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Abstract

Background

Short-term impacts of high temperatures on the elderly are well known. Even though Italy

has the highest proportion of elderly citizens in Europe, there is a lack of information on spa-

tial heat-related elderly risks.

Objectives

Development of high-resolution, heat-related urban risk maps regarding the elderly popula-

tion (�65).

Methods

A long time-series (2001–2013) of remote sensing MODIS data, averaged over the summer

period for eleven major Italian cities, were downscaled to obtain high spatial resolution

(100 m) daytime and night-time land surface temperatures (LST). LST was estimated pixel-

wise by applying two statistical model approaches: 1) the Linear Regression Model (LRM);

2) the Generalized Additive Model (GAM). Total and elderly population density data were

extracted from the Joint Research Centre population grid (100 m) from the 2001 census

(Eurostat source), and processed together using “Crichton’s Risk Triangle” hazard-risk

methodology for obtaining a Heat-related Elderly Risk Index (HERI).

Results

The GAM procedure allowed for improved daytime and night-time LST estimations com-

pared to the LRM approach. High-resolution maps of daytime and night-time HERI levels

were developed for inland and coastal cities. Urban areas with the hazardous HERI level

(very high risk) were not necessarily characterized by the highest temperatures. The haz-

ardous HERI level was generally localized to encompass the city-centre in inland cities and
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the inner area in coastal cities. The two most dangerous HERI levels were greater in the

coastal rather than inland cities.

Conclusions

This study shows the great potential of combining geospatial technologies and spatial de-

mographic characteristics within a simple and flexible framework in order to provide high-

resolution urban mapping of daytime and night-time HERI. In this way, potential areas for in-

tervention are immediately identified with up-to-street level details. This information could

support public health operators and facilitate coordination for heat-related emergencies.

Introduction
Short-term impacts of high air temperature on human health are well known [1, 2]. Further-
more, different city-specific temperature thresholds have been assessed worldwide [3].

High temperature has the worst impact on the elderly [4]. The highest vulnerability of the
elderly to heat is related to physiological, health and socio-economical status. The key patho-
physiological problem is early dehydration due to age-related reduced thirst and the capacity
to conserve salt and water [5]. Furthermore, thirst might also be suppressed by the consump-
tion of certain medications used more frequently in elderly subjects due to a relatively higher
percentage of illness and disability [5]. The need to use medications is often related to an im-
paired thermoregulatory function and a consequently diminished or delayed physiological abil-
ity to maintain core temperature within safe and acceptable limits. The worsening of other
factors such as living conditions, family and/or social support and the ability to access medical-
care systems might represent additional risk factors.

People living in heavily built-up areas, especially if they live in old buildings without insula-
tion or air conditioning, are at a greatest risk [1] because of the urban heat island (UHI) effect.
This latter phenomenon is characterized by a metropolitan area significantly warmer than its
surrounding suburban or rural areas due to increased thermal storage capacity during the day
and released night-time radiation [6]. The UHI is one of the most significant human-induced
changes to the earth's surface and local climate [7], also with effects on human health [8].

It is well known that temperature has a great spatial variability in metropolitan areas be-
cause of the complex interaction of physical variables, such as surface and air temperature gra-
dients, turbulent transport, and surface energy exchange.

Temperatures typically rise in the most densely urbanized areas, creating a concomitance of
adverse environmental conditions and high levels of exposure of the population that need to be
assessed by integrated methodologies for accurately resolving spatial scales.

As meteorological station networks are generally scattered and often located in suburban
areas (i.e. airports or parks), they only provide partial representations of air-temperature varia-
tions in heterogeneous urban/suburban environments. For this reason, tools for intra-urban
hazard risk assessments are required. In particular, the development of geoscience and the
wide availability of remote sensing data allow for ongoing accurate estimations of the Land Sur-
face Temperature (LST) and the Normalized Difference Vegetative Index (NDVI). LST-NDVI
relationships have already been studied through linear regression analyses over a wide range of
moisture and climatic/radiation regimes [9] and specifically in urban environments [10]. How-
ever, non-linear relationships between LST and NDVI might also occur [11] and additional
methods accounting for the non-linearity of the relationships should be considered.
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Remote sensing data, together with spatial socio-demographic datasets describing the ex-
posed vulnerable population, are valuable indicators of urban hazard health risk analyses. We
hypothesize that these datasets, if available at high spatial resolution, might represent an essen-
tial contribution to prevent the heat impact on human health with detailed information at the
urban small-area level.

Several examples of heat risk assessment in urban areas exist in the USA [12], Canada [13],
UK [14] and France [15]. Despite the fact that Italy has one of the highest median ages in the
world with the greatest proportion of elderly people in Europe (second in the world to Japan)
[16], there is a lack of information concerning intra-city spatial heat-related health risks. In
Italy, remote sensing data applications are only available for investigating the UHI in a few cit-
ies [17]. Increasingly, policy makers require detailed information on the exposed population,
in order to know the location of vulnerable groups and have a synthetic risk indicator related
to extreme heat events.

Spatial population density is the main socio-demographic indicator of heat exposure gener-
ally used in risk assessment studies. Population and housing censuses have a long tradition in
the European Union. However, the way the census methods are developed in each country de-
pends on the availability of data sources and technology, data protection requirements, the bur-
den on the respondents, and the census operation costs. More recently, the Joint Research
Centre (JRC) has produced a raster dataset representing the 1-km2 European population densi-
ty on a 100-m grid by using the downscaling method described in Gallego [18]. To our knowl-
edge, this demographic dataset has never been used for spatial heat-related health risk studies.

The main aim of this study was to develop high-resolution daytime and night-time heat-re-
lated population risk maps, specifically referring to the elderly (people aged 65 or over) and to
summer (May-September), for the major Italian cities with different geographical features
(coastal and inland at different latitudes). In order to achieve the main aim, a preliminary anal-
ysis was addressed to define a reliable downscaling procedure (100 m) in order to obtain a long
time-series (2001–2013) of MODIS LST data. For each city, Heat-related Elderly Risk Index
(HERI) maps were developed through the interaction of the natural hazard layer (LST) with
spatial demographic data by using “Crichton’s Risk Triangle” [19] framework.

Materials and Methods

Period and study-areas
This study was carried out during the warmest period of the year (May-September) over a
13-year period (2001–2013). The city selection criterion was based on the number of residents.
Eleven major Italian cities with more than 200,000 inhabitants were selected from all over the
country: five in the North (Milan, Padua, Turin, Bologna and Genoa), two in the Centre (Flor-
ence and Rome), and four in the South (Bari, Naples, Palermo and Catania) (S1 Fig).

These cities are located in different geographical (S1 Table) and climatic conditions. Milan,
Padua, Bologna and Florence are inland plain cities. Turin is a hybrid inland plane/hill city (av-
erage altitude of 239 m a.s.l). Rome is considered a hybrid coastal/inland city because of the rel-
atively long distance between the city-centre and the seaside (more than 20 km). For this
reason, the results for the city of Rome are shown and discussed together with the inland cities.
Genoa, Bari, Naples, Palermo and Catania are coastal plain cites. According to the Köppen cli-
mate classification, Milan, Padua, Turin and Bologna are characterized by a humid, subtropical
climate, with little or no influence from the sea, and moderately hot summers. Genoa and Flor-
ence have a borderline humid subtropical and Mediterranean climate, with a strong (Genoa)
and moderate (Florence) influence from the sea and hot-humid summers. The other cities are
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characterized by a typical Mediterranean climate, with significant influence from the sea and
hot-dry summers.

