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Abstract

The Italian school building stock is largely outdated, with structural and technological inad-
equacies leading to low comfort and high energy consumption. Addressing this challenge
requires large-scale renovation supported by an integrated, data-driven approach. This
study conducted a nationwide analysis of over 40,000 school buildings. After incomplete
or inconsistent records were filtered out, a refined subset was selected. Building forms
were reconstructed by cross-referencing GIS data with multiple open data sources. Using
supervised machine learning, the research identifies and classifies recurring morphological
patterns to define a set of 3D school building archetypes. These archetypes are enriched
with spatial configurations and physical characteristics aligned with national educational
standards. The result is a macrotypological classification based on form, conceived as part
of an operational tool to support policymakers, designers, and public administrations in
selecting effective retrofit strategies. This contributes to the creation of large-scale national
renovation strategies, as well as Renovation Roadmaps and Digital Building Logbooks in
line with the Energy Performance of Buildings Directive (EPBD IV), specifically tailored to
the Italian context. The novelty of this work lies in its unprecedented scale and the use of
Al to enable fast, replicable assessments of retrofit potential, thereby supporting informed
decisions in energy-efficient renovation planning.

Keywords: energy performance; schools and educational buildings; GIS; synthetic images;
data augmentation; cluster analysis; k-nearest neighbors (kNN); architectural engineering;
form factor; building renovation passport

1. Introduction

The educational building stock in Italy represents a critical sector for achieving national
decarbonization goals. A significant portion of school buildings, predominantly constructed
after 1975 (Figure 1), are now obsolete and energy-inefficient [1]. Technological deficiencies
in the building envelope, such as poor insulation and low-performance windows, as well
as the inefficiency of HVAC and lighting systems, contribute to high energy consumption
and, most importantly, fail to guarantee adequate thermohygrometric, visual, and acoustic
comfort conditions necessary for a healthy and productive learning environment.
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Figure 1. Distribution of the number of constructed school buildings over time.

Some initiatives, like the RERoadS project [2], are actively addressing the urgent need
for large-scale deep renovation in public buildings such as schools by developing integrated
approaches that combine rapid and easily applicable forecasting tools and data-driven
methodologies, including the use of machine learning to process existing data and derive
morphological, technical, and construction information useful for building simulation
and analysis. In line with the recast Energy Performance of Buildings Directive (EPBD)
IV [3], RERoadS also focuses on the definition of Digital Building Logbooks and structured
Renovation Roadmaps, supporting the future implementation of Building Renovation
Passports specifically tailored to the Italian school stock. In this context, the presented
process serves as a useful starting point for achieving the RERoads research goals.

An energy retrofitting process cannot be undertaken without a thorough understand-
ing of the building’s current condition. However, analyses conducted on a national scale
require an approach that moves beyond the individual case study. Many studies [4-6] have
demonstrated that a building’s energy performance is intrinsically linked not only to materials
and systems but also to its shape. Despite this awareness, the scientific literature still lacks
studies that attempt a systematic classification of school building types based on their form
and a consequent assessment of energy implications. Analyses are often limited to a few
representative archetypes, thus neglecting the real heterogeneity of the existing stock.

This paper addresses this gap to overcome these limitations. The research proposes
an innovative methodology to analyze and classify the entire Italian school building stock,
using a dataset of over 40,000 buildings extracted from the Open Data platform of the
Italian Ministero dell’Istruzione e del Merito [7]. Unlike previous studies focused on smaller
samples [8-11], this work leverages the computational power and pattern-recognition capa-
bilities of machine learning algorithms to analyze a dataset of this magnitude. Supervised
learning techniques were employed to identify the most recurrent school building shapes
and define reference educational buildings, based on the typical forms emerging from a
systematic literature review aimed at establishing a robust morphological taxonomy. The
novelty of this approach is twofold. First, the scale of the dataset provides a comprehensive
and statistically significant overview of the built environment. Second, the use of machine
learning offers a powerful and scalable tool for analyzing the morphology of complex
building stocks.
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The outcome of this research is a classification of the Italian school building stock into
macrotypological categories, each characterized by a specific, predefined form. Further-
more, the framework enables the development of three-dimensional archetypes of school
buildings, integrating information from both the database analysis and the geocoding and
classification process. Importantly, this classification is not intended as the conclusion of
the research but, rather, as an operational tool to support policymakers, designers, and
public administrations, providing strategic guidance for the selection of the most suitable
and effective large-scale energy-retrofit interventions.

2. Background

The Italian climate is characterized by six climatic areas, from A, the hottest, to F, the
coldest, determined based on heating degree days (HDDs, in Italian Gradi Giorno—GG),
established through D.P.R. 412/1993 [12].

The Italian school system, defined by Decreto Ministeriale 18 dicembre 1975, n. 29 [13]
(DM 75), is composed of four education grades (kindergarten, primary school, middle
school, and high school), which involve students from 3 to 18 years old. Detailed infor-
mation about Italian climatic zones and Italian school grades is provided in Appendix A.
In addition to the school grades definition, DM 75 is a fundamental and innovative stan-
dard for school buildings, aiming to ensure safe, functional, and educationally adequate
environments. It established requirements for the size and configuration of classrooms,
the inclusion of laboratories and ancillary spaces, and the flexibility to adapt learning
environments to different teaching needs. Emphasis was placed on the outdoor dimen-
sion, requiring schools to be located on healthy sites, away from pollution and traffic, and
equipped with green areas, with a limit of one-third of the site permitted for construction.

Beyond technical aspects, DM 75 recognized schools as civic infrastructures, integrated
into local planning frameworks and responsive to demographic and social contexts. Al-
though formally suspended in 1996, several parameters, most notably the space-per-student
ratios (1.80 m? for primary and 1.96 m? for secondary schools), remain widely adopted in
practice. Due to the high number of educational facilities built in this period, the standard
remains highly relevant for large-scale analyses and has a particular relevance also for
broad analyses on the Italian school building stock.

2.1. Relationship Between Form Factors and Energy Needs

Recent research increasingly highlights how morphological characteristics, such as
surface-to-volume ratios (S/V), compactness, and orientation, play a key role in determin-
ing both heating and cooling demands across various climatic conditions.

The relationship between compactness and heating demand is emphasized by Mar-
incu et al. [14], who investigated the trade-off between wall insulation thickness and the
surface-to-volume ratio. Their results reveal that more compact forms (lower S/V ratios)
significantly reduce thermal bridging and heating demand, with high S/V ratios leading
to exponential increases in thermal transfer losses. Achieving passive house standards
was found to be viable for buildings with low S/V ratios using moderate insulation levels,
whereas highly articulated forms have more difficulty meeting the same targets, even with
extensive insulation.

Baglivo et al. [15] explored the influence of the S/V ratio in the context of climate
change adaptation. Their simulations, projected up to 2070, indicate that compact forms
are less sensitive to climate-induced variations in energy demand. Buildings with low S/V
ratios demonstrated greater stability in energy performance across future climate scenarios.
Conversely, highly articulated shapes, especially in warmer Italian regions, exhibited up
to 20% increases in energy demand over time. The authors argue that over-reliance on
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insulation alone is neither cost-effective nor sufficient, advocating instead for a holistic
approach that integrates form, thermal properties, and urban design.

