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Abstract: Heat waves are projected to become more frequent, longer-lasting, and intense. At the same
time, urban areas are confronted with the urban heat island (UHI) phenomenon, which adds to the
thermal stress experienced during hot spells. Focusing on the Paris area during the hot summer of
2003, we investigated the influence of heat waves on UHI intensity, i.e., the urban-rural temperature
contrast. In a first step, this was done based on observed temperatures from an urban and a rural site,
showing that per ◦ C increase in the daytime temperature, the nighttime UHI intensity increased by
0.086 ◦ C. Recognizing the limited spatial representativeness of the urban experimental site, located
in a park, we then performed simulations with an urban climate model, covering the wider Paris
area for the summer of 2003. First, a validation was done using the aforementioned temperature
measurements to do so. Subsequently, we estimated the sensitivity of the nighttime UHI intensity
with respect to the daytime temperature, this time using simulated temperatures of the densely
built-up areas in the center of Paris, yielding an increase of UHI intensity of 0.19 ◦ C per ◦ C increase
in the daytime temperature. While these results only apply to the domain and period studied, they
do confirm recent reports that the UHI intensity increases during heat waves. The results also show
that for the cooler parts of the urban fabric (e.g., parks), the UHI intensification during heat waves is
around half of that of the dense urban fabric, thus providing some insights into possible mitigation
strategies for the future.
Keywords: urban heat island; urban climate modeling; heat wave episode

1. Introduction
Global climate projections that consistently point towards an increase in the number, frequency,
and intensity of heat waves [1–3] have shown that extremely hot summers such as the one of 2003 in
Europe are likely to become fairly common towards the end of the century.
Heat waves claim more victims than any other weather-related disaster [4]. A striking illustration
of this stems from the comparison between the death toll attributed to Hurricane Katrina in
2005 (amounting to approximately 1500; see [5]) and those of the European heat wave of 2003
(70,000 reported heat-related deaths; see [6]). Often, the health impact of heat waves is minimized by
invoking the “harvesting” phenomenon, i.e., the displacement of mortality by days or weeks. Stated
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otherwise, frail people die prematurely but not by much, as they would have died soon afterwards
anyway. However, it has been shown that, whereas minor heat wave episodes do induce a fair share of
harvesting, this effect decreases as a function of the heat wave strength [7]. In particular, for the major
European heat wave of 2003, it was found that the harvesting effect was modest [8]. Indeed, while
of the 15,000 excess deaths occurring in France some 4000 would have died before the end of 2004 in
any event, in the absence of the disaster the remaining 11,000 would have lived statistically eight to
11 years longer, thus amounting to an estimated 100,000 lost life-years in France alone [9].
Urban areas, which are now home to the majority of humans, exhibit additional heat stress
because of the urban heat island (UHI) effect. Indeed, cities experience air temperatures in excess
of rural values, their average nighttime temperatures being higher by a few ◦ C, but increasing to
7–8 ◦ C and more under favorable conditions. Because of this UHI increment, cities are particularly
vulnerable to heat waves. In a recent study on Berlin, it was found found that during heat waves,
mortality rates were higher in the city, especially in the most densely built-up districts [10]. In a study
on Paris [11], it was concluded that, during the heat wave of the summer of 2003, areas exhibiting the
highest remotely sensed nighttime infrared surface temperature suffered the highest excess mortality.
Also for the 2003 European heat wave, it was found that heat-related excess mortality was especially
high in cities, Paris being featured on top with an excess mortality of nearly 140% during the period of
1–19 August 2003 [12]. Even though this enhanced excess mortality can at least partly be attributed
to the vulnerability of the urban population (e.g., a larger share of isolated elderly people), increased
mortality has been associated with the urban temperature increment itself [9]. Other studies also
have established this combined effect on mortality by ambient conditions (heat exposure) and social
vulnerability [13]. More insights regarding the spatial variability of heat mortality are available
in [14–20].
In addition, recent studies on cities in the US present evidence that the urban temperature
increment itself increases during heat waves. The authors of [21] investigated the impact of the heat
wave occurring in the second half of July 1999 in the Midwestern US, with temperatures rising well
above 32 ◦ C, which resulted in several hundred excess deaths. During this event, the cities of Chicago
and St. Louis were found to be disproportionally hotter than their rural surroundings, i.e., during the
heat wave the UHI intensity of these cities was higher than average. The authors of [22] considered a
heat wave episode in Baltimore, and they equally found that during the heat wave, the urban-rural
temperature contrast itself increased. The authors of [23,24], analyzing measurements in Madison, also
noticed an increase in the UHI intensity on hot days.
