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A B S T R A C T   

The Urban Heat Island (UHI) effect is one of the most harmful environmental hazards for urban dwellers. Climate 
change is expected to increase the intensity of the UHI effect. In this context, the implementation of Urban Green 
Infrastructure (UGI) can partially reduce UHI intensity, promoting a resilient urban environment and contrib-
uting to climate change adaptation and mitigation. In order to achieve this result, there is a need to systemat-
ically integrate UGI into urban planning and legislation, but this process is subject to the availability of widely 
applicable, easily accessible and quantitative evidence. To offer a big picture of urban heat intensity and op-
portunities to mitigate high temperatures, we developed a model that reports the Ecosystem Service (ES) of 
microclimate regulation of UGI in 601 European cities. The model simulates the temperature difference between 
a baseline and a no-vegetation scenario, extrapolating the role of UGI in mitigating UHI in different urban 
contexts. Finally, a practical, quantitative indicator that can be applied by policymakers and city administrations 
has been elaborated, allowing to estimate the amount of urban vegetation that is needed to cool summer tem-
peratures by a certain degree. UGI is found to cool European cities by 1.07 ◦C on average, and up to 2.9 ◦C, but in 
order to achieve a 1 ◦C drop in urban temperatures, a tree cover of at least 16% is required. The microclimate 
regulation ES is mostly dependent on the amount of vegetation inside a city and by transpiration and canopy 
evaporation. Furthermore, in almost 40% of the countries, more than half of the residing population does not 
benefit from the microclimate regulation service provided by urban vegetation. Widespread implementation of 
UGI, in particular in arid regions and cities with insufficient tree cover, is key to ensure healthy urban living 
conditions for citizens.   

1. Introduction 

The Urban Heat Island (UHI) effect can be described as a distinct 
urban climate, characterized by higher temperatures in densely built-up 
areas compared to the surrounding areas (Oke, 1982). This phenomenon 
is caused by the anthropogenic alteration of the natural environment, 
such as development of buildings and impervious surfaces. These 
changes determine a higher heat capacity which traps more energy and 
radiation with consequent increase in temperature. Urban morphology 
can also have an influence, increasing the multiple catering of shortwave 

radiation and trapping the long wave radiation, resulting in an intensi-
fication of the heat storage in the city. Additionally, anthropogenic ac-
tivities, such as heating and transportation further increase the amount 
of heat released in urban areas, compared to the natural landscape 
(Zhou, Rybski & Kropp, 2017). The extent and distribution of UHI can be 
estimated both through air temperature and through Land Surface 
Temperature (LST) data. The first approach measures, usually with 
meteorological monitoring stations, the temperature from the ground up 
to tree height, the “canopy layer” (Schwarz, Schlink, Franck & 
Großmann, 2012). The second approach measures the temperature of 
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the land surface, retrieved through satellite or airborne sensors data. The 
advantage of the use of air temperature measurements consists in the 
fact that they can provide representative and temporally continuous UHI 
information, but the presence of weather stations on the territory is often 
limited. On the other hand, estimating LST allows a spatially explicit 
analysis of temperature, but nevertheless is an indirect estimate of UHI, 
the so-called “Surface Urban Heat Island” (SUHI) (Clinton & Gong, 
2013; Oke, Mills, Christen & Voogt, 2017). LST-based studies are 
increasingly common, due to the practical applications, immediacy and 
availability of sensors at no cost, particularly when there is the necessity 
to carry on analyses at regional or even global scale (Ottlè et al., 1992). 

It is known that UHI exerts a detrimental impact on human health 
and quality of life in cities (Koppe, Kovats, Jendritzky, Menne & Breuer, 
2004), particularly during heat waves.1 Furthermore, the frequency and 
severity of heat waves have been on the rise over the last decade (Mis-
hra, Ganguly, Nijssen & Lettenmaier, 2015). It is expected that this 
phenomenon will increase further in the future due to climate change, 
and it is thought that these changes are mainly driven by higher mean 
temperature rather than by temperature variability (Lhotka, Kyselý & 
Farda, 2018). In particular, heat waves have a projected increase in peak 
temperatures equal to 5 ◦C by the end of the century in Europe (Fischer 
& Schar, 2010). Moreover, the synergistic effect between heat waves and 
UHI, results in an increased energy demand for cooling systems in low 
and mid-latitude cities, which in turn adds to heat emissions and further 
raises temperatures in a positive feedback (Founda & Santamouris, 
2017). On top of that, urbanization trend continues to grow worldwide, 
and in Europe as well, where the total artificial impervious area more 
than doubled from a 1990 baseline (Gong et al., 2020). On this aspect, 
Singh, Kikon and Verma (2017) demonstrated that urbanization and 
Land Use Land Cover change that occurred in Lucknow City, India, from 
2002 to 2014, have led to an increase in temperature equal to over 1 ◦C, 
from an average of 36.7 to 37.8 ◦C. Similarly, Zhang, Estoque and 
Murayama (2017), estimated an increase of 1.64 ◦C from 2000 to 2013 
in Nanchang City, China, in parallel to an increase of the urban area 
equal to 7260 hectares. 

In this context, the deployment of Urban Green Infrastructure (UGI), 
which is defined as “a strategically planned network of natural and semi- 
natural areas with other environmental features designed and managed 
to deliver a wide range of ecosystem services” (European Commission, 
2013), is recognized as one of the most important strategies to mitigate 
UHI and to promote a resilient environment in cities (Saaroni, Amorim, 
Hiemstra & Pearlmutter, 2018), since UGI provides the Ecosystem Ser-
vice (ES) of microclimate regulation (CICES 2.2.6.2, Haines-Young & 
Potschin, 2018), amongst other services. Urban vegetation is in fact 
known to be an effective strategy to reduce heat intensity. Interestingly, 
O’Malley, Piroozfar, Farr and Pomponi (2015) found out trees, shrubs 
and grass to be the most effective UHI mitigation strategy, compared to 
other measures such as urban inland water bodies and high albedo 
materials. There are two main processes through which vegetation can 
mitigate heat: the shading effect, which consists in the interception of 
the solar radiation by leaves (radiative cooling), and evapotranspiration, 
which converts part of the energy stored in the urban canopy into tur-
bulent fluxes of sensible and latent heat (evaporative cooling) (Chrys-
oulakis et al., 2018). The cooling capacity of UGI can vary largely and 
differs among vegetation types such as grass, shrubs and trees, reaching 
the maximum effectiveness with urban forests (Yoshida, Hisabayashi, 
Kashihara, Kinoshita & Hashida, 2015). It is known in fact that this 
process depends on plant structure, its physiological characteristics such 
as transpiration rate, and the amount of water intercepted and subse-
quently evaporated from the leaves (Rahman, Armson & Ennos, 2015), 
as well as on canopy size and tree density (Shashua-Bar & Hoffman, 