In addition, in warm climates such as those of Athens and Seville, Premrov et al. [1]
demonstrated that the aspect ratio and the vertical and horizontal extensions of timber—glass
buildings have a significant impact on cooling energy demand. Buildings with south-facing
glazing experience an exponential increase in cooling loads as the aspect ratio grows, whereas
north-facing orientations are less affected. These results highlight the critical role of building
shape in mitigating overheating risks, especially for lightweight constructions.

From a design methodology perspective, Parasonis et al. [6] introduced the concept of
geometric efficiency, defined as the ratio between external envelope area and usable internal
space, as a tool for early-stage optimization. Their findings demonstrated that building
geometry significantly impacts both operational energy use and material requirements,
particularly for smaller buildings. Inefficiencies in form can, to some extent, be offset by
improved envelope thermal properties, though this becomes more challenging in compact
or single-family typologies.

Torabi et al. [16] focus their research on identifying which design parameters most
significantly impact embodied and operational carbon and Energy Use Intensity (EUI),
pursuing a multi-objective optimization study. The research highlights how geometry
parameters, especially building shape, are highly influential on energy performance in
all the considered cases: compact shapes, particularly square ones, emerged as the most
beneficial in terms of EUL

Kistelegdi et al. [17] provided a systematic classification of building geometry design
variables used in energy and comfort optimization studies. Their review reveals that most
studies rely on simplified, modifiable geometric descriptors such as aspect ratios or depth,
with a limited exploration of more detailed spatial or morphological variables. They also
note that early-stage geometric optimization offers a higher return on investment compared
to later-stage improvements in materials or HVAC systems.

Finally, Li et al. [18] called attention to the regional sensitivity of the S/V ratio and its
limitations as a stand-alone metric. Their review advocates for revised S/V ratio definitions
incorporating solar radiation, material properties, and orientation. They report that, in cold
regions, lower S/V ratio values correlate strongly with reduced heating energy use, while
in tropical zones, the impact is more pronounced on cooling loads.

Despite these advances, the classification of forms in relation to building energy per-
formance remains quite underexplored, particularly for school buildings, which represent
a significant portion of the public building stock, and where a significant portion of human
life is spent.

2.2. State of the Art of Classification and Clustering Methods of School Buildings

As a first step, a literature review was conducted to gain a global overview of school
reference building identification. An analysis of the state of the art, in line with the PRISMA
framework [19], was performed using Scopus as the main database for scientific literature,
with the following query:

KEY ((educational AND building* OR school AND building*) AND (classification OR typology OR categorization OR cluster*)),

which allowed for a fast and efficient identification of the state of the art of the research
focused on advancing the education field through the development of clustering and iden-
tification techniques for school building typologies, aimed at supporting building energy
simulations. The analysis initially yielded 74 papers, with an additional 15 publications
identified through other sources and citation searching to broaden the scope of the review.
The following criteria were subsequently applied to refine and focus the literature review.
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e  Only English-language contributions were considered.
e  Only open-access contributions were considered.
e  Only topic-related contributions were included (after title and abstract reading).

Ultimately, a total of 27 papers were considered. The first outcome of this analysis
is presented in Table 1, which summarizes the methodologies used to classify schools.
Additionally, to better understand the typical school building samples used in current
research, the number of schools considered in each study was also collected and included
in the table.

Table 1. Classification method used for the identification of school building clusters.

Ref. Year Location Sample Classification Method
RSE [20] 2024 Ttaly ) One reference building for each
school type
. No clusters, schools

Pedone et al. [11] 2023 Foggia, Italy 81 modeled individually

Campagna & Fiorito [21] 2023 Puglia, Italy 1090 Kemeans clustering based on 5/V ratio
and year of construction
Clusters made on five pre-defined
Kazem & Al-Kazzaz [22] 2023 Iraq - building shapes, number of classes, and
school type (primary, secondary, .. .)
Bo and De Angelis [23] 2022 Milan Municipality, 077 No clusters, schools modeled

Geraldi et al. [24]
Zinzi et al. [25]

Alghamdi et al. [8]
Cukovic Ignjatovic [26]
Akil et al. [27]
Marrone et al. [10]
Zhang et al. [28]

Salvalai et al. [9]

Haj Hussein et al. [29]
Arambula et al. [30]
Morck et al. [31]

Santamouris et al. [32]

Italy individually, UBEM approach
Organized in seven clusters based on

2021 Brazil 298 pre-defined shapes
2021 Ttaly ) Simulation made on one r.epresentative
reference building
2020 University of British 71 Fuzzy clustering on water, energy, and
Columbia, Canada carbon flows’ real data records
2020 Serbia 563 TABULA-like approach
2019 France, Pas-de-Calais 117 k-means clust(.er.ing based on water, gas,
and electricity real data records
2018 Lazio, Italy 60 K-means clustering
. . 170 schools, Organized in eight clusters based on
2017 China, cold climate areas 207 buildings & pre-de gne d shapes
Clusters made on four pre-defined
2017 Lecco, Italy 38 building shapes, number of floors, and
% of glass surface
2016 Palestina _ Organized in si.x clusters based on
pre-defined shapes
2015 Treviso Province, Italy 60 K-means clustering
2015 German, Denmark, ) Simulation made on three
Italy and Norway representative reference buildings
2007 Greece 320 Fuzzy clustering

The table outlines 17 studies conducted between 2007 and 2024 on the classification
and clustering of school buildings across various geographic contexts. Among these, nine
studies, more than half of the considered studies, explicitly organize buildings into clusters
based on predefined shapes or form-related features. This indicates a methodological trend
through which geometric configuration is treated as a key classifier.

For example, Geraldi et al. [24] clustered 298 Brazilian schools into seven groups based
on predefined shapes, and Zhang et al. [28] did similarly for 207 buildings in cold regions of
China, forming eight shape-based clusters. Likewise, Kazem & Al-Kazzaz [22] categorized
Iraqi schools into five predefined shapes, in combination with the number of classes and
school type (e.g., primary or secondary).

Additionally, Campagna & Fiorito [21] applied k-means clustering to a notably large
dataset (1090 buildings in Puglia, Italy), using a combination of shape-sensitive indicators
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such as the surface-to-volume ratio (S/V) and year of construction, reinforcing the central
role of form in large-scale typological classifications.

On the other hand, five studies used alternative clustering strategies based on oper-
ational or environmental performance data, indicating a more dynamic and data-driven
approach. For instance, Alghamdi et al. [8] used fuzzy clustering for 71 buildings at the
University of British Columbia, grouping them based on actual water, energy, and carbon
flow records. Akil et al. [27] analyzed 117 buildings in northern France with k-means
clustering based on gas, water, and electricity usage. Similarly, Santamouris et al. [32] used
fuzzy clustering for 320 schools in Greece, one of the earliest applications of such methods
in this domain.

The TABULA approach used by Cukovic Ignjatovic [26] for 563 Serbian schools repre-
sents another form of classification based on typologies derived from European building
stock characteristics. This method organizes buildings according to standardized typologi-
cal templates, often including construction period, geometry, and envelope performance.

