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Abstract: Climate-change-related extreme events impact ecosystems, people, economy, and infrastructures, with important consequences on the real estate market as well. This study aims to investigate
the variation of residential buildings’ real estate values in a historic Italian city in relation to the
summer surface thermal anomaly pattern and urban features surrounding buildings. Open data from
remote sensing products and the national database of the Revenue Agency of Italy were used. Real
estate values of residential buildings were spatially analyzed in four urban belts, and the association
with daytime summer surface hot- and cool-spot zones was studied through odds ratio (OR) statistic.
Urban features (impervious area, tree cover, grassland area, and water body) surrounding residential
buildings with different real estate values were also analyzed. Considering the whole Florentine
municipality, 13.0% of residential buildings fell into hot-spot zones (only 0.6% into cool-spot ones),
characterized by very low tree cover surfaces (generally <1%), most of which were in the central belt
(37% of all buildings in central belt). Almost 10% of these buildings belonged to the highest market
value class revealing a positive association (OR = 1.53) with hot-spot zones. This study provides
useful information to plan targeted building interventions to avoid a probable decrease of the value
of residential properties in high heat-related risk areas.
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1. Introduction

with regard to jurisdictional claims in

There is abundant scientific literature demonstrating the devastating effects in general
on ecosystems, people, economy, and infrastructures caused by the increase in global
temperature, with future projections that could sadly be even worse [1,2]. Important
repercussions are currently being experienced or expected in the near future in most
densely populated urban areas where the thermal effect is amplified by the anthropogenic
phenomenon known as urban heat island (UHI) [3–6]. Unvegetated and larger paved
areas contribute to create “micro-urban heat islands” which seriously complicate local
livability [7–9]. The situation is also particularly critical in some European cities that in
recent years have seen a significant increase in extreme weather events (such as destructive
storms, strong winds, heavy precipitation, etc.) and especially the frequency and intensity
of heat waves [10–12].
Among the many heat-related effects that we are unfortunately already experiencing
(impacting the human health, energy consumption, and water demand, to name a few),
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others will have an effect in the medium- to long-term. From the beginning of the 21st
century, much attention has been paid to the impact on the real estate price of some
climate-change-related extreme events, such as destructive storms, sea level rise, floods,
and wildfires [13–18]. However, very little has been addressed regarding the potential
effect of intra-urban thermal anomalies on the residential housing market [19], representing
an emerging problem with potential impacts on local economies.
Urban surface thermal anomalies depend on the trade-off between certain urban
elements, such as the amount of impervious areas and blue and green infrastructures, in
addition to morphological features [20]. This situation can locally create new cooling needs
for buildings’ indoor environments, significantly increasing operations costs at real estate
assets. Extreme heat can also affect consumer behavior, and in the long-term, it could have
indirect effects on the residential real estate market as consumer preferences shift. This
aspect is of relevance especially in Europe, which is considered as one of the most attractive
regions worldwide for investments in real estate.
At the Italian level, more than 70% of the population are homeowners (https://www.
statista.com/topics/6777/residential-real-estate-in-italy/, accessed on 7 June 2022) and the
residential sector is the largest in the real estate market. Since houses or flats are generally
considered an important and safe investment, studies aimed at evaluating how rising
temperatures impact residential real estate increasingly represent an emerging need.
This study aims to investigate the variation of residential buildings’ real estate value
in the municipal area of Florence (Tuscany, Italy) in relation to the summer intra-urban
surface thermal pattern [20,21], also accounting for the contribution of urban infrastructures
(such as the presence of grassy and arboreal surfaces, land consumption, and water bodies)
surrounding (considering different buffer areas) residential buildings. The surface thermal
pattern layer is represented by clusters of hot- and cool-spot zones obtained by applying
a robust statistical spatial method based on the summer land surface temperature layer
(Landsat-8 remote sensing data).
The research hypothesis of this study is to quantitatively verify that the increase in
the real estate value of residential buildings is associated with favorable surface thermal
patterns (the possibility that a residential building is located out from a hot-spot zone) and a
greater concentration of green-blue infrastructures in the proximity of residential buildings.
2. Materials and Methods
2.1. Study-Area
This study was carried out in Florence (Tuscany, central Italy), a municipality with
an average elevation of about 50 m, an extension of 100 km2 and about 400,000 habitants.
This city was selected because it has the largest historical, cultural, and landscape heritage
among Italian municipalities.
According to the Köppen–Geiger climate classification [22], the municipal area of
Florence has a borderline Mediterranean (Csa) and Humid subtropical climate (Cfa), with a
moderate influence of the sea and warm summers. July and August represent the warmest
months in all cities investigated, whereas the coldest months are December and January
(source: Environmental Modeling and Monitoring Laboratory for Sustainable Development,
LaMMA Consortium, http://www.lamma.rete.toscana.it/en/node/13782, accessed on
7 June 2022). In the summer period, the average and maximum monthly temperatures
are 22.0 ◦ C and 28.3 ◦ C in June, and about 25.0 ◦ C and 32.0 ◦ C in July and August. In the
winter period, the average and minimum monthly temperatures are 7.1 ◦ C and 3.2 ◦ C in
December, 6.4 ◦ C and 2.2 ◦ C in January, and 7.3 ◦ C and 2.5 ◦ C in February.
Data from the Italian National Institute of Environmental Protection and Research
(ISPRA) [23] showed a high degree of imperviousness with 41.7% soil consumption (4267 ha)
in Florence in 2019, showing one of the highest growths in artificial surfaces among Italian
regional capitals.
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2.2. Study Framework and Methodological Approach
In this study, open data sourced from: (i) remote sensing products (Landsat-8 and
Copernicus Sentinel-2 missions); (ii) the national demographic (Italian National Institute
of Statistics); and (iii) real estate value databases (Real Estate Market Observatory of the
National Revenue Agency of Italy) were used to perform spatial-statistical analyses in open
QGIS [24] and IBM SPSS (IBM Statistical Package for Social Science) [25] environments.
In particular, remote sensing data from Landsat-8 imageries were used for the daytime
summer Land Surface Temperature (LST) calculation, with the aim to study surface thermal
extremes, which are globally more pronounced when the sun is shining during daytime
and in the summer period [26–28]. Sentinel-2 imageries at 10 m horizontal resolution
were used for obtaining the urban features layers (surface albedo, tree cover, grassland,
and impervious area). Residential buildings data were spatially extracted by using the
buildings database of the Tuscany Region (GEOscopio platform, http://www502.regione.
toscana.it/geoscopio/cartoteca.html, accessed on 7 June 2022).
Some residential buildings and surrounding (considering a perimetric buffer area of
50 m and 100 m) building characteristics were analyzed in the municipal area of Florence
classified by the Italian official organization that investigates and describes the market
value of real estate.
The study framework was developed following two main phases:

•

•

Descriptive analyses concerning the characterization of residential buildings located in
different urban areas based on the number, density, and dimension (area and volume)
of residential building units, as well as including demographic (resident population
and population density), surface (the average albedo and land surface temperature
of residential building’s roofs), and morphological (Sky View Factor surrounding
residential buildings) data.
Investigation of the relationships between residential buildings’ real estate values,
surface thermal anomaly patterns, and urban green, blue, and grey infrastructures
surrounding residential buildings, by considering two buffer areas with different sizes
(50 m and 100 m). The buffer area was calculated following a homogeneous criterion
starting from the perimeter of each residential building unit, with the aim of considering the surrounding characteristics proximal to residential buildings. Residential
buildings falling into summer thermal hot- and cool-spot zones were investigated and
compared with buildings falling in those thermally neutral.