2000). Healthy ecosystems and UGI can represent effective Nature Based 
Solutions (NBS) against the dramatic effects of UHI and climate change 
in cities, enhancing resilience and aiding to cool urban areas and pre-
venting hazards such as heat waves. The unfolding of the European 
Green Deal (Von Der Leyen, 2019) and the European Biodiversity 
Strategy for 2030 (European Commission, 2020) poses an opportunity 
and a call to action in order to strengthen urban resilience and com-
mitments on UGI. The adoption of an integrated planning aimed to the 
implementation of UGI to counteract the harmful effects of UHI can also 
represent an opportunity to meet multiple United Nation’s 2030 Sus-
tainable Development Goals, such as ensuring healthy lives and 
well-being for urban dwellers, improving urban resilience, reducing 
risks associated to climate change and sustainably manage ecosystems 
and biodiversity. This is also in close relationship with the fulfilling of 
the New Urban Agenda scope of achieving a sustainable, equitable, and 
fair environment for generations to come (European Commission, 2019; 
2020; Von Der Leyen, 2019). The benefits that population can receive 
from such climate adaptation opportunities are dependent on the con-
servation and restoration of urban and peri‑urban ecosystems. Never-
theless, despite the knowledge of the benefits that NBS (Somarakis, 
Stagakis & Chrysoulakis, 2019) can produce on a health, environmental, 
economic and social perspective, such benefits are often hindered by an 
unsustainable management and poor green urban planning occurring in 
many urban areas. Consequently, a substantial proportion of urban 
population currently lives in areas with potentially high heat exposure 
(EEA, 2020). For this reason, there is a need to systematically integrate 
UGI and NBS into urban planning, but in order to do so, science-based, 
spatially-explicit, widely available, and easily accessible information 
(Zulian et al., 2021), as well as studies on the role of vegetation cover 
and evapotranspiration, in different environmental contexts are needed 
(Qiu et al., 2017). In this context, Tiwari et al., (2021) point out the need 
of studies assessing quantitatively the impacts of UGI strategies on the 
ES of microclimate regulation in cities, as highlighted by previous 
research, as well as the need of high-resolution maps, in order to guide 
policymakers on the most appropriate measure to counteract UHI with 
NBS. In such regard, the new document “Evaluating the impact of 
Nature-based Solutions: a handbook for practitioners” is hot of the press. 
It is an enormous collaborative effort of 17 EU Horizon 2020 projects to 
provide practitioners with a comprehensive NBS impact assessment 
framework, and a robust set of indicators and methodologies to assess 
impacts of NBS (European Commission, 2021). 

Several studies have highlighted the benefits of vegetation patches 
inside urban areas to cool summer temperatures. Jansson et al. (2007), 
estimated that the air temperature difference between a park and the 
built-up area in the city of Stockholm, Sweden, is in the range of 
0.5–0.8 ◦C, with a maximum of 2 ◦C, whereas Wang and Akbari, (2016)) 
showed that street trees can cool air temperature by 0.2–0.3 ◦C in the 
city of Montreal, Canada. Furthermore, Venter et al. (2020), estimated 
that each city tree in Oslo, Norway, has the potential to mitigate heat 
exposure for one citizen by one day. As regards wider spatial contexts, 
Heris et al., 2021 developed an urban ecosystem account framework for 
768 U.S. cities, estimating the heat mitigation role of urban trees and the 
related cooling energy savings for a total value of around 4098 and 4229 
GWh in 2011 and 2016, respectively. Furthermore, Mentaschi et al. 
(2021), developed a global long-term dataset of urban-rural surface 
temperature differences at high resolution. 

Most studies evaluated the ES of microclimate regulation at city and 
neighborhood scale and there are fewer studies investigating the phe-
nomenon at regional or continental scale, in particular in Europe. In fact, 
the majority of these studies are carried out at city or regional level, and 
analyze only particular UGI elements such as parks (Saaroni et al., 
2018), making it difficult to generalize on the overall role of vegetation 
in mitigating urban temperatures in cities. In this regard, a more inte-
grated methodological framework encompassing multiple scales and 
across large areas is needed (Bartesaghi-Koc et al., 2018). A limitation of 
more large-scale studies is often represented by the lack of air 

1 A heat wave is a period of unusually hot weather that typically lasts two or 
more days. To be considered a heat wave, the temperatures have to be outside 
the historical averages for a given area (https://scijinks.gov/heat/) 
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temperature data. This is particularly true for small towns, where 
weather monitoring stations are often missing (Tiwari et al., 2021). This 
inherent difficulty leads to the necessity to resort to coarse-level spatial 
air temperature models, which often cannot grasp the peculiar hetero-
geneity inside urban areas. Another alternative is the use of 
satellite-derived LST which only provides an indirect estimation of the 
UHI effect. A combination of the two approaches is therefore desirable, 
allowing to benefit from the respective advantages (Schwarz et al., 
2012). On this aspect, Bartesaghi-Koc et al. (2018), observed that a more 
holistic approach encompassing the dynamic spatial heterogeneity of 
urban areas, as well as the reciprocal cumulative effects of natural and 
anthropic features is needed. Furthermore, they also suggest expanding 
the research related to the effect of evapotranspiration in urban areas in 
relation to temperature reduction; in fact, the majority of studies 
focused more on structural features of UGI while analyzing their thermal 
impact on cities, often overlooking their functional aspects related to 
evaporative cooling. Finally, it appears clear that, despite the growing 
body of studies on UGI and UHI, there is still the need for more easily 
accessible evidence for policymakers, in order to provide indicators and 
information that can be practically integrated into urban planning and 
legislation (Bartesaghi-Koc et al., 2018). 