Three studies, those of Pedone et al. [11], Bo & De Angelis [23], and Kazem and
Al-Kazzaz [22], explicitly modeled buildings individually, with the choice not to apply
clustering methods. While this approach enables detailed, building-specific simulations,
it inherently limits scalability when applied to large datasets. The other three studies,
by Zinzi et al. [25] and Morck et al. [31], as well as the recent RSE report [20], relied on
representative reference buildings, which serve as typological exemplars rather than statis-
tical clusters.

As the shape-based approach has emerged as the most recurrent and has been adopted
in recent research, a focused examination of this method is now presented. A detailed
analysis was conducted for the Italian context, based on the Manuale di edilizia scolastica by M.
Sole [19] and L’architettura degli edifici per I'istruzione by A. di Bitonto and F. Giordano [20],
which provide significant insights into the Italian school building stock. These works
show how school environments reflect the educational and cultural paradigms of their
time, demonstrating a close link between building morphology and pedagogical models.
Evolving teaching methods were progressively translated into distinct architectural layouts,
ultimately resulting in the development of specific school typologies.

Until the Industrial Revolution, educational facilities lacked a dedicated architectural
form, often reusing typologically similar structures—such as barracks, seminaries, or
monasteries. These buildings were inward-focused, arranged around a central cloister, and
functioned as contemplative, secluded spaces.

In the 19th century, the German “block school building” model became dominant
in Italy, characterized by a corridor-based distribution. From this, two main typolo-
gies emerged:

o Linear block: Classrooms aligned along a corridor, usually oriented northward to
maximize daylight. Corridors also served as social spaces. Classrooms ranged from

55 to 80 m? with ceiling heights between 4 and 4.5 m. Floor plans adopted regular “1,”

“L,” or “C” shapes, with the long side hosting the corridor-classroom system and short

sides for auxiliary functions.

e  Block with internal courtyard: similar to the linear block but arranged around an
internal courtyard, resulting in an “O”-shaped plan.

Subsequent variations included the following:

e Linear block with internal void: classrooms accessed via balconies around a central
void, with classrooms on both sides.

e  Outdoor or extensive school: In contrast, this typology emphasized outdoor connec-
tivity and horizontal development. Common layouts include cross-shaped wings
extending from a central core, or comb patterns with functional wings (e.g., gyms,
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labs, canteens) branching from a linear spine. Floors took the form of “E,” “T,” or “F”
shapes, with outdoor areas playing a central role.

Following post-war reconstruction, socio-economic growth and educational reforms
spurred architectural innovation. The corridor model was replaced with “functional units,”
transforming school space organization. Large, purpose-driven cores replaced hallways,
fostering diverse learning settings centered on student engagement.

This pedagogical evolution shifted the teacher—student relationship, positioning students
as active participants. Traditional layouts gave way to ateliers, labs, learning gardens, and
other varied environments. By the 1960s, frontal teaching methods were widely abandoned
in favor of the “pavilion” school typology, which continues to influence current designs.
Pavilion schools introduced double-sided lighting, flexible layouts, generous communal areas,
eliminated corridors, shortened hallways, and decentralized service zones.

The analysis of the most recurrent building shapes was expanded to include studies
identified through the PRISMA analysis, which encompassed not only Italian research but
also international and foreign studies. The results are presented in Table 2, which outlines
the various school building shapes identified across the selected studies. To enhance clarity
and readability, some data from the original studies were reinterpreted during the creation
of the table: U-shaped and C-shaped buildings were grouped under a single ‘C’ category,
and an ‘Other’ category was introduced to consolidate all undefined or uncommon shapes
described in the literature.

Table 2. Identified shapes in topic-related studies. The X indicates that a specific school shape or type
is considered in the analyzed research.

2
£ L3
Ref. Year Study Area E H L o C R 5 & S Notes
g & °
RSE [20] 2024 Italy X X X X
Kazem & Al-Kazzaz [22] 2023 Iraq X X X X
Geraldi et al. [24] 2021 Brasil X X X X
Zinzi et al. [25] 2021 Italy X Exposed corridor
Grouped in six
Elitsa Ivanova [33] 2019 - X X X X macro-categories: courtyard,
block, cluster, and town-like
Zhang etal. [28] 2017 China X X X x  Distinction between H with
and without atrium
Salvalai et al., 2017 [9] 2017 Lecco, Italy X X X X
. . . Distinction between O with
Haj Hussein et al., 2016 [29] 2016 Palestine X X X .
a covered patio or not
Germany
Morck et al. [31] 2015 Denmark X X Distir}ction between R with
Italy corridor exposed and not
Norway
Grouped in four
Rigolon [34] 2010 Europe X X macro-categories: courtyard,
block, cluster, and town-like
M. Sole [35] 1995 Italy X X X X Elaboration and synthesis of
di Bitonto & Giordano [36] 1995 Italy the two sources

This comparison reveals significant heterogeneity in the classification of school build-
ing forms, with no shared framework or typological consensus across the reviewed litera-
ture. The most frequently recurring shapes are L, C, and H, which appear in at least seven
of the analyzed sources. Nevertheless, the interpretation and inclusion of these types vary
markedly across authors, suggesting that typological decisions are primarily driven by
subjective criteria, rather than standardized definitions or objective classification protocols.
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For instance, Geraldi et al. [24] and Ivanova [33] both include a broad range of forms,
but they group these within different macro-categories; similarly, Rigolon [34] refers to four
macro-categories (courtyard, block, cluster, and town-like) but provides limited method-
ological details regarding the distinction between types.

The category “Other” collects different shapes, such as the multilinear one identified
by Ivanova [33], composed of a main rectangular core and several smaller branches, similar
to E-shape but with more branches and placed in more irregular positions or the multiple
typology, consisting of buildings with different shapes connected, identified for high school
by RSE [20] and Geraldi [24].

Considering other building uses outside Italy, Dahlstrom et al. [37] analysed the
Swedish residential stock, focusing on single-family and multi-family houses in Upp-
sala and Gotland. The authors applied the k-means algorithm simultaneously consider-
ing ten parameters, both technical and socio-economic. Their results identified twelve
archetypes in Uppsala and thirteen in Gotland, showing that combining technical and
socio-economic parameters provides a robust segmentation of modern residential stocks
for hybrid UBEM applications.

Lucchi et al. [38] applied a density-based clustering method (HDBSCAN) to the
historical town of Calavino, Italy. The dataset included residential, commercial, abandoned,
and underused buildings, with particular attention to cultural heritage constraints. Both
physical and morphological variables—such as building surface, number of floors, height,
surface-to-volume ratio, and typological form (aggregated, isolated, linear)—were explicitly
considered, alongside functional and conservation parameters. The analysis revealed
that clustering based solely on physical attributes resulted in fewer clusters and outliers,
whereas incorporating functional and heritage-related variables produced a much larger
number of outliers. This finding underscores the high variability of historic urban fabrics
and the challenge of grouping atypical buildings into homogeneous categories.