Here, we tackle a similar research question, i.e., we investigate whether the urban-rural temperature
increment gets enhanced during heat waves or not, and to what extent. This is done for the area of Paris
(France), using both in situ measurements and model simulation results, for the extended summer
(May–September) of 2003. This particular period is characterized by a wide range in temperature
conditions, with daytime maximum temperatures down to around 12 ◦ C on some days in May, and
reaching just short of 40 ◦ C on the hottest days during the first half of August of that year.
The remainder of this paper is organized as follows. Section 2 describes the in situ observational
data, which are subsequently used to evaluate the UHI intensity as a function of ambient (background)
temperature. Section 3 then introduces a simulation conducted with an urban climate model on the
Paris area. After validation, the modeling results are used to extend the observation-based results to
the entire urban agglomeration of Paris. Finally, Section 4 presents the conclusions of this study.
2. Observations
The observation-based analysis presented here relies on synoptic meteorological data contained
in the archives of the National Climatic Data Center (US), from which we extracted data for one urban
and one rural location in the Paris region (see station positions in Figure 1). The Paris-Montsouris
station (WMO code 071560) is taken as representative for urban climate conditions. It is located in the
Montsouris Park near the center of Paris, at a position of approximately 48.81◦ N and 2.33◦ W. This park

center of Melun, which itself is 35 km from the city center and 20 km from the outskirts of Paris. It is
located in the middle of agricultural fields and grassland, at a distance of several kilometers from the
nearest human settlement, thus constituting a representative rural station.
The analysis conducted here is based on hourly 2 m air temperature observations at both stations
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1 May–30 September 2003. Based on these data we constructed a time series
of
hourly UHI intensity by taking, for each hour, the temperature value of Paris minus that of Melun.
From this, we then extracted the UHI intensity occurring daily at 10 p.m. UT (which corresponds to
has a diameter of approximately 400 m, and the station is positioned within the park at more than
midnight in local time). The reason for choosing this particular time is that the UHI exhibits the
100 m from the nearest edge. Therefore, the representativity of this location for urban conditions is to
highest intensity in the late evening and early night. Moreover, it has been argued (see, e.g., [11]) that
be considered with caution (more on this below). The Melun-Villaroche station (WMO code 071530)
nighttime air temperature is the more relevant quantity in explaining heat-related mortality. The
is located at 48.61◦ N and 2.68◦ W, which is near a small airfield 8 km north of the center of Melun,
large-scale “ambient” temperature, as a function of which we seek to express the daily evening-time
which itself is 35 km from the city center and 20 km from the outskirts of Paris. It is located in the
UHI intensity, was taken as the daily temperature occurring in Melun at 2 p.m. UT, at which time the
middle of agricultural fields and grassland, at a distance of several kilometers from the nearest human
air temperature generally attains its daily maximum value.
settlement, thus constituting a representative rural station.

Figure 1. Study domain, centered on the city of Paris. The square white symbols show the positions of
Figure 1. Study domain, centered on the city of Paris. The square white symbols show the positions
the meteorological stations of Paris-Montsouris and Melun-Villaroche. The color pattern shows the
of the meteorological stations of Paris-Montsouris and Melun-Villaroche. The color pattern shows the
nighttime (10 p.m. UT) 2 m temperature field averaged for the period May–September, as simulated by
nighttime (10 p.m. UT) 2 m temperature field averaged for the period May–September, as simulated
the model described in Section 3. The solid lines show the highway and main roads.
by the model described in Section 3. The solid lines show the highway and main roads.
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generally attains its daily maximum value.
The processing described above resulted in 153 daily values of the evening-time (10 p.m.) UHI
intensity and afternoon (2 p.m.) air temperature, which will be further denoted UHI22 and T14,
respectively. In order to derive robust relations between these two quantities, further processing
was done, assigning every day of the considered period to one of four different temperature groups,
according to the following T14 temperature range bins: 12–18 ◦ C, 18–24 ◦ C, 24–30 ◦ C, and >30 ◦ C.