The borders delimiting each city study-area were defined in order to include, besides the
main city itself, an outer belt. The latter was represented by the municipalities of all satellite res-
idential towns, suburbs or settlements around the city.

Study design: spatial heat-related elderly risk assessment
The study design focuses on “Crichton’s Risk Triangle” hazard-risk assessment methodology
[19] adopted through the ASCCUE (Adaptation Strategies for Climate Change in the Urban
Environment) project [20]. The ASCCUE project aimed to improve understanding of the con-
sequences of climate change for urban areas and testing of appropriate adaptation responses
through assessment of impacts by using concepts of risk. In this study, the risk concept is repre-
sented by harmful human health consequences for elderly people resulting from the interaction
between three components that form a triangle: natural hazard, exposure, and vulnerability.
The risk is defined as a function of these three components. If any component or “side” of the
triangle is zero, then there is no risk. The natural hazard is defined as the LST increase. Expo-
sure to the natural hazard is depicted by the total population census data, the vulnerability by
the elderly population (over 65). The final risk map is generated from the spatial interaction of
all three components.

Hazard layer: daytime and night-time summer LST layers
The hazard layer is obtained for the period 2001–2013 using two remote sensing MODIS data
products (): LST at 8 days temporal and 1-km spatial resolution (MOD11A2) both for daytime
and night-time conditions; NDVI at 16 days temporal and at 250-m spatial resolution
(MYD13Q1).

The ESA (European Space Agency) Globcover land cover dataset (http://due.esrin.esa.int/
globcover) was used based on 22 land cover classes as per the UN-FAO Land Cover Classifica-
tion System at 300-m spatial resolution [21].

A nearest-neighbour resample procedure was applied using GDAL (Geospatial Data Ab-
straction Library) operators working on raster-tiles to homogenize the different spatial resolu-
tion of data layers. In particular, the monthly average LST and land-cover layers were initially
resampled at 250-m resolution. Then the mean daytime and night-time LST was estimated
pixel-wise by the corresponding mean NDVI value, also considering the land cover stratifica-
tion, by applying two nested statistical model procedures: 1) the Linear Regression Model
(LRM); 2) the Generalized Additive Model (GAM) [22]. LST model-based downscaling using
NDVI as a predictor has already been used and discussed for specific environmental scenario
purposes [9]. It is based on the existence of a significant negative correlation between LST and
NDVI during the warm season [11]. In this study, the use of a nested procedure that involves
only one single predictive model for each land-cover class, allows for avoiding the well-known
biases of the large variability of surface emissivity in urban areas. Furthermore, the use of the
GAM smoothing scheme allows for accounting for the non-linearity of the relationships be-
tween LST and NDVI during summer. Model performances and their respective accuracy were
assessed through the following model metrics: mean coefficient of determination (R2); statisti-
cal model significance; root-mean square error (RMSE). In addition, the linear regression coef-
ficient was also calculated. The RMSE represents a good measure of model accuracy and is
widely used to assess the accuracy of spatial analysis and remote sensing data [23].

The same nearest-neighbour resample procedure was also used by averaging the monthly
LST outcomes in summer (May-September) to obtain a high-resolution (100 m) product
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spatially consistent with the population layers (100 m). Water surfaces were excluded from the
procedure. Geostatistical and GIS procedures were written in R-language using specific R-
packages, such as rgdal, raster and mgcv, available online on: http://cran.r-project.org/ (pack-
ages link). Demonstrative work-flow, data and code functions built-up for this work are avail-
able on github.com/meteosalute/mapheatrisk.

Exposure and vulnerability layers: total and elderly population
The exposure layer was represented by the population density data extracted from the JRC
population grid (version 5 available on http://www.eea.europa.eu/data-and-maps/data/
population-density-disaggregated-with-corine-land-cover-2000-2) which entails the 1-km2

population density for 2001 (source Eurostat) on a 100-m grid for the European Union. Popu-
lation by commune was disaggregated with the CORINE land cover 2000 using the downscal-
ing method described in Gallego [18]. This product was further enhanced by stratifying the
total population grid by age classes, using the Local Administrative Units 2 (LAU2) data, for-
merly the Nomenclature of Territorial Units for Statistics (NUTS) level 5, which in Italy corre-
spond to municipalities and are available on the Eurostat website (http://epp.eurostat.ec.
europa.eu). We represented the vulnerability layer by the aggregated age class of people aged
65 or over. For each city, the vulnerable population layer (people> 65 years) was calculated by
multiplying the cumulative percentage of the vulnerable population for the pixel-wise total
population layer. In this way, the consistency of the elderly was obtained numerically and spa-
tially in compliance with the LAU2 European statistical data (Eurostat) (S1 Table).

Heat-related elderly risk mapping
The spatial methodology employed to provide heat-related health risk mapping envisaged a
normalization procedure, followed by a weighted-layers combining procedure and develop-
ment of the final mapping of the HERI (Fig 1). The normalization was used to obtain the haz-
ard, exposure and vulnerability layers on the same scale (0 to 1) by dividing each value of an
individual layer by the range of variability.

The following step was the combination of the normalized layers through a weighting pro-
cedure. To avoid subjective manipulation, all weightings were kept equal. In particular, the ex-
posure and vulnerability layers were combined in a single “exposed and vulnerable” layer (each
weighted at 50%) which was then spatially combined with the hazard layer (weighted at 50%).
This spatial methodology follows the one successfully applied in previous recent studies [14,
15]. In short, HERI varying between 0 and 1 was obtained. The final city-specific mapping vi-
sualization was created by splitting the HERI into five equal-risk levels: very low (HERI� 0.2),
low (0.2<HERI� 0.4), moderate (0.4<HERI� 0.6), high (0.6<HERI� 0.8), and very
high (HERI> 0.8).

The percentage of the urban coverage area for each HERI level was also assessed.

Results

Daytime and night-time LST estimation
The most representative land cover classes, showing average percentage surface areas greater
than 10% of the total city area, were C20 (mean value of 24.1% among all cities), C130 (19.6%),
C50 (18.1%), C14 (16.8%) and C190 (13.1%). The C190 land cover class is of great interest be-
cause it describes all the areas that have an artificial cover as a result of human activities such as
construction (cities, towns, transport), extraction (open mines and quarries) or waste disposal.
The C190 showed the highest percentage of coverage area values in cities with the greatest total
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population density (> 4,000 total population per km2) such as Milan, Naples, Turin and Pa-
lermo (S1 and S2 Tables).

The estimation of daytime and night-time LST through the LRM procedure always showed
negative and generally significant (p<0.05) LST-NDVI regression coefficients for every land
cover class (Tables 1 and 2). However, a few non-significant relationships (C90 and C110 dur-
ing daytime in Table 1 and C11, C70 and C130) were also found.

