
10 May 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

The Urban Heat Island Under Climate Change: Analysis of Representative Urban Blocks in Northwestern Italy / Piro,
Matteo; Ballarini, Ilaria; Pourabdollahtootkaboni, Mamak; Corrado, Vincenzo; Pernigotto, Giovanni; Borelli, Gregorio;
Gasparella, Andrea. - In: ENERGIES. - ISSN 1996-1073. - ELETTRONICO. - 19:3(2026), pp. 1-25.
[10.3390/en19030660]

Original

The Urban Heat Island Under Climate Change: Analysis of Representative Urban Blocks in
Northwestern Italy

Publisher:

Published
DOI:10.3390/en19030660

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3007154 since: 2026-02-24T13:17:57Z

MDPI



Academic Editor: Paulo Santos

Received: 22 December 2025

Revised: 16 January 2026

Accepted: 25 January 2026

Published: 27 January 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

The Urban Heat Island Under Climate Change: Analysis of
Representative Urban Blocks in Northwestern Italy
Matteo Piro 1 , Ilaria Ballarini 1,* , Mamak P. Tootkaboni 1 , Vincenzo Corrado 1 , Giovanni Pernigotto 2 ,
Gregorio Borelli 2 and Andrea Gasparella 2

1 TEBE Research Group, Department of Energy “Galileo Ferraris”, Politecnico di Torino, Corso Duca degli
Abruzzi 24, 10129 Turin, Italy; matteo.piro@polito.it (M.P.); mamak.ptootkaboni@polito.it (M.P.T.);
vincenzo.corrado@polito.it (V.C.)

2 Faculty of Engineering, Free University of Bozen-Bolzano, via Bruno Buozzi 1, 39100 Bolzano, Italy;
giovanni.pernigotto@unibz.it (G.P.); gregorio.borelli@student.unibz.it (G.B.);
andrea.gasparella@unibz.it (A.G.)

* Correspondence: ilaria.ballarini@polito.it; Tel.: +39-011-090-4549

Abstract

Urban populations are exposed to elevated local temperatures compared to surrounding
rural areas due to the urban heat island (UHI) effect, which increases health risks and
energy demand. The literature highlights that accurately quantifying UHIs at broader
territorial scales remains challenging because of limited microscale climate data availability
and, at the same time, the difficulty of increasing the spatial coverage of the outcomes.
Within the PRIN2022-PNRR CRiStAll (Climate Resilient Strategies by Archetype-based
Urban Energy Modeling) project, this work addresses these limitations by coupling Ur-
ban Building Energy Modeling with archetype-based representation of urban form and
high-resolution climatic data. Urban archetypes are defined as representative microscale
configurations derived from combinations of urban canyon geometries and building typolo-
gies, accounting for different climatic zones, use categories, and construction periods. The
proposed methodology was applied to the city of Turin (Italy), where representative urban
blocks were identified and modeled to evaluate key urban context metrics under short-,
medium-, and long-term climate scenarios. The UHI effect was assessed using Urban
Weather Generator, while energy simulations were performed with CitySim. The urban
archetype approach enables both fine spatial resolution and extensive spatial coverage,
supporting urban-scale mapping.

Keywords: urban heat island; climate change; urban building energy modeling;
archetype-based approach; urban archetype; future weather files

1. Introduction
1.1. Background Analysis and Literature Review

Today, more than half of the world’s population resides in cities, with urbanization
continuing to grow at an unprecedented pace. Predictions indicate that 68% of the world’s
population will live in cities by 2050 [1]. With cities consuming more than 60% of the
world’s resources and contributing around 70% of global carbon emissions, this rapid
urbanization raises concerns for sustainable planning and management [2]. Rapid ur-
banization is also associated with several other challenges. Particularly, continued urban
expansion appears to intensify the urban heat island (UHI) effect through interactions with
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mesoscale atmospheric forces and its influence on broader urban metabolic processes. Re-
cent investigations emphasize that the acceleration of urban growth has amplified thermal
stress in densely built areas, particularly in Mediterranean and mid-latitude contexts, where
compact urban forms and limited vegetation reinforce local warming [3]. Studies have
also highlighted that rapid land-use transitions tend to modify surface energy budgets,
increasing sensible heat fluxes and reducing urban cooling capacity [4].

The World Meteorological Organization (WMO) [5] defines a UHI as the “observed
difference in temperature between an urban area and its surrounding non-urban areas under
comparable synoptic conditions”. The UHI is caused by an energy imbalance linked to
surfaces with heat-absorbing materials, reduced evapotranspiration, and anthropogenic
heat release, all contributing to elevated temperatures [6]. This impact can vary based
on different factors and geographical context. For example, empirical research in Rome
has shown that UHI intensities can surpass 4 ◦C and lead to an increase in cooling energy
demand by up to 81% and decrease heating demand by 33% [7,8]. In another study,
microclimate simulations of several European neighborhoods suggest that excluding UHI
leads to an underestimation of cooling loads by around 10% [9]. Recent studies also
point to the likelihood that the combined effects of urbanization and climate change will
intensify extreme heat events [10]. These findings suggest that incorporating UHI dynamics
into assessments of building energy performance is essential under both current climate
conditions and in future scenarios.

Evaluating urban microclimate characteristics and analyzing the energy behavior of
building stocks are crucial in investigating UHI. Accordingly, it is useful to make a distinc-
tion between the urban canopy layer (UCL) and the urban boundary layer (UBL), which
corresponds to the separation between micro- and meso-scale atmospheric processes [11].
The microscale and site-specific factors that control airflow and energy exchange influence
the UCL, which extends from the ground to the roof level. On the other hand, the UBL,
located above building height, belongs to the planetary boundary layer and is influenced
by the urban surface or land-use zones below it. Analyses of urban microclimates also need
to account for anthropogenic heat emissions, including those from traffic and building
systems, which can substantially modify thermal conditions within urban canyons [12].

Moreover, morphological parameters such as street width, building height, surface cov-
erage, and vegetation strongly influence the UCL. For instance, increases in canyon aspect
ratio or surface coverage can increase cooling loads, likely due to reduced within-canyon
ventilation [13]. Similarly, denser urban fabrics can limit natural ventilation potential,
although the magnitude of this effect varies based on the local climate and prevailing
wind regimes [3]. In this context, a representative-block approach, which groups urban
configurations by key metrics, helps capture this heterogeneity and facilitates microscale
climate modeling [9]. In the same vein, how building stocks are represented in urban-scale
energy analyses becomes another important consideration.

