear that when the wind is coming from the seaside or the desert,
due to the higher energy embedded in the synoptic conditions, the wind speed will be higher than
when the wind direction is parallel to the coast (cluster 3) (Figure 18c) These conclusions are supported
by previous studies undertaken in Asian and Australian cities [2,40,49,58].

Figure 18. Comparison between the UHI and the wind speed relation under diﬀerent cluster of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

3.7. UHI Intensity T1–T3 and Climate Parameters Collected by Station 3
As done previously with both stations 1 and 2, the same procedure was followed to determine
the temperature and wind speed for Saih Al Salem (i.e., station 3) and their relation with the UHI
magnitude, calculated as the diﬀerence between the temperature measured at the Dubai International
Airport (i.e., station 1) and at the Saih Al Salem area for all clusters of wind direction (Figure 19).
Figure 20 shows that for all clusters, there is a strong negative correlation between the UHI
intensity T1–T3 , ranging from 11.5 ◦ C to −12.8 ◦ C, and the air temperature, ﬂuctuating between 50.8 ◦ C
and 4.7 ◦ C, with an average of 28.3 ◦ C. To recap, cluster 1 (Figure 20a) is from the sea direction, cluster 2
(Figure 20b) from the desert area, and cluster 3 (Figure 20c) from the coastal area. In terms of this
parameter, there is a variation from 55% to 65% in UHI intensity among these three clusters. When the
temperature increases, so does the intensity of the UHI.
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Figure 19. Representation of the UHI calculation and the station (i.e., the rural station under the
yellow circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

Figure 20. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

The slope of the regression line (p value < 0.05) shown in Figure 21 indicates that for all clusters,
there is a moderate negative relation between the wind speed and the UHI intensity. For all six clusters,
the results indicate a relation ranging from moderate to strong between the UHI intensity and the two
climate parameters in Saih Al Salem station. Synoptic weather conditions could have an impact on the
parameter mechanisms as could the open desert space criterion. Numerous previous studies have
reported the same results [2,47,54].

Figure 21. Comparison between the UHI and the wind speed relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.
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3.8. UHI Intensity T2–T3 and Climate Parameters Collected by Station 3
The temperature and wind speed measured by station 3 were investigated for the six clusters
of wind direction as in the previous sections. The UHI was calculated as the diﬀerence between the
temperature measured by station 2 (i.e., Al Maktoum International Airport) and station 3 (i.e., Saih Al
Salem) as shown in Figure 22.

Figure 22. Representation of the UHI calculation and the station (i.e., the urban station under the
yellow circle) selected for the investigation of the climate parameters, i.e., air temperature (T) and wind
speed (WS).

The scatter plots in Figure 23 show strong negative correlations for the diﬀerent clusters between
the UHI intensity T2–T3 and the temperature in cluster 1 (Figure 23a) from the sea direction, cluster 3
(Figure 23c) from the coastal area, cluster 4 (Figure 23d) from the desert side, and cluster 5 (Figure 23e)
from the sea. The data demonstrates about 47%, 57%, 41%, and 37% variation in the canopy
UHI, respectively. For the other two clusters, there is a weak and negative linear association
between the temperature and UHI intensity; also, the temperature had independent eﬀects on UHI
intensity [2,7,55,59].

Figure 23. Comparison between the UHI and the temperature relation under diﬀerent clusters of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

As shown in Figure 24, the slope of the regression line (p value < 0.05) indicates a moderate
negative correlation between the wind speed and the canopy UHI magnitude in cluster 3 (Figure 24c),
cluster 4 (Figure 24d) and cluster 5 (Figure 24e). The UHI intensity for these three clusters is between
13 ◦ C and −13.5 ◦ C, while the wind speed ranges from 51 km/h to 0 km/h, with an average value close
to 9 km/h. The results indicate moderate to strong relations between the UHI magnitude and the two
21
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climate parameters for this station. These results may be due to the presence of diﬀerent synoptic
weather systems of heating mechanism, a desert wind with a cooling mechanism, and coastal wind,
which are created by the combination of climate parameters. These conclusions are compatible with
those of previous studies conducted in various regions [2,47,55].

Figure 24. Comparison between the UHI and the wind speed relation under diﬀerent cluster of wind
directions: (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

3.9. Correlation between UHI Intensity T1–T3 and T2–T3 and Climate Parameters
Figure 25 shows a comparison between the UHI intensity T1–T3 and UHI intensity T2–T3 and
the hourly air temperature measured by station 1 and station 2 under the respective clusters of
wind directions.

Figure 25. Cont.
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Figure 25. Comparison between the UHI and the air temperature relation measured in the urban (green)
and suburban (orange) areas under diﬀerent clusters of wind directions: (a) cluster 1, (b) cluster 2,
(c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.
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A strong and negative correlation coeﬃcient (R) between the temperature and UHI intensity T1–T3
and T2–T3 was found in Al Maktoum International Airport when the wind was coming from the sea.
Hence, the temperature only demonstrates about 32% variation in the urban heat island intensity.
Whereas, when the wind is coming from the desert side (cluster 2) (Figure 25b), there is no correlation
between the temperature and the intensity of UHI at station 2 (i.e., Al Maktoum International Airport),
which is close to zero. These results are aligned with those of other studies conducted in diﬀerent
regions [2,49,58].
Figure 26 compares the correlations between the wind speed and the canopy UHI intensity for
both stations through the same procedure used for measuring the parameters of temperature and
UHI intensity.

Figure 26. Cont.
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Figure 26. Comparison between the UHI and the wind speed relation measured in the urban (green)
and suburban (orange) areas under diﬀerent clusters of wind directions: (a) cluster 1, (b) cluster 2,
(c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.

Results show that when the wind direction is coming from the sea, there is a weak negative
correlation between the wind speed and the UHI intensity. For cluster 1 (Figure 26a), the wind speed
is responsible for only a 12% variation in the UHI magnitude. However, when the wind is coming
from the desert side as in cluster 2 (Figure 26b), there is no correlation between the wind speed UHI
intensity. These results are supported by those of other studies [2].
4. Discussion
Urban areas are facing several climate issues, one of which is the urban heat island (UHI)
phenomenon. Thus, to understand the characteristics of UHI and its eﬀects on the built environment,
25
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this study investigated the correlation between the canopy UHI and two meteorological parameters,
air temperature and wind speed, with given speciﬁc ranges of wind direction. This was done by
collecting and analyzing the hourly data from three meteorological stations situated in diﬀerent areas
of Dubai (i.e., urban, suburban, and rural areas).
It has been observed that the UHI intensity is larger at night in both urban and suburban areas
and that the urban area presents the highest values of average UHI intensity. The main reason for
the negative UHI at night is the presence of the heat that, given the intense incident solar radiation,
remains trapped in the urban and suburban areas according to the geometry and density of the built
environment and the thermal-optical properties of the urban surfaces. During the day, the built areas
in Dubai act as urban cool islands showing negative UHI intensity values.
The analysis results show that canopy UHI intensity varies with wind direction and meteorological
conditions. This has been conﬁrmed by other studies carried out in cities with diﬀerent climatic
conditions [60,61]. Moreover, in regard to UHI intensity T1–T3 , the data from the urban meteorological
station indicated that air temperature and UHI were almost independent when the wind was coming
from the desert (i.e., from the East and South-East), while the temperature is aﬀected by UHI when the
wind is ﬂowing from the sea (i.e., West and North-West) thanks to the cooling mechanism of the sea
breeze and the short distance of the seashore to the station 1 [41,43]. It could also be inﬂuenced by the
building’s orientation. These results are consistent with the ﬁndings of studies conducted in Sydney
where the eastern suburbs beneﬁted from the signiﬁcant cooling mechanism of the sea breeze and the
variations in UHI were a function of the prevailing climate conditions [2]. Moreover, it appears that a
negative UHI intensity exists during the day and the night (i.e., the temperature in the urban area is
lower than the temperature in the rural area), which is also observed in many cities. Several factors
could be the cause of negative UHI values. In this case, two of the main reasons could be the hot air
that, coming from the desert, increases the air temperature in the rural area more than in the urban
area and the presence of the sea breeze [9,10] mitigates the urban overheating when the cold wind
blows from the seaside. This conﬁrms the many experimental investigations about the eﬀect of the
sea breeze on the magnitude of the UHI [43]. In addition, several studies have demonstrated that the
ﬂow of the sea breeze across the city is delayed by the UHI because there is a stagnation zone over
the built environments [45,62]; other studies conclude that UHI could accelerate the front of the wind
blowing from the seaside and moving across a city, more than in rural areas where it has little or no
eﬀect [63,64].
The results of this study, which focuses on wind speed, proved that wind speed has an impact on
the magnitude of UHI [58] depending on the prevailing climatic conditions and the wind direction.
Similar to the study of Sydney in 2017, a relation between the wind speed and UHI intensity was
identiﬁed in this study [2]. Moreover, other studies in Chicago, Salamanca, and Granada explain the
impact of UHI under ambient climatic conditions such as cloud cover and wind [50,65,66].
Regarding the cloud cover, it was observed that the night-time UHI intensity in the urban and
suburban areas reaches the highest values in the presence of clear sky days, due to the larger amount
of heat that is absorbed by the built area during the day and then released at night.
In the urban station (i.e., station 1), a reverse correlation between the wind speed and UHI was
observed. For most wind directions, when the wind speed increased, the UHI decreased. However,
when the wind is coming from the North, the correlation is close to zero. These results are consistent
with the ﬁndings of previous studies that have examined the impact of wind speed on UHI magnitude
in various areas such as Ibadan and Ulaanbaatar [3,47,48].
Moreover, a signiﬁcantly strong and negative correlation was observed in the suburban area
(i.e., station 2) between the levels of the air temperature and wind speed and the magnitude of the UHI.
It was found that the eﬀect of UHI intensity in all wind directions is decreasing or even minimized
with the increase in the temperature and especially of the wind speed. A possible explanation is that
when the wind speed increases, the temperature variations (i.e., between 48.6 ◦ C and 12.3 ◦ C with
an average value of about 29.5 ◦ C) gradually decrease since higher wind speeds are connected with
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the advection of air masses that tend to minimize the temperature diﬀerences. This relation has been
observed in several cities around the world [51,67], as well as in the urban station (i.e., station 1).
It was observed that when the wind speed is low or zero, the UHI has a positive value because
the temperature in the urban area (where the urban surface easily absorbs solar radiation) is higher
than in the rural area (where the natural surface has less absorption). When the wind speed is very
high, the UHI eﬀect disappears due to the heat dissipation produced by the wind. Similarly, the study
of Athens found that the high temperatures resulted from solar radiation when the wind speed was
low [52].
The data collected by reference station 3 (i.e., Saih Al Salem), which is located in a rural desert
village far from the seacoast, show a moderate to a strong correlation between the UHI and the
temperature and wind speed, for all wind directions. This is similar to the relation found in the studies
of Ibadan and Sydney [2,47].
In the case of UHI intensity T2–T3 , the UHI magnitude varies between 11.5 ◦ C and −12.8 ◦ C. It is
found that the results for the urban station are similar to those observed in the suburban station through
the correlation methodology used for the UHI magnitude and the climate parameters. It was also
observed that there were no signiﬁcant diﬀerences between the two stations during the 5 year period
of interest. This indicates that when the wind comes from the sea (i.e., western and north-western)
directions, there is a moderate negative relation between the UHI and both the temperature and wind
speed. The negative results could be due to the additional anthropogenic heat and the cooling rates
caused by evaporation. Data analysis showed an inverse relation between the wind speed and the
UHI intensity where when the former increased, the latter decreased. In contrast, for all other wind
directions, the analysis indicated no correlation between the UHI intensity and both temperature
and wind speed. These results are aligned with those of previous studies conducted in Asian and
Australian cities [58].
The results show that, in the case of station 3, there is a signiﬁcant correlation between the
meteorological parameters and UHI. A moderate to a quite strong relation is found between this UHI
magnitude and the two parameters (i.e., temperature and wind speed) for all the wind directions
compared to the previous case of the UHI intensity T1–T3 . These results could occur with synoptic
weather and speciﬁc conditions created by the combination of climate parameters, which is consistent
with the ﬁndings from the previous studies carried out in various regions [2,47].
The results of this study indicate that wind speed and temperature have an impact on the urban
heat island depending on the prevailing weather conditions on whether the wind comes from the sea
or from the desert. However, the urban area is the one most aﬀected. In fact, the relations, found in
this study, between the meteorological parameters and UHI, have several implications for future
urban planning. Strategies are needed to reduce the temperatures and have better cooling systems
within urban areas in order to control urban heat islands. There is a need to establish guidelines for
urban planning and design so that urbanization is sustainable. Worth noting is the fact that one of the
challenges faced in this study was the limited availability of meteorological parameters and adequate
monitoring data covering a greater number of years.
5. Conclusions
The aim of this paper was to examine the correlation between the intensity of the canopy urban
heat island and the various meteorological parameters (e.g., temperature, wind speed, and wind
direction) when the wind is coming from diﬀerent directions such as from the seaside and the desert
side. Hourly data of climate parameters were derived from ﬁve years (2014–2018) of monitoring from
three meteorological stations located in an urban, suburban, and a rural area of Dubai. Six clusters of
wind directions were identiﬁed to perform a cluster analysis on the available set of climatic data.
It was found that the temperature and wind speed results diﬀered between the western (seaside)
and eastern (desert side) parts of Dubai. The UHI intensity varies with the wind direction and
meteorological conditions. Regarding the UHI intensity T1–T3 , it was found that when the wind in
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the urban area was coming from the desert, the temperature and the UHI were almost independent.
However, a relation exists when the wind is coming from the seaside (i.e., sea breeze). Therefore,
the wind speed inﬂuences the UHI intensity depending on the synoptic climate conditions and wind
directions. A reverse correlation was found between the wind speed and UHI intensity for all wind
directions, except the North direction where no correlation was found in the urban area. In the suburban
area, an inverse relation was observed between the wind speed and the magnitude of UHI, for all wind
directions. At the same time, a moderate to strong correlation was found between the UHI and both
temperature and wind speed for all wind directions in the rural area.
In contrast, in the case of the UHI intensity T2–T3 , it was observed that in the urban and suburban
areas, there was a similar correlation between the UHI and the climate parameters when the wind was
blowing inland from the sea due to additional anthropogenic heat and evaporation. No correlation
was observed for all other wind directions. A moderate to a strong association was found between
the UHI and the two climate parameters for all the wind directions in the open zone of the desert,
where the reference station (i.e., rural area) is located, due to a combination of climate parameters and
synoptic conditions.
From that perspective, the wind that ﬂows from the seaside or the desert side is completely
diﬀerent as the air coming from the sea is cooler, which decreases the temperature and minimizes
the UHI. Thus, an onshore wind cools the air temperature of the area depending on the wind speed;
hence, the higher the wind speed, the lower will be the magnitude of the UHI. On the other hand,
the wind coming from the desert is warmer, producing dry hot weather conditions and increasing
the temperature. However, occasionally the wind blowing from the desert has diﬀerent eﬀects on
temperature depending on other factors.
This study, investigating the canopy UHI phenomenon in the coastal and desert areas of Dubai,
contributes to a deeper understanding of the local microclimate and urban overheating in desert
regions that is essential to inform the climate-resilient urban design and planning. It was observed that
the sea breeze plays a vital role in the urban zone and the seashore area, contributing to the mitigation
of the summer urban and suburban warming. The results of this study conﬁrmed that additional
mitigation strategies for heat reduction should be implemented in desert cities to reduce the thermal
stress in the urban ecosystem and avoid many issues that can be caused by high urban temperatures
such as heat-related illness and mortality and uncomfortable outside areas.
Further studies should be performed to better understand the overall UHI phenomenon in Dubai,
for example also investigating the surface UHI and the boundary UHI with the aim to cover diﬀerent
scales of investigation.
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Abstract: Trees are considered to be eﬀective for the mitigation of urban overheating, and the cooling
capacity of trees mainly comes from two mechanisms: transpiration and shading. This study explores
the transpiration cooling of large trees in urban environments where the sea breeze dominates the
climate. In the experiment, sap ﬂow sensors were used to measure the transpiration rate of two
large trees located in Sydney over one year. Also, the temperature diﬀerence between the inside
and outside of the canopy, as well as the vertical temperature distribution below the canopy, were
measured during summer. In this experiment, the temperature under the canopies decreased by
about 0.5 degrees from a 0.5 m height to a 3.5 m height, and the maximum temperature diﬀerence
between the inside and outside of the canopy was about 2 degrees. After applying a principal
component analysis of multiple variables, we found that when a strong sea breeze is the primary
cooling mechanism, the sap ﬂow still makes a considerable contribution to cooling. Further, the sea
breeze and the transpiration cooling of trees are complementary. In conclusion, the characteristics of
synoptic conditions must be fully considered when planting trees for mitigation purposes. Since the
patterns of sea breeze and sap often do not coincide, the transpiration cooling of trees is still eﬀective
when the area is dominated by sea breeze.
Keywords: transpiration cooling; coastal cities; sap ﬂow