LST estimations assessed through the GAM procedure performed better than the LST as-
sessed thorough the LRM approach (Tables 1 and 2). The GAM procedure always showed
higher R2 values than those observed for LRM. The accuracy of the LST estimation was better
when the GAM procedure was applied: the RMSE-related GAM procedure was always lower
than the RMSE-related LRM approach in both daytime (Table 1) and night-time (Table 2) pe-
riods. Furthermore, a higher accuracy of the night-time LST estimation (average night-time
RMSE = 0.88 and 0.85 for LRM and GAM respectively) than the daytime LST (average daytime
RMSE = 1.99 and 1.89 for LRM and GAM respectively) (Tables 1 and 2) was always observed
for each land cover class.

High-resolution daytime heat-related elderly risk summer maps
The results demonstrated a heterogeneous intra-urban variation of daytime HERI levels in
both inland (Fig 2) and coastal (Fig 3) cities.

The highest mean LST (Tables 3 and 4) was observed in the coastal city of Catania (32.2°C
at the moderate HERI level), followed by Rome (31.3°C at the very high risk level), with the
lowest LST values in the coastal cities of Genoa and Catania, with 11.0°C and 12.3°C respective-
ly at the very low risk level. Most cities (3 inland and 3 coastal) showed the highest mean LST

Fig 1. Work-flow of the spatial urban-hazard risk analysis employed to develop the final mapping of the Heat-related Elderly Risk Index (HERI).

doi:10.1371/journal.pone.0127277.g001
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value at the moderate risk level, and several cities (3 inland and 1 coastal) at the very high or
high (1 coastal city) risk levels (Tables 3 and 4).

The moderate risk level also covered most of the total surface urban area (>50%) in Rome
and Turin (Table 3) and almost all coastal cities (with one exception, Table 4). The remaining
four inland cities and the coastal city of Genoa showed the low risk level with the highest

Table 1. Summary of the metrics of Linear Regression and Generalized Additive Models during daytime per land cover classes.

GlobCover Land Cover classes LST-NDVIa Linear Regression Model LST-NDVIa Generalized Additive
Model

R2 Regression coefficients Significance RMSEb R2 Significance RMSEb

C11 0.17 -5.23 0.0137 0.95 0.19 0.0089 0.93

C14 0.23 -11.82 0.0313 1.70 0.29 0.0000 1.61

C20 0.25 -12.46 0.0391 1.91 0.28 0.0113 1.84

C50 0.24 -16.00 0.0300 1.89 0.27 0.0000 1.84

C70 0.16 -11.52 0.0486 2.17 0.23 0.0151 2.04

C90 0.03 -6.45 0.2636 1.85 0.10 0.0728 1.68

C100 0.16 -13.15 0.0041 2.14 0.20 0.0010 2.04

C110 0.07 -1.07 0.0846 1.82 0.25 0.0011 1.44

C120 0.22 -27.62 0.0002 2.92 0.32 0.0000 2.54

C130 0.11 -7.28 0.0382 2.21 0.15 0.0147 2.13

C150 0.20 -10.17 0.0206 2.02 0.28 0.0009 1.88

C190 0.08 -3.50 0.0201 2.12 0.12 0.0075 2.07

Average 0.18 -10.28 0.0278 1.99 0.23 0.0068 1.89

aLST-NDVI: Land Surface Temperature-Normalized Difference Vegetative Index
bRMSE: Root-mean square error.

doi:10.1371/journal.pone.0127277.t001

Table 2. Summary of the metrics of Linear Regression and Generalized Additive Models during night-time per land cover classes.

GlobCover Land Cover classes LST-NDVIa Linear Regression Model LST-NDVIa Generalized Additive
Model

R2 Regression coefficients Significance RMSEb R2 Significance RMSEb

C11 0.09 -2.34 0.0682 0.57 0.14 0.0000 0.55

C14 0.10 -0.84 0.0273 0.71 0.15 0.0042 0.68

C20 0.08 -1.23 0.0316 0.77 0.12 0.0128 0.74

C50 0.09 -3.86 0.0408 0.83 0.12 0.0142 0.80

C70 0.10 -2.30 0.0614 0.93 0.15 0.0109 0.89

C90 0.04 -2.80 0.0026 0.84 0.10 0.0008 0.80

C100 0.07 -0.85 0.0425 1.15 0.12 0.0058 1.08

C110 0.17 -6.66 0.0000 1.13 0.25 0.0000 1.03

C120 0.20 -10.33 0.0000 1.22 0.30 0.0000 1.04

C130 0.06 -2.21 0.0639 1.03 0.08 0.0413 1.01

C150 0.08 -1.80 0.0303 0.81 0.12 0.0208 0.79

C190 0.12 -3.90 0.0047 1.04 0.13 0.0001 1.03

Average 0.09 -2.40 0.0346 0.88 0.13 0.0136 0.85

aLST-NDVI: Land Surface Temperature-Normalized Difference Vegetative Index.
bRMSE: Root-mean square error.

doi:10.1371/journal.pone.0127277.t002
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coverage area (Tables 3 and 4). The hazardous HERI level (very high risk) was generally local-
ized to encompass the city-centre in inland cities (Fig 2), and the inner area in coastal cities
(Fig 3), except for Genoa (Fig 3). The very high risk had the largest coverage area in Naples
(about 15%, Table 4), followed by Padua (9.4%) and the coastal city of Palermo (8.3%). The
lowest coverage areas were observed in Bologna (0.3%; Table 3) and Genoa (0.5%; Table 4).

The two most dangerous HERI levels were characterized in all cities by the highest total and
elderly population frequency and density. The population density generally showed a progres-
sive increase from the very low to the very high risk level (Tables 3 and 4). The population fre-
quency generally showed the maximum at the high risk level (Tables 3 and 4) and in one case
(Milan in Table 3) at the moderate HERI level.

High-resolution night-time heat-related elderly risk summer maps
The results demonstrated a heterogeneous intra-urban variation of night-time HERI levels in
both inland (Fig 4) and coastal (Fig 5) cities.

Most of cities showed a progressive rise in the mean LST from the lowest value at the very
low level to the highest value at the very high risk level. In particular, the highest mean LST was
observed in Bologna (18.6°C), followed by Florence (17.6°C) and Rome (17.5°C) (Table 5).
Among coastal cities, Palermo showed the highest mean LST (17.1°C) (Table 6) while Genoa
(1.9°C) and Catania (3.2°C) had the lowest LST values.

The low risk level had the highest coverage area in most of cities (7 cities; Tables 5 and 6),
while Bologna showed the highest absolute coverage area value (83.1%) coinciding with the
very low risk level. However, the moderate risk also revealed the highest coverage area in Rome

Fig 2. Maps of daytime heat-related elderly risk levels in the main inland Italian cities during the 2001–2013 summers (May-September).HERI:
Heat-related Elderly Risk Index.

doi:10.1371/journal.pone.0127277.g002

Urban Mapping of Heat-Related Risks in the Elderly

PLOS ONE | DOI:10.1371/journal.pone.0127277 May 18, 2015 8 / 18



(Table 5) and two coastal cities (Naples and Catania) (Table 6). The hazardous risk level was
generally localized to encompass the city-centre in inland cities (Fig 4), except for Milan, most-
ly localized in the Northeast urban area. The very high risk level was localized in the inner
coast of coastal cities, except for Genoa and Bari (Fig 5). Naples had the greatest coverage area
for the very high risk level (15.7%; Table 6), followed by another coastal city (Palermo) and the
inland city of Padua (8.4%; Table 5). The other cities showed the worst risk level ranging from
1% (Milan) to about 4% (Rome and Catania). The lowest coverage areas (<1%) were observed
in two coastal cities, Genoa and Bari (Table 6), and the inland city of Bologna (Table 5).