Due to the growing urban population and the current and projected 
risk posed by UHI and climate change, this study estimates the role of 
urban and peri‑urban vegetation in mitigating air temperature in cities, 
that is, the microclimate regulation ES. For this purpose, a high- 
resolution, spatially-explicit model which estimates the cooling capac-
ity of vegetation at urban continental level, in particular in 601 Func-
tional Urban Areas (FUAs) in the EU-27, has been applied. The role of 
vegetation has been predicted on the basis of its spatial extension and 
canopy transpiration, with an approach that couples both air tempera-
ture and LST data. This quantitative approach allowed to calculate the 
temperature difference between a baseline and a no-vegetation scenario, 
for each FUA. Then, a policy-support oriented indicator has been 
developed, in order to be available by city administrations or stake-
holders, which allows to evaluate the amount of vegetation that is 
needed in the city to lower temperature by a certain extent. 

2. Data and methods 

2.1. Study area 

The role of UGI in reducing air temperature has been estimated for 
601 Functional Urban Areas (FUAs) in the EU-27. FUAs, formerly known 
as Larger Urban Zones (LUZ), defined in 2011 by the European Com-
mission and the OECD, are developed by Eurostat as part of the urban 
administrative statistical units. The FUAs allow to map and evaluate the 
city and its immediate surrounding and a comparative analysis of cities 
amongst the Member states. They are represented by the core city and its 
commuting zone and are used to describe the European urbanized land, 
as recommended by Eurostat (Dijkstra & Poelman, 2012; EuroStat, 
2016; Eurostat, 2017). Data has been downloaded from the Eurostat 
website (Eurostat, Urban Audit, 2020, version 2018) and is structured as 
follow:  

• Functional Urban Areas, defined as the core city (with at least 50,000 
inhabitants) and the commuting zone. FUAs represent an ‘opera-
tional urban spatial extent’ that allows mapping and evaluating the 
city and its surroundings.  

• Core cities are cities with at least 50,000 inhabitants. One FUA can 
include one or more core cities. As reporting unit for core cities, all 
core cities within the same FUA have been aggregated.  

• Commuting zones are transition areas, from agricultural or semi- 
natural to urban land use and are very important when considering 
ES. This definition is based on commuter’s behavior, employed 
persons living in one city and working in another city. Occasionally, 

FUAs do not include a commuting zone, if the municipalities around 
a core city do not meet the necessary criteria (15% of the cases). 

2.2. LST retrieval 

The process to estimate LST from satellite data relies on the avail-
ability of thermal infrared sensors. Satellites such as Landsat 5, 7 and 8 
are suitable for estimating LST. In this case, Landsat-8 OLI TIRS data 
have been used. LST data have been acquired through the Google Earth 
Engine (GEE) platform, using a single channel algorithm developed by 
Parastatidis et al. (2017). The algorithm analyzes Landsat thermal bands 
and relies on different emissivity sources: i) a global emissivity map 
derived from ASTER (Advanced Spaceborne Thermal Emission and 
Reflection Radiometer) data at a 100 m spatial resolution; ii) the MODIS 
(Moderate Resolution Imaging Spectroradiometer) daily LST/emissivity 
product (1 km spatial resolution); and iii) vegetation fraction-based 
emissivity, estimated from NDVI (Normalized Difference Vegetation 
Index). In the GEE environment, the median summertime LST (1st July- 
31st August 2018) has been calculated and extracted in correspondence 
of the FUA boundaries. 

2.3. Air temperature dataset 

Because of the lack of high-resolution air temperature datasets at 
European scale and due to the insufficient coverage of the existing 
weather stations network, a dataset elaborated by the University of 
Colorado Denver, derived from NOAA (National Oceanic and Atmo-
spheric Administration) weather stations network daily measurements 
in the U.S (Heris et al., 2021) have been used to build a predictive model 
of the relationship between surface temperature and air temperature of 
the EU FUAs. 

The dataset consists of more than 6500 records of maximum sum-
mertime air temperature (June 15th to August 15th) from weather sta-
tions, comprises their latitude and longitude, and the average LST of 
each station’s neighborhood (using a buffer of 1 km). 

This dataset is trained by the LST, land cover types, average relative 
humidity, elevation, and precipitation to estimate air temperature. 
Incorporating a wide range of variables makes it suitable for contexts 
outside of the U.S. 

2.4. Population 

In order to assess the benefit of the temperature mitigation ES 
received from urban dwellers, the share of population residing in areas 
where the microclimate regulation occurs, i.e. where the cooling is 
positive, has been estimated, and expressed in percentage. For such 
purpose, the Global Human Settlement layer population density dataset 
for 2015 (release year: 2019; Freire et al., 2019; Schiavina, Freire & 
MacManus, 2019), expressing the distribution and density of residential 
population has been used. 

2.5. Microclimate mitigation model 

The biophysical model is based on an adaptation of a two-level 
method reported in Heris et al., 2021: in the first level, a bivariate 
linear regression model has been developed to estimate LST, using tree 
cover density and the amount of water evaporated from tree canopies as 
predictors. Then, a second univariate model has been developed to es-
timate maximum air temperature as a function of two predictors: the 
LST estimated through the first regression model and latitude. Finally, 
the two models have been coupled to calculate the cooling capacity of 
vegetation. The model has been run, pixel-wise, in all European Func-
tional Urban Areas (FUA) in the EU-27 (Eurostat, Urban Audit, 2020), 
between July to August (year 2018) in a Python environment. The 
summer season has been chosen for two main reasons: first, it is known 
that the UHI phenomenon and related cooling mechanism are more 
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pronounced in the summer; and secondly, data availability due to less 
cloud cover. Due to the different spatial resolution of the input datasets, 
they have all been resampled to a common pixel size in order to ensure 
geometrical consistency. Therefore, all the elaborations have been 

performed at a spatial resolution of 100 × 100 m. The output of the 
model is presented as the average cooling at FUA level. Nevertheless, for 
each city, a map with cooling capacity computed at high resolution is 
available. The steps of the model are detailed below: 

Fig. 1. Distribution of the Functional Urban Areas and of the NOAA weather stations monitoring network (A) and plot of the microclimate regulation model 
validation (B). Observed air temperature data used in the validation, is derived from 463 records of maximum air temperature from the NOAA weather stations (July- 
August 2018). Adjusted R2: 0.4; RMSE: 0.15; Scatter Index: 26%, Bias: 4.66. Both intercept and slope are significant for p ≤ 0.05. 