1. Introduction
Climate change and the urban heat island eﬀect have caused a worldwide issue of urban
overheating [1]. Urban overheating will increase the total energy consumption and peak electricity
demands, thereby deteriorating outdoor and indoor thermal comfort, as well as the health of the
public [2–4]. In order to mitigate urban overheating, researchers have proposed a variety of options:
integrating cool materials, such as reﬂective materials [5] and radiative cooling surfaces, into facades and
roofs [6]; using cool pavement on roads [4,7]; and expanding green spaces in the urban environment [8].
In the past few decades, the mitigation eﬀect of trees has been proven eﬀective by a large number
of studies [9–11]. The diﬀerence between the ambient temperature and the temperature in the canopy
is usually used as an essential indicator of plant cooling capacity. For instance, the daily average
diﬀerence of the air temperature between the shady area of a street tree and an open space is 0.9 ◦ C in
Melbourne, Australia [12]; 1 ◦ C in Munich, Germany [13]; and up to 2.8 ◦ C in Southeast Brazil [14].
The cooling eﬀect of trees mainly comes from shading and transpiration. The cooling eﬀect caused
by shading at a macroscopical level is very limited, as the albedo of the tree canopy is very similar
to that of the ground surface, indicating that the total energy balance is not signiﬁcantly aﬀected by
the presence of trees. Transpiration, on the other hand, alters the energy balance of the whole area by
converting sensible heat ﬂux to latent heat ﬂux and has a cooling eﬀect both locally and on a large scale.
Climate 2020, 8, 69; doi:10.3390/cli8060069
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When suﬃcient water is supplied, the transpiration rate can be maximized, providing a considerable
cooling eﬀect. Plenty of studies have shown that the air temperature over vegetated land is signiﬁcantly
reduced after applying irrigation [15–17].
Since research in forestry and agronomy usually focuses on large-scale crops and woodland,
the heat ﬂux over the land is easier to quantify to determine the transpiration cooling eﬀect. However,
in cities, where the surface is highly heterogeneous, the heat ﬂux method is not suitable. Existing
studies on urban tree cooling often use the sap ﬂow method to measure the transpiration rate of a
single tree or a small number of trees.
When switching to microscale studies, the transpiration cooling eﬀect of urban trees can be
explored more in depth. Researchers have found that the cooling eﬀect of trees is closely related to their
species [18–20] and hydraulic architecture. The leaf area index (LAI) is considered to be a particularly
critical parameter that determines the cooling capacity of trees. Trees with a high LAI can achieve more
eﬃcient shading and exhibit higher transpiration potential.
However, microscale studies also face diﬃculties. The temperature diﬀerence indicator reﬂects
the cooling capacity of a plant to a certain extent, but this indicator can be environmentally sensitive.
Remoting sensing research [21] has found that in the core areas of several U.S. cities, the urban tree
cooling eﬀect was signiﬁcantly aﬀected by the surrounding thermal conditions. Compared with studies
in forestry, experiments conducted in cities usually found larger temperature decreases under the
canopy. For instance, an experiment in the Munich urban area [22] reported that under the canopy,
temperature reduced by 3.5 degrees, from 0.5 m above the ground to 4 m above the ground. However,
in a Picea abies L. forest, research [23] found that the temperature only reduces by one degree every 4 m
vertically under the canopy. Possibly, the warming eﬀect of the paved street prevented the downward
penetration of the tree cooling eﬀect in the experiment conducted in Munich [22]. This possibility
emphasizes the inﬂuence of the energy balance of the local environment on the magnitude of the
vertical temperature diﬀerence. Moreover, since a tree cooling mechanism diﬀers from that of short
vegetation, the vertical temperature cannot be used as the only indicator for transpirational cooling.
Short vegetation directly provides cooling on the ground, while the transpiration cooling eﬀect of
trees needs to penetrate several meters to reach the ground from the canopy. The overall cooling
performance is determined only after determining both the vertical temperature diﬀerence and the
horizontal temperature diﬀerence between the inside and outside of the canopy.
At the same time, weather conditions could also aﬀect the cooling eﬀects of trees [24]. The research
in [21] observed the variation of the urban tree cooling eﬀect under diﬀerent climatic conditions,
and in [25], more eﬀective cooling was observed from trees in the dessert compared to trees on the
coast. In scenarios where strong advection exists, the temperature diﬀerence under the canopy in
the vertical direction and that between the inside and outside of the canopy may be aﬀected. On the
one hand, if the wind is dry and hot, the vapour pressure deﬁcit (VPD) in the canopy will increase,
and transpiration cooling will be stimulated [26]. However, continuous dry and hot wind will also
blow away the cold air that is mass-produced by the trees [27]. On the other hand, if the wind is cold
and humid, such as a sea breeze, transpiration can be weakened. At the same time, the canopy can
directly block the wind, making it receive less cold from the wind compared to that received by the
outside. If the space outside the canopy is also shaded, the temperature under the canopy can be
even hotter than that outside. This possible phenomenon indicates that the eﬀect of the wind may
completely oﬀset the cooling eﬀect of transpiration. However, the eﬀect of sea breeze on the cooling
of trees has not been suﬃciently studied, and many issues remain unclear. For example, in cities
where the sea breeze is the dominant cooling mechanism, does planting more trees have an obvious
cooling eﬀect? How much tree cooling contributes to local temperature distribution? Answering such
questions is crucial for mitigating overheating in coastal cities.
At the same time, some cities are aﬀected by both desert and marine climates, such as Sydney,
Australia. In Sydney, a synoptic condition exists where the east side of Sydney is adjacent to the Paciﬁc
Ocean and is aﬀected by strong humid and cold sea breeze, while the west side of Sydney faces a vast
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desert and is inﬂuenced by the dry and hot desert winds. If a large number of trees are planted to
alleviate urban overheating in the city, how should we arrange these trees spatially to achieve the most
eﬀective cooling? An analysis of the impact of sea breeze on tree cooling can help answer this question.
In this paper, when discussing the eﬀect of the transpiration cooling of big trees, weather station
data are used to include the impact of Sydney’s synoptic conditions, and the temperature diﬀerence
between the inside and outside of the canopy was measured. The experimental site in this paper is
about 2 km away from the coastline and is signiﬁcantly aﬀected by the sea breeze. As the elevation
of the experimental site is higher than that of the eastern coast, the sea breeze can easily reach this
area. Thus trees here are signiﬁcantly aﬀected by the sea breeze. After obtaining the transpiration rate,
temperature diﬀerence, and wind speed, a principal component analysis (PCA) was used to determine
the contribution of transpiration to the temperature diﬀerence inside and outside the canopy. At the
same time, this research also studies the factors that aﬀect the transpiration rates of plants. The results
show that the sea breeze does play a crucial role in ooling, and sap ﬂow also makes a considerable
contribution to cooling. The analysis also shows that the daily peaks of sea breeze and sap ﬂow do not
overlap, indicating that the introduction of trees in coastal cities can complement the cooling of the sea
breeze. This result answers the above questions and aﬃrms the plant’s cooling potential under sea
breeze conditions.
In the study, attention was also paid to the vertical temperature gradient below the tree, and the
inﬂuence of the ground surface on the vertical temperature distribution was discussed according to the
measurement results. This result further emphasizes the eﬀect of the ground surface on the cooling
capacity of trees and highlights that when measuring the cooling eﬀect of trees in a microenvironment,
the vertical temperature diﬀerence cannot be used as the only criterion to assess the cooling capacity
of plants; the assessments should instead be made after correcting the possible impact of the surface.
We believe that this study makes an important contribution to rationalizing the layout of urban greenery
to achieve a better mitigation eﬀect.
2. Methods
2.1. Experiment Design
In order to analyse the transpiration cooling eﬀects of large urban trees, the transpiration rate and
surrounding temperature of two large Melaleuca trees were measured. The transpiration rate was
measured using sap ﬂow sensors. The studied site was located on campus at the University of New
South Wales in Sydney.
The recording of sap ﬂow and soil moisture began in early 2018 and continued until May 2019.
To obtain an understanding of the trees’ cooling eﬀect, multiple temperature sensors were placed under
the canopies and outside the canopies of Maleluca from January 2019 to March 2019. The temperature
sensors were placed outside canopy. Since aluminum foil was also proven to be an eﬀective solar
protection measure in [28], we used it to shield the sensors from direct solar radiation. At the same
time, the vertical air temperature distribution under the canopies was recorded for 2 weeks in the
middle of February 2019. The weather data were extracted from the nearest weather station.
2.2. Measurement Set Up
2.2.1. Site Details
Two almost-identical Melaleuca trees were investigated, as shown in Figure 1. The lawn at the
university of New South Wales (UNSW) campus has dense grass and is regularly irrigated. Hence,
the soil in the studied site has remained moist for the entire period of measurement, ensuring that the
transpiration of trees is not limited by soil water content.
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Figure 1. (a) site plan of the studied area; the red circles are the canopies of the researched trees. (b) weather
station information.

The essential information of the studied trees is measured and listed in Table 1. The canopy of
the trees starts at around 3 m of height. Site weather data were extracted from the nearest weather
station (Randwick weather station, 33.92◦ S, 151.2◦ E), which is in similar condition to the experimental
site. The vapour pressure deﬁcit used in our experiment was calculated from the vapour pressure and
saturated vapour pressure of the weather station observations. The air temperature, wind direction,
and speed were also extracted from the station observation. The site soil surface moisture and soil
surface temperature was monitored at 5 cm beneath the soil surface using an Edaphic TEROS-11
model sensor.
Table 1. Tree parameters.
ID

Height

Trunk Diameter at 1 m Height

1
2

14 m
12 m

1m
0.9 m

2.2.2. Sap Flow Method
In this study, the transpiration rate of trees was reﬂected by the sap ﬂow rate, and we used Edaphic
SF3 model heat pulse sensors to record the sap ﬂow rate. The sap ﬂow rate was recorded in a 30 min
time interval, which provided a balance between battery life and experimental accuracy. A sensor was
installed on the north side of each tree.
The sensor used analog signals to record the time, and the sensor received the heat pulse signal
after the heat pulse was generated from the heat source. Both the sap ﬂow data and soil moisture were
recorded using a CR100 datalogger from Campbell Science.
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In order to obtain more accurate sap ﬂow data, two methods were used to calculate the sap ﬂow
velocity. The Marshall heat pulse method [29] was applied to calculate the slow sap ﬂow rate, while
the T-max method [30] was used to calculate the high sap ﬂow rate. The T-max method is written as

Vh =

x2 − 4ktm
,
tm

(1)

where Vh is the heat pulse velocity(cm/hr), x is the distance to the axial temp, k is the thermal diﬀusivity,
and tm is the time it takes the sensor to reach its max temperature after a heat pulse is generated by
a heater.
To calculate the slow sap ﬂow rate, the heat pulse method was used, which is written as
Vh =



ΔTd
k
,
ln
x
ΔTu

(2)

where ΔTd and ΔTu are the temperature changes recorded by the upstream sensors and downstream
sensors, respectively. Later, the heat pulse velocity was transformed into sap ﬂow velocity. Since we
were unable to obtain a trunk sample from the studied trees, the calculated sap ﬂow rate was not
calibrated. Therefore, the analysis of sap ﬂows only focused on patterns.
2.2.3. Temperature Measurement
The Log tag sensors were used to record the air temperature. Two Log tag temperature sensors
were set up and ﬁxed at around 1.5 m height under the canopies; they were attached to the trunk on
the south side to avoid direct sunlight. Two other Log tag sensors were placed outside the canopy at
the same height as the sensors inside canopy. All Log tags were shaded from direct sunlight, and the
measurement interval was 15 min.
The vertical temperature was measured using globe thermal meters. The measurements were
conducted under the canopy for two weeks in February 2019, from 12:30 to 16:20 every day, with a
measurement interval of 10 min. The height from 0.5 m to 3.5 m was measured with a space interval of
0.3 m, and the vertical temperature distribution was measured manually. The globe thermometers
were ﬁxed on supports (tripods). Each time after adjusting the heights of the globe thermometers,
the researchers walked away to avoid interference of the human body in the measurements. The readings
were recorded after they became stable. To reduce random errors, the measurement of the temperature
at each height was repeated 8 times from eight diﬀerent points, which were all about 1 m away from
the trunk in diﬀerent directions. The average value of the 8 measurements was considered to be the
value of the temperature at the speciﬁc height.
All sensors were calibrated, and the error of the temperature sensors was negligible (±0.2 ◦ C).
3. Results
3.1. Site Analysis
In Sydney, summer weather is dominated alternately by the wet and cold sea breeze from the
east side and the hot and dry desert wind from the west side. Desert wind brings heat, but, at the
same time, it facilitates evapotranspiration and improves the cooling eﬀect of evapotranspiration.
In contrast, the wet and cold sea breeze has a cooling eﬀect but can also hinder evapotranspiration.
The extra moisture produced by the sea breeze can also increase evapotranspiration resistance. In our
case, the eﬀect of the sea breeze was substantial because the study area was very close to the coastline.
Figure 2 shows an analysis of the wind direction from an observation of the nearest weather station.
It can be seen in Figure 2d that most of the wind came from the southeast starting at noon every day
during summer 2019.
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Figure 2. Wind direction distribution of the studied area in summer (a) 2018 and (b) 2019. Average
daily wind direction distribution in summer (c) 2018 and (d) 2019.

The wind speed of the sea breeze gradually increased in the afternoon, as shown in Figure 3.
The wind speed reached its maximum between 17:00 and 19:00 in the summer.

Figure 3. Daily average wind speed variation of the studied area in summer (a) 2018 (b) 2019.

3.2. Diurnal Sap Flow Patterns
The Diurnal period in this study is deﬁned as the time between 6:00 and 20:00, and we analysed
the average sap ﬂow during this period. The canopy temperature is the average temperature recorded
by two log tag sensors under the canopies.
As mentioned above, the UNSW campus is regularly irrigated, and the measured Melaleuca
canopy is a large tree with a deep root system. Thus, the pattern of sap ﬂow is not limited by the soil
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moisture content. The analysis shows that the correlation coeﬃcient between the sap ﬂow rate and soil
moisture was smaller than 5%. Moreover, the multiple linear regression analysis shows that the diurnal
sap ﬂow patterns are positively correlated to both the temperature and the VPD, as shown in Figure 4.

Figure 4. Multilinear regression for sap ﬂow, canopy temperature, and VPD.

A non-linear model, expressed as f(x) = c − a × exp(−b × x), was used to ﬁt the relationship
between the VPD and diurnal sap ﬂow, as shown in Figure 5. When considering 95% conﬁdence
bounds, the ﬁt results are a = 61.27 (58.54, 63.99) and b = 0.05848 (0.0534, 0.06357), while c is determined
as 58.4534. At the same time, a linear regression relationship was built between the sap ﬂow and the
canopy temperature, which has an R2 of 0.65, as shown in Figure 6.

Figure 5. The non-linear ﬁt between the sap ﬂow rate and VPD.
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Figure 6. The linear ﬁt between the sap ﬂow rate and canopy temperature.

The Pearson correlation coeﬃcient [31] was also calculated. The correlation coeﬃcient between
the diurnal sap ﬂow and diurnal canopy temperature is 0.8, while the correlation coeﬃcient between
the diurnal sap ﬂow and diurnal VPD is 0.69.
3.3. Air Temperature Distribution
3.3.1. Vertical Temperature Distribution
Measurement of the vertical temperature distribution was performed between 12:30 and 16:30
since the highest daily radiation and temperatures usually occur within these hours. The measurement
results show that the maximum temperature diﬀerence vertically was only about 0.5 ◦ C. Figure 7
shows the vertical temperature change recorded during the experiment.

Figure 7. 0.5–3.5 m height vertical temperature distribution under the canopy.
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3.3.2. Temperature Diﬀerence between the Inside and outside of the Canopy
A linear regression of the temperature diﬀerence between the inside and outside of the canopy
showed that a stronger sap rate was associated with a larger temperature diﬀerence between the inside
and outside, as shown in Figure 8a. However, the same relationship was also found in the analysis of
VPD and wind speed, as shown in Figure 8b,c.