2.3. Residential Buildings Real Estate Values
Residential buildings’ real estate values from 2020 were available for specific urban
areas of the Florence municipality and were obtained from the Real Estate Market Observatory (OMI) of the National Revenue Agency of Italy. OMI is the Italian national observatory
that provides the real estate quotations related to residential, commercial, tertiary, and
productive properties, expressed as a range of values (minimum and maximum values) per
unit of area in euro per square meter (source: https://www1.agenziaentrate.gov.it/servizi/
Consultazione/ricerca.htm, accessed on 7 June 2022).
The primary OMI classification was based on the subdivision of the Florentine municipal territory into four urban areas classes, named “OMI belts” [29]: central, semi-central,
peripheral, and suburban areas. The central belt was the municipal portion coinciding
with the urban center, intended as distinguishable building aggregate perimeter, able to
exert attraction toward a larger settlement. The semi-central belt was in an intermediate
position between the central and the peripheral belts, directly connected to the urban center
by services, transports, and infrastructures. The peripheral belt was contiguous to the
semi-central one and was delimited by the outer margin of the built-up settlement, whereas
the suburban one contained urbanized areas separated from the main urban agglomeration
by undeveloped areas, natural, or artificial barriers.
Each OMI belt includes a variable aggregation of contiguous and homogeneous territorial areas, named “OMI zones”, each characterized by a specific residential building
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real estate value. These latter zones revealed uniformity of appreciation for economic and
socio-environmental conditions [29]. This uniformity was translated into homogeneity
in positional, historical-environmental, and socio-economic characteristics of settlements,
provision of services, and urban infrastructure.
The basic information collected for the formation of each OMI zone were the following:
prevailing destination, state and type, year of building construction, average number of
floors, average surface of the real estate unites, presence of public services, commercial,
public green, level of the transport services, parking and road connections, commercial
vocation, zone quality, and presence of historical sites.
2.4. Characterization of Residential Buildings Located in Different OMI Belts
Residential buildings located in specific OMI belts of the Florence municipality were
characterized based on the average number, density, and dimensions of the residential
building units, and on the demographic, surface, and morphological features:

•

•

•

Number, density, surface areas, and volumes of the residential building units from
the 2011 census were extracted by the buildings database of the Tuscany Region
(GEOscopio platform) by filtering the residential building category class;
Resident population and population density data were provided by the Italian National Institute of Statistics (ISTAT, https://www.istat.it/en/, accessed on 7 June 2022),
through the regional database of Tuscany (GEOscopio platform), referring to the
year 2011;
Land Surface Temperature (LST) of residential building roofs was obtained by using
Landsat 8 TIRS (Thermal Infrared Sensor) remote sensing data resampled to 30 m horizontal
resolution (the original resolution of TIRS bands was 100 m) by the U. S. Geological Survey
(https://earthexplorer.usgs.gov/, accessed on 7 June 2022). LST was retrieved for clear-sky
days (cloud cover < 5%) selected from June to August of the 2015–2019 daytime (09:58
UTC) summer period (June-July-August). Mean summer daytime LST was calculated by
using all available images converted from Kelvin to Celsius degrees (◦ C) by the following
method developed by the U.S. Geological Survey and also applied in previous studies on
the same study-area [20,21] (Equations (1) and (2)):
LST = Tb/[1 + (λ·Tb/c2)·ln(ε)]

(1)

where λ is the wavelength of emitted radiance (10.8 µm); and c2 is obtained by the
following Equation (2):
c2 = h·c/s = 14,388 µm K
(2)
where h is the Planck’s constant (6.626 × 10−34 J s); c is the speed of light (2.998 × 108 m/s);
and s is the Boltzmann constant (1.38 × 10−23 J K−1 ).

•

Surface albedo of residential building roofs was obtained by using Sentinel-2 Level
2A remote sensing product (10 m horizontal resolution) of the Copernicus mission
(https://scihub.copernicus.eu/dhus/#/home, accessed on 7 June 2022), which referred to the 2017 daytime (from 10:00 to 11:00 UTC) summer period (from July to
August), according to the method developed by a recent study [30]. The following Equations (3) and (4) were used to retrieve the surface broadband albedo (α) by
considering the observed surface as Lambertian [30]:
N

α=

∑ pB ·wB

(3)

B=1

R HB
L

wB = R 3B

Rsλ ·dλ

0.3 Rsλ ·dλ

(4)

where pB is the surface reflectance for a specific band B; wB is the weighting coefficient;
Rsλ is the extraterrestrial solar radiation for the wavelength; dλ is the bandwidth; LB
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and HB are the lowest and the highest wavelength limits assigned to Sentinel-2 bands.
These equations were applied on the VNIR (B2, B3, B4 and B8) and SWIR (B11 and
B12) bands.

•

Sky View Factor (SVF) was obtained by the Digital Surface Model (1 m horizontal
resolution, year 2017) in the QGIS environment by using 100 m radius and 16 search
directions, as indicated in previous studies evaluating urban environments [31–33]. As
suggested by previous studies, a 100 m radius was considered the best and most useful
search area for urban studies. SVF values were averaged on each OMI belt with the aim
to evaluate the urban morphology. The retrieval formula (Equation (5)) was used by
considering the height of the obstacle (H) and the distance between obstacles (W) [34]:
SVF = cos (tan−1 (2·H/W)

(5)

Further details on LST, albedo, and SVF retrieval methods were described in previous
studies [20,21].
2.5. Focus on Surface Thermal Anomaly Patterns and Urban Features
In this study, the daytime summer LST layer was used to perform the intra-urban
surface thermal anomaly cluster detection. The surface thermal anomaly pattern was
obtained by adopting the Getis-Ord Gi* statistical-spatial approach [35], already used in
previous studies carried out on the Florentine metropolitan area [20], by performing a
readjustment analysis only considering the Florence municipal area. The final surface
thermal anomaly cluster layer spatially identified hot- and cool-spot zones, where high and
low LST clusters were respectively distributed.
The number of residential buildings for each OMI belt (central, semi-central, peripheral, and suburban belts) falling into hot- and cool-spot zones was extracted according
to four OMI zone classes (OMI_C): ranging from OMI_C1 to OMI_C4 with the lowest
and highest residential building real estate values, respectively. These four OMI zones
corresponded to residential building real estate value quartiles when enough real estate
values were available within a specific OMI belt. Preliminarily and for each OMI belt, we
investigated the existence of a possible relationship between LST, urban features (green,
blue and grey infrastructures), and OMI_C through linear regression analyses. For these
purposes, the relative R-squared and the associated statistically significant level (p value)
were shown.
Odds ratios (OR) for residential buildings falling into hot- and cool-spot zones (exposure) and the associated real estate value classes (outcome) were also calculated by using a
two-by-two contingency table in SPSS environment [25].
For this purpose and for each OMI belt, the following variables were selected, and this
working scheme was followed:
a = buildings in hot-spot (or cool-spot) zones belonging to a specific OMI class (therefore
OMI_C1, OMI_C2, OMI_C3 or OMI_C4);
b = buildings in hot-spot (or cool-spot) zones belonging to other OMI classes;
c = buildings in non-hot-spot (or cool-spot) zones belonging to a specific OMI class;
d = buildings in non-hot-spot (or cool-spot) zones belonging to other OMI classes.
The OR was calculated as (Equation (6)):
OR =

a/c
b/d

(6)