F. Marando et al.                                                                                                                                                                                                                               



Sustainable Cities and Society 77 (2022) 103564

5

(i) First, Landsat 8 OLI/TIRS images have been used to compute the 
median LST (July-August 2018) through a single channel algo-
rithm implemented in Google Earth Engine (GEE) by Parastatidis 
et al., (2017).  

(ii) Then, for every city, a linear regression model has been run to 
predict LST ( ◦C) in function of variables related to urban vege-
tation, at pixel level, with an ordinary least square algorithm 
implemented in the Python package Statsmodels. In order to do 
so, tree cover density (Tc) (from Copernicus High Resolution 
Layer, year 2018) and the amount of water evaporated from tree 

canopies (Etree, mm day− 1), expressed as the sum of transpiration 
(Ec, mm day− 1) and vaporization of intercepted rainfall from 
vegetation (Ei, mm day− 1) (from PML V2 evapotranspiration 
product, based on the Penman-Monteith-Leuning canopy 
conductance model, Gan et al., 2018; Zhang et al., 2019) have 
been selected as independent variables, as can be seen in the 
general equation of the bivariate regression (Eq. (1)). The total 
evapotranspiration has not been included since, after a fist eval-
uation, evaporation from the soil proved to be a confounding 
factor, not strictly related to vegetation. 

Fig. 2. Cooling and land cover maps in three FUAs: Barcelona, Spain (A), Leipzig, Germany (B), and Trento, Italy (C).  
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LST = β0e1 + β1e1Tc + β2e1Etree (1)    

(iii) After that, a second ordinary least square model, trained with the 
air temperature dataset, allowed to predict maximum air tem-
perature (Tair, ◦C) on the basis of LST and latitude: 

Tair = β0e2 + β1e2LST + β2e2Latitude (2)    

(iv) Then, a value of zero has been assigned to Tc and Etree to estimate 
LST in a no-vegetation scenario (LST0, Eq. (3)). Then, the two 
regression models have been coupled (Eq. (4)) to estimate the 
impact of trees on air temperature reduction for the no- 
vegetation scenario. 

LST0 = β0e1 + β1e1Tc0 + β2e1Etree0 (3)  

Tair0 = β0e2 + β1e2LST0 + β2e2Latitude (4)    

(v) It was then possible to estimate, for each 100 × 100 m pixel, the 
difference between the temperature of the no-vegetation scenario 
and the temperature estimated in correspondence of vegetated 
areas, obtaining the cooling capacity of vegetation ( ◦C), hereafter 
referred to as “cooling” (Eq. (5)). The cooling has subsequently 
been averaged at FUA level to obtain the average cooling for each 
city. 

Cooling = Tair0 − Tair (5)   

The elaborations have been computed using the following open- 
source software: Spyder 4.1 and Grass GIS v. 7. Some FUA have been 
excluded from the analysis due to inadequate or lacking data (total of 
FUA analyzed: 601). Furthermore, since the focus of the study is the 
temperature reduction on land from vegetation, water bodies have been 
excluded from the analysis. 

2.6. Cooling index 

Here, in order to make results on cooling operative as a policy- 
support instrument, a cooling index, which standardizes and aggre-
gates the information included in the output of the microclimate regu-
lation model, is proposed. The results of the model, averaged at FUA 
level, have been analyzed to estimate an empirical relationship between 
the different variables employed in the model, in order to evaluate the 
amount of urban vegetation needed to reduce temperature by a certain 
extent. The scope of the cooling index is not to further examine 
analytically the UHI phenomenon, but to provide a practical tool that 
can be easily employed for policy or research purposes. 

2.7. Analysis of the drivers of cooling 

Finally, we have analyzed whether there are significant differences 
between countries in relation to the relationship between temperature 
reduction and ratio of green infrastructure in each city. For this purpose, 
several regression models were investigated to estimate if the data 

Fig. 3. Map of average cooling (◦C) in EU 27, 2018.  
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contains global and group-level trends, specifically significant differ-
ences between the FUA of different countries, as well as to compare the 
explanatory capacity of the different variables. The considered pre-
dictors are the following: total amount of tree cover (% of the FUA), total 
Etree (mm day− 1), elevation (m), population (number of inhabitants), 
city size (km2), population density (inhabitant per km2), city structure 
(dimensionless) and distance from the sea (m). The models were run on 
data from all 601 European cities using the software R studio. 

2.8. Validation 

In order to test the model predictions, average summer (July–August 
2018) air temperature records from 463 weather stations of the NOAA 
network, located in the EU-27 territory, have been used to validate the 
air temperature estimated through the model. The value of each esti-
mated air temperature pixel has been sampled in correspondence of the 
location of each weather station, and then regressed against the corre-
sponding observed air temperature values. Adjusted R2, RMSE, Scatter 
Index and model coefficients have been calculated to assess the accuracy 
of the model. 

2.9. Error propagation 

The uncertainty of the model has been estimated by calculating 
propagated error of the two regressions, for each city. In order to do so, 
Taylor (1997) method for accumulated prediction fractional un-
certainties has been taken into account. Fur such a purpose, Eq. (6) has 
been applied: 

Propagated error =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

δTa

|Ta|

)2

+

(
δLST

|LST|

)2

+

(
δTa0

|Ta0|

)2

+

(
δLST0

|LST0|

)2
√

(6)  

Where δ is the error, Ta is the estimated air temperature, LST is the land 
surface temperature, and Ta0 and LST0 are the estimated air and surface 
temperature for the no-vegetation scenario, respectively. The errors (δ) 
have been calculated through the average of the observed upper and 
lower confidence interval (alpha = 0.05) values from cell-level pre-
dictions (Frost, 2017). 

