Science of the Total Environment 737 (2020) 139253

Contents lists available at ScienceDirect

Science of the Total Environment
journal homepage: www.elsevier.com/locate/scitotenv

Statistical prediction of the nocturnal urban heat island intensity based
on urban morphology and geographical factors - An investigation based
on numerical model results for a large ensemble of French cities
Thomas Gardes a,⁎, Robert Schoetter a, Julia Hidalgo b, Nathalie Long c, Eva Marquès a, Valéry Masson a
a
b
c

CNRM UMR 3589, Université Fédérale de Toulouse, Météo-France/CNRS, 42, avenue Gaspard Coriolis, 31057 Toulouse, France
LISST, Université Fédérale de Toulouse – CNRS, 5, allées Antonio Machado, 31058 Toulouse, France
UMR LIENSs, La Rochelle Université – CNRS, 2 rue Olympe de Gouges, 17000 La Rochelle, France

H I G H L I G H T S

G R A P H I C A L

A B S T R A C T

• Physically-based simulation of the
urban heat island (UHI) for 42 French
cities
• Quantiﬁcation of the relationships between the UHI and geographical factors
• Regression-based (RB) and Random
Forest (RF) model developed to predict
the UHI
• RB and RF models predict the UHI with
b0.5 K absolute error for about 50% of
the building blocks.
• The RB model is easier to transfer to
practitioners than the black box RF.

a r t i c l e

i n f o

Article history:
Received 14 February 2020
Received in revised form 24 April 2020
Accepted 5 May 2020
Available online 26 May 2020
Editor: Scott Sheridan
Keywords:
Urban heat island intensity
Urban morphology
Local Climate Zones
Regression-based models
Random Forest

a b s t r a c t
Taking into account meteorological data in urban planning increases in relevance in the context of changing climate and enhanced urbanisation. The present article focusses on the nocturnal urban heat island intensity (UHII)
simulated with a physically based atmospheric model for N200,000 Reference Spatial Units (RSU), which correspond to building patches delimited by roads or water bodies in 42 French urban agglomerations. First are investigated the statistical relationships between the UHII and six predictors: Local Climate Zone, distance to the
agglomeration centre, population, distance to the coast, climatic region, and elevation differences. It is found
that the maximum UHII of an agglomeration increases proportional to the logarithm of its population, decreases
for cities closer than 10 km to the coast, and is shaped by the regional climate. Secondly, a Random Forest model
and a regression-based model are developed to predict the UHII based on the predictors. The advantage of the
regression-based model is that it is easier to understand than the black box Random Forest model. The Random
Forest model is able to predict the UHII with b0.5 K absolute error for 54% of the RSU. The regression-based
model performs slightly worse than the Random Forest model and predicts the UHII with b0.5 K absolute error
for 52% of the RSU. A future challenge is to conduct a similar investigation at global scale, which is to date limited
by the availability of a robust description of urban form and functioning.
© 2018 Published by Elsevier B.V.
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In the context of enhanced urbanisation (UN, 2018), and changing
climate (Collins et al., 2013) it is important to quantify the inﬂuences
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of urban areas on the local meteorological conditions to better support
public policies. Such are the urban heat island (UHI) effect (Arnﬁeld,
2003), the urban impact on moisture (Unger, 1999), precipitation
(Shepherd, 2005), or the modiﬁcation of the wind ﬁeld by buildings
and urban vegetation (Moonen et al., 2012). The UHI is characterised
by higher nocturnal air temperature in urban areas compared to the surrounding rural areas. Its intensity depends on the characteristics of the
urban agglomeration, geographical factors, and the prevailing meteorological conditions. Oke (1973) found that the maximum UHI intensity
during clear nights with low wind speed is proportional to the logarithm of the number of inhabitants of the agglomeration. Such a ﬁnding
is valuable, but more detailed information on the spatial distribution of
the UHI intensity is required for the purpose of urban planning, the
quantiﬁcation of population exposure to the UHI, or the development
of urban meteorological and climate services.
Observation based studies established that the UHI intensity depends on the degree of urbanisation with larger values in denser
urban settings (e.g. Hidalgo et al., 2008). Stewart and Oke (2012) introduced the Local Climate Zones (LCZ) with the aim to provide a classiﬁcation of urban morphology and functioning that is applicable at
global scale and relevant for the local thermal climatic conditions.
Some recent studies found that the LCZ classiﬁcation is useful to discriminate the UHI intensity in different urban settings. These studies
are based on station observations (Stewart et al., 2014; Alexander and
Mills, 2014; Lehnert et al., 2015; Skarbit et al., 2017; Fenner et al.,
2017; Beck et al., 2018), mobile measurements (Leconte et al., 2015),
and numerical model simulations (Stewart et al., 2014; Verdonck
et al., 2018; Kwok et al., 2019).
Geographic Information Systems (GIS) approaches have been developed in the framework of the WUDAPT project (World Urban Database
and Access Portal Tools; Wang et al., 2018) to produce LCZ maps of
urban areas using freely available satellite images. These can be
employed to produce maps characterising the thermal climatic conditions under the assumption that the LCZ is the main driver for the
local thermal climate, e.g. Zheng et al., 2018 for Hong Kong; Kotharkar
and Bagade, 2017 for Nagpur, India. The major drawback of this approach is that it cannot capture drivers of the UHI related to atmospheric dynamics like the horizontal advection of air temperature by
the prevailing wind, sea breezes for cities close to the coast, katabatic
ﬂows for cities with elevation differences, and more general the prevailing regional climate.
Several previous studies employed more enhanced methods to statistically predict the UHI intensity using predictors characterising the
local meteorological conditions and/or the urban morphology. Bernard
et al. (2017) use wind speed and direction, cloud cover, Normalised Difference Vegetation Index (NDVI), and building density to predict the
spatial and temporal UHI intensity variation with empirical models for
three French cities. They ﬁnd that for all seasons, wind speed and
cloud cover are good predictors for the UHI intensity. The relation between NDVI (building density) and the UHI intensity is largest in the
summer (autumn and winter) season. A similar study has been conducted for the Brazilian city of Paranavai (Piffer Dorigon and Amorim,
2019) based on a linear regression applied on NDVI, land use, elevation,
and surface temperature. They are able to statistically predict the spatial
distribution of the UHI, with a value of the adjusted R2 of 0.49 (summer
situation) and 0.47 (winter situation).
Ho et al. (2014) compare the ability of three statistical methods
(Least Square Regression, Support Vector Machine, Random Forest) to
model the UHI intensity of Vancouver (Canada) using the predictors elevation, Sky View Factor (SVF), land surface temperature, and NDVI.
Makido et al. (2016) investigate the quality of three different statistical
models (Ordinary Least Squares, Regressions Tree, and Random Forest)
to predict the UHI intensity in Doha (Qatar) using the NDVI, building
density, albedo, and distance to the coast as predictors. They ﬁnd that
the distance to the coast is the most important predictor. Straub et al.
(2019) tested Multiple Linear Regression (MLR) and Random Forest to