Urban building energy modeling (UBEM) [14] is commonly used to evaluate urban
energy performance and analyze the energy interaction between buildings and their sur-
roundings. UBEM uses a bottom-up methodology that is usually classified into statistical,
hybrid, and engineering (i.e., physical-based methods). Building archetypes are especially
prevalent among physical-based methods that enable us to show how a place adopts
sustainable and energy-efficient policies and how it responds to climate change. This is
conducted by combining both technological innovations and the cultural identity of that
context. In this approach, building stocks are divided into comparable groups in modeling
according to factors like building categories, construction periods, climatic zones, or other
relevant criteria. Archetype schemes are then used to characterize these groups by their
energy performance features [15].
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Many studies on the evolution of building archetypes can be found in the literature.
For instance, the Italian research project PRIN2020 URBEM (Urban Reference Buildings for
Energy Modeling) aims to develop a national database of archetype buildings [16]. Another
study, conducted by Sousa Monteiro et al. [17], investigated the Portuguese residential
building stock in Lisbon, where the authors combined census, GIS, and municipal datasets
to improve the representativeness of archetype groups. Johari et al. [18] used Swedish
representative buildings generated from energy performance certificates to validate and
calibrate the UBEM. Furthermore, for residential homes in Kuwait City, Cerezo et al. [19]
investigated probabilistic and deterministic building archetypes.

Although it is commonly known that the UHI effect significantly affects building
energy performance, only a small number of studies have been successful in precisely
quantifying this variation due to the challenges in both gathering microscale climatic data
(UCL analysis) and modeling the drivers of UHI while accounting for interactions between
buildings and their surroundings (UBEM). The energy balance at the UCL [6,20] and the
dynamical numerical techniques (computational fluid dynamics) [21,22] yielded the most
reliable results among these models. However, using microscale models for a district or a
whole city with all its characteristics and geometries is often not feasible due to the huge
computing cost. At the same time, due to the lack of climate data with both broader spatial
coverage (i.e., detailed mapping of urban areas) and finer spatial resolution (i.e., microscale
measurements), UBEM typically fails to effectively address the UHI. To better explore the
UHI impacts, researchers often use archetypes. This approach involves defining typical
urban configurations by incorporating local microclimatic conditions into representative
urban forms. These efforts enhance the robustness of archetype-based modeling and better
support the development of UHI-sensitive mitigation and adaptation strategies [23].

In this context, recent research has shown that representative urban forms can be
obtained by morphological indicators such as plan area density, site-coverage ratio, aspect
ratio, and average building height, which strongly influence local UHI intensity and venti-
lation potential [13,24]. Moreover, studies comparing compact, mid-rise, and open-low-rise
configurations demonstrate that district geometry directly shapes the microclimatic condi-
tions [9]. Therefore, incorporating such morphology-dependent microclimate modifications
into archetypal blocks enables UBEM workflows to more accurately represent the spatial
variability of UHI impacts and identify which urban textures exacerbate or mitigate over-
heating risks. Integrating urban morphology into archetype-based models helps identify
adaptation methods like increasing vegetation, improving surface reflectivity, or adjusting
density based on local climatic conditions.

Finally, the importance of examining how UHI interacts with ongoing climate change
and urbanization is increasingly recognized, as their combined effects play a major role in
shaping building energy performance [25]. Recent works have started to address this com-
bined effect. Shen et al. [26] developed a method to project hourly urban air temperatures by
coupling global climate models with local UHI conditions and observed that climate change
amplified UHI intensity and reduced heating degree days. Another study in three Chinese
megacities showed that the combined effect of UHI and climate change could increase
annual cooling demand by up to 100% [27]. In the Midwestern U.S., Hashemi et al. [28]
reported that including UHI and future climate scenarios will increase cooling energy use
by 91% by 2050 and 154% by 2080. In Auckland, Jalali et al. [29] found that UHI and climate
change together raised the cooling demand by up to 23%. Keppas et al. [30] projected
stronger nocturnal UHI under Mediterranean climate scenarios, with urban minimum
temperatures exceeding rural values by about 1.5–3 ◦C during summer nights. Finally,
Lu et al. [31] used climate projections from CMIP6, the latest phase of the Coupled Model
Intercomparison Project [32], together with downscaling techniques, to assess future urban
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thermal conditions and the role of land-use characteristics and nature-based solutions in
shaping them. Their results emphasize that future climate assessments need to integrate
both global climate forcing and locally specific urban processes. These studies reflect the
importance of developing climate datasets that integrate climate change projections with
neighborhood-scale urban characteristics, enabling more realistic evaluations of future
building energy performance.

1.2. Aim of the Research

The literature background overview highlights that accurately quantifying UHIs
at broader territorial scales remains challenging because of limited microscale climate
data availability—either historical data or considering future projections—as well as the
difficulty of increasing the spatial coverage of the outcomes due to heterogeneous urban
forms. In addition, existing archetype-based UBEM studies often rely on predefined,
idealized, or parametrically varied configurations (e.g., compact/open, high-/low-rise),
which limits their ability to derive representative urban blocks directly from the entire
urban building stock.

The research gaps have to be overcome by answering to the simultaneous needs of:

• Incorporating local microclimatic conditions (UHI) into urban forms;
• Integrating urban morphology into archetype-based models;
• Coupling climate change projections with urban forms in climate datasets.

The present work addresses these needs by coupling urban building energy modeling
with a data-driven archetype-based representation of urban forms and high-resolution
climatic data—including present and future projections. The research has been performed
within the PRIN2022-PNRR CRiStAll (Climate Resilient Strategies by Archetype-based
Urban Energy Modeling) project, founded by the European Union through the NextGenera-
tionEU initiative within the PRIN 2022 PNRR program of the Italian Ministry of University
and Research [33].

In CRiStAll, a methodology to create urban archetypes has been developed; the urban
archetypes are defined as representative microscale configurations derived from combina-
tions of urban canyon geometries and building typologies, accounting for different climatic
zones, use categories, and construction periods. In this study, representative urban blocks
were first identified through quantitative geometry-based metrics and statistical reduction
techniques, and subsequently prioritized using ECOSTRESS-derived land surface tempera-
ture to identify those that were both geometrically representative and more vulnerable to
UHI effects. The UHI effect is incorporated within the urban blocks using Urban Weather
Generator (UWG) by adopting current, mid-, and long-term urban weather files. Finally,
key performance indicators were assessed by means of a UBEM tool (CitySim).