3. Results 

3.1. Microclimate regulation model 

The model validation (Fig. 1) yielded an adjusted R2 equal to 0.4 and 
a RMSE% of 0.15. The Scatter Index is equal to 26% and the predicted air 
temperature is slightly biased towards lower values. 

In Fig. 2, the cooling maps of some of the cities (A: Barcelona; B: 
Leipzig; C: Trento) are shown. The areas characterized by cooling values 
below zero are mainly urbanized, where impervious surfaces and agri-
cultural areas are prevalent, whereas higher cooling values can be 
observed in correspondence of more natural and sparsely vegetated 
areas. 

Regarding the cooling aggregated at FUA level, the average Euro-
pean cooling is equal to 1.07 ◦C, with an average minimum of − 3.27 ◦C 
and an average maximum of 5.21 ◦C. The median R2 of the first 
regression (Eq. (1)) of the microclimate regulation model is equal to 
0.44, with the majority of cities displaying a R2 over 0.4. The overall 
performance of the first regression is reported in Table A.2 of the Ap-
pendix. The average value of the propagated error is 0.5. In Fig. 3, the 
map of the average degree of cooling ( ◦C) in EU27 FUAs is presented. 
The average degree of cooling ranges from negative values (− 0.4 ◦C) up 
to 2.9 ◦C. Proportional circles express population size in core cities. A 
few cities displaying an average cooling below zero are present in 
coastal areas of southern Europe, in particular Spain, Italy and Greece. 
Cities with an average degree of cooling between 0 and 1 appear to be 
concentrated in southern regions as well, other than Belgium, 
Netherlands and Poland. Cities with an intermediate degree of cooling 
(1–2 ◦C) are more widespread and present particularly in continental 
Europe, whereas cities with a high degree of cooling (> 2 ◦C) can be seen 
in Italy along the Apennines, and in the most continental areas. 

Overall, these cities with a high degree of cooling represent the 3.5% 
of the total of the FUAs (Fig. 4), whereas 15.1% of the cities display an 
average cooling between 1.5–2 ◦C, 34.6% within 1–1.5 ◦C, and 45.3% 
are within 0–1 ◦C, whether only 1.5% of FUAs display a cooling below 
zero. 

Fig. 5 shows the share of FUA area (%) characterized by different 
cooling intervals (◦C) in EU capital cities. Dublin has the highest amount 
of city area displaying a negative degree of cooling (around 37%) as well 
as other large Capital cities such as London: (31%) Copenhagen (31%) 
and Athens (31%). These cities are also amongst the cities with the lower 
proportion of high cooling (above 2 ◦C), together with Bucharest, Vil-
nius, Amsterdam and Warsaw (below 10% of the city area). On the other 
hand, Ljubljana (which has also been European Green Capital in 2016), 
Zagreb, Stockholm and Riga show less than 8% of the city area with a 
cooling below 0, whereas cities like Sofia, Rome and Riga, have the 
highest city area with a cooling over 2 ◦C (around 45%, 43% and 42%, 
respectively). 

Then, several regression models have been tested to evaluate dif-
ferences between EU countries. Out of the models examined, a multiple 
linear regression with a country-specific fixed effect has been selected as 
the most appropriate for this scope (Appendix A, Fig. A. 2). A compar-
ison of all the models evaluated can be found in Appendix A, Table A.1. 
As expected, the most important explanatory variable for predicting the 
cooling factor was tree cover. The model works well for all countries 
except the northernmost countries such as Finland and Latvia. Within 
the most significant countries, it can be seen how for the Mediterranean 
ones (ES, PT) the model tends to predict higher than expected values for 
high cooling values, and in some extent, also to underestimate the 
cooling for low values. Lastly, Fig. 6 shows the amount of population, 
expressed in percentage of the total population residing in a FUA, which 
benefits from the microclimate regulation service, by country. 63% of 
the countries show a share of beneficiaries over 50%, with Hungary and 
Cyprus displaying the highest proportion of beneficiaries (over 80%, 
median value), followed by Czech Republic and Bulgaria, with a median 
of around 80%. Finland and Ireland have the lowest percentage of 

Fig. 4. Proportion of cities (%) with a different degree of cooling (◦C).  
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population benefiting from the microclimate regulation, with a median 
value of only 21% and 16%, respectively. Countries such as Spain, 
Greece, Italy, Denmark and France show a high variability, cities are 
extremely diverse in their response to urban heating, with the amount of 
beneficiaries ranging from less than 10% up to almost 100%. 

3.2. Cooling index 

The average cooling at FUA level has been combined in an analytical 
equation together with two relevant city-scale variables: tree cover and 
average LST. Hence, an empirical relationship has been derived, and the 
average cooling capacity of vegetation (in ◦C) at FUA level can be 
expressed in form of an index (hereafter referred to as Cooling index, CI). 
The CI has been derived as follows: 

CI =
Tc × Tmean

i × 100
(7) 

Where Tc is the tree cover, which expresses the percentage of 

vegetation inside a city (%), Tmean is the average summer land surface 
temperature ( ◦C) in the summer period, and i is an empirically-derived 
constant (dimensionless) equal to 5, and 100 is a correction factor. It has 
been estimated on the basis of the average trend of the model and ex-
presses the relationship between vegetation and urban temperature. 
Eventually, Eq. (7) can be reversed, placing the Tree Cover as the un-
known variable, in order to express it as a function of CI, so that the 
administrators can obtain the amount of vegetation that is needed to 
cool the city by a certain degree, replacing CI with the desired degree of 
cooling: 

Tc =
CI × i × 100

Tmean
(8) 

The Cooling Index allows to generalize the relationship between the 
cooling effect, and the amount of vegetation inside a city, in order to 
directly derive the Cooling without the need to calculate it for each city 
with our model. This makes the Cooling Index a suitable tool for 