The 6 ◦ C range used for these temperature bins was found to constitute a fair trade-off between having
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The satellite infrared imagery used in our study was taken from the MODIS archive containing
land surface temperature values derived from 1 km brightness temperature imagery (both daytime and
nighttime) acquired by the MODIS instruments on board the TERRA and AQUA platforms. The raw
imagery was corrected for atmospheric and surface emissivity effects, as described in [62].
The specification of the required terrain parameters is done based on digital raster files containing
CORINE land cover, which is available from the European Environment Agency. The spatial
distribution of the vegetation abundance is estimated using MODIS imagery containing the Normalized
Difference Vegetation Index (NDVI). Large-scale meteorological conditions are accounted for by
forcing the model with external fields of appropriate quantities, such as temperature, wind vector
components, and humidity, from the ERA-Interim archive of the European Centre for Medium-Range
Weather Forecasting (ECMWF), which was also used to specify the initial soil temperature and
volumetric moisture content. Downwelling shortwave and longwave radiation, which is required
as an input for the surface energy balance scheme, is specified from geostationary METEOSAT
satellite imagery distributed by the Land Surface Analysis Satellite Applications Facility (Land SAF)
of EUMETSAT. Further details regarding the urban climate model, including results of validation
exercises, are available in [25,62,63].
The urban climate model was run for the wider Paris area, on a domain covering 100 km × 100 km,
at a spatial resolution of 1 km. While this resolution is a constraint imposed by the spatial resolution of
the MODIS 1 km thermal satellite imagery, for a large city such as Paris this level of spatial detail is
capable of providing an overall temperature pattern at the scale of the agglomeration. As an example,
Figure 1 shows the average simulated 2 m air temperature occurring at 10 p.m. UT during the period
May–September 2003.
In order to create confidence in the simulation results, we conducted a validation of the 2 m air
temperature, comparing simulated values with observations from the two meteorological stations
(Paris-Montsouris and Melun-Villaroche) described in the previous section. In fact, rather than
validating the urban and rural temperatures separately, we concentrated on the validation of the
urban-rural temperature increment, because this is the main quantity of interest here.
However, the spatial resolution (1 km) used in our modeling approach is problematic when
comparing simulated temperatures with observed values. Indeed, as mentioned above, the urban
observations were taken from a station located inside a park. Given the park’s dimensions (around
400 m across), its surface area occupies only around 16% of a model grid cell, or less in case it is
distributed over adjacent grid cells. In order to account for this discrepancy, we designed a simple
method to adjust the simulated temperatures for the presence of vegetation, so as to allow a better
comparison with the observations acquired in the park.
In this method, we considered hourly temperatures simulated at the grid cells containing the
positions of the two meteorological stations. For the urban station, we also extracted the hourly
simulated temperature of the eight surrounding grid cells, thus yielding a total of nine simulated
urban temperature values for every hour of the concerned period. With these temperatures, we
then calculated nine hourly UHI intensity time series by subtracting the simultaneous rural values.
For each individual hour, we then performed a regression of the nine UHI intensities in the station’s
neighborhood with respect to the percentage of impermeable surface within each of the nine selected
grid cells. The resulting regression coefficients were then employed to extrapolate the central
(i.e., at the urban station’s position) UHI value to conditions of zero percent impermeable surface,
hence mimicking the conditions in the park.
These adjusted temperatures were then averaged by the hour of the day, to yield a mean diurnal
cycle for the period May–September 2003. Figure 3 shows the result obtained from the adjusted
simulated temperatures, together with the corresponding observed values. The magnitude of the error
bars is 0.4 ◦ C, which is a value based on the inter-comparison of co-located thermometric measurements
(see [64,65]). During most of the day, the model follows the observed values well, except in the early
morning (between 4 and 8 a.m. UT). We calculated error statistics for the simulated (against the
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observed) UHI intensity values, yielding a mean absolute error of 0.66 ◦ C, a correlation coefficient of
6 of 11
0.79, and a bias of 0.49 ◦ C.

Urban Sci. 2016, 1, 3

Figure 3.
Observed (symbols)
(symbols) and
and simulated
simulated (solid
(solid line)
line) mean
mean diurnal
diurnal cycle
cycle of
of the
the UHI
UHI intensity
Figure
3. Observed
intensity
between
Paris-Montsouris
and
Melun-Villaroche,
for
the
period
May–September
2003.