The total and elderly population density showed a progressive rise from very low to very
high risk levels (Tables 5 and 6). However, most of cities showed the population frequency that
reached the maximum when the moderate or the high risk levels occurred (Tables 5 and 6).

Discussion
This multi-city study provides a detailed intra-city description of heat-related elderly risk vari-
ability. It is a valid contribution to previous epidemiological heat-related health studies.

The main contribution of this work is the identification of high-resolution urban areas char-
acterized by potentially different heat-risk levels for the health of vulnerable people, i.e. the el-
derly. Critical heat-risk urban areas are identified with up-to-street-level details (S2 Fig). This
information might potentially enable effective short-term (i.e. allocation of water supply,

Fig 3. Maps of daytime heat-related elderly risk levels in the main coastal Italian cities during the
2001–2013 summers (May-September).HERI: Heat-related Elderly Risk Index.

doi:10.1371/journal.pone.0127277.g003
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temporary health services, preparation of specific transport to cooling centres) and medium/
long-term (i.e. encouraging greenings area, modification of buildings surfaces) intervention
strategies by local authorities, urban planners and health agencies when deciding heat-related
health prevention actions at the small-urban-area level.

The innovation of this study is its ability to use a 13-year spatio-temporal series of remote
sensing MODIS LST data downscaled at high-resolution (100 m). This variable is commonly
adopted to characterize the UHI effect [24], recently identified as an emerging trend in public
health [25].

This study confirms the negative LST-NDVI relationship of land cover classes highlighted
in previous studies, especially during the summer months [9, 10, 11]. Furthermore, the

Table 3. Daytime heat-related elderly risk index levels for the most populous inland Italian cities during the 2001–2013 summers (May-September).

Cities HERIa levels Mean LSTb (°C) ±SDc Coverage area (%) Population
frequency (%)

Population density
(Pop. per km2)

Total � 65 Total � 65

Turin Very Low 12.5(±0.5) 0.4 0.0 0.0 4.6 0.8

Low 18.4(±2.0) 27.4 1.2 1.1 91.0 13.7

Moderate 22.6(±1.2) 55.0 15.8 14.5 622.2 94.3

High 22.2(±1.6) 14.6 60.3 59.9 8,915.3 1,464.4

Very high 20.8(±2.0) 2.6 22.7 24.5 18,598.5 3,320.6

Milan Very Low 20.4(±0.2) 1.8 0.7 0.6 1,580.9 231.1

Low 23.8(±0.6) 49.1 2.4 2.4 199.8 32.3

Moderate 24.3(±0.4) 39.3 58.8 56.8 6,140.0 947.8

High 24.6(±0.2) 8.4 31.3 32.8 15,249.2 2,564.2

Very high 24.8(±0.1) 1.4 6.8 7.4 19,313.8 3,333.8

Padua Very Low 20.8(±1.6) 0.5 0.1 0.1 110.2 18.3

Low 25.7(±0.5) 48.7 2.8 2.5 61.9 8.0

Moderate 26.5(±0.6) 33.2 8.0 7.1 251.4 33.2

High 26.1(±0.8) 8.2 34.4 30.8 4,376.9 581.4

Very high 26.3(±0.3) 9.4 54.7 59.5 6,102.8 984.8

Bologna Very Low 20.2(±0.8) 1.2 0.1 0.1 50.2 9.4

Low 25.7(±1.7) 55.0 4.2 3.8 66.6 12.4

Moderate 28.6(±0.7) 37.0 24.1 22.6 564.2 106.9

High 28.1(±0.7) 6.5 66.4 68.1 8,907.5 1,851.0

Very high 27.9(±0.4) 0.3 5.2 5.4 15,634.3 3,303.9

Florence Very Low 20.2(±1.3) 2.1 0.0 0.0 19.5 3.3

Low 24.7(±1.2) 44.3 2.1 2.0 52.3 9.8

Moderate 27.5(±0.7) 41.7 4.4 4.4 118.4 22.7

High 28.2(±0.6) 8.7 56.4 55.6 7,231.0 1,368.4

Very high 28.6(±0.3) 3.2 37.1 38.0 12,886.6 2,535.5

Rome Very Low 13.2(±2.4) 0.2 0.0 0.0 30.4 3.6

Low 24.9(±1.5) 8.2 0.4 0.3 61.6 7.9

Moderate 30.4(±1.2) 76.9 6.6 6 109.3 14.7

High 31.2(±0.7) 10.8 58.6 58.3 6,889.3 1,021.2

Very high 31.3(±0.3) 3.9 34.4 35.4 11,237.0 1,723.5

aHERI: Heat-related Elderly Risk Index.
bLST: Land Surface Temperature.
cSD: Standard Deviation.

doi:10.1371/journal.pone.0127277.t003
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introduction of the GAM procedure has allowed for considering the potential non-linearity of
the LST-NDVI relationship, as indicated by other authors [11]. This study also provides an ad-
ditional contribution by revealing a higher accuracy (RMSE reduction) of LST estimation via
use of the GAM procedure instead of the LST assessed through the LRM approach.

For the first time LST was combined with high-resolution (100-m grid) exposure and vul-
nerability layers assessed by using population density grids (total and elderly population) spa-
tially available over a wide geographical area [18].

The decision to focus on urban areas stems from recent extreme-heat events causing serious
health, economic and social problems worldwide (Europe, USA, Australia and Asia) with
strong heat-impact due to global warming predicted in cities [26]. In addition, the World Ur-
banization Prospects [27] estimates that about 70% of Italy’s total population residing in urban
areas is expected to rise to 80% by 2050. Furthermore, according to recent estimates, about
33% of Italy’s population will be over 65 by 2050 against approximately 21% reported in the
2014 census (http://demo.istat.it/pop2014/index.html). Therefore, an increasing number of

Table 4. Daytime heat-related elderly risk levels for the most populous coastal Italian cities during the 2001–2013 summers (May-September).