In conclusion, while certain building forms recur throughout the literature, there
is no unified or standardized framework for classifying school building types. Each
study tends to adopt its own interpretive model, often shaped by geographic, cultural, or
functional contexts, and seldom supported by a robust methodological foundation. This
lack of consistent background analysis significantly hinders cross-comparability between
studies. To address these limitations, the following chapter introduces a data-driven
approach based on the entire Italian building stock, aiming to identify representative
school building typologies and overcome the fragmented, author-dependent classification
landscape revealed in the literature review.

3. Methodology

This section outlines the methodological workflow adopted to achieve a large-scale
classification of the Italian school building stock. The approach integrates national open
datasets with advanced geospatial analysis and supervised machine learning techniques
to identify and cluster recurrent morphological patterns. The following subsections detail
the dataset preparation and cleaning process, the extraction and classification of building
footprints, and the generation of a comprehensive reference dataset structured by school
type, climate zone, and morphological features. A schematic representation of the research
workflow and outputs is reported in Figure 2.
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Figure 2. Methodological workflow for Italian school shape definition. Rectangles: methodological
steps. Ovals: intermediate and final findings/results.

3.1. Dataset Description and Cleaning

A comprehensive dataset containing all the available data on Italian schools was
created by merging the files from the Ministero dell’Istruzione e del Merito OpenData plat-
form [7]. The dataset consists of 61,307 records, characterized by a school code (codicescuola),
representing the type of school complex, and the building code (codiceedificio), identifying
the physical building. The dataset includes only public schools for all the Italian regions
except Trentino-Alto Adige.

With a consideration of the entire dataset, which consists of 48,988 school complexes
located in 40,133 school buildings, some inconsistencies and incorrect data were identified.
This database provides a very detailed collection of information about school buildings;
however, some entries are difficult to calculate, measure, or correctly input into the platform
by the designated technician. Therefore, a cleaning rule was applied, excluding only
those records in which at least one of the three geometry columns (volumelordoedificio,
superficietotalearealibera, and superficietotaleareascolastica) outside the 5th and 95th percentiles
has been introduced. After this first level of data cleaning, the total number of records was
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reduced to 24,456. Second-level filtering was then applied, further cleaning and processing
the data. This second phase included the exclusion of the following:

e  Records with “Not defined” values in either the year of construction (annocostruzione)
or construction period (periodocostruzione) columns, reducing the total number of
records to 20,765;

e  Records with zero floors and no intermediate floor height;

e  Records classified as “convitto nazionale”, as these include residential functions within
the current research framework.

The total number of records in the final dataset was 20,729 buildings, corresponding
to 51.6% of the total. A summary breakdown of the cleaning process by region and the
number of schools considered after every cleaning step is shown in Figure 3.

Percentage of Buildings Kept vs Deleted by Region

100% Status.
. Kept

B Deleted

80% -

-
2
*

Percentage

g
&

61.2%)| [
54.9% l54.4%

20% -

2 @ ol s ol & 2 2 & 2 2 R @ o2 & el
'D‘S‘ Q,b'e oy q‘)\ 4{75‘0 690 190 \'o'é\ @o\,\ :,‘4" b“&‘ o & & \)&é‘ ,g“" o 5 49\& ’ &
& & & S & < ® g 3 3!
S & <« by & N
& « R
&
Region
(a)

Building Cleaning Steps (Largest to Smallest)

Records in "Anagrafica"

Number of Unigque School Codes

Number of Unique Building Codes

Number of Buildings after Volume Cleaning

Number of Buildings after Removing Schools without Construction Period

Number of Buildings after Removing Schools without Type

Number of Buildings after Removing Those without Floors 20763

Number of Buildings without Boarding Schools

T T T T T T
0 10000 20000 30000 40000 50000 60000
Count

Figure 3. Percentage of retained vs. deleted buildings by region (a). Number of retained schools after
each cleaning step (b).

An analysis of the final dataset reveals that most of the excluded buildings are located
in the regions of Lazio and Campania, which account for approximately 65% of the removals.
In contrast, the region with the lowest exclusion rate was Valle d’Aosta, with only 37.3% of
buildings discarded. On average, about 50% of the records were removed across all regions.
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3.2. Footprint Extraction, Validation, and Supervised Learning Classification

Owing to its extensive coverage across the Italian territory and open accessibility,
the Microsoft Building Footprints (MBF) dataset was selected to extract the building foot-
prints corresponding to the filtered school dataset. The addresses obtained from the Open
Data platform were first geocoded using OpenStreetMap (OSM) and then matched to the
nearest building footprint in the MBF dataset. The matching process was based on the
distance between the geocoded point and the centroid of each building footprint, with a
maximum threshold of 200 m considered a valid association. This procedure resulted in a
new geocoded dataset containing 14,478 buildings with successfully associated footprints,
corresponding to a success rate of 59.2%. Overall, this dataset represents approximately
36% of the entire Italian school building stock.

To validate the geocoding results and improve the reliability of the sample, the iden-
tified building footprints were cross-referenced with those available in OpenStreetMap
(OSM) via QuickOSM QGIS plug-in [39]. This comparison allowed the creation of a refined
subset of school footprints used in the identification of typical plan shapes. An overview of
this process is provided in Figure 4.

FOOTPRINT DATA CLASSIFICATOR GOAL

COLLECTION DEFINITION SHARE ELASSIRICATION

Developa list buildingshape
classes to implementa
supervised classification
pipeline
(n=7)

Develop areference GIS
database from the geometries
of unreferenced school
footprints
(n=30,107)

!

Optimisation of spatial datum
to minimi; ic
distortion

Acquire geocoded
coordinates for each school
entry
(n=14,479)

!

Distance-based match
(footprint to nearest geocoded
point)

DISTANCE-BASED
MATCH

— e o —
M e - -

A 4

2' g Manual matching to defined

S : classes of a small, randomly

= d subset of <
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s j (n=1225)

Figure 4. Summary of the shape classification process.

Since a full 3D analysis would be too detailed and resource-intensive for the scope of
this study, the 2D building footprint was used as a practical proxy to capture key spatial
and morphological characteristics. To this end, a classification pipeline was developed
to assign each school to one of seven predefined plan-shape categories (I, L, O, E, H,
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C, and R, where R stands for “regular and compact” shapes), as shown in Figure 5. The
pipeline integrates automated matching of geocoded school coordinates with corresponding
building footprints, followed by an image-based classifier applied to rasterized versions of
those footprints.

c REBAI ' .=\~ L
= merte, 4 QI EBL
H?fﬂfalltn

Figure 5. Predefined shapes alongside some related examples from the Italian school stock.

Because the original school dataset only provided postal addresses, another geocoding
process was first applied to derive precise latitude-longitude coordinates. These geocoded
points served as reference anchors for proximity-based matching routines that linked each
school to the nearest building footprint in the nationwide reference dataset. This proximity-
based approach is standard in GIS spatial analysis, particularly when working with sparse
point data lacking detailed spatial context.

The reference database of building footprints was constructed from GIS data by
querying the OpenStreetMap (OSM) database at the national scale to retrieve all building
outlines and, when available, the perimeter of school complex amenities. The extracted
geometries, originally projected in the WGS84 datum, were subsequently reprojected to
the RDN2008 coordinate system to minimize shape distortion during spatial analysis. This
step was crucial, as the footprints are later classified based on their morphological shape. A
representation of the final Italy project and the position of school complexes and geocoded
addresses is shown in Figure 6.