The proposed methodology was applied to the city of Turin (Italy), where representa-
tive urban blocks were identified and modeled to evaluate key urban context metrics under
short-, medium-, and long-term climate scenarios.

The article is organized as follows. In Section 2, the overall methodology developed in
CRiStAll is presented, providing insight into the definition of the urban archetypes and the
setting of key performance indicators assessed in the work. In Section 3, the application of
the method to the city of Turin is provided, and the outcomes are presented and discussed
in Section 4. Finally, the conclusions are drawn in Section 5.

2. Methodology
2.1. Overview of the CRiStAll Project

The CRiStAll research project [33] focuses on the following three research lines:
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• Developing urban climate models that incorporate short-, medium-, and long-term
climate change projections (future weather data) as well as micro-scale UHI effects (A);

• Implementing an archetype-based UBEM using representative urban context configu-
rations (B);

• Evaluating the impact of climate-resilient and UHI-mitigating strategies in urban
environments (C).

The relationships among these three research lines can be summarized as follows:

• (A–B) The micro-scale urban climate model is developed by considering the
morphology, surface materials, and building geometries of the representative
urban configurations;

• (B–C) The UBEM, built on building archetypes within these typical contexts, is en-
hanced by integrating climate-resilient and UHI mitigation strategies;

• (C–A) The effects of these strategies are considered in the urban climate model.

Despite these interrelationships, each research line can be developed separately from
the others. To narrow the scope of analysis, in the present article, the CRiStAll methodology
focused on research lines (A) and (B) to demonstrate how assessing micro-scale UHI
under future climate conditions would benefit from the use of typical urban configurations
in UBEM.

The consideration of climate resilient strategies (research line C) is not presented in
the article because this will be developed in a subsequent phase of CRiStAll.

The implementation of the archetype-based UBEM using representative urban context
configurations taking into account short-, medium-, and long-term climate change projec-
tions (future weather data), as well as micro-scale urban heat island effects, was carried out
according to the following key activities:

(1) Identification of representative urban archetypes using geometrical metrics;
(2) Generation of current and future weather data incorporating UHI effects for each

urban archetype;
(3) Definition of key performance indicators (KPIs);
(4) UBEM development and assessment of KPIs for each urban archetype and microcli-

mate condition.

2.2. Geometrical Representativeness and Urban Archetypes

The first step was dedicated to the identification of districts with a geometry repre-
sentative of the morphology of an urban settlement and, at the same time, meaningful for
the study of the local UHI phenomena. The proposed methodology is a twofold procedure
that ensures the integration of a detailed analysis of urban morphological characteristics
with satellite-derived Land Surface Temperature (LST) data.

As far as the geometrical features are concerned, the workflow presented by
Borelli et al. [34] was implemented. By aggregating a comprehensive dataset of the build-
ing cadastral parcels, usually consisting of all buildings in a city, urban blocks were derived.
An initial data-cleaning activity was implemented to remove blocks (1) containing less
than four buildings, (2) negligibly small (i.e., with an area of less than 0.1 km2), (3) with a
shape factor (SF) larger than 0.1, or (4) exhibiting highly irregular shapes. This ensured
the removal of blocks with uncommon geometry, with one or very few buildings, as well
as removing huge industrial areas in the external neighborhoods of the city. The final
population of urban blocks was then subjected to the calculation of ten quantitative urban
metrics [35,36] (see Table 1 for their defining equations): Floor Area Ratio (FAR), Surface
Coverage (SC), Volume Area Ratio (VAR), Green Ratio (GR), Relative Compactness (REC),
Average Building Height (ABH), Shape Factor (SF), Vertical-to-Horizontal Ratio (VtH),
Average Building Distance (ABD), and Sky View Factor (SVF).
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Table 1. List of urban metrics.

Metric Formula Description of Inputs

Floor Area Ratio (FAR) FAR = ∑(Ai ·mi)
Ablock

Ai: floor area of each i-th
building in the block
Ablock: area of the block
m: number of floors for
each i building

Volume Area Ratio (VAR) VAR = ∑ Vi
Ablock

Vi: volume of each i-th
building in the block
Ablock: area of the block

Relative
Compactness (REC) REC =

∑
6V2/3

i
Ai,frontal

n

Vi: volume of each i-th
building in the block
Ai,frontal: area of the
facades facing the streets of
each i-th building
n: number of buildings in
the block

Shape Factor (SF) SF = Ablock
πr2

minbounding

Ablock: area of the block
rmin bounding: radius of the
minimum circle enclosing
the block

Surface Coverage (SC) SC = ∑ Ai
Ablock

Ai: footprint area of each
i-th building in the block
Ablock: area of the block

Green Ratio (GR) GR =
Aveg

Ablock

Aveg: green surface (trees,
grass, etc.) in the block
Ablock: area of the block

Average Building
Height (ABH) ABH = ∑ hi

n

hi: height of each i-th
building in the block
n: number of buildings in
the block

Sky View Factor (SVF) - Calculated with a
QGIS plugin

Average Building
Distance (ABD) ABD = 1

n ·∑
n
i

(
∑n

j ̸=i dij

)
n−1

dij: distance between
i-th-building and
j-th-building in the block
n: number of buildings in
the block

Vertical to
Horizontal (VtH) VtH = ∑ Avert

Ablock

Avert: vertical surfaces of
the buildings
Ablock: area of the block

Next, a correlation analysis among these ten urban metrics, performed according
to the Spearman test with a statistical significance α = 0.01, was exploited to reduce the
complexity of the dataset by identifying (and discarding) strongly interrelated metrics.
When two metrics were found to be highly correlated (i.e., the absolute value of the
Spearman |ρ| was found larger than 0.5), the decision on which one to keep was made
(1) after observing its correlation with the rest of the 10-metric set and (2) based on references
from the literature on the most frequently used ones (e.g., Refs. [35,36]). Finally, in order
to also account for the subsequent steps of the overall methodology (i.e., the modeling of
weather files inclusive of UHI effects by means of the Urban Weather Generator, UWG),
the final selection also accounted for those quantities underlined as particularly significant
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in the UWG mathematical models [20,37]. At this stage, the statistical distributions of
selected, uncorrelated urban metrics were characterized and used to perform stratified
sampling at key summary points (10th percentile, first quartile, median, third quartile, and
90th percentile). The factorial combination of the extracted values of the selected urban
metrics allowed us to define a smaller set of urban blocks, collectively representing the
morphological variability of the study area.