Cities HERIa levels Mean LSTb (°C) ±SDc Coverage area (%) Population
frequency (%)

Population density
(Pop. per km2)

Total � 65 Total � 65

Genoa Very Low 11.0(±1.5) 8.7 0.1 0.1 15.5 3.4

Low 15.5(±1.9) 81.4 5.3 5.4 81.8 17.4

Moderate 19.3(±2.5) 3.6 9.2 9.6 3,344.5 719.3

High 20.0(±1.8) 5.8 74.0 73.6 15,976.2 3,296.8

Very high 18.4(±0.9) 0.5 11.4 11.3 27,449.1 5,660.1

Naples Very Low 12.8(±2.6) 0.7 0.0 0.0 67.6 7.9

Low 22.7(±1.9) 8.0 0.2 0.2 108.3 11.5

Moderate 27.9(±1.5) 56.0 8.5 7.1 867.3 77.5

High 28.6(±1.8) 20.0 39.3 31.9 11,253.2 960.8

Very high 28.9(±0.9) 15.3 52.0 60.8 19,496.8 2,399.2

Bari Very Low 16.3(±3.1) 0.0 0.0 0.0 0 0

Low 25.0(±1.1) 0.3 0.0 0.0 38.2 4.1

Moderate 30.4(±0.4) 88.9 9.2 8.5 86.6 10.4

High 30.1(±0.7) 7.6 56.1 54.5 6,175.5 778.0

Very high 30.2(±0.4) 3.2 34.7 37.0 9,075.2 1,254.5

Palermo Very Low 16.6(±2.2) 0.2 0.0 0.0 191.5 25.4

Low 25.6(±1.1) 20.8 0.6 0.6 64.8 7.9

Moderate 28.1(±1.0) 52.9 2.6 2.7 114.2 13.8

High 27.8(±0.7) 17.8 52.3 52.1 6,824.6 809.5

Very high 28.0(±0.4) 8.3 44.5 44.6 12,403.0 1,478.9

Catania Very Low 12.3(±3.9) 0.4 0.0 0.0 7.9 2.8

Low 26.2(±3.3) 4.7 0.4 0.5 92.8 14.1

Moderate 32.2(±1.4) 84.1 19.1 16.3 257.7 28.2

High 31.5(±2.2) 7.2 42.8 41.1 6,705.9 822.2

Very high 32.0(±0.6) 3.6 37.7 42.1 11,722.8 1,672.8

aHERI: Heat-related Elderly Risk Index.
bLST: Land Surface Temperature.
cSD: Standard Deviation.

doi:10.1371/journal.pone.0127277.t004
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more vulnerable individuals is expected to become exposed to future heat events and detailed
methodologies are indispensable for assessing the intra-city heat-related elderly risks.

The highest heat-related vulnerability of the elderly is due to physiological, health and
socio-economical status [28]. Consequently, many European and all major Italian cities have
developed specific heat health warning systems (HHWSs) for the elderly. Recent studies have
also revealed a reduction in heat-related elderly mortality in Italian cities after the establishing
HHWSs [29, 30]. Future implementation of intra-city HERI in existing HHWSs might further
help reduce the heat-effect impact on the health of most the vulnerable. However, HERI maps
should also be updated each year and include the latest available remote sensing MODIS data
and population density grid based on the most recent population census. In addition, the HERI
could also be provided on a different temporal scale, i.e. monthly.

In this study, all areas characterized by the hazardous risk level also have the highest total
and elderly population densities. For this reason, healthcare should immediately be provided in
these zones in case of excessive heat events. Most cities showed the hazardous HERI level in
inner-city areas, which is in agreement with previous studies showing that the heat effect was
mainly evident among people living in inner-city neighbourhoods [14, 31], also caused by ex-
posure to the combined effects of UHI and air pollution.

Interestingly, urban areas with the hazardous HERI level were not necessarily characterized
by the highest daytime LST. Conversely, there was a night-time correspondence between the
harmful HERI level and the highest LST, in agreement with the fact that UHI is a marked
night-time phenomenon [6] when energy accumulated during the day is released into the at-
mosphere. On the other hand, a larger temperature daytime variability is observed due to the

Fig 4. Maps of night-time heat-related elderly risk levels in the main inland Italian cities during the 2001–2013 summers (May-September). HERI:
Heat-related Elderly Risk Index.

doi:10.1371/journal.pone.0127277.g004
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variable sunlight contribution, which increases the heterogeneity when LST is measured in
shadow or direct sunlight [32]. This is also supported by the higher accuracy (the lowest RMSE
value) of the night-time LST estimation than the daytime LST observed for every land cover
class investigated in the study.

The urban areas affected by the two most dangerous HERI levels were greater in coastal (the
average from diurnal and nocturnal periods was 11.3% and 6.0% for the high and very high
risk levels respectively) than inland (8.1% and 3.3% for the high and very high risk levels re-
spectively) cities. This geographical heterogeneity is particularly interesting because it is well
known that tolerance to temperature extremes varies regionally [33] according to the popula-
tion and its preparedness for heat conditions, and the local temperatures and frequency of ex-
treme events. However, the ways in which city dwellers adapt physiologically and
technologically to heat have not been investigated in this urban hazard risk analysis. In a previ-
ous study [34], we also hypothesized that populations living in coastal plain cities with milder
climate conditions and low daily temperature variations where extremely high temperatures
are uncommon or occur infrequently, appeared more susceptible and less adaptable to sudden
temperature changes and extremes. Furthermore, findings from this study also showed that
several urban coastal populations might be more susceptible to potential heat effects due to the
existence of extensive heat-related high and very high risk areas.

Fig 5. Maps of night-time heat-related elderly risk levels in the main coastal Italian cities during the
2001–2013 summers (May-September).HERI: Heat-related Elderly Risk Index.

doi:10.1371/journal.pone.0127277.g005
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Strengths and Limitations
This study represents a starting point for identifying areas requiring adaptation-planning strat-
egies [35] such as alternative land-surface changes in cities, allocation of economical and tech-
nological resources to counteract heat, and health-personnel organisation to support the
growing number of vulnerable people living in urban high-risk areas in cases of excessive heat
events. These adaptation actions and the need for detailed intra-city heat-related elderly risk as-
sessments are of primary importance for minimising adverse health effects associated with the
significant and progressive temperature rises already observed in many cities due to climate
change and urbanization.

Table 5. Night-time heat-related elderly risk levels for the most populous inland Italian cities during the 2001–2013 summers (May-September).

Cities HERIa levels Mean LSTb (°C) ±SDc Coverage area (%) Population
frequency (%)

Population density
(Pop. per km2)