Hence, the OR was applied to evaluate the probability that residential buildings with
a specific market value (focused group) fall into surface thermal hot- or cool-spot zones,
compared to buildings with other market values (control group). An OR value higher (or
lower) than 1.0 revealed that the probability of being into a hot-/cool-spot zone is higher
(or lower) in the focused group than the control group, and there is a positive association
when OR > 1 and a negative association when OR < 1. On the other hand, an OR equal to

a specific market value (focused group) fall into surface thermal hot- or cool-spot zones,
compared to buildings with other market values (control group). An OR value higher (or
lower) than 1.0 revealed that the probability of being into a hot-/cool-spot zone is higher
(or lower) in the focused group than the control group, and there is a positive association
when OR > 1 and a negative association when OR < 1. On the other hand, an OR equal to
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1 means equal probability of being into a hot-/cool-spot zone for both focused and control
groups (no association between the exposure and the outcome).
Furthermore, each residential building was characterized based on the surrounding
1 means equal probability of being into a hot-/cool-spot zone for both focused and control
urban features (considering a buffer area of 50 m and 100 m) by using QGIS functions. In
groups (no association between the exposure and the outcome).
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Figure 1. The selected urban features within the buffer area of 50 m surrounding residential buildings:
land surface temperature (LST), imperviousness, tree cover, grassland, and water bodies.

3. Results
3.1. Descriptive Analyses
The OMI urban belt characterized by the largest surface area was the peripheral belt
(representing 52% of the whole Florentine municipality), followed by the semi-central
(35.8%), central (7.2%), and suburban (5.0%) ones.
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The descriptive analyses regarding residential buildings and population, surface and
morphological features in each OMI belt were shown in Table 1.
Table 1. Descriptive analyses on residential buildings, population, surface, and morphological
features in each OMI belt.
Belt Features
Belt area
km2 (%)
Residential building
N. (%)
Residential building area
m2 (%)
Residential building volume
m3 (%)
Resident population
Ab (%)
Summer mean LST
◦ C (95% C.I.)
Summer mean ALB
Adim. (95% C.I.)
Mean SVF
Adim. (95% C.I.)

Central Belt

Semi-Central Belt

Peripheral Belt

Suburban Belt

7.4 (7.2)

36.6 (35.8)

53.3 (52.0)

5.1 (5.0)

19,715 (26.6)

31,601 (42.6)

21,398 (28.9)

1426 (1.9)

2.7 × 106 (27.5)

3.9 × 106 (40.8)

2.9 × 106 (30.3)

0.1 × 106 (1.4)

38.7 × 106 (32.6)

47.9 × 106 (40.4)

31.0 × 106 (26.1)

1.0 × 106 (0.8)

61,870.2 (17.4)

169,996.4 (47.7)

119,535.8 (33.6)

4823.6 (1.4)

37.1 (37.1–37.1)

35.3 (35.3–35.3)

35.1 (35.1–35.1)

35.4 (35.3–35.4)

0.240 (0.240–0.241)

0.227 (0.226–0.227)

0.228 (0.228–0.229)

0.249 (0.247–0.250)

0.576 (0.576–0.577)

0.583 (0.583–0.584)

0.639 (0.638–0.640)

0.746 (0.743–0.750)

Note: 95% C.I.: confidence interval. Ab: number of inhabitants. LST: land surface temperature. ALB: albedo. SVF:
sky view factor. LST and ALB values are related to residential building roofs, whereas SVF is related to 50 m
buffer area surrounding residential buildings.

The highest number of residential buildings (about 43% or residential buildings of the
Florentine municipality) and building dimension values were found in the semi-central belt:
residential buildings surface area and volume were about 4 million m2 and 48 million m3 ,
respectively (representing slightly more than 40% of the whole residential building surface
area and volume of the studied city). The lowest values were observed in the suburban
belt: residential buildings accounted for less than 2% and building surface area and volume
were less than 1.5% of the whole urban area studied.
Although most of the resident population (about 170,000 residents corresponding
to about 48% of the Florentine population) was concentrated in the semi-central belt,
the highest resident population density was observed in the central belt (8409 ab/km2 ),
followed by the semi-central one with 4639 ab/km2 , the peripheral belt with 2245 ab/km2 ,
and with the lowest value, the suburban one (943 ab/km2 ).
The central belt also revealed the highest summer average LST of residential building
roofs (37.1 ◦ C), whereas lower average LST values were observed for the other OMI belts
(going from 35.1 ◦ C of the peripheral belt to 35.4 ◦ C of the suburban one).
Low albedo values of residential building roofs were observed among all OMI belts
(ranging from 0.23 to 0.25) corresponding to an overall roofs’ low thermal reflective property.
The lowest average SVF values calculated on a buffer area of 50 m surrounding
residential buildings (shading effect caused by the urban morphology adjacent to residential
buildings) were observed in central and semi-central belts (0.58), which increased to 0.64 in
the peripheral belt and reaching the highest average value in the suburban one (0.75).
3.2. Residential Buildings’ Real Estate Values-Related Urban Features
Similar patterns among OMI zone classes and significant associations between all
urban features calculated with the two buffer areas (50 m and 100 m) were observed
(Table S1 in Supplementary Materials). Significance levels (mostly p < 0.01) and high
R-squared values (above 0.90) were generally observed considering all surface urban
features (the only exception was the WB in semi-central and peripheral belts). In this study,
results related to the 50 m buffer were shown with the aim to consider urban features
and surface thermal patterns most proximal to residential buildings. The analyses were
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bodies) were shown in Figures S1–S4 in Supplementary Materials.
Significant linear LST decreases (p < 0.05) going from residential buildings with the
lowest market value (OMI_C1) to buildings with the highest one (OMI_C4) were observed
in the peripheral belt (Figure 2c). Significant linear IA decreases (p < 0.01) and TC and GA
increases (p < 0.01 for TC and p < 0.05 for GA) were also observed in the peripheral belt
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Thermal
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lowest market value (OMI_C1) to buildings with the highest one (OMI_C4) were observed
in the peripheral belt (Figure 2c). Significant linear IA decreases (p < 0.01) and TC and GA
increases (p < 0.01 for TC and p < 0.05 for GA) were also observed in the peripheral belt
(Supplementary Figures S1–S3).
On the other hand, no significant linear variations of LST (Figure 2) and other urban
features (Supplementary Figures S1–S4) among OMI zone classes were observed in the
central (Figure 2a) and semi-central (Figure 2b) belts, although in the latter case, progressive
changes going from OMI_C1 to OMI_C4 were generally observed.
The highest average LST differences between the lowest and the highest market
classes were almost 4 ◦ C in the semi-central belt and about 3 ◦ C in the peripheral one
(Supplementary Table S1). The central belt showed the lowest LST differences (less than
1 ◦ C) and very low variations of urban infrastructures frequencies (mostly less than 1%)
between extreme market value classes (OMI_C1 and OMI_C4). The highest frequencies
of grey and green infrastructures (with the exception of blue ones) were recorded in the
semi-central and peripheral belts, showing values of 30% and 40%, respectively.
3.2.1. Relationships between Residential Buildings’ Real Estate Values and Surface Thermal
Anomaly Patterns
The map referring to OMI spatial classification, residential buildings’ configuration,
and the surface thermal anomaly patterns of Florence is shown in Figure 3.
The descriptive and statistical analyses regarding the relationships between residential
buildings’ real estate values and surface thermal anomaly patterns are shown in Table 2.
Considering the whole Florentine municipality, 13.0% of residential buildings fell into
hot-spot zones, of which 9.8% are located in the central belt (representing almost 37% of
all residential buildings in the central belt) and 1.9% and 1.3% in the semi-central and
peripheral belts, respectively (representing almost 4% and about 4.5% of all residential
buildings in the semi-central and peripheral belts, respectively). Only 0.6% of residential
buildings fell into cool-spot zones (of which about two thirds are in the peripheral belt, one
third is in the semi-central one, and sporadic cases are in the central belt).
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Table 2. Descriptive and statistical analyses on the relationships between residential buildings’ real
estate values and surface thermal patterns.