In order to find urban blocks of particular interest for the assessment of the urban
heat island phenomena, the next stage of the implemented procedure exploited land
surface temperature data, LST, in agreement with consolidated practices from the literature
(e.g., Refs. [38–41]). LST is often used as a proxy to identify hot spots with warmer air
temperatures in the urban environment (e.g., Refs. [42,43]). Indeed, although LST clearly
differs from the air temperature, which is one of the main inputs required in building
performance simulation and urban building energy modeling, they are both positively
correlated with solar radiation. Nevertheless, additional factors, such as the presence of
green surfaces, can significantly alter this relationship. As a consequence, a preliminary
comparison between ground-based weather station air temperature data and LST maps is
recommended, in order to identify specific features in the urban texture (e.g., large green
areas or rivers) that could introduce significant uncertainty in the procedure.

As a source of satellite LST imagery for this work, the ECOSTRESS (ECOsystem
Spaceborne Thermal Radiometer Experiment on Space Station) data, made available by
NASA [44], were considered. ECOSTRESS was selected since, up to date, it constitutes
the dataset with the most detailed temperature images of the Earth’s surface acquired
from space. Focus was placed on the summer period and on days affected by heat wave
phenomena. Also in this case, raw images were filtered in order to ensure an acceptable
level of quality (i.e., excluding those with an excess of cloud cover or missing data, as well
as those with the quality index provided by NASA lower than 0.75). A minimum set of
twelve high-quality images was expected to be assembled to capture temporal and spatial
variability; for each urban block, the mean LST was computed across the selected scenes to
obtain a representative thermal signature.

The morphological and thermal imagery results were then merged so that from the
pool of morphologically representative blocks, those exhibiting the highest average LST
could be identified as priority archetypes (i.e., urban forms that are both typical of the
city’s-built environment and particularly relevant from a heat-stress perspective).

Finally, the use category and construction period served as the main criteria for
assigning the corresponding building archetype features (i.e., typical construction and
technical building systems) to the representative urban blocks, according to data available
in the literature.

2.3. Current and Future Weather Data Incorporating UHI Effects

Rural climatic data were obtained from the nearest weather station, situated in a free-
field area, selected as the closest rural location with at least ten years of continuous data.
The dataset, which in Italy is usually made available through the Regional Environmental
Protection Agency (ARPA), was used to generate the typical meteorological year (TMY)
representing current climate conditions. Subsequently, the mid- and long-term future
weather files were created in accordance with the IEA-EBC Annex 80 Weather Data Task
Group methodology [45].

The generation of the current, mid-, and long-term urban weather files was performed
using the Urban Weather Generator (UWG) [20,37], based on 3D models of the selected
urban blocks. These models include geometric and physical parameters representative of
both the urban morphology and the corresponding building archetypes.
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2.4. Key Performance Indicators

This section defines the KPIs adopted to quantify the intensity, frequency, and sen-
sitivity of the urban warming effect under different climate change scenarios. Table 2
summarizes the selected metrics, encompassing both building energy performance, indoor
thermal comfort, and climate-related indicators, along with their symbol, terminology,
units, and corresponding references.

The thermal energy needs for space heating and cooling (EPH/C;nd) were selected
to assess the building stock energy performance across climate pathways. Moreover, the
hourly heating and cooling load peaks (ΦH/C;ld) over the calculation period are relevant
for sizing technical building systems. These indicators can be calculated directly from any
UBEM tool.

Indoor thermal comfort KPIs are dependent on operative temperature and are gen-
erally computed for representative spaces, where zoning discretization is particularly
challenging in UBEM applications. In large-scale energy analyses, buildings are typically
modeled as a single-thermal zone, although some UBEM tools incorporate auto-zoning
algorithms. For instance, umi [46] applied a clustering method to generate shoebox energy
models based on solar radiation received by façades [47]. In addition, several UBEM tools
compute the indoor air temperature instead of internal operative temperature.

The weighted warm hours of discomfort (WHDw) can be calculated in free-floating
according to EN ISO 7730 [48] or CEN/TR 16798-2 [49]. The former emphasizes the
intensity of thermal discomfort, whereas the latter reflects the magnitude of temperature
exceedance under adaptive comfort conditions. The indoor overheating degree (IOD) and
overheating escalation factor (αIOD), introduced by [50], further quantify the risk of indoor
overheating by considering both the severity and frequency of excessive temperatures.
The IOD measures the temperature difference between the free-running indoor operative
temperature and the selected thermal comfort limit, while the frequency is derived by
integrating the overheating intensity over the occupied period. The αIOD, calculated as
the ratio between IOD and ambient warmness degree (AWD), indicates the building’s
sensitivity to overheating. Assuming a linear relationship between IOD and AWD, αIOD

corresponds to the slope of the regression line.
Climate-related KPIs are directly dependent on outdoor temperature. The ambient

warmness degree (AWD), as defined in [50], quantifies the severity and duration of high
outdoor temperatures relative to a predefined base temperature, typically 18 ◦C, which rep-
resents the lower comfort threshold during the heating season. As reported in Equation (1),
only positive differences between the i-th hourly external air temperature (θe;i, in ◦C) and
the base temperature (θb, in ◦C) are considered in the summation and normalised to the
total number of occupied hours (N) in the building.

AWD =
∑N

i=1(θe;i − θb)
+

ti

∑N
i=1 ti

(1)

The heating degree days (HDD) and cooling degree days (CDD) are synthetic indica-
tors describing how warm or cold a territory is over a given period.
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Table 2. List of KPIs in different fields.

Quantity Symbol Unit Ref.