National-wide project School complexes retrival Appending geocoded addresses

ST

Figure 6. From left to right: Italy project, school complex locations from OSM, and geocoded
address positions.

Distance-based matching was conducted using a fidelity threshold of 300 m, with
matches considered valid only when the distance between the geocoded school address
and the candidate footprint was below this limit. The 300 m threshold, while seemingly
large, was adopted to accommodate cases where geocoded anchors, most often street access
points, are positioned at a considerable distance from the actual school building, such
as when the latter is situated within a courtyard or an enclosed lot. Distances between
the geocoded anchors and the corresponding school buildings were analyzed, revealing a
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median matching distance of 60 to 80 m (Figure 7). This indicates that the selected threshold
was conservative yet reliable, ensuring that most schools were correctly matched while
accounting for occasional cases where access points are located further away from the
building itself. Unlike standard methods that use centroid-to-point distance, this analysis
measured the shortest distance from the anchor point to the perimeter of each footprint
(Figure 7), improving reliability in dense areas with multiple nearby buildings [40]. To
avoid duplicate assignments, matched footprints were removed from the candidate pool
after each successful match. Using this approach, 29% of unique schools in one building
(n = 4151) were successfully linked to a corresponding building footprint.

wq ——————209

Centroid-based match Shape-based match

e

127

Distance-match [m]

- 8 &5 8 8 8 E %

Actual shortest distan ce$ )

Geocoded access anchor

\\ 1

\ Shortest distance ||
\

i \:
i 40 N

Figure 7. Distance calculation method. The X in the boxplot chart indicates the average distance match.

Nearest pointQ

All matched school buildings were exported as 256 x 256 pixel square images. A
randomly selected subset was manually labeled into the seven predefined shape categories to
create a reference dataset for training a supervised classification model (n = 1225, average per
class = 175), allowing the model to learn to categorize new inputs based on labeled examples.

A practical example of the footprint extraction methodology is provided in Figure 8.
The process begins with the coordinates of the point extracted with OSM from the Open
Data Database, which are later used to extract the validated footprints with the QuickOSM
tool. As shown in the figure, the first geocoding from Open Data was not accurate, as the
point does not indicate the exact location of the school. However, the adopted checking
process correctly identified the school (the Kindergarten Carlo Collodi, Lughignano, TV,
Italy, in this case), considering the nearest one within a range of 300 m.

@ 45°37'27.9"N 12°19'27.9"E X

i+ J8FF+QQT Lughignano, Provincia di Treviso

[ Salva nel progetto

Figure 8. Verification of geocoding and footprint extraction framework.
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The building footprint association process achieved an average success rate of 40%
across regions, ranging from a minimum of 20% in Umbria to a maximum of 64% in
Veneto. Regional representativeness is shown in Figure 9, where the percentage of data
kept for the construction of the database for image classification is shown step by step.
Overall, each region is adequately represented in the final dataset, maintaining a rela-
tively constant proportion at each step. The regions most affected by data reduction were
Molise, Valle d”Aosta, and Calabria. Although data loss may appear significant, it is con-
sidered acceptable when accounting for the intrinsic limitations of the public Open Data
dataset and the user-generated, incomplete, and non-uniform compilation of the OSM
database across Italy. Conversely, excluding uncertain and unverifiable records enabled
the construction of robust archetypes that accurately represent school buildings and their
morphological characteristics.
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Figure 9. Comparison between the dataset after the data cleaning and the final one used for shape
classification, following geocoding, footprint extraction, and validation. Regions on the x-axis are
ordered according to the number of schools in the cleaned dataset.

K-nearest neighbors (kNN) was selected as the method for automated classification
due to its simplicity and flexibility in image-based tasks [41-43]. To address the challenges
posed by high-dimensional data and to enhance classification accuracy, each image was
first processed through a pre-trained embedding model, specifically, Google Inception V3.
This deep convolutional neural network extracts compact and meaningful feature represen-
tations from input images, reducing dimensionality and allowing the kNN algorithm to
operate on more informative and manageable data for shape classification [44].

Because the kNN algorithm relies on comparing new input data with previously stored
feature representations, enhancing the diversity of the reference dataset was essential to
improve classification performance. In the case of building footprints, which lack a consis-
tent orientation rule, a dedicated data augmentation process was implemented to expand
the representativeness of the training set (Figure 10). This process addressed two main
objectives: (1) increasing the morphological variety of building shapes by incorporating
additional footprint samples with different geometries and (2) generating multiple rotated
instances of each footprint to account for orientation variability within the image plane.
This approach ensures that the classifier can robustly recognize and categorize building
shapes regardless of their angular alignment or design complexity. Goal (1) was achieved
by training class-specific image generation LoRA models using the Stable Diffusion (SD)
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platform, enabling the generation of synthetic building footprints that comply with the
predefined shape categories [45]. Each LoRA model was trained following the Stable
Diffusion 1.5 LoRA training specifications available in the OneTrainer suite [46], using
the manually labeled dataset (n = 1225), one class at a time. The generated images were
subsequently manually validated, and only those consistent with the intended class were
added to the augmented training set. Goal (2) was addressed by augmenting each reference
image through 16 incremental rotation steps at 22.5° intervals, thereby accounting for
orientation variability [47]. As a result of these combined augmentation strategies, the
expanded reference dataset used to train the kNN classifier increased to a total population
of 22,865 images.

Data augmentation (1): Image generation (GEN-AI, via SD)

PROMPT: “I-class footprint” ——— ‘ - ‘ - ‘ - ‘ - ‘ —_— ' ‘ l l
L J . , ‘- '
==

Footprint generation

Synthetic references

Data aug ion (2): R ion steps
+0° +22.5 +45 +67.5* +90° +112.5 +135 +157.5* +180° +202.5° +225° +247.5° +270° +292.5° +315* +337.5°

Figure 10. Data augmentation process.

For the kNN algorithm, Euclidean distance was chosen as the similarity metric, and
distance-based weighting was applied to give greater importance to closer neighbors. This
approach enhances the model’s discriminative power by reducing the influence of more
distant neighbors, which are less likely to reflect the local decision boundary accurately.
The parameter “k” was initially set to 7, corresponding to the number of image classes to
be recognized, but was later reduced to 5 after accuracy testing demonstrated improved
overall performance with this setting. Lower values were not considered to avoid the risk
of overfitting.