Fig. 5. Percentage of FUA for different cooling intervals (◦C) in EU capital cities.  
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policymakers and stakeholders to estimate and monitor the performance 
of a city’s green infrastructure in reducing summer temperatures. Since 
the indicator has been developed in a range of cooling up to 2.9 ◦C, 
cooling values outside this range cannot be inferred. The average LST 
and tree cover of a city are easily available, city administrators or 
stakeholders can estimate the CI at FUA level, either calculating the 
current cooling capacity of the city, or estimating the required tree cover 
to obtain a certain degree of cooling. The cooling index represents the 
slope of a linear relationship between tree cover and cooling. By 
applying the cooling index in the FUAs examined, it is possible to 
observe how a decrease by 1 ◦C on average in a FUA, corresponds to a 
tree cover of 16%. Accordingly, a 2 ◦C and 3 ◦C cooling correspond to a 
32% and 48% of tree cover, respectively (Table 1). 

4. Discussion 

In this study, we assessed the microclimate regulation ES across 
different European FUAs, providing a measure of the role provided by 
UGI in mitigating the UHI effect. Mapping and quantifying urban ES at 
continental scale is a challenging task due to the different climatic, 
cultural, socio-economic, and environmental characteristics, as well as 
due to the intrinsic heterogeneity of urban areas. This heterogeneity 
often represents a hinder to a proper estimation of ES, especially when 
synthetizing observation at city level, due to the inherent complexity of 
urban ecosystems and the interplay of different confounding factors. 
However, the proposed approach has already proven to be suitable and 
efficient in characterizing microclimate regulation in 768 urban areas in 
the US (Heris et al., 2021), and in the present study, where 601 FUA of 

different sizes and morphologies and have been examined at high res-
olution. These results expand the work previously carried out in the 
context of initiatives promoted by the European Commission, namely 
the MAES process (Mapping and Assessment of Ecosystems and their 
Services, (Maes et al., 2016), as well as the EnRoute Project (Maes et al., 
2019; Zulian et al., 2018). In such a context, a framework aimed to 
obtain spatially explicit information can identify areas inside cities that 
would benefit the most from targeted greening intervention aimed to 
reduce excessive temperatures and ameliorate living conditions of urban 
dwellers. The average cooling for all EU is 1.07 ◦C, which is in line with 
what reported in other studies (Oke, 1987; Tsiros, 2010). The majority 
of cities has an average cooling within 1.5 ◦C, and only a small fraction 
has a high cooling from vegetation. It should also be noted that some 
FUA display an average cooling below 0 ◦C, in particular in some 
southern coastal areas of Spain and Italy. It is known in fact that a 
negative UHI, i.e. when the temperature difference between urbanized 
and vegetated areas is negative, can be present especially in arid regions 
in conditions of atmospheric stability (Alonso et al., 2003; Clinton & 
Gong, 2013; Sobrino et al., 2013). This phenomenon could be the results 
of a combination of factors: vegetation structure (grassy UGI can 
potentially have a higher temperature than the surrounding, in partic-
ular if they are not irrigated, (Potchter et al., 2006; Saaroni et al., 2015), 
environmental constraints of the Mediterranean area which can limit 
evapotranspiration through drought (Fusaro et al., 2015) and the share 
of shaded surfaces in urbanized cores, where the density and height of 
buildings is higher (Memon, Leung & Liu, 2009). In fact, it has been 
observed that in those cities, surface temperature was inversely related 
with tree cover. The occurrence of droughts is a common phenomenon 
in the Mediterranean, and also in more continental and northern 
countries recently due to climate change; therefore, the maintenance of 
an adequate water supply to UGI poses a dilemma in areas with water 
scarcity, and a trade-off must be considered (Nouri, Borujeni & Hoek-
stra, 2019). In other particular cases, such as at higher latitudes, this 
phenomenon could be due to a generally lower LST and to the high 
relative humidity of urban and peri‑urban green areas, which result in a 
low latent heat flux and higher heat storage than artificial surfaces, due 
to the lower albedo of vegetation. Therefore, under specific 

Fig. 6. Number of beneficiaries 
(expressed as the percentage of popu-
lation residing in urban areas where 
the cooling effect of vegetation occurs) 
per country (AT: Austria; BE: Belgium; 
BG: Bulgaria; CY: Cyprus; CZ: Czech 
Republic; DE: Germany; DK: Denmark; 
EE: Estonia; EL: Greece; ES: Spain; FI: 
Finland; FR: France; HR: Croatia; HU: 
Hungary; IE: Ireland; IT: Italy; LT: 
Lithuania; LU: Luxembourg; LV: 
Latvia; NL: Netherlands; PL: Poland; 
PT: Portugal; RO: Romania; SE: Swe-
den; SI: Slovenia; SK: Slovakia).   

Table 1 
relationship between the percentage of tree cover within a FUA 
and degree of cooling ( ◦C).  

Degree of cooling ( ◦C) Tree Cover (%) 

1 16 
2 32 
3 48  
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circumstances, it is possible that pixels corresponding to vegetative 
areas have higher LST than the pixels corresponding to open 
non-vegetative areas in cities, which may lead to a low or even negative 
cooling index (Karnieli et al., 2019; Manoli, Fatichi et al., 2020). The 
study aided also to identify which are the main factors that maximize 
this ES. In our model, tree cover and transpiration appeared to be the 
most important predictors of urban air temperature, regardless of city 
characteristics. However, some differences across different countries are 
present: in northernmost countries such as Finland and Latvia, it is 
possible that the UHI phenomenon is not clearly observable, at least in 
these current study-specific conditions. Otherwise, it is also possible that 
the considered predictors do not reflect well the thermal dynamics in 
place in these areas, where peculiar territorial and physical character-
istics occurs, such as the typical Finnish peatbog landscape. On the other 
hand, it is interesting to see that in southernmost countries such as 
Portugal and Spain, the model overestimates the cooling for high values, 
indicating that in these countries, environmental constrains are in place, 
which limit the efficiency of provision of ES in comparison to the 
average behavior of UGI in other countries when tree cover is highest, 
such the aforementioned drought conditions. Hereby, it is possible to 
derive that the extent (expressed as% of the total reporting unit) and the 
transpiration rate of vegetation are crucial in providing microclimate 
regulation in cities. This is also visible from the maps, where the highest 
cooling can be observed in correspondence of densely vegetated areas, 
being the case for parks inside the core city, or more peri‑urban forested 
areas. It is known in fact, that the extent of UGI in an urban area exerts 
an influence on UHI magnitude (Yu et al., 2017). This has also been 
observed in a previous study for the city of Rome (Marando et al., 2019), 
where the surface covered by trees, as well as NDVI, demonstrated to be 
the most important factors in reducing summer temperatures. Similarly, 
Bokaie et al., (2016), highlighted a negative correlation between LST 