Figure 8. Canopy temperature diﬀerence between (a) sap; (b) VPD; (c) wind speed. The R squares are
0.30, 0.15, and 0.14, respectively.

At the same time, most of the variables in this study are highly correlated with each other,
especially when strong wind conditions are considered. The variation of the temperature diﬀerence
inside and outside the canopy can be explained only when the correlation between the observed
variables is eliminated. Therefore, a PCA analysis was performed using the VPD, sap ﬂow rate,
and wind speed as input observational groups. Ultimately, three groups of components were created.
The results showed that principal components 1 and 2 account for 92.04% of the variability in the data
set. As shown in Figure 9, in the conﬁguration of principal components 1 and 2, the contributions
of wind speed and sap ﬂow rate dominate with similar contributions. The details of the principle
components are shown in Table 2.
A multiple linear regression with canopy temperature diﬀerence (CTD) was also performed
using principal components 1 and 2, and the results are shown in Figure 10. The R square is 0.32,
and principal component 1 shows a negative correlation with temperature diﬀerence.
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Figure 9. Recentered component conﬁguration after applying PCA to the observations. The lengths of
the vectors indicate the contribution of the speciﬁc observation.
Table 2. Details of the principle components.

VPD
Sap ﬂow rate
Wind speed

Component1

Component2

Component3

0.39497241
0.883478921
0.251916238

−0.15666692
−0.205421118
0.966052608

0.905236031
−0.421031067
0.057276247

Figure 10. Multi-linear regression of the temperature diﬀerence and principle components 1 and 2.
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4. Discussion
4.1. Horizontal Cooling Eﬀect
In this experiment, the temperature diﬀerence between the outside and inside canopy was
measured. The analysis indicates that the synoptic conditions in Sydney may have made a signiﬁcant
contribution to the results.
Changes in the transpiration rates of large trees depend largely on direct radiation changes, while
regional synoptic conditions rule the wind in the studied area. The study area is close to the coastline
and faces open spaces in both the eastern and the western directions, making the sea breeze the
dominant factor in the surface energy balance despite the impact of downward shortwave radiation
input. Further, the cooling eﬀect of transpiration is negligible compared to the cold brought by the
sea breeze. Studies conducted in Munich [13] reported that the sap ﬂow has a signiﬁcant relationship
with the diﬀerence between the temperature under the canopy and that outside the canopy. Munich
has a mild climate, and in the researched area, no climatic conditions (such as a stiﬀ sea breeze) were
observed. This indicates that the presence of a windy environment must be considered before using
plants for transpiration cooling. The diﬀerence between the results of this study and the results in [13]
indicates the high dependence of tree transpiration cooling on the environment, especially on local
wind environments and under regional synoptic conditions.
In order to make a comparison between variables, the daily variation of several variables was
calculated, as shown in Figure 11 (daily variation is calculated as the average at a speciﬁc hour equal
to the sum of all the data measured that hour during the two weeks divided by the total number of
data at that speciﬁc hour). The maximum daily temperature diﬀerence appears after around 17:00
(Figure 11d), which is earlier than the peak of the wind speed (Figure 3b) but later than the peak of
the sap ﬂow rate (Figure 11a). This indicates that the wind may exert inﬂuence on the temperature
diﬀerence in the afternoon and delay the time of the peak temperature diﬀerence. At the same time,
starting from 11 am, the diﬀerence between the canopy temperature and the air temperature remained
at a similar level (Figure 11c). In our experiment, this also indicates that the wind is likely to dominate
the energy balance and negate the eﬀects of other factors in the local space under the canopy. If the
wind is not the dominant factor, the variation in sap ﬂow and solar radiation will lead to a signiﬁcant
peak on the curve in 11c after 11 am.
It should be noted that the temperature sensor outside the canopy was located in the downwind
direction for most of the time in the afternoon, as shown in Figure 12. The northeast wind was
signiﬁcantly blocked by the large thick canopies and the layout, causing the wind in the downwind
direction in the local environment to signiﬁcantly weaken. This could be the reason for the results of
our experiment: The wind cooled the canopy more than it cooled the outer areas in the downwind
direction. Furthermore, if a sensor was placed in the upwind direction outside the canopy, the results
indicate that the sensor was able to record a lower air temperature.
The PCA helped us eliminate the correlation between variables, showing that transpiration
made similar contributions to cooling compared to the wind in the experiment. As mentioned above,
the peaks of the daily sap ﬂow, temperature diﬀerence, and wind appeared in sequence during the
afternoon. This pattern suggests that in the early afternoon, when the daily maximum air temperature
is most likely to occur, transpiration cooling plays a leading cooling role in the cooling mechanism.
The transpiration cooling and cooling of the sea breeze complement each other in diﬀerent periods
under speciﬁc synoptic conditions, providing the city with a considerable cooling eﬀect in the daytime
and further emphasizing the critical impact of trees on the local climate.
However, it should be noted that after the principal value analysis, the correlation between
the temperature diﬀerence and the principal component remained limited because the transpiration
cooling of trees only accounts for a part of the cooling eﬀect, and the shading eﬀect is also an essential
cooling mechanism of trees. Though the shading eﬀect was not able to be analysed in the experiment,
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the eﬀect of shading should not be ignored. In the daytime, changes in the incoming radiation intensity
and direction can aﬀect the temperature diﬀerence between the outside and inside of the canopy.

Figure 11. Daily variation of the temperature diﬀerence.

Figure 12. Canopy temperature sensor location.

Moreover, a sharp peak in the soil temperature is shown in Figure 11a. This is because the soil
was receiving direct solar radiation at this moment. During the time when the the soil temperature
peak occured, the recorded soil surface was not shaded by the canopy. Hence, a sharp rise in the soil
surface temperature was observed. This result also underscores the importance of shading eﬀects in
tree cooling mechanisms.
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4.2. Vertical Cooling Eﬀect
In the studied area, a vertical temperature of 0.5 ◦ C from 0.5 m to 3.5 m was observed under the
canopy. This value is relatively small compared to the values in urban tree cooling studies, as mentioned
above [22]. The surrounding surface conditions made the largest contributions to this result.
Different ground surfaces have different thermal properties, optical properties, and evapotranspiration
capabilities. Therefore, under the same environmental conditions, diﬀerent ground surfaces will have
diﬀerent surface temperatures and lead to a diverse vertical temperature and humidity distribution
near the ground. Studies that distinguish vertical temperature diﬀerences are usually conducted
on built surfaces like paved streets [22]. The warming eﬀect of built surfaces enlarges the vertical
temperature diﬀerence. This warming eﬀect is considerable, especially when the trees are sparsely
distributed. However, in our experiment, the trees are located on a dense grassland, where the soil
surface remains moist most of the time. The transpiration of grass and direct evaporation from the
soil cause a considerable cooling eﬀect, and the cooling eﬀect of the lawn and canopy work together,
resulting in a more uniform vertical temperature distribution.
To conﬁrm the cooling eﬀect of the lawn on our measurements, a regression of the surface soil
temperature and air temperature was developed, and the results are presented in Figure 13. According
to the ﬁtting equation, the projected soil temperature is signiﬁcantly lower than the air temperature.
When the air temperature is 30 ◦ C, the projected soil surface temperature is 28.9 ◦ C at the experimental
site, and the temperature diﬀerence is 1.1 ◦ C. When the air temperature is 35 ◦ C, the projected soil
surface temperature is 33.1 ◦ C, and the temperature diﬀerence reaches 1.9 ◦ C. This means that the
cooling eﬀect of the lawn did contribute to the vertical temperature distribution.

Figure 13. Correlation between the air temperature and soil temperature.

4.3. Limitation of the Research
Due to the complexity of the urban environment and the experimental conditions, the following
limitations exist in this study. In this experiment, the sap ﬂow rate was recorded but not calibrated.
Hence, only the sap ﬂow pattern was analyzed. The transpiration cooling ability is thus unable to be
quantiﬁed since the transpiration cooling power cannot be calculated. Part of the data used in this
experiment was taken from the nearest observation station. The distance between the experimental
site and the nearest station was around 1.1 km, and the conditions of the station were similar to those
of the experiment site. Since distance remained between the observation stations and the experimental
site, the correlation coeﬃcient between the station observation and site data inevitably decreased,
although some studies have shown that it is feasible to use data from nearby observation stations
in this kind of research. Considering the analysis results above, the inﬂuence of wind may cause a
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signiﬁcant diﬀerence in the air temperature from the east and west sides of the canopies. However,
this diﬀerence was not quantiﬁed in the present measurements since only one side of the canopy was
measured. Also, the absence of radiation data can also have an impact on the multi-linear ﬁting results
of the principle components. The R square value of the current result may be lower than the ﬁtting
result using principle components that consider radiation.
Due to the complexity of the urban environment, the results of this experiment may not be suitable
for all places that have a strong coastal breeze because the local wind environment is also greatly
aﬀected by the terrain and building layout. If there are large buildings present in the upwind direction,
the contribution of the wind ﬁeld to the cooling of the local environment could be signiﬁcantly weakened,
so the role of the transpiration cooling of the plants in such scenarios is more critical. However,
the shading eﬀect produced by the possible appearance of buildings may also obfuscate the shading
eﬀect of plants. These scenarios also need to be investigated. The results of this experiment are only
suitable for occasions where the local wind environment is profoundly aﬀected by weather conditions.
5. Conclusions
The results of this study emphasize the importance of climatic conditions for the transpiration
cooling eﬀects of trees in urban overheating. We found that transpiration clearly contributes to
decreasing the temperature, even under strong coastal wind conditions. Therefore, in cities, where the
climate is dominated by the sea breeze, the side of the city that is far from the coastal line is less aﬀected
by the sea breeze, but transpiration still plays a critical role in the cooling of these areas. At the same
time, the experiment also showed that the patterns of sea breeze and sap often do not coincide and that
trees and the wind can complement each other in terms of urban overheating mitigation at diﬀerent
times of day. Hence, even in the areas near the coast, transpiration cooling could still be useful.
Furthermore, for cities in the desert, the situation may be opposite to the situation in this article.
Dry and hot desert wind can bring heat to the city. However, the desert wind will also increase the
VPD of the local space, thus amplifying the transpiration rate. Therefore, in such cities, the mitigation
potential of trees planted in well-ventilated areas can be maximized. The canopy barrier can reduce
the invasion of the desert wind into the city and further enhance the value of the trees in alleviating
urban overheating. At the same time, it should be noted that suﬃcient irrigation of trees in these areas
may be a precondition for eﬀective mitigation.
At the same time, the measurement results and analysis of the vertical temperature distribution
emphasize the inﬂuence of the microenvironment on the cooling eﬀect of the trees. In a highly built
urban environment, the warming eﬀect of surfaces, such as concrete sidewalks or asphalt roads, is
considerable at noon in the summer, and the warm air ﬂow near the ground surface can be substantial.
If the canopies of the trees are not large and dense enough, the warming eﬀects of the surroundings
can easily conceal the shading and transpiration cooling eﬀects of the trees, leading to a decreased
cooling eﬀect. Therefore, in urban landscape design, to achieve eﬀective vegetation cooling in a highly
built environment, trees with a high LAI and a large canopy projection area must be selected.
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Abstract: We have examined the heat and cold-related mortality risk subject to cold and heat extremes
by using a generalized additive model (GAM) regression technique to quantify the eﬀect of the
stimulus of mortality in the presence of covariate data for 2007–2014 in Nicosia, Cyprus. The use of the
GAM technique with multiple linear regression allowed for the continuous covariates of temperature
and diurnal temperature range (DTR) to be modeled as smooth functions and the lag period was
considered to relate mortality to lagged values of temperature. Our ﬁndings indicate that the previous
three days’ temperatures were strongly predictive of mortality. The mortality risk decreased as the
minimum temperature (Tmin ) increased from the coldest days to a certain threshold temperature
about 20–21◦ C (diﬀerent for each age group and gender), above which the mortality risk increased
as Tmin increased. The investigated ﬁxed factors analysis showed an insigniﬁcant association of
gender-mortality, whereas the age-mortality association showed that the population over 80 was more
vulnerable to temperature variations. It was recommended that the minimum mortality temperature
is calculated using the minimum daily temperatures because it has a stronger correlation to the
probability for risk of mortality. It is still undetermined as to what degree a change in existing climatic
conditions will increase the environmental stress to humans as the population is acclimatized to
diﬀerent climates with diﬀerent threshold temperatures and minimum mortality temperatures.
Keywords: heatwave; diurnal temperature range; time-series; relative risk; health

1. Introduction
The relationship between hot and cold temperatures and mortality from respiratory and
cardiovascular causes is well established. Governments and scientists are concerned with the increased
frequency of temperature extremes as they are associated with increased morbidity and mortality [1,2].
Exploration of time series data in diﬀerent countries has revealed a diﬀerent temperature threshold of
their population [3], necessitating diﬀerent adaptation measures for the avoidance of the climate-change
impact and to increase the countries’ capacity to function at a forthcoming temperature [4–8]. It is of
utmost importance for the threshold temperature to be determined per country or prevalent climate as
there is a gap in the identiﬁcation of the correct course of adaptation.
Mortality risk with respect to temperature has been assessed by scientists in northeastern
Europe [9–12], the USA [13,14], and China [4] by considering ﬁxed variables such as gender and age,
resulting in contrasting ﬁndings of the threshold temperature and minimum mortality temperature
(MMT). MMT is deﬁned as the temperature at which there is the lowest risk of mortality according
to a probability risk assessment. The question of whether ﬁxed factors are aﬀecting the MMT has to
be addressed carefully in the eastern Mediterranean region because of the limited number of studies
showing high MMT; 29–32 ◦ C [15]. Generally, MMT has been found to be lower for populations
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living in colder climates and higher for populations living in warmer climates [11,14,16] with the
temperature–mortality relationship described as a J-, V-, or U-shaped curve.
People acclimatize to new temperatures at varying rates and to a certain extent based on
physiological parameters such as age, gender, and other prevalent health conditions. The environmental
stress even within a day may be a factor of increased cardiovascular and respiratory mortality. Moreover,
the eﬀect of exposure to extreme cold or heat conditions is not limited to the speciﬁc day, but may be
delayed in time [2,14,17]. The diurnal temperature range (DTR) is deﬁned as the diﬀerence between
the daily minimum and maximum temperatures, with some studies correlating a high DTR with an
increase of mortality risk [17].
To ﬁll the above research gaps, we addressed the issue of temperature-related mortality via the
use of the generalized additive model (GAM) regression technique. Using the GAM, we investigated
the eﬀect of same day temperatures and the weighted average temperature of the preceding three
on mortality rates. The use of the GAM model to examine the short-term mortality relationship to
regional minimum temperatures, maximum temperatures, and DTR variations revealed that MMT
should be calculated using daily minimum temperature values.
2. Methods
2.1. Study Area and Datasets
Hourly weather data (temperature [◦ C]) and daily mortality data for 2007 to 2014 inclusive were
collected for two meteorological stations [18] in the urban (35.17◦ N, 33.36◦ E) and rural (35.05◦ N, 33.54◦ E)
areas of Nicosia, Cyprus. Nicosia is the capital of the island of Cyprus, located in the eastern basin of
the Mediterranean Sea with a hot summer Mediterranean climate and hot semi-arid climate (in the
northeastern part of island), according to the Köppen climate classiﬁcation signs Csa (Mediterranean
hot summer climates) and BSh (Hot semi-arid climates) [19], with warm to hot dry summers and
wet winters.
The daily mortality counts were gathered only for circulatory and respiratory causes of death
and included ischemic heart diseases (I20–I25), cerebrovascular diseases (I60–I69), other heart
diseases (I30–I51), other circulatory diseases (I00–I15, I26–I28, I70–I99), inﬂuenza (J00–J99), pneumonia
(J12–J18), chronic lower respiratory diseases (J40–J47), and other respiratory causes (J00–J06, J20–J39,
J60–J99), according to the ICD-10-CM (International Classiﬁcation of Diseases, Tenth Revision, Clinical
Modiﬁcation). The daily mortality data were provided by the Health Monitoring Unit of the Ministry
of Health of Cyprus.
2.2. Log-Linear Regression of Mortality–Temperature Relation
The log mortality based on temperature was assumed to be smooth, but not necessarily linear
and a generalized additive model (GAM) was used. This GAM oﬀered a high quality of prediction of
the dependent variable (log mortality rate) from the various distributions by estimating unspeciﬁc
(non-parametric) functions of the predictor variables xj, which were connected to the dependent
variable (mortality rate) via a link function.
As the death on a given day is not only a function of the same-day exposure to temperature
but is also aﬀected by exposure during a certain lag period, we also used the weighted average
temperature of the preceding three days prior to the death. The lag period was determined using the
cross correlation function (CCF) in RStudio software. Cross-correlation analysis showed the similarity
of two series as a function of the displacement of one relative to the other. Figure 1 shows the cross
correlation of mortality rate with minimum daily temperature for a cold period (months NDJFMA)
and a hot period (months MJJASO). Similar analysis was also done for the mean and the maximum
daily temperatures. The mortality rate decreased with increasing temperature during the cold period
(Figure 1a) with a lag period of four days (that is, the highest peak of mortality four days after the
coldest temperature), whereas the mortality rate reached a peak on the same day (no lag period) as
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the maximum temperature (Figure 1b). The lag period of cross correlation function (CCF analysis)
that had an eﬀect on mortality rate was four days during the cold period and 0 days during the hot
period. In an individual, the lag period should not be regarded as a well-deﬁned interval as it may vary
according to the magnitude of the temperature and individual characteristics such as acclimatization
habits to heat, genetic background, and income.