Figure 11 displays the confusion matrices corresponding to the selected parameters
withk=5and k=7.

k=5
Predicted
C E H | L 0 R b3
Actual C 905% 05% 14% 02% 62% 12% 00% 4.650

E 88% 811% 67% 02% 18% 14% 00% 1215
H 17% 04% 961% 00% 15% 03% 02% 3.165
| 04% 01% 02% 954% 15% 00% 24% 3135
L 69% 04% 14% 20% 880% 01% 12% 4395
0 42% 02% 06% 00% 04% 946% 00% 3.705
R 00% 00% 01% 46% 07% 00% 946% 2610
)3 4839 1.046 3278 3.216 4305 3589 2602 22875
k=7
Predicted
C E H | L 0 R )3
Actual C 895% 03% 18% 03% 69% 11% 01% 4.650
E 111% 751% 96% 02% 23% 16% 00% 1.215
H 25% 03% 946% 01% 18% 05% 02% 3.165
| 03% 01% 04% 950% 19% 00% 24% 3.135
L 71% 04% 19% 24% 866% 01% 15% 4395
0 50% 03% 08% 00% 05% 983% 00% 3.705
R 00% 00% 01% 47% 08% 01% 943% 2.610
)3 4.886 969 3322 3225 4311 3550 2612 22.875

Figure 11. Comparison of the confusion matrices for k=5 and k = 7.
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Each row of the matrices corresponds to the true class of the test images, while each
column corresponds to the predicted class. Reading across a row shows how the images
of a specific class are distributed across the predictions. The percentages in each row sum
up to 100%, representing the total number of test images belonging to that class from
the manual labeling process. However, the vertical sums across columns may exceed
100% because misclassified images from other classes can contribute to the same predicted
category. The diagonal entries (highlighted in blue) indicate correct classifications, while
off-diagonal entries (highlighted in red) represent misclassifications. The matrices were
generated using a 5-fold cross-validation approach. In this method, the dataset is divided
into five equally sized folds. At each iteration, four folds are used for training, while the
remaining fold serves as the testing set. This process is repeated five times, with each fold
serving as the validation set exactly once. The final accuracy is calculated as the sum of the
classifications across all iterations, providing a more reliable and stable estimate of model
performance compared to a single train—test split. Similar applications of cross-validation
are commonly performed with 5 to 10 folds; however, in this case, the training dataset was
relatively small, so 5 folds were selected to ensure enough samples in both the training
and testing sets [48]. The confusion matrices map the proportion of actual samples that
were correctly or incorrectly classified across all classes. With k = 5, an average accuracy
of 91.4% was achieved, meaning that most images were correctly associated with their
respective class. The reported average accuracy value was obtained by calculating the
mean of the percentages of correctly classified images across all classes. This represents
an improvement over the initial setting of k = 7, which produced an overall accuracy
of 89.7% and exhibited a notably lower performance of 75.1% for class E. In addition, a
performance comparison was conducted to evaluate the accuracy improvements provided
by data augmentation. Figure 12 shows the resulting confusion matrices, comparing the
performance of the kNN classifier trained on the manually labeled dataset (n = 1225) with
that trained on the augmented dataset, expanded through both SD synthesis and rotation
permutations (n = 22,875). The results highlight a substantial increase in classification
performance: the average proportion of correctly classified images rose from 69.2% with
the original dataset to 91.4% after data augmentation, demonstrating the effectiveness of
this approach in enhancing model accuracy.

k = 5, without data augmentation (n = 1225)
Predicted

C E H | L 0 R )3
Actual C 653% 00% 50% 18% 187% 87% 05% 219
149% 459% 257% 00% 95% 41% 00% 74
1.0% 12% 712% 18% 98% 37% 12% 163
16% 05% 21% 829% 86% 00% 43% 187
184% 13% 33% 84% 661% 08% 1.7% 239
260% 00% 45% 00% 28% 638% 28% 177
12% 00% 12% 60% 18% 00% 898% 166
267 40 168 192 246 143 169 1.225

Moz or _xTm

k = 5, with data augmentation (n = 22875)

Predicted
C E H | L 0 R )3
Actual C  905% 05% 14% 02% 62% 12% 00% 4.650
88% 81.1% 67% 02% 18% 14% 00% 1215

17% 04% 9%1% 00% 15% 03% 02% 3.165
04% 01% 02% 954% 15% 00% 24% 3135
69% 04% 14% 20% 80% 01% 12% 4395
42% 02% 06% 00% 04% 946% 00% 3.705
00% 00% 01% 46% 07% 00% 946% 2610
4839 1.046 3278 3216 4305 3.589 2602 22875

M3z or_xTm

Figure 12. Comparison of confusion matrices for kNN classification using the two training datasets:
above, manually labeled images only; below, enhanced through data augmentation to increase the
number of samples.
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The kNN classification was applied to the full set of retrieved building footprints
(n = 4151) using the parameters (k = 5, Euclidean distance, distance-based weighting).
For each classified image, the algorithm computes a class probability, representing the
proportion of the k-nearest neighbors that belong to the predicted class. Across the dataset,
the average value for the highest-class probability per footprint was 76%, indicating that,
in most cases, a strong majority of the nearest neighbors aligned with the predicted label.

3.3. Final Dataset Creation and Relevant Features

To create a new dataset of geocoded and classified schools, the obtained building
shapes were associated with the following:

e  The footprint area extracted with QuickOSM, the number of floors, and the gross
volume from the Open Data platform;

o  The heating degree days and the climatic areas (D.PR. 412/1993 [12]) of the related locations;

e  The school type macro-category (kindergarten, primary, middle, or high school).

This final dataset enables the classification of the Italian school building stock accord-
ing to type, shape, and school grade. It allows for a consideration of both the varying
needs of students across age groups and the different strategies applicable in diverse
climatic conditions.

From this analysis, it was possible to reconstruct a reference educational building (REB)
for primary schools, which emerged as the most common school type in Italy, following the
requirements of DM 75, since most of the buildings were constructed after the promulgation
of this law, as is visible in Figure 1. This standard provides, for each school grade, the
minimum requirements for the different functional uses.

4. Results and Discussion

This section illustrates the main results of the morphological classification, focusing
on the distribution of school building shapes and their geometric features. It also presents
the definition of a reference primary school model and discusses the implications for
energy-retrofit strategies.

4.1. School Shape and Related Geometrical Features Definition

In Italy, it is common for a school structure to host two or more school institutions
(e.g., a primary and a middle school in the same building), especially in smaller municipali-
ties. Since the present study compares different databases and aims to establish a unique
key to correlate each building with the specific school activities taking place, only buildings
housing exactly one institution were selected. In practical terms, only the buildings where
the ratio between the school code (codicescuola) and the building code (codiceedificio) is 1:1
were considered. After the geocoding process, it is not possible to determine whether a
school building hosts one or more school institutions; therefore, this criterion enables a
stronger and more certain association between the geocoded footprints database and the
one containing the geometrical data, allowing the creation of more realistic and reliable
school archetypes. Furthermore, this restriction ensured a clearer attribution of shape and
layout characteristics to a specific school type, avoiding overlaps or hybrid configurations
that may result from shared-use facilities.

Based on this filtered dataset, a typological matrix (Figure 13) was developed to
represent the most common building shapes across school levels and Italian climatic areas.
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Figure 13. Typological matrix of primary school buildings, showing the most common shape by
climatic area and construction year.

Coupled with the typological matrix in Figure 13, Table 3 shows the number of
buildings in each category and key geometrical data (the median footprint area and the
median number of floors) associated with each identified shape. Median values were used
to provide a more representative overview of the dataset, as mean values can be skewed
by outliers, whereas the median more reliably reflects the overall trend of the distribution.
In addition, this approach provides contextual representativeness, which is essential for
reconstructing representative models of the population.

Table 3. Geometric features of primary school by shapes.