statistically model the UHI intensity for the city of Augsburg
(Germany) based on the predictors distance to the city centre, Sky
View Factor (SVF), elevation, and land cover. The studies of Ho et al.
(2014), Bernard et al. (2017), and Straub et al. (2019) are based on observations of near-surface air temperature from an urban station network, whereas Makido et al. (2016) used air temperature observations
from sensors placed on vehicles. All mentioned studies ﬁnd that Random Forest is the best approach for the statistical prediction of the
UHI intensity, minimising global Root Mean Square Error (RMSE).
The literature survey shows that most previous studies statistically
predict the UHI intensity only for one or few cities. They could therefore
not systematically investigate factors like the distance to the coast, city
size or regional climate. Furthermore, the studies based on observations
from stations or mobile measurements are limited in the spatial coverage of the investigated urban agglomeration.
The present study is conducted in the framework of the MApUCE
project (Applied Modelling and Urban Planning Law: Climate and Energy), which aims to incorporate data on urban morphology, urban climate, and building energy consumption into urban planning
documents. It investigates the nocturnal UHI intensity simulated with
a physically based atmospheric model at the scale of so-called Reference
Spatial Units, (RSU), which correspond to building patches delimited by
roads or water bodies (Plumejeaud-Perreau et al., 2015). More than
200,000 RSU in 42 French cities (Fig. 1) of different size, morphology,
geographical situation, and regional climate are investigated. The focus
is on the summer season and meteorological situations which favour a
strong UHI.
The main objectives of the present study are:
• The quantiﬁcation of the relationships between the UHI intensity and
predictors characterising the RSU (Local Climate Zone; distance to the
centre of the urban agglomeration), the total population of the agglomeration, and geographical factors (distance of the agglomeration
to the coast, elevation differences, French climatic region). The relationships between the UHI intensity and the predictors are described
via regression-based models.
• The construction of a Random Forest model to predict the nocturnal
UHI intensity based on all predictors and to evaluate the results
against those of the physically based numerical model.
• The construction and evaluation of a regression-based model to predict the UHI intensity. The regression-based model is easier to understand than the black box Random Forest model and easier to transfer
to potential users.
Section 2 presents the data, Section 3 the statistical models. Results
are discussed in Section 4. Discussion is made in Section 5, and conclusions are drawn in Section 6.
2. Data
The present study relies on simulations with the mesoscale atmospheric model Meso-NH of the nocturnal urban heat island intensity
for 42 French cities. This numerical modelling approach is enabled
thanks to a previously constructed database on the urban morphology
(Bocher et al., 2018), construction materials (Tornay et al., 2017) and
building energy consumption (Schoetter et al., 2017) in France. The
employed Meso-NH conﬁguration has been evaluated by Schoetter
et al. (2020) for the cities of Toulouse and Dijon, but due to the lack of
high-quality observation data, it cannot be evaluated for all the cities investigated in the present study. An overarching assumption is therefore
that these numerical model simulations can be used as a reference for
computationally cheap statistical models for the prediction of the UHII
that will be developed in Section 3. We want to stress, that despite
this overarching assumption made here, more studies relying on highquality observations are still needed to improve the monitoring and
quantiﬁcation of urban climate processes. This section presents the
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Fig. 1. (a): The 42 investigated French urban agglomerations; (b): Spatial delimitation of Reference Spatial Units for the agglomeration of Paris.

Fig. 2. The datasets and the methodology employed for the statistical prediction of the nocturnal urban heat island intensity.
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data that will serve as predictands and predictors of the statistical
models developed in Section 3. A summary of the data and methodology
is given in Fig. 2.
2.1. Local weather types favourable to a strong urban heat island effect
It is well known that the UHI intensity depends on the local meteorological conditions. It tends to be higher for lower wind speed, cloud
cover, and relative humidity (Wilby, 2003; Oke et al., 2017; Hoffmann
et al., 2018). This is plausible since for sunny conditions, the urban materials store more heat during the day and release it during the night.
For situations with low wind speed, there is less advection to the
urban area of cooler air from the adjacent rural areas. The wind direction
governs the advection of the UHI and is therefore relevant for its spatial
pattern. It is therefore interesting to quantify the UHI and its governing
processes for different meteorological situations and seasons. Hidalgo
et al. (2014) and Hidalgo and Jougla (2018) developed a local weather
type classiﬁcation that can be applied to the UHI characterisation.
Such a Local Weather Type approach allows to make explicit the meteorological variability of a place and allows to identify weather situations
relevant for the UHI development. This is in contrast to simulate and analyse a seasonal or climatological average UHI, which is computationally
more expensive and will mask all the UHI speciﬁcities linked to the
weather situation itself. The local weather types (LWT) are selected
based on a PAM classiﬁcation (Partitioning Around Medoids) of daily
values of the temperature amplitude, speciﬁc humidity, precipitation,
wind speed and direction. Jougla et al. (2019) applied this method to
50 French cities using a 2.5 km resolution re-analysis with the MétéoFrance model AROME (Seity et al., 2011) for the period 2000 to 2009.
The number of LWT is about 10, but differs slightly for each agglomeration. In the present study, only the summer season is investigated and
for each urban agglomeration a LWT favourable to the development of
a strong UHI is selected. Schoetter et al. (2020) show that not one single
day, but at least 3 to 6 days should be simulated to quantify the UHI pattern for a urban given agglomeration and LWT. Therefore, 6 days are
simulated for the selected LWT.
2.2. Homogeneous data on urban form and function
The database on urban form and function has been compiled in the
framework of the MApUCE project (http://mapuce.orbisgis.org/).
Urban agglomerations are deﬁned following the French Institute on
Economics and Statistics (INSEE) deﬁnition of “a municipality or a
group of municipalities of at least 2000 inhabitants which includes a
continuously built-up zone where constructions are not more than
200 m apart”.1 Urban morphological indicators, calculated on regular
grids are usually used to describe the urban fabric in meteorological
models (Ching et al., 2009).
However, this method to partition the urban fabric does not respect
the irregular structure of cities, especially French cities, since it simpliﬁes its complex shapes. According to Berghauser-Pont and Haupt
(2005), buildings can be considered as an elementary object of the
urban fabric but the building scale is inappropriate for meteorological
models. An aggregation of buildings, called building block, allows respecting the natural delimitation of the city structure and representing
a well-deﬁned geographical entity. This scale is considered as a Reference Spatial Unit (RSU, Fig. 1b), which is delimited by the building
block's boundaries like roads, rail tracks, large water bodies, urban
parks or rural areas (Bocher et al., 2018; Masson et al., 2020). The following centralised data on building outlines, construction practices, demography, and household equipment have been used.
• The BD Topo® digital basic map provided by the French Geographical
Institute (IGN) (http://professionnels.ign.fr/bdtopo) includes
1

https://www.insee.fr/en/metadonnees/deﬁnition/c1501

information on building outlines and height with a precision of 1 m
as well as on building use (industrial, commercial, educational, administration, and so on). Bocher et al. (2018) developed a
geoprocessing chain to compute indicators on urban morphology
(e.g. building surface fraction, mean building height) at the RSU
scale based on the 2014 version of the BD TOPO, the effective resolution of the urban morphology dataset is around 100 m in the city centres and around 250 m in suburban areas.
• Bibliographical references on building construction practices in different French regions have been used by Tornay et al. (2017) to provide a
detailed description of building construction materials for characteristic buildings at RSU scale taking into account the temporal evolution
of building construction practices from vernacular buildings to the
most recent construction (after 2013).
• The INSEE compiles the census of the French population (https://
www.insee.fr/fr/information/2008354; ~20 million individuals),
which contains information on demography (e.g. age of inhabitants),
household characteristics (e.g. the type of the heating system).
Bourgeois et al. (2017) developed statistical models to predict indicators related to building energy consumption based on the complete
census valid in 2011. To protect privacy, the census data are aggregated over about 2000 individuals, which leads to an effective resolution of about 500 m in the city centres and a coarser resolution in
suburban areas.