and vegetation and green spaces in the Tehran Metropolitan City. 
Contextually, it is important to underline that urban and peri‑urban 
vegetation, can exert a different role in mitigating summer tempera-
tures. It has been highlighted, in fact, that peri‑urban forests are more 
effective in providing this ES, both in higher temperature reduction and 
cooling distance (Marando et al., 2019). In this context, city investments 
on UGI and land sustainability can ease multiple societal challenges, 
providing several benefits for urban dwellers (Maes et al., 2018; Manes 
et al., 2016). For this reason, the European Commission set up the Green 
City Accord initiative, where cities over 20,000 inhabitants are called to 
develop ambitious Urban Greening Plans by the end of 2021 in order to 
bring nature back to urban areas. The creation of connected, biodiverse 
and accessible UGI, in collaboration with the EU Covenant of Mayors, 
will have a central role in tackling the harmful effects of climate change 
and providing cleaner, healthier spaces for urban dwellers. Also, other 
European Commission initiatives on UGI have been set up in the last 
years, such as the EU Strategy on Green Infrastructure and the Action 
plan for nature, people and the economy (Zulian et al., 2021). This study 
allowed also to measure the burden that UHI has on population in 
different urban areas, providing a picture of the current condition in 
Europe. These results shed a light on the alarming situation on which 
citizens are subject to: the almost 40% of European countries have half 
of the population exposed to UHI effect. From a socio-demographic 
perspective, particular attention should also be posed to the most 
vulnerable population groups, such as those in poverty or the elderly 
population, since they are often the most affected (Morabito et al., 
2015). Interestingly, Li et al., (2020) have evaluated that the most 
important predictor of UHI variation is NDVI. However, among the so-
cioeconomic factors, the most significant contributor for UHI was urban 
economic scale, followed by population size and per capita GDP. 
Sebastiani et al., (2021) have indeed pointed out how UHI effect impacts 

Fig. A.1. Cooling average estimation for the 601 European FUA, paneled by country computed with the multiple regression model M1.  
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the most areas with high degree of urbanization and population density, 
which corresponds to areas where the mismatch of this ES occurs, that is, 
where the detrimental effect of UHI is not compensated by nature and 
where the demand is higher. In this regard, efforts aimed to reduce the 
mismatch in this ES should be undertaken, especially in view of the 
expected exacerbation of UHI and heat waves events from climate 
change. Finally, the set of large-scale information provided by the model 
allowed to produce a simple and synthetic index that can inform urban 
planning and policy. Hereby a proposed tree cover of at least 16% per 
FUA is recommended in order to achieve a temperature reduction equal 
to 1 ◦C. This is in agreement with previous research carried out in 
Toronto, Canada, where an analogous relationship between tree canopy 
cover and temperature reduction at daytime was found (Wang and 
Akbari, 2016b). In this way, a larger proportion of citizens would benefit 
from the temperature mitigation, allowing to lessen the damage posed 
by extreme temperatures. Interestingly, Kondo et al. (2020) have found 
that up to 610 premature deaths can be prevented annually in lower 
socioeconomic status areas of Philadelphia, if the city tree canopy cover 
were increased up to 30%. However, in some European areas, forests 
have seen a reduction in their extent, and the process characterizes also 
cities in northern countries, entailing a loss in the potential of these 
ecosystems to reduce temperatures and to provide other ecosystem 
services. Furthermore, forest ecosystems are under increasing pressure 
as a result of climate change, in particular in central Europe, where they 
are exposed to increasing stress posed by heat and droughts (Thiele 
et al., 2017). Even more so, an improvement of both the quality and the 
quantity of EU forests is therefore fundamental to increase their resil-
ience as well as that of urban areas. 

4.1. Limitations and uncertainties 

The study area encompasses across a multitude of cities character-
ized by a degree of heterogeneity within and between them. Therefore, 
the model has been designated in order to be simple and easily scalable/ 
applicable through a wide spatial area. In order to do so, a linear 
regression model with two predictors has been evaluated as the most 
appropriate in a cost/benefit perspective. Before selecting these pre-
dictors, other additional variables have been tested, such as elevation, 
imperviousness, distance from sea and water bodies, soil and land cover 
types, moisture index, density of buildings, and NDVI. Also, other 
machine-learning algorithms such as random forests and decision trees 
have been explored. Nevertheless, increasing the complexity of the 
model with more predictors or with machine learning approaches has 
not proven to increase in parallel the accuracy and the effectiveness of 
the model, while on the other hand incurring in autocorrelation or lack 
of statistical significance problems. Furthermore, it must be noted that 
the present methodological approach involves potential limitations such 
as the use of modeled datasets that already entail their own uncertainty 
and error. In fact, the modeling accuracy is dependent on the inherent 
complexity of the physical and ecological processes studied, where often 
multiple interrelations between variables exist. In particular, the 
PML_V2 transpiration data is derived from a model involving the use of 
vegetation indices such as Leaf Area Index and climate forcings, 
including air temperature, as well as its own uncertainty related to data, 
parametrization and algorithm development (Zhang et al., 2019). In this 
regard, it could be helpful to include these uncertainties in the calcu-
lation of the propagation of the error in future studies 

As regards the temporal resolution, the year 2018 has been chosen 
due to the lack of high-quality data in other years: an additional esti-
mation on a longer period of time has been made (from 2014 to 2017), 

Fig. A.2. Cooling average estimation for the 601 European FUA, paneled by country computed with the multiple regression model M4.  
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but since it was not possible to retrieve equally reliable data due to the 
lack of uniform weather conditions across all Europe, the year 2018 has 
been selected, due to the most reliable land surface temperature data. 
Furthermore, it has been analyzed also on the basis of its representa-
tiveness among other recent years, in terms of temperature anomalies/ 
precipitation. 