Total � 65 Total � 65

Turin Very Low 6.4(±0.5) 15.5 0.3 0.3 45.6 6.3

Low 8.4(±0.8) 62.2 9.5 8.1 327.6 46.3

Moderate 9.5(±1.1) 11.9 34.1 33.0 6,229.5 996.2

High 10.8(±0.7) 7.8 34.0 34.8 9,455.0 1,602.3

Very high 11.4(±0.8) 2.6 22.1 23.8 18,700.2 3,327.7

Milan Very Low 8.1(±0.2) 0.5 0.0 0.0 47 6.4

Low 10.5(±0.6) 45.8 2.4 2.0 216.7 29.0

Moderate 11.0(±0.5) 44.7 60.6 58.7 5,550.2 859.2

High 11.0(±0.6) 7.7 30.7 32.5 16,256.0 2,761.7

Very high 11.7(±0.1) 1.3 6.3 6.8 19,333.2 3,336.6

Padua Very Low 8.8(±0.2) 5.5 0.3 0.3 55.7 7.1

Low 10.3(±0.5) 63.6 4.2 3.6 68.4 8.8

Moderate 11.0(±0.5) 15.0 12.4 10.8 860.0 111.4

High 10.7(±0.5) 7.5 34.4 30.9 4,807.9 639.9

Very high 11.2(±0.3) 8.4 48.7 54.4 6,061.9 1,003.4

Bologna Very Low 15.7(±0.3) 83.1 7.9 6.9 82.5 14.5

Low 17.1(±0.6) 9.5 16.5 16 1,506.1 294.9

Moderate 17.3(±0.5) 6.0 57.5 58.5 8,241.7 1,703.8

High 18.1(±0.4) 0.9 9.6 9.9 9,256.0 1,918.4

Very high 18.6(±0.5) 0.5 8.5 8.7 15,633.9 3,240.1

Florence Very Low 14.5(±0.2) 17.3 0.5 0.4 30.6 5.5

Low 15.5(±0.6) 68.2 5.0 4.9 82.0 15.3

Moderate 16.6(±0.9) 6.4 23.8 23.7 4,096.0 783.0

High 17.1(±0.4) 5.7 41.5 40.8 8,075.4 1,522.5

Very high 17.6(±0.4) 2.4 29.2 30.2 13,704.5 2,725.7

Rome Very Low 7.1(±1.3) 0.2 0.0 0.0 24.2 2.9

Low 15.0(±0.5) 26.0 1.1 1.0 55.7 7.5

Moderate 16.0(±0.6) 59.4 6.8 6.1 145.7 19.4

High 16.8(±0.6) 10.6 58.2 57.9 6,983.6 1,037.0

Very high 17.5(±0.6) 3.8 33.9 35.0 11,256.6 1,728.5

aHERI: Heat-related Elderly Risk Index.
bLST: Land Surface Temperature.
cSD: Standard Deviation.

doi:10.1371/journal.pone.0127277.t005
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Other strengths of this study are linked to the fact that well-known, referenced and free pub-
lic remote sensing (satellite MODIS data) and demographic (Eurostat source) datasets were
used for the HERI assessment. Furthermore, all computerized procedures were coded, and
made freely available on github.com/meteosalute/mapheatrisk, by using a well-referenced open
source software (R statistical software). These strengths enable easily replicable and comparable
studies. In this regard, one of the main strengths is the potential geographical reproducibility of
the study. All grid-raster data used are spatially continuous, thus allowing for future investiga-
tions in marginal and developing urban areas. Since the same demographic grid-data and satel-
lite data are also available in all European Union countries, the heat-risk analysis assessed
nationally in this study could easily be extended to the rest of Europe in future studies.

This study also has some limitations. Firstly, the LST was used as a hazard-layer measure for
potential population exposure. However, the relationship between LST and ambient tempera-
ture is very complex [36] and strongly influenced by atmospheric conditions and surface prop-
erties. Furthermore, microscale site characteristics have a greater influence on LST than on air

Table 6. Night-time heat-related elderly risk levels for the most populous coastal Italian cities during the 2001–2013 summers (May-September).

Cities HERIa levels Mean LSTb (°C) ±SDc Coverage area (%) Population
frequency (%)

Population density
(Pop. per km2)

Total � 65 Total � 65

Genoa Very Low 1.9(±1.9) 0.1 0.0 0.0 58.6 13.8

Low 10.6(±0.6) 60.2 1.6 1.6 34.1 7.0

Moderate 12.0(±0.6) 32.7 8.4 8.7 323.6 69.4

High 12.4(±1.2) 6.4 77.4 77.1 15,269.7 3,156.8

Very high 11.7(±1.0) 0.6 12.6 12.6 26,094.7 5,416.5

Naples Very Low 7.0(±1.6) 0.3 0.0 0.0 550.0 55.7

Low 12.2(±1.3) 2.8 0.1 0.1 142.4 18.0

Moderate 14.9(±0.7) 60.3 7.1 6.0 676.7 60.1

High 15.4(±0.9) 20.9 39.8 32.1 10,910.5 927.0

Very high 15.6(±0.5) 15.7 53.0 61.8 19,397.8 2,383.3

Bari Very Low 12.7(±0.4) 10.8 1.1 1 85.3 10.0

Low 13.8(±0.4) 79.1 11.4 10.4 120.3 14.3

Moderate 14.6(±0.6) 6.2 45.4 44.7 6,077.8 775.7

High 15.1(±0.5) 3.8 40.5 42.5 8,844.9 1,201.2

Very high 15.2(±0.3) 0.1 1.6 1.4 13,200.0 1,547.3

Palermo Very Low 11.5(±0.6) 0.1 0.0 0.0 0 0

Low 14.4(±0.5) 65.2 1.2 1.3 43.2 5.5

Moderate 16.0(±1.0) 10.5 7.5 8.1 1,654.7 212.5

High 16.5(±0.7) 15.8 46.3 45.9 6,815.6 803.2

Very high 17.1(±0.6) 8.4 45.0 44.7 12,341.2 1,460.6

Catania Very Low 3.2(±1.1) 0.2 0.0 0.0 0 0

Low 10.6(±1.8) 4.0 0.1 0.1 18.8 3.2

Moderate 15.0(±0.8) 83.5 13.6 11.6 184.5 20.2

High 15.2(±0.7) 8.0 43.3 40.2 6,130.4 726.4

Very high 15.6(±0.8) 4.3 43.0 48.1 11,221.4 1,604.6

aHERI: Heat-related Elderly Risk Index.
bLST: Land Surface Temperature.
cSD: Standard Deviation.

doi:10.1371/journal.pone.0127277.t006
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temperature [6]. Nevertheless, a recent validation study of satellite-derived LST with in situ
ambient temperature measurements [25] concluded that LST can be considered a useful vari-
able to better understand the spatial variation in heat exposure over long time frames. Because
the existing urban meteorological networks generally only cover limited areas, remotely-sensed
data represent a useful dataset for spatial heat vulnerability analysis and a proxy for heat expo-
sure by city inhabitants [37].

Another limitation is the fact that the exposed and vulnerable layer was only represented by
the total and elderly population density. Conversely, no other socio-demographic and health
variables (i.e. physiological adaptation, pre-existing health conditions, air conditioning use)
were considered as often spatially fractioned and when available, they only apply to very few
cities. Furthermore, specific grid platforms for other high-resolution socio-demographic or
health variables are still not available. However, as these variables become available as gridded
datasets in the future, they could easily be implemented in the risk assessment methodology
and provide an improved version of urban hazard maps.

Conclusions
This study shows the great potential of combining geospatial technologies and spatial demo-
graphic characteristics within a simple and flexible conceptual framework in order to provide
high-resolution urban mapping of daytime and night-time heat-related elderly risk index. This
result was achieved thanks to an effective downscaling smoothing procedure (GAM approach)
of thermal surface satellite MODIS data. The GAM procedure allowed for improved daytime
and night-time LST estimations compared to the linear regression model approach normally
used in previous studies.

HERI maps in major Italian cities generally showed the hazardous HERI level localized to
encompass the city-centre in inland cities and the inner areas of coastal cities. Furthermore, the
two most dangerous HERI levels were greater in the coastal than the inland cities. This infor-
mation is a potentially useful tool for delineating daytime and night-time high-risk intra-urban
areas with high—not necessarily the highest—temperatures, as well as the greatest total and el-
derly population density. In this way, potential areas for intervention are immediately identi-
fied, thus supporting public health operators and facilitating coordination for heat-
related emergencies.