2.3. Numerical simulations of the nocturnal urban heat island intensity
For the selected days, numerical simulations are performed with the
mesoscale atmospheric model Meso-NH (Lac et al., 2018). Meso-NH is
applied in hindcast mode and used to dynamically downscale the
ECMWF-IFS2 high-resolution operational forecast analysis via three intermediate nesting steps to a horizontal resolution of 250 m. The horizontal grid resolution is 8 km (D1), 2 km (D2), 1 km (D3), and 250 m
(D4). The horizontal extent of the domains is at least 1000 km × 1000 km
for D1, 300 km × 300 km for D2, 150 km × 150 km for D3, and
50 km × 50 km for D4. However, the domain extents and positions
are slightly adapted for each agglomeration to take into account the
local topography or the spatial extent of the agglomeration. For urban
areas close to the coast/mountains, D4 is enlarged to include a sufﬁciently large part of the sea/mountainous area. Furthermore, a larger
D4 has been chosen for some very extended cities like Paris to cover
them entirely. The employed model conﬁguration including the grid
nesting and the physical parametrisations is identical to the one described in Section 3 and Table 2 of Kwok et al. (2019). Model output is
hourly.
Meso-NH is coupled with the urban canopy parametrisation Town
Energy Balance (TEB; Masson, 2000), which solves the urban surface energy balance as a function of the meteorological conditions simulated by
Meso-NH. TEB assumes a simpliﬁed urban morphology with buildings
aligned along street canyons and solves the surface energy budget of a
representative roof, wall and road to take into account their different
physical properties, orientations, and positions in the urban canopy
layer. In-canyon urban vegetation is taken into account with the approach of Lemonsu et al. (2012), the Building Energy Model (BEM;
Bueno et al., 2012; Pigeon et al., 2014; Schoetter et al., 2017) is
employed to solve the energy budget of a representative building at district scale by taking into account the characteristics of the building envelope, building use, and practices related to heating and air conditioning.
The building energy model simulates the anthropogenic heat ﬂux due to
the buildings as a function of the prevailing meteorological conditions.
The anthropogenic heat ﬂux due to trafﬁc and industrial activities is
neglected in the present study since we do not possess detailed maps
of these ﬂuxes. The trafﬁc heat ﬂuxes are usually lower than the building
2

European Centre for Medium-Range Weather Forecasts Integrated Forecasting System

T. Gardes et al. / Science of the Total Environment 737 (2020) 139253

heat ﬂuxes in French cities (Pigeon et al., 2007a, b), and will have a relevant inﬂuence only at grid points with major road networks. Industrial
facilities might exhibit large anthropogenic heat ﬂuxes, but they are
usually not located inside the urban agglomerations, but rather at the
outskirts.
The Surface Boundary Layer (SBL) scheme of Hamdi and Masson
(2008) is employed to calculate vertical proﬁles of meteorological parameters in the urban canopy layer. TEB is part of the Externalised Surface (SURFEX; Masson et al., 2013), which considers four different
surface cover types as tiles within a single grid, namely urban areas,
rural areas, oceans, and lakes. The input parameters for TEB describing
the urban morphology are directly taken from the MApUCE database;
they can be visualised on http://mapuce.orbisgis.org/. None of the
model parameters is initialised based on an LCZ map, the model results
are therefore not directly inﬂuenced by the LCZ. The land cover maps
and physical parameters for the rural areas are taken from the 1 km resolution ECOCLIMAP-I database (Masson et al., 2003). Model results for
these rural areas will not directly inﬂuence the results of the present
study, since only model results in the urban areas will be analysed.
The simulated values of air temperature at 2 m above ground (T2M) in
the urban environment are taken from the second level of the TEB SBL
scheme, which is placed exactly at 2 m above ground. A similar approach is made for the other tiles of SURFEX.
In the present study, the objective is to attribute to which degree the
urbanisation modiﬁes the local near-surface air temperature and to
compare these inﬂuences for cities with different morphology and a different geographical situation. For this reason, two simulations are conducted to quantify the local inﬂuence of an urban agglomeration on
T2M. One for the reference surface cover (refer) and one no-urban simulation (nourb) for which all urban land use is replaced by a type of
cropland that frequently occurs in the surroundings of this agglomeration. This approach is reasonable for France, since most cities are mainly
surrounded by cropland. The main reason for using a refer and a nourb
simulation instead of only one refer simulation is that for some cities it
is not easy to deﬁne the rural grid cells. They might differ from the
urban grid cells in elevation, distance to the coast, or other factors not
directly representing the degree of urbanisation. This might then bias
the calculated UHII and make it more difﬁcult to compare in between
cities. There are two major drawbacks from the use of a nourb simulation to quantify the UHI. First, with this approach, the UHI is deﬁned locally based on the difference between two numerical simulations
instead of using the classical deﬁnition of the UHI intensity as air temperature difference between an urban and an adjacent rural area. Secondly, the UHI slightly depends on the somewhat artiﬁcial choice of
the land cover type that replaces the urban land cover. A study investigating the physical processes governing the UHI of one given urban agglomeration should therefore be based on only one reference simulation
representing the actual land cover.
The local UHI intensity (UHII) at 2 m above ground is deﬁned following Eq. (1).
UHIIðx; d; hÞ ¼ T2M referðx;d;hÞ −T2M nourbðx;d;hÞ

ð1Þ

In Eq. (1), x denotes the space coordinate, d a day, and h the hour of
the day. Here the temporal average UHII is calculated for the time period
4 to 6 local time, which corresponds to assume that the maximum UHI
development occurs during this period for all cities. Previous analysis of
the nocturnal urban heat island of Paris (Lemonsu and Masson, 2002)
and Toulouse (Hidalgo et al., 2008) show that this is a good assumption
for these cities, but it might not be the case for all the cities. The average
UHII is calculated for the days following the 6 days with the selected
LWT (Eq. (2)), since the nocturnal UHI is strongly shaped by the meteorological conditions of the preceding day (Hoffmann et al., 2012).
UHIIðxÞ ¼

1 X
Nt d∈LWT

6
X
h¼4

UHII ðx; d þ 1; hÞ

ð2Þ

5

In Eq. (2), Nt corresponds to the number of simulated days per LWT
(6), multiplied by the number of hourly model outputs (3) in the selected time period (Nt = 6 × 3 = 18).
The present study is entirely based on maps of the average nocturnal
UHII. The temporal evolution of the UHII is not investigated.
The simulated UHII calculated using the model output for D4 is available on a regular grid with 250 m horizontal resolution. To calculate the
average UHII at RSU scale, the weighted average of the UHII values simulated for all model grid points, which spatially intersect an RSU is calculated (Eq. (3)). The weights are the areas A of intersection between
the RSU and the model grid points.
X
UHIIðRSU Þ ¼

x∈RSU
X

Ax∩RSU UHIIðxÞ

x∈RSU

ð3Þ

Ax∩RSU

Due to the lack of high-quality observations it is not possible to evaluate the simulated UHII for all cities. High-quality long-term dense observations are available for two of the simulated cities, Toulouse
(CAPITOUL campaign; Masson et al., 2008; March 1, 2004 to February
28, 2005) and Dijon (MUSTARDijon campaign; Richard et al., 2018;
since June 2014) although not for the time period 2000 to 2009,
which has been used for the selection of the LWT. Schoetter et al.
(2020) evaluate the simulated UHII of these two cities for different seasons and LWT using the same Meso-NH-TEB conﬁguration than in the
present study. For Toulouse, the seasonal average nocturnal UHII in
June, July and August (JJA) is slightly overestimated (1.9 K simulated instead of 1.6 K observed), for the LWT with the highest average UHII, the
simulated UHII is also slightly overestimated (2.2 K simulated instead of
2.0 K observed). For Dijon, the seasonal average nocturnal UHII in JJA is
simulated well (simulated UHII 1.5 K, observed UHII 1.6 K), however the
simulated UHII for the LWT most favourable to a strong UHI is
underestimated by 0.7 K (simulated 1.9 K instead of observed 2.6 K).
The evaluation for Dijon shows that the simulated UHII for a given agglomeration and LWT can be biased. In the following, the simulated
UHII will be used to analyse the relationship between the UHII and predictors describing urban morphology, geography, and so on. These statistical relationships will be derived for a large sample of cities and
RSU which means that non-systematic errors of the simulated UHII
will cancel. Furthermore, the simulated UHII will be used as reference
for statistical models that predict the UHII. This is justiﬁed since the atmospheric numerical model takes into account physical processes like
advection, turbulence in the planetary boundary layer, and TEB is also
a physically based model describing the urban surface energy balance.
2.4. Predictors of the urban heat island intensity
The present study investigates the relationships between the UHII
and the six predictors presented in Table 1.
The centre of each urban agglomeration needs to be deﬁned. For this
purpose, the outlines of the so-called IRIS deﬁned by INSEE as ‘aggregated units for statistical information’ (https://www.insee.fr/en/
metadonnees/deﬁnition/c1523) are taken. The IRIS cover areas with a