Finally, it has to be noted that CI value has been estimated in the 
specific setting of our study and may vary according to different spatio- 
temporal contexts and spatial scales as well. 

5. Conclusion 

In this study, a picture of the UHI phenomena in Europe has been 
provided, investigating the role of Green Infrastructure in mitigating 
summer urban temperatures in 601 Functional Urban Areas. This 
approach has shown that trees significantly reduce UHI, with an impact 
that is dependent by the extent of green areas and amount of transpi-
ration inside a city. In particular, it has been observed that a tree cover of 
at least 16% is required in order to achieve a reduction of average 
summer temperature equal to 1 ◦C. Stakeholders and city administrators 
can take advantage of the cooling indicator in order to better foresee 
temperature mitigation strategies in cities, in the view of a sustainable 
and effective planning. Currently, a significant proportion of urban 
population does not benefit from the ecosystem service of microclimate 
regulation, thus being particularly exposed by the detrimental effect of 
UHI, as well as other unsustainable environmental conditions that often 
characterize urban areas. Prioritized and targeted interventions on UGI 
must be aimed to reduce the ecosystem service mismatch, especially in 
those urban areas located in arid/southern regions and where the 
amount of tree cover is insufficient. Besides, almost one third (~32%) of 
European FUAs has a tree cover below 16%. Ecosystems are funda-
mental allies in the view of a resilient climate adaptation strategy in 

urban areas, and a rapid implementation of Green Infrastructure is 
currently a compelling strategy in order to guarantee a sustainable living 
condition and well-being for urban dwellers. 
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Appendix A 

For the set of 601 cities included in the analysis presented in this 
paper, the relationship between the estimated value for cooling and a 
series of variables characteristic of each FUA was analyzed. The 
explanatory variables considered (at the FUA level) were: total amount 
of tree cover (% of the FUA), total Etree (mm day− 1), elevation (m), 
population (number of inhabitants), city size (km2), population density 
(inhabitant per km2), city structure (dimensionless) and distance from 
the sea (m). The models were fitted using the lm() function of the R 4.0.3 
base (R Core Team, 2020) and the lmer() function of the nlme4 package 
(Bates et al., 2014). Several models have been analyzed, in order to 
estimate if the data contains global and group-level trends, specifically 
significant differences between the FUA of different countries, as well as 
to compare the explanatory capacity of the different variables. The 
proposed regression models were:  

- M0: null model. The baseline of comparison is the null hypothesis, 
where all the regression parameters are equal to 0.  

- M1: multiple regression model considering all the aforementioned 
explanatory variables. 

- M2: multiple regression model in which the only explanatory vari-
able is the total amount of tree cover. 

Fig. A.3. Cooling average estimation for the 601 European FUA, paneled by country computed with the multiple regression model M6.  
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- M3: multiple regression model with all explanatory variables of 
model M1 except for the total amount of tree cover.  

- M4: multiple regression model with all explanatory variables from 
model M1, adding country-specific fixed effects.  

- M5: Linear mixed effect models with the country as a factor, with the 
same explanatory variables as M2.  

- M6: Linear mixed effect models with the country as a factor, with the 
same explanatory variables as M1. 

All models show a slight trend of negative residuals for low cooling 
scores, and positive residuals for high cooling scores. However, this 
trend is reduced in the models that include the differentiation of FUA 

Fig. A.4. Residue distribution by country for the linear regression model M1 (top), the linear fixed effect model M4 (center) and the linear mixed effect M6 (bottom).  
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country membership (Fig. A.3). This confirms that there is an influence 
of country on cooling, especially in some countries such as FI, AT, PT, SE 
(see Figs. A.1 and A.2). According to the ANOVA analysis, the estimated 
variability, in the fixed effect model (M4), due to FUA country mem-
bership is about 10%. In the mixed effect models (M5 or M6), the esti-
mated variability due to FUA country membership is about 22% of the 
variance that’s left after the variance explained by the fixed effects. The 
estimated variability due to FUA country membership is about 22% of 
the total according to models M5 and M6. Table A.1 shows a comparison 
of the performance of the different models and shows that the best al-
ternatives seem to be the M4 and the M6. 
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Linear Regression models performance comparison according to different met-
rics. All models have been created with the dataset of 601 European FUA. The 
cooling is the response variable for all models. RMSE: Root Mean Square Error ( 
◦C); AIC: Aikake Information Criterion.  

Model RMSE Log-likelihood AIC 

Null Model (M0) 0.9979 − 848.7 1701.4 
Classical regression (M1) 0.7695 − 693.1 1406.1 
Classical regression (M2) 0.8233 − 733.5 1473.0 
Classical regression (M3) 0.8383 − 744.3 1506.5 
Linear Fixed effect (M4) 0.6999 − 636.2 1342.5 
Linear Mixed-effects (M5) 0.7429 − 705.6 1419.3 
Linear Mixed-effects (M6) 0.6780 − 658.7 1343.4  

Table A.2 
Overall performance of the first linear regression of the microclimate 
regulation model. Determinant coefficient (R2), Root Mean Square 
Error (RMSE) and Scatter Index (SI) are displayed.  

R2 RMSE SI% 

0.44 2.91 9.42  

Table A.3 
Statistical distribution of Equation’s 1 coefficients.  

β0e1 β1e1 β2e1 

35.89 ± 4.89 − 0.07 ± 0.022 − 0.01 ± 0.008  

Table A.4 
Statistical distribution of Equation’s 2 coefficients.  

β0e2 β1e2 β2e2 

40.63±0.44 0.26 ± 0.006 − 0.52 ± 0.008  
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