Energy Performance

Energy need for space heating
per unit conditioned floor area EPH;nd kWh·m−2 [51,52]

Energy need for space cooling
per unit conditioned floor area EPC;nd kWh·m−2 [51,52]

Peak heating load per unit
conditioned floor area ΦH;ld W·m−2 [51,52]

Peak cooling load per unit
conditioned floor area ΦC;ld W·m−2 [51,52]

Indoor Thermal Comfort

Weighted Warm Hours
of Discomfort WHDw h [48,53]

Indoor Overheating Degree IOD ◦C [50]

Overheating Escalation Factor αIOD - [50]

Climate

Ambient Warmness Degree AWD ◦C [50]

Heating Degree Days HDD ◦C·d [54]

Cooling Degree Days CDD ◦C·d [54]

Urban Heat Island Intensity UHII ◦C [55]

Finally, the urban heat island intensity (UHII) represents the temperature difference
between an urban weather station (UWS) and a rural weather station (RWS). This metric
can be computed using either the average monthly temperature difference between UWS
and RWS [55], or the monthly maximum and minimum external air temperature at the
two weather stations [7]. The first approach is expressed in Equation (2), where UHIIm

is calculated for the m-th month. In this formula, θe,UWS;h;m (in ◦C) denotes the average
monthly external air temperature recorded at the urban station, while θe,RWS;h;m (in ◦C)
refers to that recorded at the RWS.

UHIIm = θe,UWS;h;m − θe,RWS;h;m (2)

In this work, the performance of the representative urban blocks of Turin was assessed
using the indicators reported in Table 2 that relate to energy performance and climate-
related metrics. From this perspective, indoor thermal comfort KPIs were not considered,
as in UBEMs, buildings are typically represented as single thermal zones. This modeling
assumption limits the ability to reliably capture the spatial variability of indoor conditions
and the subdivision of internal spaces through vertical and/or horizontal partitions.

3. Application
3.1. Analysis of Urban Metrics and Satellite Images for Turin

Starting with a comprehensive dataset of the building cadastral parcels, all buildings
in Turin, more than 128,000, were aggregated into 4,518 urban blocks and then reduced
to 2804 urban blocks thanks to the screening activity presented in Section 2.2. For each of
them, the selected ten urban metrics were computed. By means of the Spearman correlation
analysis (Table 3), which was used to identify and remove redundant indicators, this set
was reduced to four key urban metrics: Surface Coverage (SC), Green Ratio (GR), Average

https://doi.org/10.3390/en19030660

https://doi.org/10.3390/en19030660


Energies 2026, 19, 660 10 of 25

Building Height (ABH), and the Vertical-to-Horizontal ratio (VtH). Further details on the
correlation procedure and the statistical distributions of the retained metrics are reported
in Borelli et al. [34]. Sampling these distributions for SC, GR, ABH, and VtH produced a
preliminary pool of 171 representative urban blocks for the city of Turin that were able to
capture the main morphological features of its building stock.

Table 3. Spearman correlation analysis: in light red |ρ| > 0.5, in dark red unitary correlation.

FAR 1
VAR 0.85 1
REC −0.40 −0.51 1
SF 0.06 0.06 −0.02 1
SC 0.54 0.61 0.01 0.06 1
GR −0.27 −0.30 0.13 −0.04 −0.37 1

ABH 0.60 0.73 −0.71 0.06 0.08 −0.10 1
SVF −0.26 −0.29 0.32 −0.10 −0.17 0.20 −0.25 1
ABD −0.16 −0.13 0.22 −0.21 −0.03 0.50 −0.08 0.27 1
VtH 0.63 0.64 −0.53 0.24 0.19 −0.34 0.61 −0.34 −0.59 1

FAR VAR REC SF SC GR ABH SVF ABD VtH

Eighteen land surface temperature (LST) images from summer 2023 were analyzed to
guide the selection of the most relevant blocks for the UBEM simulations. Figure 1 shows
one of the processed LST satellite maps as an example. For the whole city, the average
LST for each block from the available imagery was computed, providing a comprehensive
characterization of the impact of the UHI across the study area. As shown in Figure 2a,
which depicts the average LSTs of the different urban blocks of Turin for the analyzed set
of thermal images, the observed LSTs ranged from 22 ◦C in the rural area southeast of the
Po River up to 31.7 ◦C in industrial neighborhoods.

Figure 1. Example of processed ECOSTRESS satellite map of land surface temperature for Turin
on 26 July 2023. Black polygons highlight the representative urban blocks selected through the
morphology analysis.
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(a) 

(b) 

 
(c) 

Figure 2. Maps of the average land surface temperatures for each urban block, obtained by analyzing
18 satellite maps from summer 2023: representation of the mean LST for the whole city (partially
revised from [56]) (a), for the representative urban blocks (b), and position of the three selected urban
blocks A, B, and C (c). Maps developed starting from OpenStreetMap [57].
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By combining the morphological sampling with the LST-based screening, the candi-
date set was narrowed to 130 blocks, the reduction being due to missing or insufficiently
accurate satellite data for some of the initially selected blocks. This final subset exhibited
average LST values between 25.0 ◦C and 31.4 ◦C (Figure 2b). Figure 2c highlights the
three blocks with the highest LSTs (i.e., blocks A, B, and C), with average land surface
temperature values of 30.6 ◦C, 30.7 ◦C, and 30.9 ◦C, respectively. These three urban blocks
were considered among those as the most affected by local microclimatic alteration from
the UHI effect, and thus representative for the subsequent simulative analyses part of
this research.

3.2. Urban Archetypes

The building use categories, construction periods, footprints, and heights of urban
blocks A, B, and C, represented in Figure 3, were retrieved from the Geoportal of the
Metropolitan City of Turin [58]. The geometrical building data were converted into
a GeoPackage format, distinguishing thermally simulated zones from shading objects
(i.e., adjacent constructions) and incorporating equilateral triangular ground meshes. These
GeoPackage files were subsequently imported into CitySim [59] for urban-scale energy
performance simulations.

  
(a) (b) (c) 

Figure 3. Representative urban blocks A (a), B (b), and C (c) of Turin, visualized in CitySim Pro.

Table 4 reports the main general and geometric urban metrics for urban blocks A, B,
and C. Specifically, the selected metrics included the number of thermally assessed build-
ings, surface coverage (SC), average building height (ABH), compactness ratio (Aenv·V−1),
and green ratio (GR). Urban block C exhibited the highest median compactness ratio, which
is expected to influence the calculation of heat transfer through the building envelope. Con-
versely, urban block B was characterized by buildings with greater vertical development
and by the highest degree of urbanization, as indicated by its SC value.

Table 4. Relevant urban metrics for urban blocks A, B, and C.