Table 1
The six predictors of the UHII.
Predictor

Scale

Total population of the urban agglomeration
Distance of the urban agglomeration to the coast
French climatic region
Elevation differences in and around the urban
agglomeration
Local Climate Zone of RSU

Urban agglomeration
Urban agglomeration
Urban agglomeration
Urban agglomeration

Distance of the RSU to the urban agglomeration centre

Reference Spatial
Unit
Reference Spatial
Unit
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nighttime residential population of about 2000 inhabitants. The agglomeration centre is deﬁned as the centre of the IRIS with the largest
building surface fraction. With this deﬁnition, it is not possible that an
industrial or commercial area with high building surface fraction at
the outskirts of an urban agglomeration is selected as agglomeration
centre, since the nighttime residential population is low in such areas
and the IRIS will also cover adjacent low density residential areas. Manual adjustments have been made for 9 agglomerations for which the automatically determined centre did not match well with the actual
centre. Furthermore, 4 agglomerations are characterised by a distinct
sub-centre with a population of at least 30,000. A second centre has
been added for these 4 agglomerations.
The six predictors of the UHII are calculated as follows.
1. The total population of an urban agglomeration (Pop) is calculated
based on the population at RSU scale (Eq. (4)), which has been derived from the 2015 INSEE census of the French population
(https://www.insee.fr/fr/information/3561862).

PopðUAÞ ¼

X

PopðRSU Þ

ð4Þ

RSU∈UA

2. The distance of an urban agglomeration to the coast (DistCoast) is
calculated using OpenStreetMap data on the French coastline
(https://osmdata.openstreetmap.de/data/coastlines.html, 09/05/
2019). A point is placed each 5m along the coastline. Then, the distance between the agglomeration centre and the nearest coast
point is computed.
3. The French climatic region is taken from the classiﬁcation of Joly
et al. (2010). They deﬁne eight climatic regions in France: Pure, Altered and Degraded Oceanic Climate; Pure and Altered Mediterranean Climate; Semi-Continental climate; Mountain climate; and
the South-West (of France) Basin climate. All of these climatic regions are represented in the sample of cities. However, only Toulouse (Saint-Nazaire) is located in the South-West Basin (Degraded
Mediterranean) climatic region. To avoid too low sample size, the
climatic region attribute is changed to Altered Oceanic (Pure Oceanic) for Toulouse (Saint-Nazaire), which are the most similar to
the actual regional climatic zones.
4. The elevation difference for a given urban agglomeration (ElDiff) is deﬁned as the difference between the highest and lowest elevation in a
buffer of 10 km around the urban agglomeration (EL10km) (Eq. (5)).
Data on elevation is taken from the BD ALTI® 75m raster data provided by IGN (http://professionnels.ign.fr/bdalti). The ElDiff predictor
indicates whether there are hills or mountains inside or surrounding
the urban agglomeration. These can be responsible for channelling of
the wind or katabatic ﬂows, which can inﬂuence the UHII.

ElDiff ðUAÞ ¼ maxðEL10km ðUAÞÞ− minðEL10km ðUAÞÞ

ð5Þ

5. The Local Climate Zones (LCZ; Stewart and Oke, 2012) characterising
the urban morphology at RSU scale are determined as described in
Hidalgo et al. (2019) via a semi-automatic classiﬁcation of the parameters on urban morphology in the dataset produced by Bocher
et al. (2018) and the dominant urban typology at RSU scale deﬁned
by Tornay et al. (2017). Hidalgo et al. (2019) determine thresholds of
building height and building density more adapted to French cities
than the parameter ranges included in the original LCZ classiﬁcation
by Stewart and Oke (2012). Due to the shortcomings of the available
input datasets it is not possible to identify LCZ 10 (heavy industry) or
to distinguish different rural vegetation types. All rural vegetation is
therefore represented as LCZ D (low plants) in the statistical

analysis, whereas in the numerical model simulations it is described
via the ECOCLIMAP-I database, which distinguishes rural land cover
types like forests, cropland, grassland, and so on.
6. The distance of an RSU to the centre of the urban agglomeration
(DistCentre) is deﬁned as the distance between the RSU centre and
the urban agglomeration centre.
3. Statistical modelling of the urban heat island intensity
Regressions between the UHII and each single predictor are derived
with the objective to eliminate the inﬂuence of the other predictors as
far as possible. A separation is made between the predictors at the
urban agglomeration scale, which are used to statistically predict the
maximum UHII of the agglomeration (UHIImax, Eq. (6)) and those at
RSU scale which are used to predict the UHII at RSU scale as a function
of UHIImax.
UHIImax ðUAÞ ¼ max ð∀RSU ∈ UA UHII ðRSU ðUAÞÞÞ

ð6Þ

3.1. Predictors at the urban agglomeration scale
3.1.1. Total population
Linear regression models have been tested between UHIImax and the
total population (Pop) or the natural logarithm of Pop. The highest
values of the adjusted R2 are found for the natural logarithm of Pop
(Eq. (7)). The linear model has been tested for all agglomerations and
secondly separately for each French climatic region. Results will be
discussed in Section 4.
Pop
UHIImax ðUAÞ ¼ C Pop
ln ðPopðUAÞÞ þ ∈Pop ðUAÞ
1 þ C2

ð7Þ

The residuals of the regressions are denoted with ∊.
For the analysis of the remaining three predictors at urban agglomeration scale, the UHIImax is corrected for the effect of the population
using the relation in Eq. (7) to remove spurious correlations that
might be introduced due to the strong inﬂuence of the total population
on UHIImax. The UHIImax corrected for the inﬂuence of population
(UHIICmax) is the UHIImax a given agglomeration would, on average, experience if its population would correspond to the median of the population values in the sample (MedPop = 202,484 inhabitants). It is
calculated following Eq. (8).