Figure 1. Cross correlation for (a) minimum daily temperature (x) and mortality (y) for months
November to April; (b) Minimum daily temperature (x) and mortality (y) for months May to October).
Dotted blue horizontal lines show the 95% signiﬁcance limits.

To address the lagged dependence of mortality on temperature, the same-day maximum (Tmax )
and minimum (Tmin ) temperatures, the same-day diurnal temperature range (DTR), and the average
temperature of the preceding three days (Tmax [–3] and Tmin [–3], respectively) and weighted average
DTR of the preceding three days (DTR[–3]) were used in order to closer examine the lag period of four
days found during the cold period. Diurnal temperature range is the temperature diﬀerence of the
daily maximum value and the daily minimum value [20].
The advantage of GAM was to limit the error in the prediction of the dependent variable—mortality
rate—by deﬁning the model in terms of smooth function. In the GAM, the degree of smoothness of the
estimated mortality–temperature relative risk curve is controlled by its number of degrees of freedom
(df). Many degrees of freedom were preferred to allow highly nonlinear shapes.
Relative risk of Mortality = β + f1 (x1 ) + f2 (x2 ) + . . . + fm (xm )
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The functions fj may have a parametric or non-parametric form. xj represents the temperature term,
which could be Tmin , Tmax , Tmax [–3], Tmin [–3], DTR or DTR[–3], as explained above. The relative risk
of mortality was calculated using the gam function of the mgcv package in RStudio software [21]. The
limitation of this short-term temperature analysis was that longer-term population characteristics were
not considered such as health behaviors (smoking, drinking), comorbidities (hypertension, diabetes,
cancer, etc.), medications, and access to health care.
3. Results
Temperature–Mortality Relative Risk Analysis
Figure 2 shows the temperature–mortality relative risk function estimated for Nicosia using
GAM analysis. We examined six temperature parameters: the maximum daily temperature (Tmax ),
the weighted average of the maximum daily temperatures of the preceding three days (Tmax [–3]),
the minimum daily temperature (Tmin ), the weighted average of the minimum daily temperatures of
the preceding three days (Tmin [–3]), the diurnal temperature range (DTR) of the day, and the weighted
average of the DTR of the preceding three days (DTR[–3]). A smooth function of time with 50 df
over the investigated years was used for the model. Similar ﬁndings were also found for smaller and
larger df.

Figure 2. Temperature–mortality relative risk functions for Nicosia, Cyprus, 2004–2014. Tmax , Tmax [–3],
Tmin , Tmin [–3], DTR, and DTR[–3] are shown in (a–f), respectively.

The relationship between maximum daily temperature and probability risk of mortality seems
linear, with a steeper slope when the average of the preceding three days’ maximum temperature is
considered. The analysis of the minimum daily temperature with respect to the mortality’s probability
risk (Figure 2c,d) showed a U shape for same-day relationship and an inverse J shape when Tmin [–3]
was used. That is, mortality risk decreased as the minimum temperature increased from the coldest
temperatures and began to rise as the temperature increased from a certain threshold temperature
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(approximately 22 ◦ C). The applied model oﬀers ﬂexibility and agrees with Curriero et al. [14] as the
population in a warm region (such as Nicosia) tends to be more vulnerable to cold rather than those
residing in cold climates who are most sensitive to heat.
The analysis of DTR (Figure 2d,f) showed no signiﬁcant results (mortality relative risk close to
zero), insinuating that the human body could adapt to any DTR within the same day. These results
thus need to be interpreted with attention, as previous studies have reported noteworthy ﬁndings
of DTR with the probability risk of mortality, therefore a more focused analysis sub-grouped by age
could elaborate on better assumptions.
Further analysis focused on the Tmin of the current day and the weighted average of the preceding
three days (Tmin [–3]) by subgrouping the risk by gender and age groups. The variables gender
and age were related using GAM with these minimum temperatures and the results are shown in
Figure 3a,b. According to Figure 3a,b, cold temperatures impose a greater risk than hot temperatures,
but other factors such as respiratory epidemics, usually present in winter, made unclear the exact role
of temperatures on increased mortality.

Figure 3. Mortality relative risk functions for Nicosia, Cyprus, 2007–2014 with (a) minimum temperature
of the same day (Tmin ), (b) Weighted average minimum temperature of the preceding three days
(Tmin [–3]).

On the other hand, high minimum temperatures and heatwaves were also associated with
increased mortality. Heat waves have gained more attention due to the urban warming attributed to
greenhouse gases and other anthropogenic sources. Other studies have shown that diﬀerent cities have
diﬀerent sensitivities to extremes in temperature and that the latitude and local climate are factors to
consider [14,22]. Air conditioning and human behavior can substantially modify the adverse eﬀects of
high temperatures, but even in the hot city of Nicosia, where people are more accustomed to higher
temperatures and use air conditioning frequently, the eﬀect of heat on health showed increasing deaths
during heat waves. Thus, adaptation should be readdressed and governments should aim for adequate
people awareness.
Figure 4 shows the relative risk of mortality for the DTR of the same day and the weighted average
DTR of the preceding three days. Kan et al. (2007) hypothesized that large diurnal temperature change
might be a source of additional environmental stress, leading to a greater risk factor for death [17].
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In contrast, our results showed a greater risk at DTR in the range of 6–8 ◦ C, and smaller risk at
larger DTRs. Men and women aged 50–64 (magenta lines) were not aﬀected by the variations in DTR
throughout the day or the preceding three days. Men 65 years and over had a greater relative risk for
DTR smaller than 5 ◦ C, whereas for larger DTR, there was a negative relative risk, showing that large
DTR did not impose a risk factor for death in Nicosia. Overall, we found that DTR was independently
associated with daily mortality in Nicosia and that ﬂuctuations in DTR appeared to mostly aﬀect people
over 80, probably because they have reduced ability to regulate body temperatures, thus making them
marginally more vulnerable.

Figure 4. Mortality relative risk functions for Nicosia, Cyprus, 2007-2014 with (a) DTR of the same day,
(b) Weighted average DTR of the preceding three days (DTR[–3]).

4. Discussion
The mortality risk by respiratory and circulatory causes for diﬀerent age groups and per gender
in relation to temperature has been examined. We employed two regression techniques to evaluate the
impact of ﬁxed and time-dependent factors on the vulnerability to temperature–mortality associations
for 6882 deaths resulting from cardiovascular and respiratory causes between the years 2007 and
2014, in Nicosia, Cyprus. To model the relationship between temperature and mortality, we used the
generalized additive model (GAM) to assess the interaction between a variable and the observation
time and to interpret quantitative results. The GAM model revealed signiﬁcantly increased mortality on
hot (no lag period) and cold days (with a lag of 3–4 days), agreeing with a similar study in Estonia [4,9].
The adverse eﬀects of heat on health are usually more direct with increased mortality on the same day or
a couple of days after a heatwave [2,10]. As proposed by Curriero et al. [14], adaptation of populations
to their local climate is evident by the increased health risk in relation to cold temperatures in warmer
climates and on the contrary in relation to high temperature in colder climates. In warmer climates such
as Nicosia, the people are more acclimatized to high temperature conditions and therefore, a steeper
increase of the relative risk of mortality in colder conditions was observed.
The most important result to emerge from the analysis is that in the investigated area, the threshold
temperature was about 21 ◦ C, supporting the assumption that people in the area are more acclimatized to
higher temperatures. MMT has been calculated in over 400 locations using the mean daily temperatures
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showing values of 29–32 ◦ C in the eastern Mediterranean region and over 23 ◦ C in the rest of the
Mediterranean [15]. The probability risk of mortality using GAM revealed a stronger relation with
the minimum daily temperature, so future studies should focus on the investigation of MMT using
daily minimum temperatures. A similar GAM analysis in Shanghai [17] found smaller relative risk for
elderly people with values of 0.3, therefore in Nicosia, where the population is more accustomed to
higher temperatures, they are more vulnerable to lower temperatures with relative risk up to 0.5.
Our cross-correlation results agreed with previous studies where the eﬀects of heat on mortality
rate shortly after temperatures start to increase, whereas the eﬀects of cold may take longer to emerge,
and, depending on the latitude and the local climate, these periods may vary [2,9,23]. The results are
in complete agreement with previous studies [24], ﬁnding no diﬀerence in heat-mortality risk between
men and women, and weak evidence of a higher association of cold-mortality risk for men. The results
are also in line with a study in Nicosia and a study in Stockholm [11], which found a diﬀerence in heat
wave duration eﬀects by age groups [2], while the increasing susceptibility to cold temperatures in the
elderly has not been shown before.
This study has not conﬁrmed previous research on DTR. In fact, in contrast with what was
previously thought, we found that DTR does not have a noteworthy eﬀect on mortality risk. This serves
to allow for more focused research on environmental stress factors and whether prolonged duration of
extreme heat or cold conditions is more important than within day variations of temperature.
A limitation of this study is the poor correlation of indoor and outdoor temperatures due to
a number of modifying factors such as air conditioning, ventilation, and clothing. Time indoors
aﬀects the individual’s exposure as well as workplace conditions and other comorbidities. Another
limitation is that we did not adjust the analysis for micro-level socio-economic or demographic
variables or other comorbidities that could have a potential confounding or modifying eﬀect on the
mortality–temperature relationship.
5. Conclusions
The main concern of the paper was to examine the mortality risk in relation to high or low
temperatures of diﬀerent age groups and compare them between the two genders. Mortality risk has
only been evaluated for respiratory and circulatory causes. Particular attention is paid to elderly people,
over 65 years old, as the results have shown a great vulnerability to ambient air temperature. We have
addressed not only minimum and maximum daily temperatures, but also the diurnal temperature
range (DTR) in order to examine the sensitivity for within the same day air temperature variations.
The originality of our approach lies in the fact that we have combined the cross correlation analysis
to identify the eﬀect of the preceding days’ temperature with the generalized additive model (GAM)
regression technique. From the research that has been performed, it is possible to conclude that there
was increased mortality on extremely hot and cold days. The eﬀects of the heat had no lag period,
whereas cold eﬀects had a lag eﬀect of 3–4 days. The existence of these responses implies that in
warmer climates, people are more acclimatized to high temperatures, and therefore a higher mortality
risk was observed at colder temperatures with a lag of three days.
The approach used in this paper is applicable to several environmental areas such as air quality
analysis where the results may be subjective to a delay period and may slowly diminish human health
and well-being. The results of this study should alert organizations and governments on the possible
impacts of climate change on public health by not considering adaptation. The identiﬁcation of a
threshold temperature per latitude and local climate will assist in the evaluation of the adaptation
capacity of a speciﬁc population. This threshold temperature, according to our results, should
be calculated using the daily minimum temperature. Nevertheless, even if humans become fully
acclimatized to high temperatures, their health may still be negatively aﬀected as a result of the poorer
air quality associated with extremely high temperatures [2,25].
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On the basis of the promising ﬁndings presented in this paper, work on the remaining issues is
continuing to examine whether socio-economic or demographic variables or other comorbidities could
have a potential confounding or modifying eﬀect on the mortality–temperature relationship.
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Abstract: The increasing intensity, duration, and frequency of heat waves due to human-caused
climate change puts historically underserved populations in a heightened state of precarity, as studies
observe that vulnerable communities—especially those within urban areas in the United States—are
disproportionately exposed to extreme heat. Lacking, however, are insights into fundamental
questions about the role of historical housing policies in cauterizing current exposure to climate
inequities like intra-urban heat. Here, we explore the relationship between “redlining”, or the
historical practice of refusing home loans or insurance to whole neighborhoods based on a racially
motivated perception of safety for investment, with present-day summertime intra-urban land surface
temperature anomalies. Through a spatial analysis of 108 urban areas in the United States, we ask two
questions: (1) how do historically redlined neighborhoods relate to current patterns of intra-urban
heat? and (2) do these patterns vary by US Census Bureau region? Our results reveal that 94% of
studied areas display consistent city-scale patterns of elevated land surface temperatures in formerly
redlined areas relative to their non-redlined neighbors by as much as 7 ◦ C. Regionally, Southeast
and Western cities display the greatest diﬀerences while Midwest cities display the least. Nationally,
land surface temperatures in redlined areas are approximately 2.6 ◦ C warmer than in non-redlined
areas. While these trends are partly attributable to the relative preponderance of impervious land
cover to tree canopy in these areas, which we also examine, other factors may also be driving these
diﬀerences. This study reveals that historical housing policies may, in fact, be directly responsible for
disproportionate exposure to current heat events.
Keywords: urban heat islands; environmental justice; climate change; redlining