Parameter Unit
Urban Block

A B C

No. of assessed buildings - 17 8 9

Surface Coverage, SC - 0.322 0.388 0.323

Average Building Height, ABH m 18.8 20.5 17.4

Compactness Ratio (median), Aenv·V−1 m−1 0.300 0.251 0.316

Green Ratio, GR - 0.00 0.00 0.07
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Taken as an example, the 3D geometric model of urban block A is illustrated in Figure 4,
highlighting the associated building codes. Located in the southern part of the municipality
of Turin, block A comprises seventeen thermally simulated residential buildings, mostly
constructed between 1921 and 1945.

 
Figure 4. Representative urban block A of Turin, visualized in CitySim Pro.

For urban block A, Table 5 reports both the geometrical and thermophysical charac-
teristics of the assessed buildings. In particular, these parameters include building floor
area (Afl), total thermal envelope area (Aenv), volume (V), window-to-wall ratio (WWR),
compactness ratio (Aenv·V−1), and mean thermal transmittance for opaque (Uop) and
transparent (Uwi) components.

The use category and construction period served as the main criteria for assigning
the corresponding building archetypes. Specifically, the thermal properties of opaque and
transparent envelope components were derived from archetype schemas developed within
the PRIN2020 URBEM (Urban Reference Buildings for Energy Modeling) [16] and the
H2020 TIMEPAC (Towards Innovative Methods for Energy Performance Assessment and
Certification of Buildings) projects [60]. Moreover, the internal heat gain schedules and
intensities—including occupants, appliances, and lighting—were taken from the Italian
National Annex of UNI EN 16798-1 [61]. Furthermore, for all the assessed buildings, the
ventilation air change rate was assumed to be 0.5 h−1, while the winter and summer indoor
temperature set-points were set at 20 ◦C and 26 ◦C, respectively.
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Table 5. Geometrical and mean thermal characteristics for opaque and transparent components in
representative urban block A.

Bldg.
Code

Constr.
Period

Afl
[m2]

Aenv
[m2]

V
[m3]

WWR
[-]

Aenv·V−1

[m−1]
Uop

[W·m−2·K−1]
Uwi

[W·m−2·K−1]

A_1

1921–45

524 648 1917

14%

0.338 1.45

3.09

A_2 776 1357 2654 0.511 1.42

A_3 371 671 1508 0.445 1.47

A_4 748 1045 2860 0.365 1.47

A_5 639 743 2364 0.314 1.46

A_6 13,200 11,126 45,540 0.244 1.43

A_7 1387 1315 5086 0.258 1.46

A_8 877 954 3244 0.294 1.47

A_9 849 880 2943 0.299 1.45

A_10 980 949 3409 0.278 1.48

A_11 875 937 3227 0.290 1.47

A_12 689 707 2480 0.285 1.48

A_13 775 868 2964 0.293 1.49

A_14 665 713 2380 0.300 1.47

A_15 351 480 1321 0.363 1.51

A_16
1946–60

587 661 2085
13%

0.317 1.28
3.12

A_17 1401 1680 5044 0.333 1.27

3.3. Current and Future Weather Data for the Urban Archetypes

To ensure a consistent basis for the generation of current and future climate scenarios,
weather data were extracted from regional climate model outputs, in accordance with
the IEA-EBC Annex 80 Weather Data Task Group methodology [45]. The rural climatic
data were extracted for the weather station located in Turin Bauducchi, situated in a free-
field area (latitude 44.96◦ N, longitude 7.70◦ E, and altitude 226 m a.s.l.). This station,
approximately 9 km from urban block A, was selected as the closest rural location.

The observational dataset, sourced from ARPA Piemonte (Regional Environmental
Protection Agency) [62] and covering ten years of continuous data (1994–2003), was used
as reference data for the calibration and bias-correction procedure applied to the regional
climate model. Finally, the typical meteorological year (TMY) representing current climate
conditions (2013–2023), as well as the mid-term (2041–2060) and long-term (2081–2100)
future weather files, were generated from the bias-corrected outputs.

The generation of the current, mid-, and long-term urban weather files was performed
using UWG [20,37] based on 3D models of the selected urban blocks. For the generation
of urban weather files, besides the geometrical, optical, and thermophysical properties of
buildings, attention was given to green cover (Table 4) and the surface albedo. Specifically,
the green cover was 0.07 for block C and null for the other two blocks; albedo values
of roads, vegetation, roofs, and walls were 0.10, 0.26, 0.40, and 0.70, respectively. The
glazing ratio of the facades ranged from 0.13 to 0.15; for the windows, a SGHC of 0.675
was assigned. Regarding the anthropogenic heat, preliminary sensitivity analyses proved
that this variable had a negligible impact for the tested urban; since this input was not
available, the standard value of 4 W/m2 reported by UWG for some examined cities was
consequently adopted.
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4. Results and Discussion
4.1. Climate-Related KPIs Assessment

Taking urban block A as an example, the heating and cooling degree days—computed
for a base temperature of 18 ◦C, respectively, HDD18 and CDD18—according to UNI 10349-
3 [63] for both the RWS and UWS under current, mid-, and long-term scenarios, are reported
in Figure 5. The results indicate a 15–23% reduction in HDDs and a 25–33% increase in
CDDs in urban compared to rural contexts, confirming a more pronounced and persistent
urban effect during summer. Table 6 reports the percentage variations in HDD18 and CDD18

between current and future urban conditions. The findings highlight a dramatic increase of
87.7% in CDD18 under the long-term scenario, accompanied by a 33.9% decrease in HDD18.
In the mid-term scenario, the variations are less pronounced, with a 9.2% reduction in
HDD18 and a 27.6% increase in CDD18 relative to current conditions.

  
(a) (b) 

Figure 5. Heating degree days (a) and cooling degree days (b) based on RWS and UWS data for the
current, mid-, and long-term periods in urban block A.

Figure 6 presents the ambient warmness degree calculated with a reference tempera-
ture of 18 ◦C (AWD18) and the urban heat island intensity (UHII) under different climate
conditions for urban block A, as defined by Equations (1) and (2), respectively. The AWD18

was calculated over the summer period (June August).