OMI Belt

Central

OMI Zone
Classes
(OMI_C)

Residential Buildings’
Real Estate Values
(euro/m2 )

Residential Buildings’
Number
(%)

OMI_C1

3175

8.0

OMI_C2

3175–3425

4.7

OMI_C3

3425–3550

9.0

OMI_C4

3550–4100

4.8

OMI_C1

2375–2700

10.5

OMI_C2

2700–2750

8.0

Semi-central
OMI_C3

2750–3400

12.5

OMI_C4

3400–3650

11.7

OMI_C1

1975–2300

7.6

OMI_C2

2300–2450

7.1

OMI_C3

2450–2750

7.6

OMI_C4

2750–3400

6.6

Peripheral

Total

100

Residential Buildings
in Hot-Spot Zones
(%)

OR

1.2
[4.5]
4.1
[15.5]
2.3
[8.6]
2.2
[8.2]

0.20
(0.19–0.22) *
19.40
(17.47–21.55) *
0.46
(0.43–0.49) *
1.53
(1.42–1.64) *

1.4
[3.2]
0.2
[0.4]
0.3
[0.8]
0
[0]

9.35
(8.28–10.56) *
0.45
(0.37–0.54) *
0.50
(0.43–0.57) *

0.6
[2.2]
0.4
[1.4]
0.3
[1.0]
<0.1
[<0.1]

2.71
(2.38–3.08) *
1.36
(1.18–1.56) *
0.77
(0.66–0.89) *
0.01
(0.00–0.03) *

13.0

-

Residential Buildings
in Cool-Spot Zones
(%)

OR

0 [0]

-

0 [0]

-

0 [0]

-

<0.1 [<0.1]

-

<0.1 [<0.1]

0.04
(0.01–0.15) *

0 [0]

-

0.2
[0.7]

0.20
(0.11–0.35) *
27.96
(16.15–48.40) *

0 [0]

-

<0.1 [<0.1]

<0.1 [<0.1]
0.1
[0.5]
0.2
[0.6]

0.08
(0.03–0.17) *
2.41
(1.86–3.11) *
3.66
(2.84–4.73) *

0.6

Note: OR is the odds ratio value of each residential building falling within hot- and cool-spot zones. Percentage
values are related to the total value recorded in the Florence municipal area, whereas values included in the square
brackets are related to the total value recorded in each OMI belt. * p < 0.01.

Residential buildings in semi-central and peripheral OMI belts generally revealed
lower frequencies of falling into hot-spot zones than buildings in the central belt (Table 2).
The highest frequencies of buildings falling into hot-spot zones always concerned those
characterized by the lowest market value (OMI_C1), revealing significant (p < 0.01) positive
associations; the odds that residential buildings with the lowest market values fell into
hot-spot zones were 9.35 and 2.71 times greater than buildings belonging to higher market
value classes, in semi-central and peripheral OMI belts, respectively. Negative associations
(OR < 1) between residential buildings with the highest real estate values and hot-spot
zones were observed.
Concerning buildings falling into cool-spot zones, those characterized by the highest
real estate values (OMI_C4) revealed the highest frequencies and significant (p < 0.01)
positive associations: the odds that residential buildings in cool-spot zones were associated
with the highest real estate values were 27.96 and 3.66 times greater than buildings with
lower market values in semi-central and peripheral OMI belts, respectively (Table 2).
3.2.2. Relationships between Real Estate Values and Urban Features Surrounding
Residential Buildings
Data on urban features surrounding residential buildings (considering a buffer area of
50 m) according to three surface thermal zone (neutral, hot-spot, and cool-spot) and for
each OMI belt were shown in Tables 3–5.
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Table 3. The characterization of the buffer area surrounding residential buildings for three surface
thermal zones (neutral, hot-spot, and cool-spot) in the OMI central belt.
Central Belt
Surface
Thermal Zones

OMI Zone
Classes
(OMI_C)

Frequencies of Urban Features
Mean ± Standard Deviation
LST (◦ C)
a

IA (%)
a

TC (%)
a

GA (%)
a

WB (%)

Neutral

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

36.6 ± 0.7
37.1 b ± 0.6
36.5 c ± 1.1
35.4 d ± 1.6
<0.001

93.6 ± 7.4
93.7 b ± 8.5
90.7 c ± 11.5
85.6 d ± 17.8
<0.001

2.4 ± 3.9
3.0 b ± 4.0
4.4 b ± 7.2
6.3 b ± 10.4
<0.001

3.9 ± 4.6
3.3 b ± 5.1
4.5 a ± 5.7
5.8 a ± 8.7
<0.001

0.1 a ± 0.6
<0.1 a ± 0.5
0.4 b ± 2.6
2.4 c ± 6.7
<0.001

Hot-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

38.0 a ± 0.3
38.3 b ± 0.3
37.9 c ± 0.2
38.2 d ± 0.3
<0.001

99.2 a ± 1.7
99.4 b ± 1.8
99.1 a ± 1.9
99.9 c ± 0.7
<0.001

0.3 a ± 0.7
0.2 b ± 0.9
0.4 a ± 1.3
<0.1 c ± 0.2
<0.001

0.5 a ± 1.5
0.4 b ± 1.2
0.5 c ± 1.1
0.1 d ± 0.5
<0.001

-

Cool-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

30.1 ± 0.8
-

34.2 ± 22.7
-

47.0 ± 29.4
-

13.8 ± 9.3
-

5.0 ± 4.3
-

Note: LST: land surface temperature. IA: impervious area. TC: tree cover. GA: grassland area. WB: water bodies.
Different letters indicate statistically significant differences between OMI zone classes (p-value < 0.05) according
to the non-parametric Mann–Whitney test.