UHIIC max ðUAÞ ¼ UHIImax ðUAÞ þ C Pop
ln
2


MedPop
PopðUAÞ

ð8Þ

3.1.2. Distance of the urban agglomeration to the coast
Linear regression models have been adjusted to relate UHIICmax and
DistCoast or the natural logarithm of DistCoast. The selection of the
tested regression models has been made based on visual inspection of
the data. The best performing relationship measured by the adjusted
R2 is given in Eq. (9).
UHIIC max ðUAÞ ¼ C coast
þ C coast
ln ðDistCoast ðUAÞÞ þ ∈coast ðUAÞ
1
2

ð9Þ

3.1.3. Elevation differences
Linear regression models have been adjusted to relate UHIICmax and
ElDiff as well as the natural logarithm of ElDiff. The selection of the tested
regression models has been made based on visual inspection of the data.
The values of the adjusted R2 are low for all of the tested regression
models, and the p-values indicate that the relationships are not statistically signiﬁcant.
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3.1.4. French climatic region
The impact of the French climatic region (CR) on UHIICmax is quantiﬁed by calculating a multiplicative factor (ΔUHIICCR
max) between the
UHIICmax averaged per climatic region and the average UHIICmax
(Eqs. (10)–(12))
ΔUHIIC CR
max ¼
UHIIC max ¼

UHIIC max

CR

UHIIC max

CR

ð10Þ

UHIIC max

1 X
UHIIC max ðUAÞ
NUA UA
¼

1

X

N UA∈CR UA∈CR

ð11Þ

UHIIC max ðUAÞ

ð12Þ

UHII

¼

ARSU∩2 km x 2 km UHIIðRSU Þ
X

RSU∈2 km x 2 km

ARSU∩2 km x 2 km

ð17Þ

RSU∈2 km x 2 km

Furthermore, the RSU with the same LCZ in the raster are grouped
and the average UHII per LCZ is calculated (Eq. (18)).
X
ARSU∩2 km x 2 km UHIIðRSU Þ
UHII

2km x 2 km;LCZ

¼

RSU∈ð2 km x 2 km∧LCZ Þ

X

ARSU∩2 km x 2 km

ð18Þ

3.2.1. Distance to the centre of the urban agglomeration
The relationship between the UHII and the distance to the centre of
the urban agglomeration is quantiﬁed using UHII values that are normalised by UHIImax (UHIIN) to reduce the inﬂuence of different absolute
values of the UHII for different agglomeration sizes or geographical situations (Eq. (13)).
UHIIðRSU Þ
UHII max ðUAðRSU ÞÞ

ð13Þ

To quantify the relationship between UHIIN and DistCentre, the effects of different spatial extents of different urban agglomerations as
well as the different morphology need to be ﬁltered. The characteristic
radius (R) of an urban agglomeration is deﬁned as the radius of a circle
with an area corresponding to the sum of the areas of all RSU with an
urban LCZ (1 to 9, but excluding LCZ 7 “lightweight low-rise”)
(Eq. (14)).
ﬃ
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
X
u
u
A
ð
RSU
Þ
u
tRSU∈ðUA∧urbanLCZ Þ
RðUAÞ ¼
ð14Þ
π
For a given urban agglomeration, the distance of each RSU to the agglomeration centre is normalised by R (Eq. (15)).
DistCentreðRSU Þ
RðUAðRSU ÞÞ

The local increment of the UHII due to the LCZ (ΔUHIILCZ) is then deﬁned following Eq. (19).
ΔUHIILCZ ¼

3.2. Predictors of the urban heat island intensity at Reference Spatial Unit
Scale

DISTN ðRSU Þ ¼

X
2 km x 2 km

RSU∈ð2 km x 2 km∧LCZ Þ

NUA is the number of urban agglomerations.

UHIINðRSU Þ ¼

7

ð15Þ

Speciﬁc LCZ occur at systematically different frequencies in a different distance to the agglomeration centre. For example LCZ 2 (dense
mid-rise) is more frequent in the centre than at the outskirts of French
cities. This could severely bias the regression since a different value of
UHIIN is expected for different LCZ. For this reason, the relationship between UHIIN and DISTN is adjusted separately for each LCZ. Different regression models have been tested including linear regression adjusted
on DISTN and its logarithm. Based on these tests, an exponential relationship matches best (Eq. (16)).


Dist
2
Dist
∀LCZ UHIIN ðRSU Þ ¼ C Dist
1;LCZ ðRSU Þ exp C 2;LCZ ðRSU Þ DISTN ðRSU Þ þ ∈LCZ ðRSU Þ
ð16Þ

3.2.2. Local climate zone
To quantify the impact of the LCZ on UHII, a 2 km × 2 km raster is deﬁned for each agglomeration. For every point of this raster, the average
UHII is calculated (Eq. (17)).

X
1
2kmx2km;LCZ
2kmx2km
UHII
−UHII
N2kmx2km 2kmx2km

ð19Þ

This local increment quantiﬁes how much the LCZ alter the local
thermal environment. The use of the 2 km × 2 km raster aims to ﬁlter
the potential inﬂuences of the size of the agglomeration, the distance
to the centre, or the climatic region. A comparison has been made to investigate whether the size of the raster has a relevant inﬂuence on the
results by repeating the analysis using a 1 km × 1 km and a 4 km × 4 km
raster. Results do not change in a relevant manner (not shown).
3.3. Combination of regressions models
The relationships between the UHII and the different predictors derived in the Sections 3.1 and 3.2 are combined to obtain an intuitive formula to predict the UHII at RSU scale based on all the predictors. First,
the regression-based relationships derived in Section 3.1 are combined
to obtain a formula to predict UHIImax of an agglomeration based on the
predictors at agglomeration scale (Eq. (20)). The elevation difference
predictor is excluded, since no statistically signiﬁcant relationship between UHIICmax and this predictor is found (Section 4.1.5). The inﬂuence
of the climatic region and the distance to the coast are included as a
multiplicative factor in Eq. (20), which is coherent with their deﬁnition
in Sections 3.1.2 and 3.1.4. The distance to the coast is only considered
for agglomerations closer than the maximum distance for which the
ocean impacts the UHII (DISTMax
Coast, Section 4.1.4), and a normalisation is
made to enforce the continuity of the equation. Secondly, the relationships to predict the UHII at RSU scale based on UHIImax derived in
Section 3.2 are combined to yield Eq. (21). The combination of
Eqs. (20) and (21) gives the regression-based model to predict the
UHII at RSU scale based on all the predictors (Eq. (22)).

h
iC coast þ C coast ln ðDIST
ðUAÞÞ
Pop
2
 Coast i
UHIImax ðUAÞ ¼ C Pop
ln ðPopðUAÞÞ h1
1 þ C2
þ C coast
ln DIST Max
C coast
1
2
Coast
h
i
CRðUAÞ
ΔUHIIC max
ð20Þ
h

i
centre
2
UHIIðRSU Þ ¼ UHII max ðUAðRSU ÞÞ C centre
1;LCZ ðRSU Þ exp −C 2;LCZ ðRSU Þ DISTN ðRSU Þ
þΔUHII LCZ ðRSU Þ

ð21Þ
h
i
Pop
ln ðPopðUAðRSU ÞÞÞ
UHIIðRSU Þ ¼ C Pop
1 þ C2
 coast

i
C 1 þ C coast
ln ðDIST Coast ðUAðRSU ÞÞÞ h
CRðUAðRSU ÞÞ
2
h

i
ΔUHIIC max
coast
coast
Max
C1 þ C2
ln DIST Coast
h

i
centre
centre
C 1;LCZðRSU Þ exp −C 2;LCZ ðRSU Þ DISTN2 ðRSU Þ þ ΔUHIILCZ ðRSU Þ