1. Introduction
No other category of hazardous weather event in the United States has caused more fatalities
over the last few decades than extreme heat [1]. In fact, extreme heat is the leading cause of
summertime morbidity and has speciﬁc impacts on those communities with pre-existing health
conditions (e.g., chronic obstructive pulmonary disease, asthma, cardiovascular disease, etc.), limited
access to resources, and the elderly [2–4]. Excess heat limits the human body’s ability to regulate
its internal temperature, which can result in increased cases of heat cramps, heat exhaustion, and
heatstroke and may exacerbate other nervous system, respiratory, cardiovascular, genitourinary, and
diabetes-related conditions [5]. As heat extremes in urban areas become more common, longer in
duration, and more intense across the US and globe [6,7] due to unmitigated human emissions of
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heat-trapping gases from fossil fuels [8] as well as urban expansion [9], the number of deaths and
attendant illnesses are expected to increase around the US [10].
Urban landscapes amplify extreme heat due to the imbalance of low-slung built surfaces to natural,
non-human manufactured landscapes [11,12]. This urban heat island eﬀect can cause temperatures
to vary as much as 10 ◦ C within a single urban area [13], even without comparison to a “traditional”
rural baseline for assessing UHI. Others, including Li et al. (2017), found that the density of total
impervious surface area (ISA) is a major predictor for land surface temperatures, or the “surface urban
heat island” studied here [14]; yet others describe the apparent cooling eﬀects of urban green spaces.
In general, greenspace, trees, or water bodies within a city have been correlated with cooler land
surface temperatures (LST), and more greenspace or water is related to lower urban LST at the location
of that greenspace [15–18]. Hamstead et al. (2016) studied the role of landscape composition on surface
temperatures by dividing New York City into 22 classes at 3-m resolution and identifying the speciﬁc
ranges of land surface temperature represented within each class [19]. The authors conclude that urban
areas contain discernable “classes” of form—the integration of land use and land cover—and that
those sets have “distinct temperature signatures”.
Emerging research suggests that many of the hottest urban areas also tend to be inhabited
by resource-limited residents and communities of color [20,21], underscoring the emerging lens of
environmental justice as it relates to urban climate change and adaptation. In one study, Voelkel and
others (2018) found that residents living in neighborhoods with higher racial diversity, extreme poverty,
and lower levels of formal education were statistically more likely to be exposed to greater heat—the
neighborhood heat eﬀect [21]. Still other studies have found that those with the least access to resources,
more advanced in age, and people with pre-existing face some of the greatest burden [22]. While the
evidence about the distributional implications of heat waves mounts, we still do not have a clear uniting
principle to explain consistent patterns between an emerging challenge like intra-urban heat and
observable records of excess mortality and morbidity among underserved populations. If heat varies
across urban environments, then why are communities of color and resource-limited communities
living in the hottest areas? Could a plausible explanation be the presence of past urban planning
programs and housing policies that have heightened disproportionate exposure to intra-urban heat in
US cities?
The present study further examines the relationship between present-day spatial patterns of
inequitable exposure to intra-urban heat and historical housing policies, which were applied to many
US cities in the early 20th century. We speciﬁcally examine maps generated by the Home Owners’ Loan
Corporation’s (HOLC) practice of “redlining” [23,24] in the 1930s. As part of a national program to lift
the US out of a recession, HOLC reﬁnanced mortgages at low interest rates to prevent foreclosures, and
in the process created color-coded residential maps of 239 individual US cities with populations over
40,000. HOLC maps distinguished neighborhoods that were considered “best” and “hazardous” for
real estate investments (largely based on racial makeup), the latter of which was outlined in red, leading
to the term “redlining.” These “Residential Security” maps reﬂect one of four categories ranging from
“Best” (A, outlined in green), “Still Desirable” (B, outlined in blue), “Deﬁnitely Declining” (C, outlined
in yellow), to “Hazardous” (D, outlined in red), relating directly to subsequent access to mortgage
lending and at least partially to the racial makeup of that neighborhood.
Though redlining was banned in the US as part of the Fair Housing Act of 1968, a majority of
those areas deemed “hazardous” (and subsequently “redlined”) remain dominantly low-to-moderate
income and communities of color, while those deemed “desirable” remain predominantly white with
above-average incomes [24]. Those living in redlined areas experienced reduced credit access and
subsequent disinvestment, leading to increased segregation and lower home ownership, value, and
personal credit scores, even when compared to those similar-sized US cities that did not receive a HOLC
map [23]. Increasingly evident is the legacy of these historic policies in racial disparities in health
care, access to healthy food, incarceration, resources allotted for schools, and public infrastructure
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investment such as the privileging of the suburban highway system at the expense of the city’s public
transportation [25].
Similarly, as areas that received severely limited real estate investment over time, we might
expect those areas to have fewer environmental amenities that help to clean and cool the air, including
urban tree canopy [26]. Recent studies describe the increased likelihood that those who are poor and
communities of color are more likely living in areas with fewer trees and poorer air quality [27,28].
At the same time, the extent to which these policies may have resulted in environmental disparity as a
consequence of systematic disinvestment nationally largely remains an open question. We seek here
to assess if evidence of disproportionate environmental stressors (speciﬁcally anomalous urban land
surface temperatures) exists through the lens of these long-term housing policies, and if a national-scale
signal varies by region in the US.
By assessing HOLC maps from aggregated urban areas in the United States (Figure 1) in relation
to the relative anomaly of land surface temperature within and outside redlined areas, we ask two
questions: (1) do historical policies of redlining help to explain current patterns of exposure to
intra-urban heat in US cities? and (2) how do these patterns vary by geographic location of cities?
Our intent is not to explain why precisely these patterns exist; instead, we seek to describe their
relation through spatial analysis of historical redlining maps and present-day warm season intra-urban
land surface temperature anomalies. By examining these patterns, we aim to assess how current
patterns of intra-urban heat inequities may result from a combination of historical policies that may be
further exacerbated by present-day planning practices that fail to center communities that have been
historically underserved in adaptation and mitigation of these patterns.

Figure 1. Map of 108 US cities with HOLC Residential Security maps included in this study. These
areas may include several smaller-area HOLC maps that have been aggregated into a larger urban area
(Supplementary Materials I).

2. Materials and Methods
We use the University of Richmond’s Digital Scholarship Lab’s “Mapping Inequality” database
(Figure 2a, Richmond, VA, USA, [29]) to download each available city’s HOLC map shapeﬁle
individually (n = 239). To make analysis of Landsat-derived LST maps less computationally complex,
we then condense the 239 unique HOLC maps into a database of 108 US cities or urban areas that
overlap within Landsat 8 imagery tiles, and excluding any cities that were not mapped with at least
one of all four HOLC security rating categories (n = 4). In some cases, HOLC map shapeﬁle boundaries
needed to remove overlapping security rating boundaries, boundary crossings over bodies of water,
and to merge overlapping maps drawn in the same generalizable urban area and/or because they were
drawn during diﬀerent years (Supplementary Materials I).
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We assess patterns of intra-urban land surface temperatures in the 108 HOLC areas using
readily-accessible Landsat 8 satellite-derived northern hemisphere summertime (June–August) land
surface temperatures (LSTs) following accepted United States Geological Survey calculation protocol
(30 × 30 m resolution, TIRS Band 10, Normal Diﬀerence Vegetation Index [NDVI] emissivity corrected
LST, Figure 2b [20,30,31]. This LST method relies on transforming raw Landsat 8 TIRS Band 10 data
into top-of-atmosphere spectral radiance and then into at-sensor brightness temperatures. LST is
then calculated by correcting the at-sensor brightness temperatures by surface emissivity calculated
from the NDVI (derived from Bands 4 and 5 [30]). LST maps were only generated from imagery that
satisﬁed a threshold for less than 10 percent scene cloud coverage and had to have been collected in the
northern hemisphere summertime between 2014 and 2017. While these LST descriptions of intra-urban
heat are coarse in spatial resolution and not the most representative of human-level, experiential
air temperatures which are better resolved by dense networks of air temperature and humidity
monitors [13,32], LST maps such as these have been widely applied to questions of large-scale patterns
related to urban land use and heat-related public health outcomes for individual US cities [20,33].
We then use Zonal Statistics in ESRI’s ArcGIS Spatial Analyst toolbox to estimate the mean of the
derived Landsat 8 LSTs within each individual HOLC security rating polygon within a given urban
area (e.g., Figure 2b,c). We then estimate each individual HOLC security rating polygon’s land surface
temperature anomaly from the area-wide mean LST from all HOLC security rating polygons (referred
to as δLST, Equation (1)).
δLSTarea, polygon = LSTarea, polygon − LSTarea, all polygons

(1)

This δLST estimate gives us the ability to show relatively how much warmer or cooler a particular
HOLC security rating polygon is from the entire set of HOLC security rating polygons for a given
urban area, and then compare these anomalies between cities in a quantitative manner.
We also estimate average percent developed impervious surface land cover [34] and tree canopy
cover [35] within each HOLC polygon (Figure 2e,g) in each urban area as derived from the National
Land Cover Database (NLCD) 2011 [36]. NLCD tree canopy percent is a 30 m raster dataset covering
the coterminous United States, providing continuous percent tree canopy estimates derived from
multi-spectral Landsat imagery for each 30 m pixel. NLCD imperviousness reports the percentage
of urban developed surfaces that is impervious over every 30 m pixel in the coterminous United
States and beyond. These estimates of underlying land use and overlying tree canopy may not sum to
100 percent, as tree canopy can exist over all land use types within a HOLC polygon and not all land
use is necessarily impervious.
To compare δLST variations within and among HOLC security ratings between cities, we then
average the estimated δLST by HOLC security rating category within each city. This binning by HOLC
category yields how δLST varies between HOLC security ratings within each city. We then binned
the δLSTs for each city at the national scale (n = 108) and by US Census Bureau regions: Northeast
(n = 26), South (n = 29), Midwest (n = 41), and Western (n = 12). To estimate the signiﬁcance of mean
temperature diﬀerences between the HOLC security ratings by region and nationally, we apply a
post-hoc ANOVA multiple comparisons test known as Tukey’s Honest Signiﬁcant Diﬀerences (HSD)
Test. Tukey’s HSD test estimates diﬀerences among group sample means for statistical signiﬁcance.
This pairwise post-hoc ANOVA test determines the statistical signiﬁcance of diﬀerences between the
mean of all pairs of group means using a studentized range distribution.
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Figure 2. Demonstration of HOLC Security Grade δLST and land cover analysis for Richmond, VA
(grey outline). (a) HOLC Polygons for Richmond, VA [29] (see Introduction text for explanations of
HOLC security grade color designations), (b) LST map for Richmond, VA derived from Landsat 8
TIRS Band 10 imagery collected on 2 July 2016, and (c) Resulting δLSTs in HOLC polygons calculated
as the anomaly of an individual HOLC polygon to the city-wide HOLC polygon average LST (see
Equation (1)), (d) box–whisker plot of the δLSTs presented in (c) binned by HOLC security rating
(see Introduction text for explanations of designations), (e) percent tree canopy from NLCD 2011 [36]
averaged into HOLC polygons, (f) box–whisker plot of the δLSTs presented in (e) binned by HOLC
security rating, (g) percent developed impervious surface from NLCD 2011 [36] averaged into HOLC
polygons, (h) box–whisker plot of the average imperviousness presented in (g) binned by HOLC
security rating.

3. Results
Our LST maps were generated from Landsat 8 acquisitions that satisﬁed a < 10 percent scene
cloud coverage threshold collected from 3 June 2014 to 25 August 2017 (Supplementary Materials Table
S1). These mostly sunny days provide the best conditions for Landsat 8 to reliably capture a strong LST
pattern in urban areas [32]. Approximately 40 percent of the Landsat 8 imagery was collected during
the 2016 northern hemisphere summer, while ~10 percent of the imagery was collected during the 2014
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northern hemisphere summer. Regression tests reveal an insigniﬁcant relationship between the day
that the imagery was collected and the resulting δLST patterns (Supplementary Materials Table S1).
Our analysis reveals three major trends that help to address our research questions. First, LST
diﬀerences across the cities follow a non-uniform distribution of diﬀerences, suggesting that historical
redlining policies are reﬂected in present-day intra-urban heat diﬀerentially (Supplementary Materials
Table S1). Notable, intra-city δLST diﬀerences between areas given “D” and “A” HOLC security ratings
range between +7.1 ◦ C (Portland, OR) to −1.5 ◦ C (Joliet, IL, USA), with ~94% of urban areas included
in this study showing warmer present-day LSTs in their “D”-rated areas relative to their “A”-rated
areas (Supplementary Materials Table S1). While Portland (OR) and Denver (CO) had the greatest “D”
to “A” security rating diﬀerences within a city, the warmest δLST temperatures in formerly redlined
areas relative to the city-wide average LST were identiﬁed in Chattanooga (TN, 3.3 ◦ C) and Baltimore
(MD, 3.2 ◦ C). These cities were in contrast to formerly redlined areas that displayed, on average, cooler
surface temperatures than their non-redlined counterparts (e.g., Joliet, IL, USA and Lima, OH, USA), a
consistent pattern in several cities across the Midwest (Supplementary Materials Table S1). Patterns
of relatively pronounced or muted δLST are underscored by attendant patterns of land use type and
cover within the same HOLC security rating polygons, whereby the urban areas with the highest D-A
diﬀerence and largest δLST in D-rated polygons show considerable HOLC rating-speciﬁc trends in
average tree canopy and developed impervious surface percentages as compared to the Midwestern
cities that exhibit cooler-than-average δLST patterns in their D-rated areas (Supplementary Materials
Figure S1). The coolest δLST temperatures in areas assigned “A” HOLC security ratings relative to the
city-wide average LST were identiﬁed in Birmingham (AL, −4.7 ◦ C) and Roanoke (VA, −4.5 ◦ C).
Regional aggregation of the city-speciﬁc trends reveals that average δLST diﬀerences between
HOLC security rating categories exhibit a pattern of incremental warming relative to worsening HOLC
security rating (Figure 3b–e). However, the magnitude of the δLST diﬀerences varies considerably by
region, with the Midwest (n = 41) showing more muted δLST diﬀerences than the Southeast (n = 29)
and West (n = 12), respectively (Figure 3b–e). Honest Signiﬁcant Diﬀerence tests on urban areas at
the regional scale reveal that the greatest δLST diﬀerences exist between “A” and “D” HOLC security
rating areas across US regions, with “D”-rated areas progressively warmer than each subsequent rating
in the present day. These ampliﬁed diﬀerences in the West and Southeast, as well as the relatively
muted response in the Midwest (Figure 3b–e), are attended by similar diﬀerences in underlying percent
land use cover (Figure 4b–e), and especially apparent in the available tree canopy (Figure 5b–e) for the
areas assigned “A” HOLC security ratings.
A third trend that is consistent in a national-scale aggregation of δLSTs in these cities is the ﬁnding
that “D”-rated areas are now on average 2.6 ◦ C warmer than “A”-rated areas (Figure 3a). Each HOLC
security rating category warms systematically relative to the more favorable neighbor security rating
category (Figure 3a). Honest Signiﬁcant Diﬀerence tests reveal that areas given “D” HOLC security
ratings are signiﬁcantly warmer than all of the other HOLC security rating categories at the national
scale, in progressively larger magnitudes. These LST diﬀerences are underscored by similar, but
opposing, national-scale patterns in underlying land use and tree canopy within the same redlined
cities (Figures 4a and 5a), showing that areas assigned a “hazardous” HOLC security rating in US cities
exhibit quantitatively less coverage by tree canopy and more coverage by impervious surfaces in the
present decade [35,36].
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Figure 3. (a) National-scale Land Surface Temperature Anomalies by HOLC security rating (Green,
“Best,” A; Blue, “Still Desirable,” B; Yellow, “Deﬁnitely Declining,” C; Red, “Hazardous,” D) (b) same
as (a), but for the Midwest region; (c) same as (b), but for Northeast region; (d) same as (b), but for
West region; (e) same as (b), but for South region.
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Figure 4. (a) National-scale averages of underlying percent developed impervious surface [36] by
HOLC security rating (Green, “Best,” A; Blue, “Still Desirable,” B; Yellow, “Deﬁnitely Declining,” C;
Red, “Hazardous,” D), (b) same as (a), but for the Midwest region; (c) same as (b), but for Northeast
region; (d) same as (b), but for West region; (e) same as (b), but for South region.
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Figure 5. (a) National-scale averages of percent tree canopy [35,36] by HOLC security rating (Green,
“Best,” A; Blue, “Still Desirable,” B; Yellow, “Deﬁnitely Declining,” C; Red, “Hazardous,” D), (b) same
as (a), but for the Midwest region; (c) same as (b), but for Northeast region; (d) same as (b), but for
West region; (e) same as (b), but for South region.