Table 4. The characterization of the buffer area surrounding (considering a buffer of 50 m) residential
buildings for three surface thermal zones (neutral, hot-spot, and cool-spot) in the OMI semi-central belt.
Semi-Central Belt
Frequencies of Urban Features
Mean ± Standard Deviation

Surface
Thermal Zones

OMI Zone
Classes
(OMI_C)

LST (◦ C)

IA (%)

TC (%)

GA (%)

WB (%)

Neutral

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

36.3 a ± 1.2
36.1 b ± 1.0
35.8 c ± 1.2
32.8 d ± 1.6
<0.001

88.9 a ± 14.0
89.3 a ± 13.0
87.8 b ± 14.6
49.3 c ± 23.8
<0.001

4.0 a ± 7.2
3.5 a ± 5.8
4.6 b ± 7.6
27.9 c ± 18.4
<0.001

7.0 a ± 8.6
7.0 b ± 9.1
7.4 c ± 9.2
22.7 d ± 14.3
<0.001

0.1 a ± 1.1
0.2 b ± 1.9
0.1 c ± 0.8
<0.1 d ± 0.3
<0.001

Hot-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

38.0 a ± 0.3
37.8 b ± 0.2
38.0 a ± 0.4
<0.001

98.6 a ± 2.6
98.8 b ± 2.9
98.9 b ± 3.5
<0.001

0.2 a ± 0.8
0.3 a ± 1.0
0.2 a ± 1.0
0.370

1.2 a ± 2.2
0.9 b ± 2.2
0.9 b ± 3.0
<0.001

-

Cool-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

29.7 a ± 0.8
29.6 a ± 0.5
29.6 a ± 0.6
0.974

25.3 a ± 1.2
45.7 b ± 5.7
24.1 a ± 10.4
<0.001

57.6 a ± 2.2
33.7 b ± 8.0
61.1 a ± 12.7
<0.001

17.0 a,b ± 1.0
20.7 a ± 7.8
14.7 b ± 7.9
0.046

0.1 ± 0.7
-

Note: LST: land surface temperature. IA: impervious area. TC: tree cover. GA: grassland area. WB: water bodies.
Different letters indicate statistically significant differences between OMI zone classes (p-value < 0.05) according
to the non-parametric Mann–Whitney test.
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Table 5. The characterization of the buffer area surrounding residential buildings for three surface
thermal zones (neutral, hot-spot, and cool-spot) in the OMI peripheral belt.
Peripheral Belt
Surface
Thermal Zones

OMI zone
Classes
(OMI_C)

Frequencies of Urban Features
Mean ± Standard Deviation
LST (◦ C)
a

IA (%)
a

TC (%)
a

GA (%)
a

WB (%)

Neutral

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

36.1 ± 1.0
35.6 b ± 1.5
34.4 c ± 2.1
33.3 d ± 1.8
<0.001

82.0 ± 15.7
72.9 b ± 21.9
62.4 c ± 28.4
55.4 d ± 25.8
<0.001

4.8 ± 7.4
8.3 b ± 11.5
14.9 c ± 16.8
20.4 d ± 16.2
<0.001

13.2 ± 11.9
18.6 b ± 15.0
22.6 c ± 18.2
24.0 d ± 17.2
<0.001

0.0 c ± 0.5
0.2 a ± 1.9
0.2 b ± 1.2
0.2 a,b ± 1.2
<0.001

Hot-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

37.8 a ± 0.2
38.1 b ± 0.6
38.0 b ± 0.4
37.3 c ± 0.0
<0.001

96.5 a ± 5.1
94.6 b ± 7.8
95.8 a,b ± 6.5
86.6 b ± 8.7
0.043

0.5 a ± 1.3
0.6 b ± 2.0
0.3 a,b ± 0.9
4.8 c ± 3.9
<0.001

3.0 a ± 4.6
4.8 b ± 6.6
3.9 a,b ± 6.2
6.4 a,b ± 3.0
0.015

2.2 ± 1.8
-

Cool-spot

OMI_C1
OMI_C2
OMI_C3
OMI_C4
p-value

29.5 a ± 1.5
29.2 a ± 0.8
29.1 a ± 0.7
0.261

26.9 a ± 12.3
21.1 a ± 9.4
23.7 a ± 9.2
0.200

56.0 a ± 18.4
59.5 a ± 13.1
57.4 a ± 13.0
0.373

16.9 a ± 16.1
19.1 a ± 11.3
18.4 a ± 8.4
0.723

0.3 a ± 0.8
0.3 a ± 1.2
0.5 a ± 2.3
0.855

Note: LST: land surface temperature. IA: impervious area. TC: tree cover. GA: grassland area. WB: water bodies.
Different letters indicate statistically significant differences between OMI zone classes (p-value < 0.05) according
to the non-parametric Mann–Whitney test.