Supporting Information
S1 Fig. Geographical location of the main Italian cities studied (OpenstreetMap Contribu-
tors ODbL, tiles MapQuest Mapnik).
(TIF)

S2 Fig. Map of the high-resolution (100 m) urban Heat-related Elderly Risk Index (HERI)
for Rome during the 2001–2013 summers (May-September) (OpenstreetMap Contributors
ODbL, tiles MapQuest Mapnik).
(TIF)

S1 Table. Geographical and demographic characteristics of the main Italian cities studied.
(DOCX)

S2 Table. Percent of surface area (% of the total city area) covered by specific land cover
classes of the main Italian cities studied.
(DOCX)

Urban Mapping of Heat-Related Risks in the Elderly

PLOS ONE | DOI:10.1371/journal.pone.0127277 May 18, 2015 16 / 18

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0127277.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0127277.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0127277.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0127277.s004


Author Contributions
Conceived and designed the experiments: MM AC BG GG. Performed the experiments: MM
AC BG GG PT. Analyzed the data: MM AC BG GG PT. Contributed reagents/materials/analy-
sis tools: MM AC BG GG PT VDS. Wrote the paper: MM AC BG GG PT VDS SO GFG.

References
1. Hajat S, Kosatky T. Heat-related mortality: a review and exploration of heterogeneity. J Epidemiol Com-

munity Health. 2010; 64: 753–760. doi: 10.1136/jech.2009.087999 PMID: 19692725

2. Ye X, Wolff R, YuW, Vaneckova P, Pan X, Tong S. Ambient temperature and morbidity: a review of epi-
demiological evidence. Environ Health Perspect. 2012; 120: 19–28. doi: 10.1289/ehp.1003198 PMID:
21824855

3. Williams S, Nitschke M, Sullivan T, Tucker GR, Weinstein P, Pisaniello DL, et al. Heat and health in Ad-
elaide, South Australia: assessment of heat thresholds and temperature relationships. Sci Total Envi-
ron. 2012; 414: 126–133. doi: 10.1016/j.scitotenv.2011.11.038 PMID: 22169392

4. Gronlund CJ, Zanobetti A, Schwartz JD, Wellenius GA, O'Neill MS. Heat, heat waves, and hospital ad-
missions among the elderly in the United States, 1992–2006. Environ Health Perspect. 2014; 122:
1187–1192. doi: 10.1289/ehp.1206132 PMID: 24905551

5. Rikkert MG, Melis RJ, Claassen JA. Heat waves and dehydration in the elderly. BMJ. 2009; 339:
b2663. doi: 10.1136/bmj.b2663 PMID: 19574318

6. Arnfield AJ. Two decades of urban climate research: a review of turbulence, exchanges of energy and
water, and the urban heat island. Int J Climatol. 2003; 23: 1–26.

7. Zhao L, Lee X, Smith RB, Oleson K. Strong contributions of local background climate to urban heat is-
lands. Nature. 2014; 511: 216–219. doi: 10.1038/nature13462 PMID: 25008529

8. GogginsWB, Chan EY, Ng E, Ren C, Chen L. Effect modification of the association between short-
term meteorological factors and mortality by urban heat islands in Hong Kong. PLoS One. 2012; 7:
e38551. Available: http://www.plosone.org/article/info%3Adoi%2F10.1371%2Fjournal.pone.0038551.
Accessed 19 April 2015. doi: 10.1371/journal.pone.0038551 PMID: 22761684

9. Karnieli A, Agam N, Pinker RT, Anderson M, Imhoff ML, Gutman GG, et al. Use of NDVI and Land Sur-
face Temperature for Drought Assessment: Merits and Limitations. J. Climate. 2010; 23: 618–633.

10. YueW, Xu J, TanW, Xu L. The relationship between land surface temperature and NDVI with remote
sensing: application to Shanghai Landsat 7 ETM+ data. Int J Remote Sens. 2007; 28: 3205–3226.

11. Sun D, Kafatos M. Note on the NDVI-LST relationship and the use of temperature-related drought indi-
ces over North America. Geophys. Res. Lett. 2007; 34: L24406.

12. Collins TW, Grineski SE, de Lourdes Romo Aguilar M. Vulnerability to environmental hazards in the Ci-
udad Juárez (Mexico)–El Paso (USA) metropolis: A model for spatial risk assessment in transnational
context. Applied Geography. 2009; 29: 448–461.

13. Kestens Y, Brand A, Fournier M, Goudreau S, Kosatsky T, Maloley M, et al. Modelling the variation of
land surface temperature as determinant of risk of heat-related health events. Int J Health Geogr. 2011;
10: 7. Available: http://www.ij-healthgeographics.com/content/10/1/7. Accessed 19 April 2015. doi: 10.
1186/1476-072X-10-7 PMID: 21251286

14. Tomlinson CJ, Chapman L, Thornes JE, Baker CJ. Including the urban heat island in spatial heat health
risk assessment strategies: a case study for Birmingham, UK. Int J Health Geogr. 2011; 10: 42. Avail-
able: http://www.ij-healthgeographics.com/content/10/1/42. Accessed 19 April 2015. doi: 10.1186/
1476-072X-10-42 PMID: 21682872

15. Buscail C, Upegui E, Viel JF. Mapping heatwave health risk at the community level for public health ac-
tion. Int J Health Geogr. 2012; 11: 38. Available: http://www.ij-healthgeographics.com/content/11/1/38.
Accessed 19 April 2015. doi: 10.1186/1476-072X-11-38 PMID: 22974194

16. United Nations, Department of Economic and Social Affairs, Population Division. World Population
Ageing 2013. ST/ESA/SER.A/348; 2013. Available: http://www.un.org/en/development/desa/
population/publications/pdf/ageing/WorldPopulationAgeing2013.pdf. Accessed 19 April 2015.

17. Anniballe R, Bonafoni S, Pichierri M. Spatial and temporal trends of the surface and air heat island over
Milan using MODIS data. Remote Sensing of Environment. 2014; 150: 163–171.

18. Gallego FG. A population density grid of the European Union. Popul Environ. 2010; 31: 460–473.

19. Crichton D. The risk triangle. In: Ingleton J, editor. Natural Disaster Management. London: Tudor
Rose; 1999. pp. 102–103.

Urban Mapping of Heat-Related Risks in the Elderly

PLOS ONE | DOI:10.1371/journal.pone.0127277 May 18, 2015 17 / 18

http://dx.doi.org/10.1136/jech.2009.087999
http://www.ncbi.nlm.nih.gov/pubmed/19692725
http://dx.doi.org/10.1289/ehp.1003198
http://www.ncbi.nlm.nih.gov/pubmed/21824855
http://dx.doi.org/10.1016/j.scitotenv.2011.11.038
http://www.ncbi.nlm.nih.gov/pubmed/22169392
http://dx.doi.org/10.1289/ehp.1206132
http://www.ncbi.nlm.nih.gov/pubmed/24905551
http://dx.doi.org/10.1136/bmj.b2663
http://www.ncbi.nlm.nih.gov/pubmed/19574318
http://dx.doi.org/10.1038/nature13462
http://www.ncbi.nlm.nih.gov/pubmed/25008529
http://www.plosone.org/article/info%3Adoi%2F10.1371%2Fjournal.pone.0038551
http://dx.doi.org/10.1371/journal.pone.0038551
http://www.ncbi.nlm.nih.gov/pubmed/22761684
http://www.ij-healthgeographics.com/content/10/1/7
http://dx.doi.org/10.1186/1476-072X-10-7
http://dx.doi.org/10.1186/1476-072X-10-7
http://www.ncbi.nlm.nih.gov/pubmed/21251286
http://www.ij-healthgeographics.com/content/10/1/42
http://dx.doi.org/10.1186/1476-072X-10-42
http://dx.doi.org/10.1186/1476-072X-10-42
http://www.ncbi.nlm.nih.gov/pubmed/21682872
http://www.ij-healthgeographics.com/content/11/1/38
http://dx.doi.org/10.1186/1476-072X-11-38
http://www.ncbi.nlm.nih.gov/pubmed/22974194
http://www.un.org/en/development/desa/population/publications/pdf/ageing/WorldPopulationAgeing2013.pdf
http://www.un.org/en/development/desa/population/publications/pdf/ageing/WorldPopulationAgeing2013.pdf