ð22Þ
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3.4. Modelling of the UHI intensity with random Forest models
Random Forest models are employed to model the UHII at RSU scale
using the predictors described in Section 2.4. The Random Forest algorithm, ﬁrst introduced by Breiman (2001), is a predictive model based
on bootstrap method applied to Classiﬁcation And Regression Trees
(CART). It consists in building a forest of n CART with n random samples
with replacement and to consider the majority vote of all trees as a prediction tool. In addition to the bootstrap, Random Forest is improved by
subsampling the predictors used to build each CART. This way, it brings
more independence between the trees because they are not all built
with the same predictors so that the variance of prediction is reduced.
Random Forest models allow combining both categorical and continuous predictors. First tests showed that randomly splitting the 217,162
RSU into a training dataset consisting of 70% of the RSU and a validation
dataset (30% of the RSU) leads to optimistic bias because the RSU from
the same urban agglomeration are used for both training and validation.
To avoid such overﬁtting, we choose to train a Random Forest model for
each urban agglomeration. For a given agglomeration n, all RSU located
in this speciﬁc agglomeration are excluded from the training dataset.
The trained Random Forest model is then applied only to agglomeration
n. This methodology is applied to each of the 42 agglomerations. The
main metric used to quantify the quality of the Random Forest models
is the percentage of RSU for which the absolute value of the prediction
error is lower than a deﬁned threshold (0.2 K; 0.5 K; 0.8 K; and 1 K). Furthermore, the Random Forest model predictions of the UHII are mapped
for cities of different sizes and geographical situations and compared
with those of the physically based Meso-NH-TEB model.
4. Results
In Section 4.1, the relationships between the UHII and the different
predictors are presented. The UHII predicted by the Random Forest
(combined regression-based) model is evaluated against the physically
based numerical model in Section 4.2 (Section 4.3).
4.1. Regressions between the urban heat island intensity and the predictors
4.1.1. Urban heat island increment attributed to LCZ
The values of the local increment of the UHII due to the LCZ
(ΔUHIILCZ) are given in Table 2. The results are consistent with the characteristics of the LCZ. The LCZ with high building density and height display the largest positive values of ΔUHIILCZ, the LCZ sparsely built, low
plants, and water display a negative value. The only counter-intuitive
result is that LCZ 1 (compact high-rise) displays a lower value of ΔUHIILCZ
than the other compact LCZ (2 and 3). This might be due to the fact
that in French cities compact high-rise LCZ are usually located outside
the historical dense mid-rise city centres and characterised by a lower
building surface fraction than compact mid-rise or compact low-rise

Table 2
Local increment of the urban heat island intensity due to the Local Climate Zones (LCZ) averaged for the 42 French urban agglomerations.
LCZ

Name

ΔUHIILCZ [K]

1
2
3
4
5
6
7
8
9
D
E
G

Compact high-rise
Compact mid-rise
Compact low-rise
Open high-rise
Open mid-rise
Open low-rise
Lightweight low-rise
Large low-rise
Sparsely built
Low plants
Bare rock or paved
Water

0.17
0.33
0.35
0.12
0.16
0.15
−0.06
−0.02
−0.05
−0.08
0.09
−0.14

LCZ, since the classiﬁcation of Hidalgo et al. (2019) used mainly building
height to attribute the high-rise LCZ.
4.1.2. Distance to the centre of the urban agglomeration
The relationships between the normalised UHII at RSU scale and the
normalised distance to the city centre are displayed in Fig. 3 for the different LCZ. The normalised UHII is, on average, highest close to the city
centre and decreases towards very low values for normalised distances
of about twice the effective radius of the agglomeration. However, a
large scattering around the average is found for the individual RSU.
This is due to the large variety of agglomerations shapes, which can
strongly differ from a circle, or the presence of sub-centres within a
given urban agglomeration. We conclude that the distance to the city
centre is a predictor that cannot be neglected, but is difﬁcult to capture
with a simple statistical relationship.
4.1.3. Total population of the urban agglomeration
The linear relation between UHIImax and the natural logarithm of the
total population of the agglomeration (Fig. 4) has different values of the
explained variance for different French climatic regions. Adjusting the
relation for all agglomerations, gives the relation in Eq. (23) with a
value of the adjusted R2 of 0.29. The p-value of 0.0002 indicates that
this relationship is statistically signiﬁcant. The statistical relationship is
only valid for French urban agglomerations with a population between
50,000 and 10 million.
UHII max ðUAÞ ¼ −4:1 þ 0:58 ln ðPopðUAÞÞ for 5:0E þ 4bPopb1:0E þ 7

ð23Þ
The statistical relationship between UHIImax and the natural logarithm of Pop is less pronounced for the climatic regions Pure Mediterranean (Med.-Pure) and Pure Oceanic (Oce.-Pure) than for the other
climatic regions; the value of the adjusted R2 is only 0.11. The statistical
relationship is stronger for the cities in the other climatic regions (adjusted R2 of 0.39). However, the relationship in Eq. (23) is used for all
climatic regions for the combined regression-based model
(Section 4.3), since the best performance is achieved with this choice.
4.1.4. Distance of the urban agglomeration to the coast
The relationship between UHIICmax and the distance of the urban agglomeration to the coast is only pronounced if the distance to the coast
is b10 km (Fig. 5). For this reason, a linear regression between UHIICmax
and the natural logarithm of DistCoast is adjusted for agglomerations
whose centre is b10 km from the coast. The logarithmic model performs
best and yields an adjusted R2 of 0.32 (p-value = 0.05) (Eq. 24).
UHIIC max ðUAÞ ¼ 1:2 þ 0:92 ln ðDistCoast ðUAÞÞ for 1 kmbDistCoastb10 km

ð24Þ

4.1.5. Elevation differences
Linear regression models have been adjusted between UHIICmax and
ElDiff as well as the natural logarithm of ElDiff. However, no statistically
signiﬁcant relationship has been found for the investigated regression
models. As a result, elevation differences are not considered as predictor
for the Random Forest model (Section 4.2) and the regression-based
model (Section 4.3).
4.1.6. French climatic region
The multiplicative effect of the French climatic region on UHIICmax is
given in Table 3. UHIICmax is on average highest in the Semi-continental
and Mountain climatic regions, and lowest in the Pure Oceanic and Pure
Mediterranean climatic regions. These results are plausible, since wind
speed is on average higher in the climatic regions closer to the coast,
for example due to the presence of sea breezes. Soil moisture can also
be higher, dampening the cooling of the rural areas at night.
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Fig. 3. Relationship between the normalised urban heat island intensity and the normalised distance to the city centre, for each Local Climate Zone (LCZ). The red lines display the adjusted
exponential model. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

To quantify the relevance of the French climatic region for UHIICmax,
the explained variance (EV) due to the climatic region is computed following Eq. (25). The value of EV of 0.25 indicates that the climatic region
inﬂuences UHIICmax to a slightly smaller degree than the total population inﬂuences the UHIImax.

2
RC
∀RC ∑UA∈RC UHIIC max ðUAÞ−UHIIC max
¼ 0:25
ð25Þ
EV ¼

2
∑UA UHIIC max ðUAÞ  UHIIC max

4.2. Random Forest model prediction of the urban heat island intensity
The UHII at RSU scale is statistically predicted with Random Forest
models based on the ﬁve predictors population, climatic region,

distance to the coast, distance to the agglomeration centre, and LCZ. A
different Random Forest model is trained for each urban agglomeration,
by excluding all the RSU of the concerned agglomeration from the training dataset. Tests with different Random Forest model conﬁgurations
characterised by the number of trees (ntree; tested from 30 to 500)
and the number of predictors used at each node (mtry, tested from 2
to 4), show that these parameters do not strongly inﬂuence the results
in terms of prediction quality. As ﬁnal conﬁguration of the Random Forest model we set ntree = 30 and mtry = 3, which improves computation time without deterioration of the results.
The relative weight of the different predictors used by the Random
Forest model cannot be assessed using the R2 like for the linear regression models. Instead, the Random Forest algorithm provides the node
purity, which allows to assess which predictors are the most relevant
for the classiﬁcation (Table 4). The average node purity for the 42 trained
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Fig. 4. Relationship between the maximum nocturnal urban heat island intensity and the total population of an urban agglomeration. Med.-Pure (Oce.-Pure) is the Pure Mediterranean
(Oceanic) climatic region, Oce.-deg (Oce.-alt) the Degraded (Altered) Oceanic climatic region.