Shape Nr. of Buildings Floors (Median) Area (m>—Median)
C 117 3 1542.3
E 18 3 1574.4
H 205 2 1708.9
I 227 3 897.7
L 223 3 1186.1
O 13 2 1565.3
R 319 2 713.6

In addition to this summary table, Appendix B provides a detailed statistical analysis
of the number of floors, gross volume, and gross area, displaying violin plots with the most
meaningful statistical indicators.

The classification process led to the identification of four recurrent building shapes
for primary schools (H, I, L, and R) that can be further grouped into three sub-categories,
based on similarities in spatial layout and expected thermal behavior:

e Linear shapes: I, L;
e  Compact shapes: R, O;
e  Complex shapes: H, C, E.
From this clustering, it emerged that primary schools in Italy have between two or

three floors and a footprint area ranging from 714 m? to 1708 m?, depending on the number
of classrooms that a school can host.
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4.2. Example of a Reference Primary School

The adopted approach led to a data-driven, structured definition of REBs based on
actual building stock characteristics, providing a reliable foundation for further energy
analysis, modeling, and intervention planning.

The school building graphically depicted in Figure 14 represents an example of a
typical primary school compliant with DM 75 and characterized by an I-shape, as defined
in the methodology section. According to this standard, primary schools are characterized
by a minimum of 5 classrooms and a maximum of 25, corresponding to a minimum number
of 75 students and a maximum of 625. In addition to this information, DM 75 specifies
the key functional area requirements per destination of use (classroom, circulation zones,
service, administrative offices, common areas like the canteen), stipulating a minimum area
requirement per student of 5.21 m?, with 1.8 m?/student dedicated to classroom spaces.
A detailed breakdown of surface requirements per student is provided in Table A2 of
Appendix C, alongside Table A3, which lists the minimum internal height for the different
functional areas.

F_01
- F_02

T_. 17.5 _T
;T
—

0 5 10 20

—— ]
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mm Canteen

mm Classroom (normal and special activities)
3 Horizontal connection
m Vertical connection
3 Bathroom and locker room
mm Offices, extra activities
and other uses

Figure 14. Example of a reference educational building for primary schools—I-shape. S/V: 0.36.
Classrooms: 20. Expected students: 500.

The reconstruction is based on elementary modular units that reflect the spatial and
functional organization suggested in the Italian decree.

The building consists of three floors above ground. The ground floor has a rectangular
footprint measuring 49 x 17.5 m, yielding a total footprint area of 857.5 m2.

Each floor plan is organized in a highly rational and functional manner, prioritizing
accessibility, clarity of circulation, and modularity. The spaces are distributed according
to function:

e C(Classrooms (green) are the predominant space and are distributed evenly across
all levels;

e  Horizontal and vertical circulation areas (yellow/orange) facilitate efficient circulation
and accessibility, ensuring compliance with current standards;

e Administrative and complementary spaces (purple) include offices, support services,
and areas for extracurricular activities;

e  Restrooms and locker rooms (blue) are strategically positioned for shared access;
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e  The canteen (red) is situated on the ground floor for direct access from the main entrance.

The building’s layout aligns with both pedagogical needs and regulatory compliance,
offering a balance between learning environments, communal areas, and support spaces.
Based on the total gross surface area of approximately 2572.5 m? across all three floors, the
functional breakdown by area type is reported in Table 4.

Table 4. Internal space distribution of the reference educational building for the ground floor.

Function Color Area (m?) Percentage
Classrooms Green 401.6 46.8%
Circulation (horizontal/vertical) ~ Yellow/Orange 2535 29.6%
Restrooms and Locker Rooms Blue ’ e
Canteen Red 115.2 13.4%
Administrative/Extra functions Purple 87.2 10.2%
Total - 857.5 100%

4.3. External Validity Considerations

In recent decades, building stock modeling has been widely used to quantify and
evaluate the current and future energy and indoor environmental quality performance of
large numbers of buildings at the city, regional, or national level. Building stock models
commonly use building archetypes, which aim to represent the diversity of building stocks
through frequently occurring building typologies.

The taxonomy proposed in this work could be slightly adapted to reflect interna-
tional differences.

Adaptation to other countries would, at a minimum, requires the following:

e  Mapping the buildings into appropriate climate bins (e.g., ASHRAE or EN ISO classi-
fications) to account for boundary conditions that strongly influence indoor environ-
mental quality and energy performance;

e Aligning the taxonomy with national or regional regulations and school building
standards, which often determine performance thresholds for IEQ parameters.

A necessary starting point for any adaptation is the availability of open data on the
school building stock. Several national databases already exist, covering aspects such
as school registry information, geolocation, demographic data, and patterns of space
use (e.g., in France [49], Germany [50], Spain [51], the Netherlands [52], Sweden [53],
Australia [54], and New Zealand [55]). However, information on the construction character-
istics and the conservation status of buildings is often more limited. More comprehensive
datasets can be found in the United Kingdom [56] and in some states of Canada [57,58]
and the U.S.A. [59], although not always in open-access format. In other contexts, a pos-
sible strategy would be to cross-reference geolocated school registry data with national
building registries that cover the entire stock of real estate, including school facilities
(e.g., Denmark [60]).

For adaptation to other public building typologies, the taxonomy should be revised by
consulting state-of-the-art databases and literature for the target typology (e.g., hospitals,
offices, libraries), to integrate use profiles, occupancy patterns, and specific regulatory
requirements. Nevertheless, the hierarchical organization and logic of the taxonomy can be
maintained, allowing comparability across building types.

5. Conclusions

This study presents a novel and replicable methodology for the large-scale morpholog-
ical classification of buildings, applied in this case to the Italian school building stock, an
area that could greatly benefit from the strategic planning of renovation interventions. A
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clearer and more precise understanding of the morphological characteristics of large public
building stocks can substantially enhance the accuracy of energy performance analyses,
given the well-established influence of building shape on energy behavior.

Starting from an initial public dataset comprising over 40,000 school buildings, the
research developed a taxonomy of recurring morphological types, offering a systematic and
data-driven insight into the shape patterns of the existing educational stock. By employing
k-nearest neighbors (kNN) image classification techniques, based on a combination of real,
manually labeled school footprints and synthetically generated ones, typical Italian school
shapes were successfully identified. Additionally, a reference educational building model
for primary schools, the most widespread typology in Italy, was created according to refer-
ence regulatory standards to support energy performance simulations and assessments.

From a practical perspective, this taxonomy provides policymakers, designers, and
public administrations with a strategic framework to prioritize and tailor retrofit interven-
tions according to the specific morphological features of each building category. In doing
so, it supports the development of more effective, scalable, and context-sensitive policies
for the renovation and decarbonization of the educational sector at the national level.

This study relies on publicly available datasets, which may be incomplete, outdated,
or lacking in critical information. Since the analysis is specifically tailored to the Italian
school building stock, the findings may not be directly generalizable to other building types
or national contexts. While morphological classification provides a valuable framework
for organizing and understanding the building stock, it also introduces a certain level of
simplification. In particular, the reliance on 2D building footprints, whether derived from
GIS data or synthetically generated images, overlooks the vertical dimension of buildings
(such as height and number of floors), which plays a crucial role in determining energy
performance. This information would be derived from additional public datasets, although
these sources may still be subject to the same limitations noted previously.