The
between Paris-Montsouris and Melun-Villaroche, for the period May–September 2003. The simulated
simulated
values
were adjusted
to account
account for
for the
the presence
presence of
of green
green vegetation
vegetation at
at the
the Paris-Montsouris
Paris-Montsouris station,
station,
values were
adjusted to
as explained
The dashed
dashed line
line shows
shows the
as
explained in
in the
the main
main text.
text. The
the non-adjusted
non-adjusted simulated
simulated value,
value, which
which
corresponds
to
dense
urban
substrate.
corresponds to dense urban substrate.

As a side result, we also calculated the mean diurnal UHI intensity representative of fully urban
conditions, i.e.,
i.e., using
using the
theregression
regressionrelations
relationsbetween
betweenthe
thehourly
hourlyUHI
UHI
intensity
and
abundance
intensity
and
thethe
abundance
of
of
impermeable
surface
in the
neighborhood
of urban
the urban
station,
but then
extrapolated
towards
a
impermeable
surface
in the
neighborhood
of the
station,
but then
extrapolated
towards
a 100%
100%
impermeable
surface,
i.e., densely
conditions.
The result
is shown
in Figure
as a dashed
impermeable
surface,
i.e., densely
urbanurban
conditions.
The result
is shown
in Figure
3 as a3 dashed
line,
line,
anddifference
the difference
the solid
is a measure
foreffect
the effect
the on
park
the average
UHI
and the
with with
the solid
line isline
a measure
for the
of theof
park
theon
average
UHI cycle.
cycle.result
This reveals
result reveals
that throughout
most
of the
thepark
day,exhibits
the park
exhibits
roughly
half
the UHI
This
that throughout
most of the
day,
roughly
half
the UHI
intensity
of
intensity
of the surrounding
zones, thusthe
confirming
potential
of space
urbanas
green
space
the surrounding
dense urbandense
zones,urban
thus confirming
potentialthe
of urban
green
a relevant
as
a relevant
climate
adaptation measure.
climate
adaptation
measure.
Since our focus is on the sensitivity
sensitivity of
of the
the UHI
UHI intensity
intensity with
with respect
respect to
to background
background temperature,
temperature,
we also
conducted
a
validation
exercise
to
verify
the
model’s
capacity
to
correctly
reproduce
the slope
also conducted a validation exercise to verify the model’s capacity to correctly reproduce
the
of
the of
evening-time
UHI (UHI22)
intensity
versusversus
the afternoon
background
temperature
(T14).
slope
the evening-time
UHI (UHI22)
intensity
the afternoon
background
temperature
Following
the same
procedure
as before
(i.e.,(i.e.,
grouping
thethebackground
(T14).
Following
the same
procedure
as before
grouping
backgroundtemperatures
temperaturesin
in four
temperature-range
categories),
we
constructed
a
regression
between
the
simulated
UHI22
and
temperature-range categories), we constructed a regression between the simulated UHI22 and T14,T14,
the
the
result
of which
is given
the right-hand
of2.Figure
Withofa0.084
slope◦ C/
of◦0.084
the
result
of which
is given
in the in
right-hand
panel ofpanel
Figure
With a2.slope
C, the°C/°C,
simulated
◦ C/
simulated
UHI sensitivity
is to
very
to the observation-based
value
of◦ C
0.086
(see
UHI sensitivity
is very close
theclose
observation-based
value of 0.086
(see°C/°C
Section
2).Section 2).
While this
thisresult
resultestablishes
establishes
confidence
in
the
model’s
capacity
to
reproduce
observed
UHI
confidence in the model’s capacity to reproduce observed UHI effects
effects
for the
Paris,
thesensitivity
UHI sensitivity
(i.e.,regression
the regression
slope)
shown
in Figure
is not
representative
for Paris,
UHI
(i.e., the
slope)
shown
in Figure
2 is2not
representative
of
of
the
dense
urban
conditions
that
characterize
most
of
central
Paris.
Instead,
the
results
only
apply
the dense urban conditions that characterize most of central Paris. Instead, the results
to Montsouris Park, in which the urban station is located, and for which we adjusted simulated
temperature values. However,
However, our modeling
modeling approach,
approach, now validated,
validated, allows
allows us to assess the UHI
sensitivity also
for
the
more
densely
built-up
areas
of
the
city.