Fig. 5. Relationship between the maximum nocturnal urban heat island intensity corrected for the population of the agglomeration and the distance of the centre of the urban
agglomeration to the coast.

Table 3
Inﬂuence of the French climatic region on the maximum nocturnal urban heat
island intensity.
French regional climatic region

ΔUHIICCR
max

Degraded Oceanic
Altered Oceanic
Pure Oceanic
Pure Mediterranean
Mountain
Semi-continental

1.29
0.76
0.26
0.42
1.72
1.62

Table 4
Average value of the node purity for each predictor used by the Random Forest models.
Predictor

Node purity

Total population of the urban agglomeration
Distance of the RSU to the urban agglomeration centre
Local Climate Zone of RSU
Distance of the urban agglomeration to the coast
French climatic region

121,059
74,195
71,478
54,253
25,502
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Random Forest models indicates that the total population is the most
important predictor, followed by the distance of the RSU to the agglomeration centre and the Local Climate Zone. These results appear to be
plausible when compared to the results of the relationships established
via the linear regression models (Section 4.1).
The total RMSE for all RSU is 0.85 K. The RMSE per urban agglomeration varies between 0.25 and 1.69 K. Paris is the agglomeration with
the highest RMSE (1.69 K). Without Paris, the RMSE for all remaining
RSU decreases to 0.61 K. The RMSE for all RSU averaged for a speciﬁc agglomeration increases with the UHIImax value of agglomeration (Fig. 6).
The Random Forest model performs particularly poorly for Nice, which
might be due to its speciﬁc local climatic conditions with both land/sea
and mountain breezes, which does not occur for the other cities.
Table 5 displays the percentage of all RSU for which the Random Forest model predicts the UHII with a given range of the absolute error.
These values will be compared with those of the regression-based
model in Section 4.3.
Without Paris, more than half (54%) of the RSU are predicted with
b0.5 K absolute error. The UHII values predicted with the Random Forest
model as well as the results from the physically based atmospheric
model Meso-NH are displayed for the megalopolis of Paris (Fig. 7), the
coastal city of La Rochelle (Fig. 8), and the medium sized city of Angers
(Fig. 9). For La Rochelle and Angers, the Random Forest model captures
the spatial pattern of the UHI, but underestimates the UHII values, especially around the city centre. More distant RSU are quite well predicted.
The Random Forest prediction for Paris is of low quality, since the 41
French agglomerations used for the training are too different from
Paris (e.g. in terms of population).
4.3. Regression-based statistical model
The UHII is calculated using the combined linear regressions derived
in Section 3 (Eq. (26)). The contribution of the distance to the coast is
not taken into account for agglomerations located in N10 km distance
to the coast. The contribution of the distance to the coast is normalised
to 1 for cities located in 10 km distance to the coast to enforce the continuity of the equation. The formula cannot be used for agglomerations
outside of France (due to the climatic region) and with b50,000 or N10
million inhabitants.

11

Table 5
Percentage of Reference Spatial Units (RSU) for which the Random Forest model predicts
the nocturnal urban heat island intensity with a given range of the absolute error.
Absolute prediction error [K]

b0.2

0.2–0.5

0.5–0.8

0.8–1.0

N1.0

% of RSU (all cities)
% of RSU (without Paris)

21
25.4

24.4
29

15.3
17.5

7.3
7.6

32
20.5

UHII ðRSU Þ ¼ ½−4:1 þ 0:58 ln ðPopðUAðRSU ÞÞÞ
i
½1:2 þ 0:92 ln ðDIST Coast ðUAðRSU ÞÞÞh
CRðUAðRSU ÞÞ
ΔUHIIC max
:
1:2 þ 0:92 ln ð10Þ
h

i
centre
2
þ ΔUHII LCZ ðRSU Þ
C centre
1;LCZ ðRSU Þ exp −C 2;LCZ ðRSU Þ DISTN ðRSU Þ

ð26Þ

The RMSE for all RSU is 0.64 K, and 0.61 K without Paris, which is
comparable to the value obtained with the Random Forest model. The
RMSE per urban agglomeration varies between 0.19 and 1.34 K. The agglomeration with the highest prediction error is Calais (1.34 K). The percentage of the RSU for which the absolute value of the prediction error is
within speciﬁc thresholds is given in Table 6. The regression-based
model is able to predict the UHII with an absolute error of b0.5 K for
52% of the RSU. These results are comparable to those obtained by the
Random Forest model, but the regression-based model is not directly
limited by a training on the dataset, allowing it to give better results
on particular cities like Paris.
The UHII predicted by the regression-based model is displayed for
the agglomerations Paris (Fig. 10), La Rochelle (Fig. 11), and Angers
(Fig. 12). For La Rochelle and Angers, the regression-based model presents results close to those of the Random Forest model. The spatial pattern of the UHII is captured, the UHII values are slightly underestimated
around the city centre. The results for Paris obtained from the statistical
model are better than those obtained with the Random Forest model;
especially the spatial pattern of the UHII is better represented. An important shortcoming of the regression-based model is that it overestimates the effect of the distance to the centre of the agglomeration.
This result is consistent with the relatively poor quality of the

Fig. 6. Relationship between the root mean square error of the Random Forest model prediction and the maximum nocturnal urban heat island intensity of an urban agglomeration.
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Fig. 7. Nocturnal urban heat island intensity (UHII) in the agglomeration of Paris. (a): Statistically predicted with the Random Forest model, (b): Dynamically simulated with the physically
based atmospheric model Meso-NH, and (c): Difference between the results of the Random Forest model and Meso-NH-TEB. Background data source: Bing Satellite, from QGIS
QuickMapServices.

relationships between UHIIN and the normalised distance to the city
centre (Fig. 3). It cannot capture the variety of the forms of urban agglomerations with some being strongly different from a circle or
possessing sub-centres. However, neglecting the inﬂuence of the distance to the city centre is not an alternative.
5. Discussion
An important restriction of our study is that the statistical models for
the UHII are derived based on the results of the numerical atmospheric
model Meso-NH, which might be biased due to model shortcomings.
Further validation using observation based data is required, but the required data are not yet available for a sufﬁcient number of urban
agglomerations.
However, the results obtained for the statistical relationships between the UHII and the different predictors are in line with what can
be expected based on previous studies or physical reasoning.
• The maximum UHII of French agglomerations increases with the logarithm of the total population, which is consistent with the ﬁndings of
Oke (1973), Sakakibara and Matsui (2005), Zhou et al. (2017), and
other similar studies.
• The French climatic region also inﬂuences the maximum UHII with, on
average, the largest values found in the Mountain and SemiContinental climatic regions and the lowest values in the Pure Atlantic
and Pure Mediterranean climatic regions. This is physically plausible,

especially since the higher values of wind speed in the climatic regions
dominated by the Atlantic Ocean or the Mediterranean Sea lead to
lower values of the UHII.
• The distance of the RSU to the centre of the agglomeration inﬂuences
the UHII at RSU scale. This result is in slight contrast with Straub et al.
(2019) who ﬁnd that the distance to the city centre has only a low impact on the R2 and the Mean Squared Error of their models. Based on
the present study, it can be concluded that the distance to the city centre is a predictor that cannot be neglected, but is difﬁcult to handle. For
agglomerations with a circular shape and no large sub-centres at the
periphery, the concept of the ‘distance to the city centre’ works
quite well, but it cannot deal with cities whose shape strongly differs
from a circle, for example those aligned along the coast or mountain
valleys.
• The results obtained in the present study for the inﬂuence of the Local
Climate Zone on the UHII at RSU scale are mainly consistent with what
can be expected based on physical plausibility considerations. The
largest positive local UHII increments are found in dense mid-rise
and dense low-rise settings, whereas the largest negative local UHII
increments occur for the LCZ lightweight low-rise, low plants, and
water.
• Concerning the distance to the coast, the ﬁne structure of the air temperature is governed by the local surface features as well as the turbulent structure of the atmospheric boundary layer above. The latter
quickly sets in equilibrium with the surface below, in just a few km
of distance from the shore of the sea (Pigeon et al., 2007). This is