4. Discussion and Conclusions
We sought to understand the extent to which historic policies of redlining help to explain current
patterns of intra-urban heat and the extent to which these patterns were consistent across US cities.
Questions about the increasing economic inequality in US society motivated our inquiry and suggest
several patterns related to historical federal housing policies and which communities experience the
hottest areas of a city in the present day. Most notably, the consistency of greater temperature in
formerly redlined areas across the vast majority (94%) of the cities included in this study indicates
that current maps of intra-urban heat echo the legacy of past planning policies. While earlier studies
document the lack of present-day services for and lower income of communities living in formerly
redlined areas, this analysis presents an argument for understanding how global climate change will
further exacerbate existing, historically-codiﬁed inequities in the US. We highlight three important
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dimensions of our ﬁndings—built environment, policies, and current inequities—as they relate to
implications of these results.
First, our ﬁndings corroborate earlier studies that describe consistent patterns between the lack of
tree canopy and historically underserved urban areas, at the national and regional scales (Figures 4
and 5). The prevalence of impervious surfaces as opposed to tree canopy points to the fact that
green spaces have been consistently more abundant in wealthier and majority White-identifying
neighborhoods [26]. At the same time, intra-urban heat is not only aﬀected by tree cover, since the use
of diﬀerent materials within varying urban typologies also ampliﬁes temperatures [19,37]. Two features
of the urban landscape—roadways and large building complexes—are well known to transform solar
radiation into heat. These landscape features absorb the energy-ﬁlled short-wave radiation coming
from the sun, and re-emit long-wave radiation during the diurnal heating-cooling process. As a
result, large roadways and building complexes gain heat during the day and, as the evening cools
ambient temperatures, the retained heat is released back into the neighborhoods, which is captured by
overhead satellite sensors. These evening temperatures are precisely the factors that can exacerbate
excess mortality and morbidity [38].
An earlier body of evidence from the regional studies and economics literature makes the
connection between federal programs that provided incentives for major roadway and building
construction projects and the fact that many of these occurred in the lowest income neighborhoods
of cities [39–41]. In fact, the 1950s were an important decade for the creation of major roadways
across the US, and many redlined neighborhoods were transformed and divided by road and highway
infrastructure projects [42]. These changes came at a time when intra-urban heat was not recognized
as a major public health hazard, and yet, given the well-known heat-absorbing capacity of asphalt and
concrete [43], the selection of these materials may underlie the diﬀerences revealed in these results.
Similarly, throughout the mid-1900s large building complexes, including housing complexes,
industries, and university campuses, often subsidized by the federal government, were also placed in
redlined areas, largely due to the inexpensive land, and current population of largely lower income and
communities of color [44]. From the 1940s through the 1970s, large buildings were made of high-density
materials, such as cinder block and brick, which retain heat, and maintain high temperatures through
the night [45,46]. Many of these buildings still stand, and the LST maps investigated here partially
describe the thermal signature of these buildings. Areas that were in non-redlined areas, often built
of other materials but also dispersed across a more natural, maintained landscape, which allows for
greater circulation of air [47,48] are hence the cooler neighborhoods registered by satellites.
Second, diﬀerences in implementing policies and landscapes may help to explain the variation
of temperatures across diﬀerent regions of the US. The cities of Portland (OR), Denver (CO), and
Minneapolis (MN), for example, notably reﬂect the largest diﬀerences between the formerly redlined
areas and their non-redlined counterparts (Supplementary Materials Table S1). We can speculate that
the redlined areas of all three cities are currently located in areas with extensive physical infrastructure,
including housing complexes, railway terminals, industrial or manufacturing sites, and/or adjacent
to major business centers. The presence of these current day land uses may suggest a relationship
between formerly inexpensive land and large-scale development. These results, when combined
with more pernicious modern-day policies that support development of high-asphalt and low tree
canopy areas such as massive shopping complexes that contain large surface parking lots, are further
strengthened. In Portland (OR), for example, decades of development code allowed for multifamily
complexes to cover 100% of the lot area with no provisions for greening. Only recently, and due to
extensive support from local researchers and community organizations did the city evaluate earlier
asphalt-driving policy to require 85% lot coverage and green spaces [49,50]. Such reversals of policy
are the forms of planning that can help to reverse decades of amplifying temperatures in areas that
have historically been underserved. Denver and Minneapolis are also making strides, though without
further understanding about the historic and present-day drivers that generate these asphalt-rich and
tree canopy-poor land uses on intra-urban heat, and local communities, progress will be slow.
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In addition, the coupling of landscape and historic designs of urban development in these cities
may also play a role in helping to explain diﬀerences across the country. Portland, like Minneapolis,
are in landscapes where tree canopy is relatively easy to sustain. Unlike arid and drought-prone areas,
where planting trees can require extensive maintenance, the warm, sunny summers and wet/snowy
winters of Portland, Minneapolis and other cities of the Northwest and Midwest, provide ideal
conditions for expanding an urban forest, which can, in turn, reduce surface temperatures of a
neighborhood. Tree planting eﬀorts often took place as part of urban development projects in the early
and mid-1900s, and were used as a way to mark special designations [42]. Similarly, metropolitan
areas that conform to the concentric zone model (for example, places like Chicago, Los Angeles, and
Philadelphia) tend to be larger and more densely populated metros, often with a higher degree of both
aﬄuence and inequality, a larger African American population, and a greater share of population in
the suburbs. In the remaining metropolitan areas, there is greater integration between the aﬄuent and
the poor [44]. In these places, such as Seattle (WA), Charleston (WV), and Birmingham (AL), the rich
are concentrated in the urban core, where redlining and tree planting eﬀorts coincide.
Finally, indicators of and/or higher intra-urban LSTs have been shown to correlate with higher
summertime energy use [51,52], and excess mortality and morbidity [20,53,54]. The fact that residents
living in formerly redlined areas may face higher ﬁnancial burdens due to higher energy and more
frequent health bills further exacerbates the long-term and historical inequities of present and future
climate change. As the results from earlier studies have documented income inequality between
formerly redlined areas another other parts of US cities, we recognize that hotter areas will amplify
these current inequities. Such historic income inequality leads to income segregation because higher
incomes, which are further supported by past and current housing policy, allow certain households
to sort themselves according to their preferences—and control local political processes that continue
exclusion [55]. Other explanatory factors of these patterns, though too many for the current study and
setting the stage for future studies, include disinvestment in urban areas, suburban investment and
land use patterns, and the practices generally of government and the underwriting industry [39,56].
To our knowledge, this is the ﬁrst study to link a historical federal housing policy to the creation
(or at least the exacerbation) of a climate stressor and potential variability in resident exposure to it.
While redlining most likely did not create the microenvironments that mediate LSTs relative to the rest
of the urban environment, our ﬁndings suggest a strong and signiﬁcant likelihood of the cauterization
of current day exposure to the hottest parts of a city. While patterns of who experiences the most
exposure to intra-urban heat may change as a result of (green) gentriﬁcation, which many formerly
redlined neighborhoods are undergoing (e.g., wealthier communities can aﬀord to green and change
the physical landscape, and, over time, cool the hottest areas of a city), we observe consistent patterns
that can be inferred as in part due to the creation of HOLC maps [23]. Future studies will need to
describe the mechanisms by with planning practices—past and present—are likely to amplify the
eﬀects of climate change on historically underserved communities and communities of color.
While a growing body of evidence describes the intra-urban variation of temperatures
due to characteristics of the built environment, few have asked why we observe a pattern of
historically-marginalized communities living in the hottest areas. Here we have presented results from
an analysis of 108 US cities that aimed to examine the role of historic “redlining” policies in mediating
exposure to intra-urban heat. We found that in nearly all cases, those neighborhoods located in formerly
redlined areas—that remain predominantly lower income and communities of color—are at present
hotter than their non-redlined counterparts. Although the extent of diﬀerences in temperatures varies
by region, the preponderance of evidence establishes that those experiencing the greatest exposure
to present and potentially future extreme heat are living in neighborhoods with the least social and
ecosystem services historically.
As more and more communities race to develop plans to react to and adapt to worsening
extreme heat and its attendant eﬀects on human health [57], a research agenda focused on developing
place-speciﬁc, heat-mitigating urban designs and interventions [58–61] will be critical toward not
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only alleviating heat disparity but ensuring that the urban forms and policies that gave rise to these
inequities in our past (like redlining) are recognized and altogether avoided. Furthermore, crafting
climate equity-centered policies that recognize decades of disproportionate exposure to environmental
stressors can help any new discoveries in urban design get implemented with focus and rapidity.
Supplementary Materials: The following are available online at http://www.mdpi.com/2225-1154/8/1/12/s1,
Figure S1: Comparison of urban areas of relatively large or small diﬀerences in LSTs between HOLC grades,
Table S1: Urban area-speciﬁc results from our LST analysis.
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Abstract: Drought and extreme temperatures forecasting is important for water management
and the prevention of health risks, especially in a period of observed climatic change. A large
precipitation deﬁcit together with increased evapotranspiration rates in the preceding days contribute
to exceptionally high temperature anomalies in the summer above the average local maximum
temperature for each month. Using a retrospective approach, this study investigated droughts
and extreme temperatures in the greater area of Nicosia, Cyprus and suggests a diﬀerent approach
in determining the lag period of summer temperature anomalies and precipitation. In addition,
dry conditions deﬁned with the use of the Standardized Precipitation-Evapotranspiration Index (SPEI)
were associated with positive temperature anomalies at a percentage up to 33.7%. The compound eﬀect
of precipitation levels and evapotranspiration rates of the preceding days for the period 1988–2017 to
summer temperature anomalies was demonstrated with signiﬁcantly statistical R squared values up
to 0.57. Furthermore, the cooling eﬀect of precipitation was higher and prolonged longer in rural and
suburban than urban areas, a fact that is directly related to the evaporation potential of the area in
concern. Our work demonstrates the compound eﬀect of precipitation levels and evapotranspiration
rates of the preceding days to summer temperature anomalies.
Keywords: Mediterranean; semi-arid; drought; standardized precipitation evapotranspiration index
(SPEI); climate warming; soil moisture

1. Introduction
Weather regimes drive climate change and inﬂuence temperature variation [1] and may persist
from a few days to a few weeks. Weather regimes in Cyprus depend on mid-latitude ﬂow dynamics,
yet they are regulated by several external factors, such as dry soils [2,3] and sea-surface temperature
anomalies [4,5] that subsequently aﬀect the development and the duration of heat waves. The feasibility
of prediction of extreme temperatures in the summer using numerical models largely rests on the
variability of soil moisture, sea surface temperature, and heat ﬂuxes [6]. Variations of surface
temperature after a precipitation event in the summer suggest that, due to the wet ground, more energy
is likely to go into evaporation at the expense of sensible heating [7,8]. Precipitation is also associated
with clouds blocking the sun and provides less energy by further reducing the temperature [7,9].
Hirschi et al. [10] divided the European domain into two sectors based on the soil moisture
variations: southeast Europe with transitional soil-moisture-limited evapotranspiration regime and
central European characterized by a wet soil-moisture regime (energy-limited evapotranspiration
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regime) [10]. A strong relationship between soil-moisture deﬁcit and summer hot extremes in southeast
Europe was noted. Droughts and heatwaves have been shown to intensify and propagate via
land–atmosphere feedbacks [3]. Fischer et al. [2] argued that a large precipitation deﬁcit together
with early vegetation green-up and strong positive radiative anomalies in the months preceding the
extreme summer event contributed to an early and rapid loss of soil moisture [2], resulting in low
latent cooling and increased temperatures. Soil moisture deﬁcits induce higher temperatures of about
5–6 ◦ C over the initially drier region [11]. Several studies have suggested that the variations of summer
climate are regulated by the soil moisture-atmosphere interactions [12–14], because soil moisture acts
as a storage component for precipitation and aﬀects plant transpiration and photosynthesis with
subsequent impacts on water, energy, and biogeochemical cycles [15]. Drivers of evapotranspiration
vary with climate regimes, particularly in the transitional Mediterranean climate where soil moisture
is limited. Regions may switch between energy-limited and soil moisture-limited evapotranspiration
regimes through the year due to land cover [15]. McHugh et al. [16] studied soil moisture in semi-arid
regions and showed that atmospheric moisture may signiﬁcantly contribute to variations in soil water
content. The study additionally showed that maximum respiration rates could arise in the early
morning [16] when soils are warm enough to stimulate microbial activity and carbon cycling, and they
still contain moisture trapped through water vapor adsorption [17]. In semi-arid climates, such as
Cyprus, depletion of soil moisture occurs in the early summer (May–June), but other sources of soil
moisture may be fog deposition, dew formation, and water vapor adsorption [17,18].
Liu et al. [19] articulated that soil moisture memory is approximately 2–3 months in mid-latitudes
and that dry initial soil moisture anomalies lead to a decrease of precipitation and an increase of
surface temperature in the subsequent months, resulting in an increase of droughts and hot and cold
extremes [19]. Several drought indices have been adopted that investigate droughts using precipitation
data or estimation of evaporative losses, which seriously alter the natural water availability [20].
In the case of limited precipitation, moisture stays only in the upper layers, whereas in abundance of
rainfall, moisture reaches the lower layers and recharges the bedrock fractures. Increased atmospheric
evaporative demand due to warming, solar radiation, humidity, and wind speed lead to further drying
of the areas where precipitation reduces, resulting in droughts [20] as the drying of the surface is
enhanced with water scarcity. Eliades et al. [21] studied the transpiration of Pinus bruita trees in
the mountainous area of Cyprus for the years 2015 to 2017 and evidenced that high levels of rain
and soil moisture in the preceding fall months can recharge the bedrock fractures, leading to higher
transpiration in the early summer [21]. However, this mechanism also depends on leaf area and rooting
depth. Enhancement of air moisture in the early summer may also be dependent on transpiration and
the vegetation type. Extremely high temperatures and extended drought also aﬀect the physiological
processes in plants by regulating the stomatal openings, increasing the rate of photorespiration in
leaves and irreversibly damaging leaves, leading to plant death [22].
Temperature anomalies are mostly aﬀected by external climatic conditions, such as precipitation
frequency, amount of precipitation, and synoptic weather conditions. The adaptation strategies should
therefore aim to modify the vulnerability component by changing the adaptive capacity of a region to
withstand extremely high or low temperatures. Vulnerability may change based on human capacity,
social and cultural habits, governance of a region, and physical and biological parameters [23]. However,
social vulnerability diﬀers for heatwaves and drought for people who live in poorly constructed homes,
older people, and those who work in hot conditions. Management options may accelerate adaptation
to climatic variability because the response of each area to environmental conditions at any moment in
time depends on the current state of the system and not on its past history of exposure to events.
In this study, the relationship between ambient air temperature anomalies in Cyprus and the
preceding deﬁcit in precipitation from the previous months was investigated via a retrospective
approach and a solid statistical methodology for the period 1988–2017 (inclusive). This study used
the cross-correlation analysis to determine the lag period of summer temperature anomalies and
precipitation. The role of land albedo with soil moisture is important, thus we compared the lag period
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of three diﬀerent areas under the same climatic conditions with contrasting land cover. Even though
the land albedo was not quantiﬁed, the diﬀerent characteristics of the urban and the rural layouts were
obvious through the satellite images and the noteworthy results of the analysis. Moreover, this study
examined the eﬀect of summer precipitation and related relative risk factors for higher temperatures
under drought conditions in each area; the analysis was comparatively applied in urban, suburban,
or rural areas in order to identify how the built environment aﬀects urban temperatures. Drought was
deﬁned with the use of the Standardized Precipitation-Evapotranspiration Index (SPEI) multi-scalar
drought index that represents both the supply and the demand sides of the surface moisture balances
by investigating the evapotranspiration rate of the preceding months for three nearby stations with
diﬀerent land-use in a semi-arid Mediterranean country. Results demonstrate the feasibility of the
development of an operational early warning system and adaptation measures in southern Europe
considering the vulnerability of the area to droughts.
2. Study Area and Datasets
Cyprus (Figure 1) is an island in the eastern basin of the Mediterranean Sea with an area of 9251 km2 .
Cyprus has a hot summer Mediterranean climate and a hot semi-arid climate (in the northeastern part
of island) according to Köppen climate classiﬁcation signs Csa (Mediterranean hot summer climates)
and BSh (Hot semi-arid climates) [24], with warm to hot dry summers and wet winters. The hot,
dry summer lasting from May to September is aﬀected by the low barometric centered in Southwest
Asia, which contributes to the persistence of high temperatures and low precipitation levels.
Three meteorological stations were investigated: an urban station (35.17◦ N, 33.36◦ E) in the city
center, a suburban station (35.15◦ N, 33.40◦ E), and a rural station (35.05◦ N, 33.54◦ E) at a distance of
21.3 km from the urban station (Figure 1). The urban, the suburban, and the rural stations are located
at altitudes 160, 162, and 175 m above mean sea level, respectively (Figure 2). The maximum height of
buildings is 24 m (six ﬂoors) at the urban area, 17 m (four ﬂoors) at the suburban area, and 8.3 m (two
ﬂoors) at the rural area [25].

Figure 1. Map with urban, suburban, and rural meteorological stations in Nicosia.
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Figure 2. Geophysical map showing the landscape surrounding the three investigated areas (urban,
suburban, rural).

The daily ambient air temperature (mean, maximum, and minimum) as well as the daily
accumulated precipitation were obtained from the Meteorological Service of Cyprus for the period
1988–2017 (inclusive) [26]. Only the months April to September were chosen from the continuous
dataset for further investigation. No outliers or missing data existed in the ﬁnal dataset, ensuring
normality and homogeneity of variance throughout the series. The mean ambient air temperatures for
the months May to September were 27.6 ◦ C, 27.1 ◦ C, and 26.7 ◦ C for the urban, the suburban, and the
rural areas, respectively.
3. Methodology
3.1. Ambient Air Temperatures and Total Precipitation in the Urban, Suburban and Rural Areas
For the investigated years (1988–2017), a linear trend analysis was used to estimate the statistical
signiﬁcance of the slope (b) of trend lines and reveal speciﬁc patterns of the local climate of the
monthly values of temperatures and precipitation for months April to September for the three stations.
The t-test analysis was used to allow for comparisons with other studies that investigate increasing and
decreasing trends of temperature, precipitation, and climatic abnormalities [27–30]. According to the
t-test analysis (Table 1) for the regression lines, the maximum air temperatures showed a steady proﬁle
throughout the years (values less than 2.048 for α = 0.05 and 28d.f), but the minimum and the mean
temperatures showed a statistically increasing trend (values over than 2.048 for a = 0.05 and 28d.f).
Table 1. t-test (tb values) for testing the signiﬁcance of the slope of trend lines.