The clustering of data and image recognition using the k-nearest neighbors (kNN)
algorithm is suitable for the specific task addressed in this study, given the task involved
and the use of black-and-white images. Nevertheless, this method may be insufficient for
more complex classification tasks or higher-dimensional datasets, where advanced deep
learning models would likely offer better performance.

A further limitation lies in the absence of a direct connection between the defined
morphological categories and actual measured energy performance data. This gap limits
the ability to validate the real impact of retrofit strategies on energy efficiency. Although
the study includes the development of a reference model for primary schools (Italy’s
most prevalent typology), it may not fully capture the diversity of local architectural
variants. However, the intention was to provide an average and representative contribution,
leveraging a broader dataset than those typically used in the literature, while recognizing
the inherent challenge of obtaining detailed information for such a large number of schools.

Future research could focus on the systematic identification of reference energy build-
ings (REBs) representative of the wide variety of school buildings, considering differences
in school grades, construction typologies, and climatic zones. This would enable the cre-
ation of benchmark models that reflect the real diversity of the educational building stock.
In parallel, it would be essential to identify typical renovation interventions associated with
each REB cluster, thus supporting the development of targeted, scalable, and cost-effective
deep renovation strategies aligned with national and European decarbonization goals.

As future developments of this research will include not only energy performance but
also comfort analyses, the adoption of parametric studies will be required to systematically
explore multiple scenarios. Consequently, parameters such as orientation, boundary condi-
tions, and possible alternative functions were intentionally left undefined at this stage. In
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line with current literature emphasizing the decisive role of building form and the surface-
to-volume ratio (S5/V), the definition of solid and reliable three-dimensional archetypes
constitutes a significant outcome of the present work. These archetypes provide a robust
and reliable foundation for subsequent investigations, enabling both energy and comfort
evaluations across a wide range of parametric configurations and operational conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

GIS Geographic Information System

kNN k-nearest neighbors

HVAC Heating, ventilation, and air conditioning
EPBD Energy Performance of Buildings Directive
HDD Heating degree day

GG Gradi Giorno

S/V Surface-to-volume ratio

EUIL Energy use intensity

RSE Ricerca Sistema Energetico

HDBSCAN  Hierarchical Density-Based Spatial Clustering of Applications with Noise
MBF Microsoft Building Footprint

OSM OpenStreetMap

SD Stable diffusion

DM 75 Decreto Ministeriale 18 dicembre 1975, n. 29
Appendix A

Every municipality in Italy is classified into one of six climatic zones (A to F) based
on heating degree days, a parameter that quantifies the heating demand of a location.
This classification, established by D.PR. 412/1993 [12] and referenced in the “Decreto
Requisiti Minimi” [61], plays a fundamental role in national energy regulations, as different
thermal transmittance limits (U-values) for building envelope components are prescribed
for each climatic zone, ensuring that energy efficiency measures are appropriate to the local
climate. In addition, the classification is used to regulate the permissible operation periods
of heating systems, with maximum daily operating hours and activation periods defined
according to the zone’s severity.
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Climatic zones are determined by the annual sum of the positive differences between
a base temperature (20 °C) and the daily mean outdoor temperature, on all days when the
average temperature falls below this threshold, expressed in degree days (Table A1).

Table A1l. Italian climatic zones’ classification.

Climatic Zone Heating Degree Days (HDDs)

<600
600 < HHD < 900
900 < HHD < 1400
1400 < HHD < 2100
2100 < HHD < 3000
>3000

TEHTON®mE >

The Italian school system is divided into four main educational stages, each tailored
to specific age groups and learning goals, listed as follows.

Kindergarten: attended by children aged 3 to 5, this stage is not mandatory but
widely attended.

Primary school: starting at the age of 6 and lasting until the age of 10, this five-year
compulsory stage introduces students to the fundamentals of reading, writing, mathematics,
science, history, and geography.

Middle school: for students aged 11 to 13, it is compulsory and lasts three years. It
offers more structured, subject-specific instruction.

High school: designed for students aged 14 to 18, this five-year stage offers different
pathways, as there is the possibility to choose between academic (e.g., classic, scientific,
artistic schools), technical, and professional schools.

Appendix B
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Figure A1. Gross dimensions of the classified primary schools.
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Figure A2. Detailed breakdown of the number of floors by climatic zone and building shape.



Energies 2025, 18, 4953

25 of 29

Shape Class C

Shape Class E

Shape Class H

Shape Class |

Shape Class L

Shape Class O

Shape Class R

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

10000

8000

6000

4000

2000

Climatic Zone B

Gross footprint area (m?)

Climatic Zone C

Climatic Zone D Climatic Zone E

Climatic Zone F

T

=t

(a)

Climatic Zone B

Gross volume (m?)

Climatic Zone C

Climatic Zone D

Climatic Zone E

Climatic Zone F

25000

20000

15000 -

10000 4

Shape Class C

5000

0

25000

20000

15000 -

10000 -

Shape Class E

5000

H

25000 4

20000

15000 -

Shape Class H

10000 -

5000

25000

20000

15000 4

Shape Class |

10000 -

5000

25000 4

20000

15000

10000 -

Shape Class L

5000

25000

20000

15000

10000 -

Shape Class O

5000 +

B | (G | (= |

25000 4

20000 4

15000 -

Shape Class R

10000 4

5000 4

(b)

Figure A3. Detailed gross footprint area (a) and gross volume (b) by climatic zone and building shape.
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Appendix C

Table A2. DM 75 area requirements for primary school.

Primary School
Activity Description m?/Student
Teaching activities
Regular activities 1.80
Inter-cycle activities 0.64
Total surface index related to teaching activities
Min. 2.44
Max 2.70
Collective Activities
Supplementary and 0.40
extracurricular activities: ’
Canteen and related services 0.70
Complementary Activities
Teachers’ library 0.13
Sum of partial indices
Min. 3.67
Max. 3.93
Circulation and sanitary facilities (42% of the previous sum)
Min. 1.54
Max. 1.65
Total net surface index 5.21
Maximum total net surface index 5.58
Table A3. DM 75 minimum floor height requirements.
Type of Space I;\;[ :;;Tam) Notes
1  Pedagogical unit spaces (classroom) 300 Qfﬁn@iﬁiﬁﬁinﬁnhiz;fg;%)O(I:)rid
Group work areas 240
2 Specialized teaching spaces 300 . s
I fptiere d: lowest pa;gt’ p 240 With flat floor and ceiling.
3  Laboratories and workshops According to specific regulations.
4  Communication and information spaces:
(i) Library 300
Carrel area 210
(if) Auditorium and multipurpose activity hall:
If tiered: lowest part 240
Highest part 420
Without tiers 420
5 Physical education spaces: In case of an A2-type gymnasium with a
Type A gymnasium 540 volleyball court installation (point 3.5.1.),
Type B gymnasium 720 the minimum height must be 720 cm.
6  Circulation spaces 240
7  Administrative and medical examination spaces 300
8  Dining spaces:
(a) if in a niche up to 30/35 m? 240
(b) in all other cases 300
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