The surrounding areas of residential buildings with the highest real estate market
values (OMI_C4) falling within the thermally neutral zones of central (Table 3), semi-central
(Table 4), and peripheral (Table 5) belts revealed the lowest average summer LST values
and IA frequencies and the highest green infrastructure surface frequencies (and of blue
infrastructure, represented by water bodies, in the central belt).
On the other hand, the highest LST values were observed surrounding residential
buildings associated with the real estate value corresponding to the OMI_C2 of the central
belt (Table 3) and surrounding buildings characterized by the lowest real estate values
(OMI_C1) of the semi-central (Table 4) and peripheral (Table 5) belts. These latter situations
were also associated with high values of IA (higher or close to 90% in central and semicentral belts and 80% in the peripheral belt) and low frequencies of green infrastructures
(just over 5% in central belt, close to 10% in the semi-central belt, and less than 20% in the
peripheral belt).
The highest significant (p < 0.05) summer average LST difference among residential
buildings falling in the thermal neutral zone of the central belt (Table 3) was observed
between buildings classified as OMI_C2 and OMI_C4 (1.7 ◦ C). All urban infrastructures
revealing maximum differences among OMI zone classes were always lower than 10%,
showing the lowest difference for WB. In particular, TC, GA, and WB were always found
to be higher in the surrounding areas of residential buildings with the highest real estate
market values (OMI_C4).
A much less marked variability among OMI zone classes was instead observed concerning urban features surrounding residential buildings that fell into hot-spot zones. In
particular, variations of LST always lower than 0.5 ◦ C (the LST in hot-spot zones increased
by about 1.8 ◦ C compared to thermally neutral zones, settling on values of about 38 ◦ C in
all OMI zone classes, Table 3) and 1% for the various urban infrastructures were observed.
The IA surrounding residential buildings in hot-spot zones increased on average of about
8.4% (settling on values higher than 99% in all OMI zone classes, Table 3), whereas TC and
GA decreased by 3.6% and 4.1%, respectively (settling on values always lower than 0.5% in
all OMI zone classes, Table 3), compared to residential buildings in thermally neutral zones.
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No water bodies were observed surroundings residential buildings falling in hot-spot zones
of the central belt (Table 3).
The urban features surrounding residential buildings located in the thermally neutral
zone especially in the semi-central (Table 4), but also in the peripheral (Table 5) belts, revealed
greater variability among the various OMI zone classes than buildings in the central (Table 3)
belt. The highest significant (p < 0.05) LST differences were observed between buildings
characterized by the lowest and highest real estate market values (OMI_C1 and OMI_C4
respectively): 3.5 ◦ C and 2.8 ◦ C in semi-central and peripheral belts, respectively. High
significant variations of all urban infrastructure frequencies among OMI zones were also
observed in both semi-central and peripheral belts: maximum differences between OMI
zones were always higher than 10%, 15%, and 25% for GA, TC, and IA, respectively, whereas
very little maximum differences were observed for WB (lower than 0.5%).
These variations were often linear and statistically significant in the peripheral belt
going from buildings characterized by the lowest real estate value class (OMI_C1) to the
highest one (OMI_C4); significant linear decreases of LST (R2 = 0.9743; p < 0.05) and IA
(R2 = 0.9941; p < 0.01) and increases of TC (R2 = 0.9862; p < 0.01) and GA (R2 = 0.9399;
p < 0.05) were observed.
Even in this case, as for the central belt, much less marked variability of average
LST values among OMI zone classes was observed in hot-spot zones, with maximum LST
variations of 0.2 ◦ C and 0.8 ◦ C in semi-central and peripheral belts, respectively. Little
maximum variations between OMI zone classes were also observed for the various urban
infrastructures; variations always lower than 1% and 10% were observed when semi-central
and peripheral belts were considered.
The frequency variations of urban infrastructures surrounding residential buildings in
hot-spot zones compared to residential buildings in thermally neutral zones changed more
in semi-central and especially in peripheral belts than in the central belt. In particular, the
IA surrounding residential buildings in hot-spot zones of the peripheral belt increased on
average of about 27% (settling on values higher than 85% in all OMI zone classes, Table 5),
whereas TC and GA decreased by about 11% and 16%, respectively (settling on values
always lower than 7% in all OMI zone classes, Table 5), compared to residential buildings
in thermally neutral zones.
As for the central belt, no water bodies were observed surrounding residential buildings falling in hot-spot zones of the semi-central belt (Table 4), whereas a low frequency
(2.2%) was only observed in surrounding buildings with the highest real estate market
value (OMI_C4) of the peripheral belt (Table 5).
The very few residential buildings that fell into cool-spot zones belonged especially
to the OMI zone class characterized by the highest real estate market value (OMI_C4)
(Tables 3–5). Residential buildings in cool-spot zones revealed a decrease of the surrounding
LST of just over 5 ◦ C and of IA frequencies of above 40% compared to buildings in the
thermally neutral zones, counterbalanced by increases of frequencies of surrounding green
infrastructures (the sum of TC and GA) and, to a lesser extent, of WB.
4. Discussion
The originality of this work is that of having investigated a phenomenon that is still little or not at all explored: the relationships between residential buildings’ real estate values
in an historical Italian city, intra-urban surface thermal anomaly patterns (in particular the
spatial distribution of hot- and cool-spot zones), urban features useful for the evaluation
of the physical characteristics of residential buildings, and the infrastructure composition
of buildings’ surroundings. The research proposed in this study has the strength of being
based on the use of open spatial data managed by national (the Real Estate Market Observatory of the Italian National Revenue Agency, the Italian National Institute of Statistics
and the National Institute for Environmental Protection and Research) and international
(remote sensing products from NASA and Copernicus missions) reference organizations.
For this reason, the study is easily replicable and extendable to other urban areas.
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Interesting studies dealing with the relationships between real estate values and different environmental elements, including the distance from green areas, proximity to center
and water bodies, by using remote sensing and GIS data, are already available in the scientific literature [19,43–46]. However, few studies have investigated the intra-urban surface
thermal anomaly pattern in relation to the real estate value of residential buildings, and in
particular those aimed at investigating the relationship between surface thermal hot-spot
zones, a phenomenon that increasingly affects our cities, and the real estate market value.
This aspect is of particular importance since temperatures are increasing globally
due to the climate change phenomenon [2], with significant impacts on many aspects of
human life and often devastating damages to ecosystems [47]. The effects are known to be
particularly critical in urban areas due to the complex mix of urban infrastructures, which
tend to modify the urban energy balance, trapping the heat and favoring the creation of an
articulated intra-urban thermal mosaic characterized by areas that can present important
surface thermal anomalies and threaten not only human health [48,49] but also urban
infrastructures [50,51], and causing important economic repercussions. These latter issues
could be potentially linked to energy and water consumption [52,53], in addition to an
increase in conditions of thermal discomfort affecting the quality of life even outside
the typically hot period. A seasonal adjustment of abnormal warm conditions was also
observed in many European areas affecting other periods of the year and seasons outside the
typically hot summer one [54]. A study conducted on European cities [55] demonstrated
an increasing LST trend in the last decade, and also showed that the recent three-year
(2018–2020) average urban LST maxima (35.8 ◦ C) of 1.4 ◦ C is higher than 20 years ago.
Considering the increase in frequency, high intensity, and long duration of heat waves,
also highlighted in many European cities located especially in the central and southern
European areas [12], we are aware that the real estate market will also certainly be negatively affected. Actions addressed to improve the building performance resilience from a
thermal perspective [56] will represent a priority strategy to avoid property devaluations
with direct impacts on residential building real estate market. A previous study conducted
in the city of Wuhan in China [19] found that LST is significantly and negatively correlated
with housing prices, indicating that the urban thermal environment can represent urban
disservices to some extent. This topic is of particular importance if we consider the cultural
aspects that affect the area under study. Italy is characterized, in large part, by “homeowners” (slightly more than 70% in 2019 were owners based on the web platform “Statista”
specializing in market and consumer data) interested in preventing any real estate market
devaluation. This study could have strong public policy implications giving general indications and highlighting critical urban features that could worsen future thermal patterns,
and potentially affect the residential building real estate value.
Considering the Florence municipality, semi-central and peripheral belts revealed
progressive changes of LST and most of the analyzed urban features going from the lowest
to the highest residential building real estate value often showed statistically significant
linear variations in the peripheral belt. In these areas, therefore, where the urban fabric was
not relevant from a historical and architectural point of view, the thermal pattern and the
urban surface features (grey, green, and blue surfaces) revealed a linear association with
the real estate value. On the other hand, the lack of identification of a clear relationship
between urban features and residential building real estate values in the central belt
was due to additional factors, above all connected with the proximity to areas of great
historical, cultural, and architectural interest, as already demonstrated by a previous study
conducted at regional scale on Tuscany (Italy) [57]. Our analysis showed that the LST was
a determining factor in evaluating the residential building real estate value moving away
from the city center. The effects were evident in the semi-central and peripheral belts, and
in the latter, the association was linearly significant; going from residential buildings with
the lowest market value (OMI_C1) to buildings with the highest one (OMI_C4), an average
reduction of grey surfaces of about 30% was associated with an average increase in green
surfaces of almost 30% (17% of TC and 12% of GA), which determined an average reduction
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of the summer LST of about 3 ◦ C. The highest LST reduction (about 4 ◦ C) was recorded in
the semi-central belt. On the other hand, the LST was not considered a determining factor
clearly modifying the residential real estate value in the central belt. In this case, it is very
likely that additional elements in the central belt (such as the proximity to important places
from the historical, landscape, and architectural point of view) affect the real estate market
value of the central core of Florence.
The thermal hot-spot analysis provided an important and original contribution to
describe the relationship between the real estate value and the urban thermal pattern. This
is a topic that needs increasing attention in a period in which our planet is affected by a
generalized global warming and whose effects are exacerbated in urban areas.
It is clearly evident that approximately 37% of all residential buildings in the central
belt (that are also those with the highest real estate market values in Florence) and which fall
into surface hot-spot zones (a focus on the latter is shown in Figure 4) are surrounded almost
16 of 23
exclusively by impervious surfaces (representing more than 99% of urban infrastructures
in all OMI zone classes).