Tmax (◦ C)
Tmin (◦ C)
Tmean (◦ C)
Total precipitation (mm)

Urban

Suburban

Rural

0.745
5.576
3.006
−1.712

1.344
8.813
5.134
1.158

1.452
8.284
4.428
0.112

The following table (Table 2) presents mean monthly maximum, minimum, and mean air
temperatures and the total monthly precipitation for the three investigated areas (urban, suburban,
and rural) for months May to September. The highest average monthly temperatures developed in
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July, followed by August for all areas. Precipitation was the lowest in August with values close to zero.
Moreover, the histograms (Figure 3a–i) show the distribution of these reference values.

Figure 3. Histograms of summer daily measurements of Tmax (a–c), Tmin (d–f), and Tmean (g–i) for
urban, suburban, and rural stations.

Figure 3 shows the percentage distribution of daily mean, maximum, and minimum temperatures
for the three investigated areas. According to the percentage values of Figure 3, the maximum daily
values of months May until September were observed at the urban and the suburban stations with
values of 36–38 ◦ C appearing more frequently (highest percentage), whereas at the rural station,
values of 34–36 ◦ C appeared more frequently (Figure 3). The minimum daily temperatures appeared
slightly increased at the urban station with values between 22–24 ◦ C, whereas at the other two stations,
they were lower and fairly equal (Table 2) with values 20–22 ◦ C (Figure 3). The mean daily temperatures
of May until September ranged mainly between 28–30 ◦ C for all stations, but a closer investigation
showed a steady decrease of 0.5 ◦ C during the thirty investigated years.
The mean monthly total precipitation was usually lower at the urban station during the months May,
June, and September, whereas for the months July and August, due to the extremely low precipitation
levels (Table 2), a signiﬁcant variation between the three stations could not be corroborated.
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Table 2. Average monthly maximum (Tmax), minimum (Tmin), and mean (Tmean) air temperatures
(and daily absolute maximum and minimum ambient air temperatures) and total precipitation using
data from years 1988–2017 for urban, suburban, and rural stations.
May

June

July

August

September

Tmax (◦ C)

Urban
Suburban
Rural

29.9 [17.5–41.1]
29.5 [18.1–41.5]
29.1 [18.0–41.0]

34.4 [17.7–44.9]
34.2 [23.7–45.4]
33.4 [23.3–42.5]

37.4 [25.4–44.8]
37.2 [29.7–43.6]
36.2 [29.7–44.5]

37.2 [27.9–44.5]
37.1 [30.2–46.2]
36.1 [30.0–43.0]

33.6 [23.9–41.9]
33.5 [24.4–41.1]
33.0 [25–42.2]

Tmin (◦ C)

Urban
Suburban
Rural

16.2 [9.2–23.2]
15.3 [7.4–23.7]
15.2 [6.8–24.4]

20.5 [12.3–29.1]
19.8 [10.2–28.7]
19.5 [12.0–29.5]

23.5 [17.0–29.4]
22.6 [15.5–30.2]
22.5 [16.0–29.8]

23.4 [18.8–29.7]
22.6 [16.3–30.1]
22.6 [16.5–29.1]

20.2 [13.8–27.0]
19.4 [13.0–26.9]
19.6 [13.1–27.4]

Tmean (◦ C)

Urban
Suburban
Rural

23.0 [14.5–31.0]
22.4 [14.3–31.0]
22.1 [14.3–32.0]

27.5 [16.6–35.6]
27.0 [17.0–35.7]
26.4 [19.0–35.8]

30.4 [24.1–36.1]
29.9 [23.0–36.3]
29.4 [23.5–36.6]

30.3 [24.5–36.2]
29.8 [24.4–38.2]
29.3 [24.8–35.9]

26.9 [19.8–34.0]
26.4 [19.5–33.6]
26.3 [19.6–34.8]

Total Precipitation (mm)

Urban
Suburban
Rural

18.9
24.8
26.8

7.0
13.8
14.0

3.7
4.6
2.7

2.4
1.6
1.4

4.5
11.5
10.1

3.2. Temperature Anomalies
The term temperature anomaly (Tanomaly) means a deviation from a long-term average, with
positive/negative Tanomaly values indicating that the observed temperature was warmer/cooler than
the reference value. Reference values were computed on local scales over a deﬁned time period,
establishing a baseline from which the anomalies were calculated. This resulted in normalization of
the data in order for them to be compared and combined to a more accurate temperature pattern with
respect to normal climatic values of a speciﬁc region. The average maximum temperatures of each
month (Tmax of Table 2) were considered as the baseline values from which anomalies were calculated
and were used for the calculation of temperature anomalies.
3.3. Standardized Precipitation and Evapotranspiration Index (SPEI)
Droughts are identiﬁed by their eﬀect at diﬀerent levels, such as duration, intensity, magnitude,
spatial extent, and onset, but there is not a physical variable to quantify them. Over the years, several
drought indices have been developed with the most wide usage of the Palmer Drought Severity Index
(PDSI) [31,32] and the Standardized Precipitation Index (SPI) [33,34]. PDSI is based on a simpliﬁed
water balance equation that incorporates prior precipitation, moisture supply, runoﬀ, and evaporation
demand at the surface level [32], whereas SPI is based on precipitation anomalies and has the advantage
of analyzing diﬀerent temporal scales [33].
In this study, we utilized the Standardized Precipitation and Evapotranspiration Index (SPEI),
which is a commonly used index that combines the sensitivity of PDSI with changes in evaporation
demand and the multi-temporal nature of the SPI [35]. Several studies showed that SPEI more
accurately captures the impacts of droughts on hydrological, agricultural, and ecological variables
compared to SPI or PDSI. The SPEI allows comparison of drought severity through time and space
since it can be calculated over a wide range of climates and is statistically robust with clear and
comprehensible calculation procedure [35–37].
The following table (Table 3) shows the categorization of the area according to SPEI values.
The SPEI allows the comparison of drought severity through time and intensity and can identify the
onset and the end of drought episodes. For the calculation of SPEI, the preceding month’s precipitation
is required for the water balance equation. SPEI was calculated on a daily basis in order to relate
drought episodes to soil water content and river discharge in headwater areas. Larger time scales
are used to monitor drought conditions in diﬀerent hydrological subsystems, such as reservoir and
groundwater storages [38].
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Table 3. Categorization according to the Standardized Precipitation-Evapotranspiration Index
(SPEI) values.
SPEI Values

Categories

Over 2
1.5 to 2
1 to 1.5
−1 to 1
−1.5 to −1
−2 to −1.5
Less than −2

Extreme Wet
Severe Wet
Moderate Wet
Normal climate
Moderate Dry
Severe Dry
Extreme Dry

The SPEI index was calculated based on precipitation and potential evapotranspiration (PE),
which was evaluated according to the SPEI package [36] in RStudio by implementing the Hargreaves
equation and the log-logistic distribution of the water surplus or deﬁcit. The Hargreaves equation [39]
was preferred over other equations of potential evapotranspiration (Penman or Thornthwaite) due to
its simplicity and accuracy, as it gives an estimate of the potential evapotranspiration based mainly on
temperature adjusted for the sunshine hours per day and is given by:
PE = 0.0023·(Tmean + 17.8)·(Tmax − Tmin)0.5 ·Ra

(1)

where Tmean, Tmax, and Tmin are mean, maximum, and minimum daily temperatures (Celsius),
respectively, and Ra is the extra-terrestrial radiation (MJm−2 day−1 ), which is calculated as:
Rα =



2π·Julian day
1440
)
·0.082·(1 + 0.033· cos
π
Number of days in year (366 in leap year)

(2)

A simple measure of the water surplus or deﬁcit for each analyzed day (Di) is then calculated as
the diﬀerence between the precipitation (PR) and the PE of each day.
Di = PRi − PEi

(3)

Vicente-Serrano et al. [35] further explored this water surplus or deﬁcit at diﬀerent time scales,
adjusted it to a log-logistic probability distribution [F(D)], and proposed the climatic drought index
SPEI [35].
According to Vicente-Serrano et al. [35], the standardized values of the log-logistic probability
distribution [F(D)] and the soil water balance (W) values could be used for the SPEI calculation
by following the classical approximation of Abramowitz and Stegun [40] and resulted in the
following equation:
C0 + C1 W + C2 W 2
(4)
SPEI = W −
1 + d1 W + d2 W 2 + d3 W 3
where the constants are C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269,
and d3 = 0.001308. The average value of the SPEI is 0, and the standard deviation is 1. For this study,
daily SPEI index was evaluated using the data of the investigated time period (years 1988–2017) for the
three stations.
3.4. Retrospective Approach with Cross Correlation
Soil moisture is increased with precipitation, and this consequently modiﬁes the total energy used
by latent heat ﬂux. Therefore, more energy is available for sensible heating, resulting in the increase
of ambient air temperature [15]. The eﬀects of precipitation may prolong for a number of days and
may vary according to the investigated area. The lag period of the precipitation eﬀect on lowering
daily temperatures was found using the cross correlation function (CCF analysis), which computes the
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correlation between two variables, x and y. If ⊗ denotes correlation, then the cross-correlation function
is deﬁned as [41]:

Rxy (t) = x(t) ⊗ y(t) =

∞

−∞

x(h) y(t + h) dh

(5)

where y(t) are the precipitation levels shifted to the left by h-lag time, and x(t) is the temperature
anomalies deviating from the average maximum temperatures of each month (Tmax of Table 2). The lag
period used in our study was h = 0, 1, 2, . . . , 30 days, thus we also had to employ daily precipitation
levels in the month of April.
The cross-correlation analysis was also followed for correlating the temperature anomalies [x(t)
component] with the SPEI [y(t) component]. The same lag period h = 0, 1, 2, . . . , 30 days was used.
The variances of the cross-correlation coeﬃcient under the null hypothesis of zero correlation for both
cross-correlation analyses were approximately 0.0002.
4. Results
4.1. Temperature Anomalies and Lag Period
In Section 3.1, the average maximum temperatures of each month were found (Tmax of Table 2)
and were later used for the calculation of the temperature anomalies for the months May to September.
These anomalies were divided into positive (above the average) or negative (below the average)
values with the majority of them varying between −2 ◦ C and 2 ◦ C (as shown in Figure 4). Speciﬁcally,
for months May to September and years 1988–2017 (inclusive), around 52.6%, 53.6%, and 56.7% of
the temperature anomalies in the urban, the suburban, and the rural stations, respectively, varied
between −2 ◦ C and 2 ◦ C. The most positive anomalies were found at the suburban station, and the
most negative anomalies were found at the rural station. Moreover, about 2.6–3% of the temperature
extremes exceeded the average monthly maximum temperature by 6 ◦ C at all stations.

Figure 4. Air temperature anomalies above the average maximum temperatures of each month (Tmax
of Table 2) for urban, suburban, and rural stations.

Figure 5 illustrates the results of the cross correlation analysis (Section 3.4) for the temperature
anomalies happening after a precipitation event for the three investigated areas. The blue dashed lines
in Figure 5 represent the signiﬁcance limit at α = 0.05 of Rxy (t) (Equation (5)) in order to determine the
statistical signiﬁcance of a null-hypothesis. The variance of the cross-correlation coeﬃcient under the
null hypothesis of zero correlation for this study was approximately 0.0002, thus the approximate critical
values (at the 5% level) were ±0.029 (to three decimal places). On a rainy day, day 0, an immediate drop
of temperature appeared, which prolonged for six, seven, and nine days at the urban, the suburban, and
the rural stations, respectively. The rural station was inﬂuenced by precipitation, resulting in a delayed
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increase of temperature after a rainfall event, which explained the higher percentage of negative
anomalies as well as the relatively steady temperature proﬁle without any extremities. Negative
temperature anomalies prolonged for up to nine days at the rural station, signifying the importance of
soil moisture for preventing extremely high temperatures in the summer. On the contrary, the urban
station seemed the most susceptible to extremely high temperatures above the average maximum
temperatures of each month (Tmax of Table 2), with the most days over 4 ◦ C above the average
maximum temperatures of each month. In urban areas, the urban environment resulted in high water
runoﬀ through the concrete structures and rapid evaporation of the overlay water, leading to a small
decrease of temperature that only lasted for ﬁve to six days. He et al. [42] also indicated stronger
impacts on diurnal temperature range extremes from short-term rather than long-term precipitation
deﬁcits and that low soil moisture due to precipitation deﬁcits increase air temperatures through higher
sensible heat ﬂux [42].

Figure 5. Cross correlation (y) for daily maximum temperature anomalies and precipitation (left
column) or SPEI (right column) in the urban station, the suburban station, and the rural station. Dotted
blue horizontal lines show 95% signiﬁcance limits.
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The cross-correlation analysis of SPEI with temperature anomalies revealed the stronger
relationship and the importance of this index. The correlation coeﬃcient increased from −0.2
for precipitation to −0.5 for SPEI, a percentage increase of 150%. Temperature anomalies and SPEI
had a negative correlation and evolved concurrently, i.e., when one parameter increased, the other
decreased, and vice versa. In the case of SPEI with regards to temperature anomalies, the lag period was
signiﬁcantly longer: 15, 11, and 16 days at the urban, the suburban, and the rural stations, respectively.
Figure 6 shows the time-series variation of daily temperature anomalies with respect to the daily
accumulated precipitation. Negative temperature anomalies were clearly observed for a rainy day,
as well as for the days following a precipitation event, suggesting local climatic variations strongly
controlled by the evapotranspiration of small soil moisture after the precipitation event. From Figure 6,
it was also noted that there was no signiﬁcant trend towards increasing or decreasing temperature
anomalies in Cyprus within the last 30 years during the summer period. In contrast, temperatures
showed some changes over time, with average and minimum temperatures increasing, and this was
accompanied by a signiﬁcant decrease in the daily temperature range (DTR) [9].

Figure 6. Time series of precipitation levels (blue bars) and temperature anomalies (black line) for
months May to September for years 1988–2017.
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Precipitation is directly linked to regional evapotranspiration, but this is trivial in cases of intense
precipitation or areas under extreme drought. In the investigated areas of this study, moderate
drought conditions dominated, thus it was expected that, after rainfall, the higher soil moisture would
increase the evapotranspiration. Positive soil moisture anomaly led to a negative temperature anomaly
mediated through a positive anomaly of evapotranspiration. Small soil moisture indicated a small
evapotranspiration rate, which, according to Seneviratne et al. [15], is stronger in transitional zones
between dry and wet climates. In the case of precipitation, the soil moisture may increase, leading to an
evapotranspiration rate increase and a consequent decrease of temperature and negative temperature
anomalies. Typically, low evapotranspiration rate is linked to lower energy used by latent heat ﬂux
and an increase in sensible heat ﬂux and thus an increase in positive temperature anomalies. Therefore,
even a small increase of the evapotranspiration rate after a precipitation event suggested higher energy
used by latent heat rather than sensible heat ﬂux, leading to fewer positive temperature anomalies
compared to days not following a precipitation event.
4.2. Analysis of SPEI
The SPEI was calculated for years 1988–2017 for the months of May to September based on the
temperatures and the precipitation of the preceding days. The regression lines of Table 4 show the
existence of a negative relationship between the parameters SPEI and Tanomalies. They could not
be used for the estimation of the daily variation of Tanomalies, as there was large variation around
the mean values and the respective standard deviations of the two parameters (SPEI and Tanomalies).
A statistically signiﬁcant increasing trend for the time-series of the mean values of mean and minimum
ambient air temperatures (Table 1) was previously proven. However, the regression lines of Table 4
reveal the higher decreasing trend of SPEI during the thirty investigated years at the suburban and the
rural station, which was probably attributed to by external factors (change of land cover, meteorological
conditions, etc.). More frequent temperature anomalies were observed in August for the urban and the
suburban stations and in July for the rural station.
Table 4. Monthly mean and standard deviation (sd) values of SPEI and temperature anomalies
(Tanomaly ) for urban, suburban, and rural station.
Month

Urban

Suburban

Rural

May

Tanomaly (mean ± sd)
SPEI (mean ± sd)

−0.002 ± 4.20
0.25 ± 0.74

0.046 ± 4.01
0.31 ± 0.69

−0.007 ± 3.82
0.30 ± 0.72

June

Tanomaly (mean ± sd)
SPEI (mean ± sd)

0.011 ± 3.27
−0.39 ± 0.58

−0.048 ± 3.19
−0.37 ± 0.57

−0.031 ± 3.04
−0.37 ± 0.59

July

Tanomaly (mean ± sd)
SPEI (mean ± sd)