  
(a) (b) 

Figure 6. Ambient warmness degree (a) and urban heat island intensity (b) based on RWS and UWS
data for the current, mid-, and long-term periods in urban block A.
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Under current conditions, AWD18 reached 5.4 ◦C at the rural site and 7.0 ◦C in the
urban area, confirming a warmer urban microclimate. In the mid-term scenario, both
stations exhibited a further increase, up to 6.5 ◦C (RWS) and 8.4 ◦C (UWS). The long-term
scenario revealed a substantial intensification of warm conditions, with AWD18 values of
9.3 ◦C for RWS and 11.2 ◦C for UWS. The latter indicates that, on average, the external
air temperature exceeded the 18 ◦C threshold by more than 11 ◦C during the analyzed
warm period.

Table 6 reports the percentage variation of AWD18 at the UWS relative to the current
scenario. A notable increase of approximately 60% was observed under the long-term
scenario, corresponding to an average rise of about 4.2 ◦C in outdoor temperature.

Table 6. Variation in HDD18, CDD18, and AWD18 based on UWS data, relative to the current scenario.

Scenarios ∆HDD18
[◦C·d]

∆CDD18
[◦C·d]

∆AWD18
[◦C]

∆HDD18
[-]

∆CDD18
[-]

∆AWD18
[-]

Mid-term—current −160 +225 +1.4 −9.2% +27.6% +19.7%

Long-term—current −586 +714 +4.2 −33.9% +87.7% +59.7%

Overall, the UHII (Figure 6b) remained positive throughout the year, confirming the
consistent presence of the urban heat island effect across all seasons and climatic conditions.
The monthly average UHII values ranged between 1.5 and 2.3 ◦C, reflecting the thermal
inertia of the urbanized area.

4.2. KPIs Assessment of Urban Block A

The weather files derived from the UWG tool were used as input for the CitySim
models to assess the impact of the microclimate variations. For each representative urban
block, the analysis focused on the calculation of both thermal energy needs for space
heating and cooling (EPH/C;nd) and the peak heating/cooling load (ΦH/C;ld).

The fluctuations in building energy need, which are strongly influenced by variations
in external air temperature, are more pronounced than those in peak heating/cooling
loads. The latter depends not only on air temperature but also on solar irradiance and
building inertia.

Figure 7 illustrates the thermal energy need for space heating (a) and cooling (b) across
different buildings (A_1–A_17) under current, mid-term, and long-term UWS climatic
conditions. The assessed buildings are residential apartment blocks predominantly built
from 1921 to 45 within urban block A. Overall, the results highlight a progressive shift in
building energy need profiles—from heating-dominated to cooling-dominated conditions—
emphasizing the need for adaptive design strategies aimed at improving summer comfort
and reducing future cooling loads. Buildings A_2 and A_3 experienced the highest thermal
energy need for space heating and cooling, approximately 100 kWh/m2 and 33–38 kWh/m2,
respectively, under long-term UWS conditions. These buildings also presented the highest
compactness ratio (Aenv·V−1) within the assessed urban context. Conversely, apartment
block A_6 showed the lowest energy need, with an EPH;nd of 51.5 kWh/m2 and EPC;nd of
22.8 kWh/m2. A similar trend can be observed in Figure 8, which presents the peak heating
(a) and cooling (b) loads.
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(a) (b) 

Figure 7. Thermal energy need for space heating (a) and cooling (b) using UWS data for the current,
mid-, and long-term periods.

  
(a) (b) 

Figure 8. Peak heating (a) and cooling (b) loads using UWS data for the current, mid-, and long-
term periods.

The results highlight how building geometry, solar gains, and the thermophysical
properties of building archetypes jointly influence overall energy performance. This anal-
ysis underscores the relevance of correcting climate variables when assessing the future
energy need of buildings.

4.3. KPIs Assessment of the Urban Archetypes

This section presents the aggregated results for the three selected representative urban
blocks of the municipality of Turin, highlighting the differences in energy performance
within the same urban context. Specifically, Figure 9a–c reports the thermal energy need
for space heating and cooling—calculated as the net floor area–weighted average of the
buildings in urban blocks A, B, and C, respectively—using UWS climate data under three
different climate periods.

Several driving factors influence the energy intensity at the city-block scale. First,
the geometry of the buildings within the UBEM domain affects the magnitude of heat
transfer through both opaque and transparent envelope components. Second, the non-
geometric characteristics defined in the building archetype schema—particularly those
related to the construction period—affect the building typology and thermal properties
of envelope elements. Finally, the morphological configuration of each block, including
shading patterns and façade orientation, determines the contribution of solar heat gains.
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(a) 

 
(b) 

 
(c) 

Figure 9. Thermal energy need for space heating (positive bars) and cooling (negative bars) for urban
blocks A (a), B (b), and C (c) using UWS data for the current, mid-, and long-term periods.

Overall, the geometry and morphological characteristics of the urban blocks emerged
as factors governing the variation in thermal energy needs for both heating and cooling.

The compactness ratio (Aenv·V−1) affects the thermal energy need for space heating. As
shown in Table 4, urban block C exhibited the highest Aenv·V−1, followed by blocks A and
B, resulting in the highest transmission heat losses through envelope components. A similar
trend was observed for EPH;nd in the long-term scenario, with values of 62.3 kWh/m2 for
block C, 59.3 kWh/m2 for block A, and 52.9 kWh/m2 for block B.

Conversely, the effect on space cooling was less straightforward. A higher compact-
ness ratio implies a greater surface area exposed to solar radiation, potentially increasing
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cooling needs. In the long-term scenario, urban block C recorded the highest EPC;nd at
29.8 kWh/m2, while both blocks A and B showed similar values of 25.3 kWh/m2.

Table 7 presents the overall variation in urban block EPH/C;nd relative to the current
scenario for case studies A, B, and C. In the mid-term, the reduction in heating need ranges
between −9.6% and −10.0%, while the cooling need rises by 63.9% to 74.3%. The long-
term scenario amplifies these trends, with the heating need decreasing by more than 30%
and the cooling need more than doubling (+207.2% to +243.2%). This substantial rise in
cooling energy need highlights the growing impact of warmer outdoor conditions and the
increasing importance of summer thermal comfort in future climate contexts.

Table 7. Overall variation in urban block EPH/C;nd relative to the current scenario for case studies A,
B, and C.