Figure 4.
4. Focus
Focus on
on the
the residential
residential buildings
buildings falling
falling into
into hot-spot
hot-spot zones
zones of
of the
the central
central belt.
belt.
Figure

Contrary totothe
thehypothesis
hypothesis
of our
study,
residential
buildings
with
the highest
Contrary
of our
study,
residential
buildings
with the
highest
market
value
(OMI_C4)
in the central
belt
(indicated
in purple color
in Figure
4 and
representing
market
value (OMI_C4)
in the
central
belt (indicated
in purple
color
in Figure
4 and
just
over 20% just
of allover
central
a significant
positive
association
with
representing
20%belt
of buildings)
all central revealed
belt buildings)
revealed
a significant
positive
hot-spot
zones.
average
LST surrounding
wasthese
significantly
higher
association
withThe
hot-spot
zones.
The averagethese
LST buildings
surrounding
buildings
was
◦ C or
than
that
of
surrounding
buildings
that
fell
into
other
surface
thermal
zones
(2
significantly higher than that of surrounding buildings that fell into other surface thermal
◦ C higher than buildings in thermally neutral or cool zones respectively), despite
even
zones8 (2
°C or even 8 °C higher than buildings in thermally neutral or cool zones
having
the same
real estate
values.
justifiedvalues.
by findings
from
a recent
respectively),
despite
havingmarket
the same
real This
estateis market
This is
justified
by
findings from a recent study [57] exploring the relationships between the real estate value
in Tuscany (Italy) and the proximity to services (the distance from urban center and
roads), which revealed a high correlation in the municipal area of Florence.
Results from our study revealed that even slight increases of green and blue
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study [57] exploring the relationships between the real estate value in Tuscany (Italy) and
the proximity to services (the distance from urban center and roads), which revealed a high
correlation in the municipal area of Florence.
Results from our study revealed that even slight increases of green and blue infrastructure in the proximity of residential buildings can significantly improve the thermal
situation, reducing the summer average LST almost by about 2 ◦ C (e.g., obtained simply
by increasing the surface surrounding the building with about 4% of TC and GA) or even
more in the case of greater presence of green infrastructures.
These findings are also supported by previous studies demonstrating that the proximity of green and blue infrastructures have an impact on apartment prices [43,46,58–61] A
recent study conducted on the city of Lisbon [60] demonstrated that for a square kilometer
increase in relative tree canopy coverage of a neighborhood, the impact would cost on
average approximately EUR 400 per dwelling.
Results from the present study clearly highlight that residential buildings falling into
hot-spot zones represent the priority to plan interventions because they are exposed to
greater economic impacts. In particular, potential repercussions on the real estate market
in the near future are trusted. Heat-related direct influences on the thermal performance
of buildings are expected because of the decrease in efficiency of energy systems, with
consequent significant increases in the risk of building energy consumption and power
outages, water demand, and worsening of indoor thermal comfort [50,62]. Above all,
for buildings in hot-spot zones, the need for resilient building design is urgent and it
represents one of the main challenges in the building industry. The planning of wellintegrated interventions that respect the historical, cultural, and architectural contexts of
the city of Florence are therefore strongly needed.
Interventions aimed at increasing the building thermal insulation, cool/green roofs
and facades, solar shading/glazing, ventilated roofs and facades, cool envelope materials,
and the organization of the space in the proximity of buildings by using nature-based
solutions (such as the presence of trees that increases air flow and reduces the impact of
solar radiation) represent some example of strategies to mitigate buildings coping with
excessive heat in hot-spot zones and buildings overheating, which represent a threat to
the health and life of occupants [62,63]. A combination of cooling strategies with different
capacities is important to obtain resilient cooling (by using low-energy and low-carbon
cooling solutions) of buildings [63]. These building-related resilient strategies represent the
main aim of actions against climate change and the consequent hazards addressed by the
recently formed International Energy Agency (IEA) Energy in Buildings and Community
Programme (EBC) Annex 80 “Resilient Cooling of Buildings” [64]. The recent report of
the United Nations Environment Programme [65] on recognizing the key role buildings
can play in enhancing climate change adaptation, improving resilience, and addressing
and mitigating risk, also demonstrated how combining grey building solutions with green
nature-based solutions can have promising results.
The statistically significant heterogeneity of LST values and of various urban infrastructures generally observed in this study among buildings belonging to different real estate
market value classes (with the exception of buildings that fell into cool-spot areas especially
in the peripheral area) demonstrates the importance of these elements in addition to those
already considered by the Italian OMI for classifying areas with homogeneous residential
building real estate values: the average year of construction, the number of floors, the
surface area, the presence of public and commercial services, public green, parking, the
level of the transport services, road connections, and commercial vocation.
The implementation of the elements considered in this study in the OMI classification
procedures of real estate market values, and of the information relating to the intra-urban
surface thermal anomaly pattern, are certainly facilitated by the fact that these results
were obtained from processing open source data and therefore are easily extendable and
replicable to the whole national territory.
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As future climate projections show that our urban environments will be increasingly
exposed to intense and prolonged periods of intense heat, it is crucial to consider the
intra-urban thermal pattern when evaluating real estate. Increased attention must be
addressed to targeted building intervention strategies to avoid significant local economic
repercussions due to a probable decrease in the value of residential properties in areas
characterized by high heat-related risk.
Study Limitation
This study showed some limitations related to the resolution of remote sensing data
(Landsat-8) used for the LST calculation (resampled from 100 m to 30 m horizontal resolution by the USGS). It was recognized that the cubic convolution resampling by the USGS
on TIRS data can be considered a limitation since it may lead to uncertainty in remote
sensing-based LST measurement when conducting pixel-scale validation [30], especially for
analysis at the building level. Despite the Landsat-8 remote sensing data showing one of
the best resolutions available using open data sources, better performance may be achieved
when higher resolution data will be available.
Furthermore, our study investigated the daytime surface thermal pattern with the
aim to study the surface thermal extremes typically occurring during daytime and in the
summer period; however, focusing on other periods, such as nighttime and also the winter
period, can be of great interest for urban studies.
A further limitation is represented by the different recording periods used for urban
characteristics and real estate value data, in any case, all attributable to the last 5 years.
However, it should be highlighted that no major changes have taken place in the urban
fabric of Florence in the last 5 years, and therefore no substantial variation of the real estate
value was recorded. In addition, our work only focused on urban surfaces’ characteristics