−0.045 ± 2.40
−0.913 ± 0.54

−0.034 ± 2.20
−0.943 ± 0.46

0.045 ± 2.17
−0.925 ± 0.51

August

Tanomaly (mean ± sd)
SPEI (mean ± sd)

0.040 ± 2.08
−0.93 ± 0.43

0.025 ± 2.02
−0.989 ± 0.42

−0.011 ± 1.93
−0.931 ± 0.45

September

Tanomaly (mean ± sd)
SPEI (mean ± sd)

0.001 ± 2.83
−0.316 ± 0.55

0.021 ± 2.76
−0.309 ± 0.58

0.027 ± 2.49
−0.358 ± 0.54

According to Figure 7, the urban, the suburban, and the rural stations were mainly characterized
by a normal climate (SPEI between −1 to 1) with 73.5%, 73.9%, and 74.2% SPEI values, respectively,
for the ﬁve months. The highest percentages (77.6 to 86.9%) of normal climatic conditions (SPEI
between −1 and 1) were observed in May, June, and September.
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Figure 7. SPEI values for urban, suburban, and rural stations for the months May to September of
years 1988–2017.
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As depicted in Figure 7, July and August were the major drought months in the study area with
SPEI below −1, contributing to about 35% of the total SPEI values. It is worth noting that, during
July and August, no days were observed with wet conditions (SPEI over 1), whereas in May, a small
occurrence of wet conditions (SPEI over 1) associated with negative Tanomalies was observed at a
percentage of 13.4–14.5% (Figure 7 and Table 5).
Table 5. Percentage of occurrence of Tanomalies for each station under wet conditions (SPEI > 1), dry
conditions (SPEI < −1), and normal climatic conditions (−1 < SPEI < 1).
May
Urban
Tanomaly > 0
Tanomaly < 0
all Tanomaly

Suburban

SPEI < −1

SPEI > 1

7.3%
0.2%
−1 < SPEI < 1

0.5%
14.3%
77.6%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

Rural

SPEI < −1

SPEI > 1

5.3%
0.1%
−1 < SPEI < 1

0.4%
13.4%
80.8%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

SPEI < −1

SPEI > 1

5.2%
0.1%
−1 < SPEI < 1

0.6%
14.5%
79.6%

June
Urban
Tanomaly > 0
Tanomaly < 0
all Tanomaly

Suburban

SPEI < −1

SPEI > 1

12.6%
2.3%
−1 < SPEI < 1

0%
1.4%
83.8

Tanomaly > 0
Tanomaly < 0
all Tanomaly

Rural

SPEI < −1

SPEI > 1

11.2%
2.1%
−1 < SPEI < 1

0%
1.0%
85.7%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

SPEI < −1

SPEI > 1

11.2%
2.2%
−1 < SPEI < 1

0.1%
1.8%
84.7%

July
Urban
Tanomaly > 0
Tanomaly < 0
all Tanomaly

Suburban

SPEI < −1

SPEI > 1

29.5%
12.4%
−1 < SPEI < 1

0%
0%
58.2%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

Rural

SPEI < −1

SPEI > 1

29.7%
13.3%
−1 < SPEI < 1

0%
0%
57.0%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

SPEI < −1

SPEI > 1

28.7%
15.5%
−1 < SPEI < 1

0%
0%
55.8%

August
Urban
Tanomaly > 0
Tanomaly < 0
all Tanomaly

Suburban

SPEI < −1

SPEI > 1

32.0%
12.3%
−1 < SPEI < 1

0%
0%
55.7%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

Rural

SPEI < −1

SPEI > 1

33.7%
15.3%
−1 < SPEI < 1

0%
0%
51.1%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

SPEI < −1

SPEI > 1

27.4%
15.2%
−1 < SPEI < 1

0%
0%
57.4%

September
Urban
Tanomaly > 0
Tanomaly < 0
all Tanomaly

Suburban

SPEI < −1

SPEI > 1

10.1%
1.0%
−1 < SPEI < 1

0%
1.0%
87.9%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

Rural

SPEI < −1

SPEI > 1

10.1%
0.7%
−1 < SPEI < 1

0%
1.2%
88.0%

Tanomaly > 0
Tanomaly < 0
all Tanomaly

SPEI < −1

SPEI > 1

10.3%
1.1%
−1 < SPEI < 1

0%
0.3%
88.2%

Dry conditions with SPEI lower than −1 were associated with positive temperature anomalies
(Tanomalies > 0 ◦ C) at percentages from 10.7 to 31.7%. Dry conditions were associated with negative
temperature anomalies (Tanomalies < 0 ◦ C) at percentages from 1.4 to 15.4% (Table 5). This frequency
was increased in July and August, conﬁrming the overall drought in the area during these two
summer months.
In summary, there were no large discrepancies in the monthly SPEI values between the three
areas, but more severe and extreme dry conditions (SPEI less than −1.5) occurred at the rural area in
July and August.
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To quantitatively describe the SPEI, we calculated the percentage of positive and negative
temperature anomalies for SPEI lower than −1 (drought conditions) and higher than 1 (wet conditions).
The results are shown in Table 5. In May, the percentage of negative temperature anomalies with
SPEI > 1 was greater than the percentage of positive anomalies combined with either SPEI < −1
or SPEI > 1, indicating a greater proportion of low temperatures occurred under wet conditions.
For the months June to September, the percentage of positive temperature anomalies with SPEI < −1
was greater than the percentage of negative anomalies. Zero positive temperature anomalies were
found for SPEI > 1 for months June to September, which indicated that all higher air temperatures
occurred during dry conditions. No wet climatic conditions appeared during the summer, mainly
due to the lack of precipitation. Positive temperature anomalies reached a peak in August under dry
conditions, with occurrences of 32.0%, 33.7%, and 27.4% at the urban, the suburban, and the rural
stations, respectively. Most of the temperature anomalies occurred for SPEI values between −1 and 1,
with greater values in June and September. Comparison of the percentage values between the three
stations revealed that most positive temperature anomalies occurred in the urban and the suburban
areas, and most negative temperature anomalies occurred in the rural area.
4.3. Concurrent Drought and Hot Days
In the next stage, we investigated the occurrence of positive temperature anomalies above the
average maximum temperatures of each month (Tmax of Table 2) with respect to the SPEI in order to
assess whether they appeared more frequently under dry conditions. The regression analysis showed
the monthly relation between the two variables—SPEI and temperature anomalies (T anomalies).
The results according to Figure 8 and Tables 6 and 7 showed:










R2 values (Table 6) for SPEI and Tanomaly showed that there was an overall signiﬁcant linear
relationship between the two parameters, which varied from 0.2 to 0.57 (for more than 900 degrees
of freedom) for each investigated area. These relatively low R2 values are not uncommon in large
datasets because the signiﬁcance of the slope is due to the number of elements in the dataset.
Under normal climatic conditions (SPEI varying between −1 to 1) independent from the values
of Tanomalies, we observed, for all the months, that the frequency of the pair SPEI/Tanomalies
was generally the same at all stations (72.6% for urban, 72.5% for suburban, 73.1% for rural),
representing a uniform climatic behavior in the wider range of Nicosia (Table 5).
Figure 8 and Table 6 portray the monthly temperature anomalies and their trends for diﬀerent
SPEI. Using a linear regression model, the rate of change was deﬁned by the slope of the regression
line and diﬀered in each investigated area and month. The linear regression lines for months July
and August were almost identical at all three stations with slopes −2.34 (July) and −2.51 (August)
for the urban, −2.46 (July) and −2.56 (August) for the suburban, and −2.87 (July) and −3.03
(August) for the rural station. The linear regression line’s slope for May varied signiﬁcantly with
values −4.13, −4.42, and −3.69 for the urban, the suburban, and the rural stations, respectively,
with higher occurrence of severe to moderate wet conditions (SPEI > 1) that were associated with
positive as well as negative Tanomalies (Table 6).
The negative slope of the linear regression lines was larger in May (varying from −3.69 to −4.14)
and smaller in July and August (varying from −2.01 to −2.56) at all three stations, conﬁrming the
larger eﬀects of evapotranspiration and precipitation that existed during the months March to
April on the values of Tanomalies for the month of May.
With the use of t-test analysis, the absolute values of |tA | and |tB | were calculated in order to check
the statistical signiﬁcance of A and B coeﬃcients of the linear regression lines with:
Tanomaly = A + B·SPEI
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Figure 8. Regression lines for SPEI values and temperature anomalies (degC) for months May to
September of years 1988–2017 for (a) urban station, (b) suburban station, and (c) rural station.
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Table 6. Linear regression analysis of temperature anomalies with respect to SPEI for the three
stations and for the months May to September of the years 1988–2017, showing the regression equation
(Tanomaly = A + B·(SPEI)), the t-test of the statistical signiﬁcance of A and B, and the adjusted R2
correlation coeﬃcients.
Month

Station

A

B

tA

tB

R2

May

Urban
Suburban
Rural

1.025
1.403
1.108

−4.127
−4.417
−3.687

10.17
14.86
11.28

−31.70
−35.12
−29.14

0.52
0.57
0.47

June

Urban
Suburban
Rural

−1.236
−1.338
−1.139

−3.220
−3.535
−3.027

−11.35
−13.81
−11.79

−21.09
−24.61
−21.77

0.33
0.40
0.35

July

Urban
Suburban
Rural

−2.338
−2.572
−1.921

−2.512
−2.461
−2.127

−18.27
−17.86
−15.17

−20.80
−19.62
−17.76

0.32
0.29
0.25

August

Urban
Suburban
Rural

−2.152
−2.510
−1.878

−2.339
−2.563
−2.006

−15.17
−17.28
−14.65

−17.03
−18.94
−16.19

0.24
0.28
0.22

September

Urban
Suburban
Rural

−1.128
−1.025
−0.997

−3.577
−3.395
−2.865

−14.45
−13.92
−12.88

−29.03
−30.15
−24.06

0.48
0.50
0.39

Table 7. Paired t-test for the statistical signiﬁcance between Ai .Aj and Bi .Bj (for t values greater than
1.96, the diﬀerences were statistically signiﬁcant for α = 0.05).
A

May
June
July
August
September

B

Urban/Suburban

Urban/Rural

Suburban/Rural

Urban/Suburban

Urban/Rural

Suburban/Rural

1.057
0.833
−0.821
−1.186
0.012

1.160
0.721
−1.111
0.696
−1.294

0.189
−0.096
−0.361
1.840
−1.282

1.598
1.518
0.337
1.161
−1.092

−2.420
−0.935
−2.260
−1.801
−4.156

−4.087
−2.558
−2.506
−3.035
−3.236

According to Table 6, for all cases, the coeﬃcients A and B were found to be statistically signiﬁcant
(bold values) with |tA | > t0.05 = 1.96 and |tB | > t0.05 = 1.96.




Paired samples t-test was employed to compare the mean diﬀerence in coeﬃcients A and
B between the diﬀerent pairs of stations. The results are presented in Table 7 for the pairs
urban/suburban, urban/rural, and suburban/rural for all months. Statistically signiﬁcant mean
diﬀerence was obtained (t > 1.96; α < 0.05) at 95% level of signiﬁcance. The results showed
that the coeﬃcient A was considered statistically equal for all pairs, indicating that the three
investigated areas were nearby. The coeﬃcient B deﬁned the slope of the linear regression lines,
which was a diﬀerent trend of variation between the time series and suggested that external
factors (land cover, meteorological conditions, etc.) diﬀerently aﬀected the three stations during
the thirty investigated years. The coeﬃcient B was considered statistically equal (ti,j < 1,96) in all
the investigated months for the pair urban/suburban. For the pair urban/rural for months May,
July, and September, the t-test was considered statistically signiﬁcant. For the pair suburban/rural,
the t-test showed that the B coeﬃcients were statistically signiﬁcant for all the months, which was
attributed to a faster development of construction in the suburban area in relation to the urban
area when both were compared to the rural area.
The regression lines that were determined (Table 6 and Figure 8) only showed the existence of a
negative relationship between the parameters SPEI and Tanomaly, but they could not be used for
the estimation of the daily value of Tanomaly.
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5. Discussion and Conclusions
Through linear and cross-correlation statistical analysis, this study examined the compound eﬀect
of precipitation levels and evapotranspiration rates of the preceding days to summer temperature
anomalies for years 1988–2017. The observations of the time-series ﬁgure (Figure 6) and the
cross-correlation results showed that the cooling eﬀect of precipitation was higher and lasted more in
rural and suburban areas compared to urban areas, a fact directly related to the evaporation potential
of the area concerned. We showed that precipitation was the dominant driving force of positive
temperature anomalies and that varying evapotranspiration rates contributed to the development of
moderate to severe drought in the investigated areas.
Particularly, the investigation of temperature anomalies showed a higher correlation for the
concurrent month’s precipitation compared with precipitation in the preceding months, suggesting
that moisture was depleted faster. This showed that there was a lag eﬀect of soil moisture memory
of six, six, and nine days in the urban, the suburban, and the rural areas, respectively. In warmer
areas (urban and suburban areas), the larger evaporative demand from the atmosphere exacerbated
the existing drought conditions and its impacts. Also, the higher urban and suburban temperatures
(Table 2) compared to the rural area could signiﬁcantly reduce the natural storage of water. With view
of the precipitation events, the negative temperature anomalies suggested local climatic variations
strongly controlled by the evapotranspiration of small soil moisture after the precipitation event.
The SPEI was later used that employed both precipitation and evapotranspiration rates to characterize
dry or wet conditions. The cross-correlation analysis of SPEI with temperature anomalies revealed the
stronger relationship with negative correlation coeﬃcient of −0.5 and highlighted the importance of
this index. In the case of SPEI with regards to temperature anomalies, the lag periods according to the
cross-correlation analysis were signiﬁcantly longer: 15, 11, and 16 days at the urban, the suburban, and
the rural stations, respectively. The higher surface albedo of the urban infrastructure may have led to
additional warming. This does not necessarily translate to drier conditions and longer droughts, but it
creates challenges for better water reservoir management.
According to this study, the SPEI has a high correlation with temperature anomalies and may
be considered as a key tool for the identiﬁcation of abnormal weather conditions and extremely
high temperatures. Moreover, it conﬁrmed that rainfall events combined with evapotranspiration,
which could be eﬀectively represented by SPEI index variation, may be the main regulators of soil
moisture rather than the amount of monthly rainfall [43,44]. In the results section, the temperature
anomalies were inversely correlated with precipitation anomalies, and the SPEI index and the linear
regression coeﬃcients were found. High temperatures during the summer months may be understood
by the investigation of the soil moisture to understand the impact of soil storage memory on ambient
air temperatures. Further analysis could focus on the division of temperature anomalies based on the
amount of rainfall as well as the intervals between rainfall events. We should consider the eﬀects of
not only precipitation but also evapotranspiration in future studies to better understand the length of
extreme weather conditions.
Further analysis focused on the statistical investigation of the linear regression lines of the SPEI
with temperature anomalies for the three stations and for each month. The results of the paired t-test
for the statistical signiﬁcance showed that the coeﬃcients A of Table 7 were considered statistically
equal between them for all pairs, indicating that the three investigated areas were nearby. The B
coeﬃcients suggested that external factors (land cover, meteorological conditions, etc.) diﬀerently
aﬀected the three stations during the thirty investigated years. This study focused on the analysis of
the eﬀect of precipitation during the summer period on temperatures and particularly the deviation
of temperature from the mean monthly value. The spatial investigation revealed a similar climatic
proﬁle in all three investigated areas but showed a noteworthy diﬀerent lag eﬀect of precipitation.
Particularly, precipitation in rural areas led to a longer decrease of temperature compared to the urban
and the suburban areas because the wet ground favored the increased evapotranspiration and the
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decrease of sensible heat ﬂux. Later, the investigation of SPEI further supported the above statement,
because SPEI was strongly negatively correlated with positive temperature anomalies.
Future work should focus on the eﬀect of the intervals between precipitation events in urban,
suburban, and rural areas. In this study, the semi-arid climate in Cyprus and the infrequent precipitation
allowed a more comprehensive understanding of the lag eﬀect of precipitation during the dry period
(summer) in areas with diﬀerent land cover. The lag period may vary seasonally; therefore, further
investigation during the winter is necessary. The investigation of the transitional phase of dry and wet
climates in Cyprus will likely conﬁrm the strong soil-moisture climate coupling, which is the strong
dependency of evapotranspiration on soil moisture during the dry periods and the little impact of soil
moisture on evapotranspiration during the wet periods.
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