T. Gardes et al. / Science of the Total Environment 737 (2020) 139253

13

Fig. 8. Same as Fig. 7, but for the agglomeration of La Rochelle.

why, 10 km from the shore, there is no direct effect of the sea on the
anomaly of temperature between countryside and city (the UHI),
while there is still an effect on the temperature itself since the proximity to the ocean inﬂuences the regional climate, but identical both for
rural and urban areas.
• No statistically signiﬁcant relationship is found in the present study
between the maximum UHII of an urban agglomeration and elevation
differences in and around the urban agglomeration.

An important restriction of the regression-based statistical models is
that they depend on the a priori assumptions of which relationships
might potentially exist. Therefore, not all possible forms of statistical relationships between the UHII and the predictors have been tested. It is
therefore possible that other relationships exist which explain a higher
degree of variance (e.g. for elevation difference). Furthermore, for the
analysis of the statistical relationships for the maximum UHII at urban
agglomeration scale, the UHII has been corrected for the effect of the
total population. Uncertainties might arise since there might be collinearity between the total population and the other agglomeration scale
predictor variables (distance to the coast, climatic region, and elevation
differences). A strong collinearity appears however not plausible to the
authors.
The present study also conﬁrms Random Forest models as a valid
method to predict the UHII based on predictors related to urban morphology and geographical factors. The RMSE of the predicted UHII is

0.85 K for all cities and varies from one agglomeration to another
(0.25–1.69 K). For 30 out of the 42 agglomerations the RMSE of the predicted UHII is lower than 0.65 K, the value obtained by Makido et al.
(2016) for the city of Doha using similar predictors. If we exclude the
particular case of Paris from the analysis, we obtain an RMSE of 0.61 K,
which is similar to the result obtained using the regression-based
model. The regression-based model performs better on “outlier” agglomerations like Paris.
The RMSE obtained with the regression-based model (0.61 K, and
ranging between 0.19 and 1.34 K depending on the agglomeration) is
comparable to results from other statistical methods tested in the literature, like Ordinary Least Squares or Regression Tree (Makido et al.,
2016; RMSE of 1.25 K and 0.96 K) or results from empirical approaches
like Zhang et al. (2019) who obtained an RMSE of 1.69 K.
A particularity of the present study is that it focusses only on the
simulated UHII for one weather type favourable to a strong UHII instead
of the climatological average UHII. The statistical models investigated in
the present study do not take wind direction into account and might
therefore perform even better for the climatological average UHII than
for the UHII corresponding to one single weather type.
6. Conclusions and outlook
The present study investigated the nocturnal urban heat island intensity (UHII) of N200,000 Reference Spatial Units in 42 French urban
agglomerations simulated with the physically based atmospheric
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Fig. 9. Same as Fig. 7, but for the agglomeration of Angers.

Table 6
Percentage of Reference Spatial Units for which the regression-based statistical model predicts the urban heat island intensity with a given range of the absolute error.
Absolute prediction error [K]

b0.2

0.2–0.5

0.5–0.8

0.8–1.0

N1.0

% of RSU (all cities)
% of RSU (without Paris)

24.1
25.9

26.4
26.8

18.6
18

8.9
8.6

22
20.7

model Meso-NH coupled to the urban climate model TEB for a meteorological situation favourable to a strong UHII. The description of the form
and functioning of the cities used in the numerical models is taken from
administrative datasets on building outlines, demography, and building
characteristics. Statistical relationships between the dynamically simulated UHII and the predictors total population, distance to the coast,
French climatic zone, elevation differences, distance to the city centre,
and Local Climate Zone have been derived. Furthermore, a Random Forest model and a regression-based model have been developed to calculate the UHII based on all the predictors.
The results for the relationships between the UHII and the predictors
are mainly intuitive based on a priori knowledge of involved physical
processes. The maximum UHII of an urban agglomeration increases
with the logarithm of the number of inhabitants and with the logarithm
of the distance to the coast for cities closer than 10 km to the coast. The
maximum UHII is highest in the Semi Continental and Mountain climatic regions and lowest in the Pure Atlantic and Pure Mediterranean
climatic regions. The Local Climate Zone alters the RSU-scale UHII, the
dense mid-rise and dense low-rise LCZ exhibiting the largest positive
and the LCZ lightweight low-rise, low plants, and water the largest

negative local increment of the UHII. However, the LCZ alone is not sufﬁcient to predict the UHII of a given RSU. The most challenging predictor
is the distance to the city centre, which strongly inﬂuences the UHII, but
for which it is difﬁcult to derive a universally applicable statistical relationship due to the variety of the shapes of the agglomerations.
The Random Forest model is able to predict the UHII with an RMSE of
0.85 K, but the prediction quality varies a lot depending on the considered urban agglomeration. The prediction is of low quality for Paris,
since this megalopolis differs too much from the other French agglomerations, e.g. in terms of total population. The results for the other
French agglomerations are close to those obtained in comparable studies. The disadvantage of the Random Forest model is that it is a black box
since it is very difﬁcult to understand how the predictors are actually
used to predict the UHII. Furthermore, it is not easy to transfer to potential users. For this reason, the regression-based model has been developed as an alternative. It performs better than the Random Forest
model for Paris, and gives similar prediction quality for the other agglomerations. Such a model might therefore be useful for operational
applications, considering that most of the required data are easily accessible for a lot of agglomerations. The present study has investigated only
large urban agglomerations (50,000 to 10 million inhabitants). The developed statistical models cannot be used to quantify the UHII of villages
or small towns, which should be the focus of future studies.
An important restriction of the present study is that the inﬂuence of
meteorological factors on the UHII has not been taken into account by
the statistical models. Especially the neglect of the wind velocity,
which is found in the literature to be an essential predictor of the UHII
(Bernard et al., 2017; Zhang et al., 2019) can lead to prediction errors.
Future work could therefore focus on a larger number of meteorological
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Fig. 10. Nocturnal urban heat island intensity (UHII) in the agglomeration of Paris. (a): Statistically predicted using the regression-based model, (b): simulated with the physically based
atmospheric model Meso-NH, (c): difference between the regression-based model and Meso-NH. Background data: Bing Satellite, from QGIS QuickMapServices.

Fig. 11. Same as Fig. 10, but for the agglomeration of La Rochelle.
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Fig. 12. Same as Fig. 10, but for the agglomeration of Angers.

situations (e.g. different values of the wind direction) and include the
wind speed and direction as additional predictors in the statisticals
models. The results of the regression-based model and the Random Forest should also be validated using actual observation data and not only
based on numerical model simulations.
A similar investigation than in the present study, but at global scale
would be of high interest for the urban planning community or the community dealing with climate change mitigation and adaptation. It would
allow sampling a much larger range of climatic regions, urban morphologies, and socio-economical situations. However, a relatively homogeneous dataset on urban morphology, building construction practices,
demographical variables, and human behaviour related to building
and trafﬁc energy consumption still needs to be compiled before such
an investigation can be conducted.
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