20. Lindley SJ, Handley JF, Theuray N, Peet E, Mcevoy D. Adaptation Strategies for Climate Change in the
Urban Environment: Assessing Climate Change Related Risk in UK Urban Areas. J Risk Res. 2006; 9:
543–568.

21. Di Gregorio A, Jansen LJM. (1996) FAO Land Cover Classification System: A Dichotomous, Modular-
Hierarchical Approach. Paper presented at the Federal Geographic Data Committee Meeting—Vegeta-
tion Subcommittee and Earth Cover Working Group, Washington (USA), 15–17 October 1996.

22. Hastie TJ, Tibshirani RJ. Generalized Additive Models. Chapman & Hall/CRC; 1990. ISBN 978-0-412-
34390-2.

23. Ozelkan E, Bagis S, Ozelkan EC, Ustundag BB, Ormeci C. Land Surface Temperature Retrieval for Cli-
mate Analysis and Association with Climate Data. Eur J Remote Sens. 2014; 47: 655–669.

24. Peng S, Piao S, Ciais P, Friedlingstein P, Ottle C, Bréon FM, et al. Surface urban heat island across
419 global big cities. Environ Sci Technol. 2012; 46: 696–703. doi: 10.1021/es2030438 PMID:
22142232

25. White-Newsome JL, Brines SJ, Brown DG, Dvonch JT, Gronlund CJ, Zhang K, et al. Validating satel-
lite-derived land surface temperature with in situ measurements: a public health perspective. Environ
Health Perspect. 2013; 121: 925–931. doi: 10.1289/ehp.1206176 PMID: 23777856

26. McCarthy MP, Best MJ, Betts RA. Climate change in cities due to global warming and urban effects.
Geophys Res Lett. 2010; 37: 1–5.

27. United Nations, Department of Economic and Social Affairs, Population Division. World Urbanization
Prospects: The 2014 Revision, Highlights ST/ESA/SER.A/352; 2014. Available: http://esa.un.org/unpd/
wup/Highlights/WUP2014-Highlights.pdf. Accessed 19 April 2015.

28. Tan J. Commentary: People’s vulnerability to heat wave. Int J Epidemiol. 2008; 37: 318–320. doi: 10.
1093/ije/dyn023 PMID: 18381399

29. Morabito M, Profili F, Crisci A, Francesconi P, Gensini GF, Orlandini S. Heat-related mortality in the
Florentine area (Italy) before and after the exceptional 2003 heat wave in Europe: an improved public
health response? Int J Biometeorol. 2012; 56: 801–810. doi: 10.1007/s00484-011-0481-y PMID:
21822792

30. Schifano P, Leone M, De Sario M, de'Donato F, Bargagli AM, D’Ippoliti D, et al. Changes in the effects
of heat on mortality among the elderly from 1998–2010: results from a multicenter time series study in
Italy. Environ Health. 2012; 11: 58. Available: http://www.ehjournal.net/content/11/1/58. Accessed 19
April 2015. doi: 10.1186/1476-069X-11-58 PMID: 22943217

31. Reid CE, O'Neill MS, Gronlund CJ, Brines SJ, Brown DG, Diez-Roux AV, et al. Mapping community de-
terminants of heat vulnerability. Environ Health Perspect. 2009; 117: 1730–1736. doi: 10.1289/ehp.
0900683 PMID: 20049125

32. Nichol JE. Remote sensing of urban heat islands by day and night. Photo Eng Remote Sens. 2005; 71:
613–621.

33. McMichael AJ, Wilkinson P, Kovats RD, Pattenden S, Hajat S, Armstrong B, et al. International study of
temperature, heat and urban mortality: the ‘ISOTHURM’ project. Int J Epidemiol. 2008; 37: 1121–1131.
doi: 10.1093/ije/dyn086 PMID: 18522981

34. Morabito M, Crisci A, Moriondo M, Profili F, Francesconi P, Trombi G, et al. Air temperature-related
human health outcomes: current impact and estimations of future risks in Central Italy. Sci Total Envi-
ron. 2012; 441: 28–40. doi: 10.1016/j.scitotenv.2012.09.056 PMID: 23134767

35. Lindley SJ, Handlew JF, McEvoy D, Peet E, Theuray N. The role of spatial risk assessment in the con-
text of planning for adaptation in UK urban areas. Built Environment. 2007; 33: 46–69.

36. Tomlinson CJ, Chapman L, Thornes JE, Baker CJ. Remote sensing land surface temperature for mete-
orology and climatology: a review. Meteorol Appl. 2011; 18: 296–306.

37. Wilhelmi OV, Purvis KL, Harriss RC. Designing a geospatial information infrastructure for mitigation of
heat wave hazards in urban areas. Nat Hazards Rev. 2004; 5: 147–158.

Urban Mapping of Heat-Related Risks in the Elderly

PLOS ONE | DOI:10.1371/journal.pone.0127277 May 18, 2015 18 / 18

http://dx.doi.org/10.1021/es2030438
http://www.ncbi.nlm.nih.gov/pubmed/22142232
http://dx.doi.org/10.1289/ehp.1206176
http://www.ncbi.nlm.nih.gov/pubmed/23777856
http://esa.un.org/unpd/wup/Highlights/WUP2014-Highlights.pdf
http://esa.un.org/unpd/wup/Highlights/WUP2014-Highlights.pdf
http://dx.doi.org/10.1093/ije/dyn023
http://dx.doi.org/10.1093/ije/dyn023
http://www.ncbi.nlm.nih.gov/pubmed/18381399
http://dx.doi.org/10.1007/s00484-011-0481-y
http://www.ncbi.nlm.nih.gov/pubmed/21822792
http://www.ehjournal.net/content/11/1/58
http://dx.doi.org/10.1186/1476-069X-11-58
http://www.ncbi.nlm.nih.gov/pubmed/22943217
http://dx.doi.org/10.1289/ehp.0900683
http://dx.doi.org/10.1289/ehp.0900683
http://www.ncbi.nlm.nih.gov/pubmed/20049125
http://dx.doi.org/10.1093/ije/dyn086
http://www.ncbi.nlm.nih.gov/pubmed/18522981
http://dx.doi.org/10.1016/j.scitotenv.2012.09.056
http://www.ncbi.nlm.nih.gov/pubmed/23134767