Scenarios ∆EPH;nd
[kWh·m−2]

∆EPC;nd
[kWh·m−2]

∆EPH;nd
[-]

∆EPC;nd
[-]

Urban block A

Mid-term—current −8.6 +5.5 −9.8% +74.3%

Long-term—current −28.3 +18.0 −32.4% +243.2%

Urban block B

Mid-term—current −7.8 +5.5 −9.9% +71.4%

Long-term—current −25.8 +17.6 −32.7% +228.6%

Urban block C

Mid-term—current −8.8 +6.2 −9.6% +63.9%

Long-term—current −29.3 +20.1 −32.0% +207.2%

A linear correlation between building geometry and the building energy need can
be observed in Figure 10. Specifically, the compactness ratio is shown as a function of the
thermal energy need for space heating, considering all buildings belonging to urban blocks
A, B, and C, under current-period UWS data. As discussed above, Figure 10 analytically
illustrates the influence of building morphology on the space-heating energy need reported
in Figure 9.

 

Figure 10. Linear correlation between the compactness ratio (Aenv·V−1) and the thermal energy need
for the space heating (EPH;nd) of buildings within the three assessed urban blocks, based on UWS
data for the current period.
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5. Conclusions
Climate change and urban heat island effects are driving rising urban temperatures,

significantly influencing building energy demand and indoor comfort. The PRIN2022-
PNRR CRiStAll (Climate Resilient Strategies by Archetype-based Urban Energy Modeling)
project developed detailed urban climate models and archetype-based energy analyses, rely-
ing on the representativeness of urban contexts under current and future climate scenarios.
The innovation of this approach lies primarily in the data-driven selection of representa-
tive urban blocks through quantitative geometry-based metrics and statistical techniques
applied to the entire urban fabric, and in their subsequent prioritization to identify urban
forms that are both geometrically representative and vulnerable to UHI effects.

The CRiStAll project methodology, designed to assess the behavior of different city
blocks under various greenhouse gases pathways, was presented in the article and applied
to the case of Turin, a city located in northwestern Italy. The typical geometrical definition
was based on relevant urban metrics, while ECOSTRESS NASA satellite images were
employed to identify the areas of Turin most exposed to UHI effects, characterized by the
highest summer surface temperatures. The selected representative urban blocks were sub-
sequently modeled in the CitySim environment, with an appropriate set of non-geometric
properties assigned and encapsulated within the building archetype schema. To capture
microclimatic variations in urbanized contexts, the external air temperature and humid-
ity ratio of the typical meteorological year (TMY) for the rural weather station—under
current, mid-term, and long-term scenarios—were corrected using the Urban Weather
Generator tool.

The assessed metrics were categorized into climate-dependent variables and energy
performance indicators. Specifically, heating and cooling degree days (HDD18 and CDD18),
ambient warmness degree (AWD18), and urban heat island intensity (UHII) were considered,
along with the thermal energy need for space heating and cooling (EPH/C;nd) and with the
peak heating/cooling loads (ΦH/C;ld). Results were presented both disaggregated for a
single urban block—taken as an example—and aggregated for three representative urban
blocks selected.

Energy intensity at the city-block scale is influenced by multiple factors, including
building geometry, construction-related thermal properties, and the morphological con-
figuration of the urban fabric. Among these, geometry and morphology emerged as the
dominant drivers of variations in thermal energy needs for heating and cooling. For the
analyzed urban blocks, under the long-term scenario and compared to current conditions,
the heating need decreases by more than 30% while the cooling need more than doubles
(+207.2% to +243.2%). These findings highlight the growing influence of warmer climates
and the critical importance of addressing summer thermal comfort in future urban contexts.

Future work will aim to apply the proposed methodology across different climatic
zones and verify its applicability in municipalities characterized by heterogeneous and
fragmented datasets. Further research will focus on expanding the number of KPIs, includ-
ing metrics for outdoor thermal comfort assessment. Moreover, by developing a further
research line within the CRiStAll framework, future research will implement grey, blue, and
green mitigation strategies at the urban archetype level to quantify potential improvements
in building stock energy performance and thermal comfort at the urban scale.

By adopting the urban archetype concept, the devised methodology can be applied to
develop a bottom-up urban building energy model to assess KPIs for an entire city, scaling-
up the urban archetype KPIs. To this purpose, a proper number of urban blocks should
be selected to adequately represent the broader morphological variability of a city. By
increasing the sample size of the archetypes, the UBEM would guarantee a wider spatial
coverage of the outcomes and benefit from generalizable results.
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Finally, performing a model calibration would be desirable. However, the available
measured weather data are typically characterized by distances in the range of kilometers
and are therefore unsuitable for validating the simulated UHI intensity at the micro-scale
(city-block level). If measured data at the micro-scale (canopy layer) are acquired in the
future, a comparison with simulated microclimatic data will be carried out.

The methodology and outcomes of the present research provide a practical and ef-
fective tool for policymakers and public administrations to promote urban renovation
processes and facilitate the transition toward climate-resilient cities.
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Nomenclature

Quantities
A Area (m2)
ABD Average building distance (m)
ABH Average building height (m)
AWD Ambient warmness degree (◦C)
CDD Cooling degree days (◦C·d)
EP Energy performance (kWh·m−2)
FAR Floor area ratio (-)
GR Green ratio (-)
HDD Heating degree days (◦C·d)
IOD Indoor overheating degree (◦C)
LST Land surface temperature (◦C)
REC Relative compactness (-)
SC Surface coverage (-)
SF Shape factor (m−1)
SVF Sky view factor (-)
U Thermal transmittance (W·m−2·K−1)
UHII Urban heat island intensity (◦C)
V Volume (m3)
VAR Volume to area ratio (m)
VtH Vertical to horizontal ratio (-)
WDH Weighted hours of discomfort (h)
WWR Window-to-wall ratio (-)
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Greek symbols
α Overheating escalation factor (-)
θ Temperature (◦C)
Φ Areic heat load (W·m−2)
Subscripts
a Air
avg Average
C Cooling
e External, outdoor
env Envelope
fl Floor
H Heating
ld Load
m Monthly
nd Need
op Opaque (envelope)
w Warm
wi Window
Acronyms
IPCC Intergovernmental Panel on Climate Change
KPI Key performance indicator
LoD Level of Detail
RWS Rural weather station
TMY Typical meteorological year
UBEM Urban building energy model/modeling
UBL Urban boundary layer
UCL Urban canopy layer
UHI Urban heat island
UWG Urban weather generator
UWS Urban weather station
WMO World Meteorological Organization
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