To
do
so,
for
in cell
the model
also for the more densely built-up areas of the city. To do so,each
for grid
eachcell
grid
in the
domain
we calculated
a bin-average
T14 T14
andand
corresponding
bin-average
model domain
we calculated
a bin-average
corresponding
bin-averageUHI22
UHI22value,
value, again
considering the
12–18
°C,◦ C,
18–24
°C,◦24–30
°C, ◦and
>30
thefour
fourtemperature
temperaturebins
binsspecified
specifiedpreviously,
previously,i.e.,
i.e.,
12–18
18–24
C, 24–30
C, and
◦
°C.
This
time,
UHI22
was
not
calculated
with
respect
to
the
temperature
at
the
Melun
station,
>30 C. This time, UHI22 was not calculated with respect to the temperature at the Melun station, but
respecttotothe
theaverage
average
temperature
of the
coolest
occurring
in of
each
thewhich,
maps
with respect
temperature
of the
1% 1%
coolest
gridgrid
cells cells
occurring
in each
the of
maps
which,
from
the
land
cover
map
used
as
a
basis
for
the
simulations,
turned
out
to
be
mostly
areas
from the land cover map used as a basis for the simulations, turned out to be mostly areas covered
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of the daytime
background
as shown in Figure
4, which
clearly4,shows
effect shows
of the daytime
background
temperature
on the
temperature
on
the
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4. Conclusions
Conclusions
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(large-scale)
temperatures
for thefor
wider
area
during
periodthe
of May–September
and background
(large-scale)
temperatures
theParis
wider
Paris
areathe
during
period of May–
2003,
when 2003,
a major
heata wave
September
when
majoroccurred.
heat wave occurred.
In aa first
made
of of
meteorological
measurements
fromfrom
the Montsouris
station
in Paris,
firststep,
step,use
usewas
was
made
meteorological
measurements
the Montsouris
station
in
and
from
nearby
rural station
Melun-Villaroche.
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in the fact
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temperature
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were measurements
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stationa
based analysis
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the fact
that the urban
temperature
were taken from
located
inside an
urbanlocated
park, thus
notan
representing
thethus
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conditions occurring
in the
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station
inside
urban park,
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the climatic
conditions
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well. portions of the city well.
occurringofinthe
thecity
built-up
To
To address
address this
this issue,
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we conducted
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intensity
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In the
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Finally, using
we calculated the sensitivity of the nocturnal UHI intensity with respect to the daytime temperature,
temperature,
presence of
of vegetation
vegetation at the
the Paris-Montsouris
Paris-Montsouris site, hence
this time without the correction for the presence
actual urban
urban conditions.
conditions.
representing actual
◦ C increase
sensitivity was
was found
found to
to amount
amount to
to approximately
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This sensitivity
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in the daytime temperature, the nighttime UHI intensity increases by 0.19 °C.
C. Over a daytime
◦
temperature range of a few tens of degrees, this yields several °C
C difference in UHI intensity.
intensity. During
the hottest days occurring in the summer of 2003, the nighttime UHI intensity amounted to almost
twice the value encountered during the coolest period.
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the hottest days occurring in the summer of 2003, the nighttime UHI intensity amounted to almost
twice the value encountered during the coolest period.
Based on the above, the main conclusion is that not only are ambient temperatures increased
during heat waves, but the latter also intensify the difference between urban and rural temperatures.
While we did not investigate this, it can be understood by the fact that the conditions typically inducing
strong urban heat islands (clear skies, low wind speed) are generally also those that characterize
heat waves.
As a result, there is cause for concern regarding the urban heat island effect in shaping future levels
of heat stress, especially considering the projections regarding more frequent, longer-lasting, and more
intense heat waves. However, while studies on global and regional (extreme) temperature changes
abound, a comparatively modest amount of research has been devoted to urban climate projections.
Furthermore, the results show that for the cooler parts of the urban fabric (e.g., parks), the UHI
intensification during heat waves is around half of that of the dense urban fabric, thus providing some
insights into possible mitigation strategies for the future.
Finally, despite the fact that our analysis is limited to Paris during the summer of 2003, it clearly
adds to the evidence presented by [13,14].
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