and did not investigate further potential factors affecting real estate values, such as the
temporal changes of buildings and landscape. Therefore, our future studies will also focus
on these dynamics, especially on the urban and green gentrification, already explored in
recent studies by using remote sensing data [66,67].
We are aware of the limitation of our study due to the buffer area size which restricts
the analysis within 50 m of distance and introduces an arbitrary element as a function
of the building size. However, previous studies applied similar buffer areas to evaluate
the influence of the daytime summer LST on urban feature concentrations surrounding
residential and industrial buildings [21,42]. As reported by recent studies [21,37,40,68,69],
favorable buffers ranging from about 50 m and 300 m were used to investigate the potential
LST-related thermal drivers on local urban scales.
Moreover, we are aware that different approaches for surface types’ classification (also
based on different NDVI thresholds) are available [70]. Therefore, in our study the surface
layers developed by the National reference body (ISPRA) proposed for these purposes
were used.
In addition, this study did not investigate further urban elements (such as buildings’
physical structure and material, the proximity to services, road infrastructure, and historic
buildings) which potentially affect real estate values. However, much of this information
has already been considered in the OMI real estate value classification, whereas others,
when freely available, could be considered in future studies.
5. Conclusions
This study made it possible to investigate a phenomenon that is still very little explored,
and which represents an emerging problem that will be increasingly impacted from an
economic point of view in the near future. The study of the relationships between the real
estate value of residential buildings and the complex intra-urban surface thermal hot-spot
pattern, accounting for the influence of urban features, is a priority in light of climate
change projections.
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The research hypothesis of this study, that the increase in the real estate value of
residential buildings is associated with the improvement of the surface thermal pattern
and a greater concentration of green-blue infrastructures in the proximity of residential
buildings, was not confirmed throughout the whole municipal area (instead confirmed in
the peripheral belt).
Our analysis showed that the LST was a determining factor in evaluating the residential building real estate value moving away from the city center. The effects were evident in
the semi-central and peripheral belts, and the association was linearly significant, especially
in the latter. The LST showed no significant linear correlation with the residential real
estate value in the central belt and this explained that the Italian real estate market did
not consider the LST as a factor in evaluating the prices [29]. Therefore, it was very likely
that additional elements (such as the proximity to important places from the historical,
landscape and architectural point of view) affected the real estate market of the central
core of Florence. However, the thermal hot-spot analysis revealed the highest density
of residential building falling into hot-spot zones in the central core. In addition, under
the urban climate scenarios exacerbated by the climate change effects, there will be an
increasing need for the real estate market in evaluating the housing prices by considering
specific characteristics of urban surfaces (such as the surface thermal hot-spot patterns)
affecting the microclimate of the urban environment.
However, the study revealed that about 37% of residential buildings in the central
belt fell into thermally hot-spot zones. Of these buildings, almost 10% (representing just
over 20% of all central belt buildings) belonged to the class with the highest market value
(OMI_C4), revealing a positive association (OR = 1.53) with hot-spot zones compared
to buildings with other real estate values in the same area. The average LST value surrounding buildings in hot-spot zones was significantly higher (from 2 ◦ C to 8 ◦ C), and
almost entirely affected by impervious surfaces than buildings falling into other surface
thermal zones, despite belonging to the same real estate market value. This means that the
LST surrounding residential buildings in hot-spot zones was the highest regardless of the
market value. However, it has been observed that when buildings have even slightly higher
concentrations of green or blue infrastructures in the surrounding areas, the situation significantly improves. Our results underline that, considering the future scenarios exacerbated
by climate change, it is crucial to consider detailed intra-urban thermal patterns when
evaluating the real estate market.
The accurate identification of residential buildings, accounting for their real estate value,
that fall into hot-spot zones and the knowledge of the urban features surrounding these
buildings, allows for obtaining precious information for policy makers, public authorities,
and urban planners. This information is useful to plan targeted building interventions, and
to the spaces in the proximity of the building with the aim to make buildings sustainable and
more energy efficient, and avoids future depreciation of residential building real estate value
due to the heat effects (increasing operational costs at real estate assets linked to energy
and water consumption and increasing of thermal discomfort) and because consumer
preferences shift. The consequent economic damage could be particularly significant since
an overwhelming majority of Italians (slightly more than 70% in 2019) live in an owneroccupied home and residential is the largest sector in the Italian real estate market.
The possibility of using open data to identify the intra-urban surface thermal hot-spot
areas and to characterize and quantify the infrastructures in the proximity of buildings will
allow for the replicability of the analyses to other cities in different geographical contexts
as well as being easily implemented in the procedures for the attribution of the most
appropriate real estate market value.
The main questions for addressing future studies are the following:

•
•

What will happen to the real estate value of residential buildings falling into hot-spot
zones if targeted actions are not planned?
Will the attractiveness and charm of a residential building located in a historical,
cultural, and architectural context be able to continue to prevail over the increasingly
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higher operational costs at real estate assets necessary to ensure a good quality of life
in specific areas of the city characterized by significant temperature increases?
Therefore, organizations responsible for the economic evaluation of the real estate
value of residential buildings should also take more responsibility for intra-urban thermal
anomalies and, in particular, the presence of hot-spots potentially leading to economic
repercussions. Future steps will be targeted to numerical simulations of urban resilient
building interventions currently falling into hot-spot zones, respecting the city-specific
historical and architectural characteristics.
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three different urban belts: central (a), semi-central (b), and peripheral (c). Figure S4. Water bodies
(WB) according to four OMI zone classes (from OMI_C1 to OMI_C4) for three different urban belts:
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Abbreviations
LST
IA
TC
GA
WB
SVF
OMI
OMI_C

Land surface temperature
Impervious area
Tree cover
Grassland area
Water bodies
Sky View Factor
Real Estate Market Observatory of the National Revenue Agency of Italy
OMI zone classes: ranging from OMI_C1 to OMI_C4 with the lowest of the highest
residential building real estate values, respectively
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