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Abstract

The fragmentation of knowledge across multiple sources and players, coupled with limited

access to information, is one of the main challenges for the performance-based management

of heritage buildings. Despite recent research efforts in the field of Heritage Building

Information Modelling (HBIM), this technology alone is insufficient for managing the

variety of data related to building performance and is challenging for stakeholders without

digital expertise to adopt. These limitations, along with advancements in knowledge

technologies, have led to the emergence of federated data modelling approaches as a core

strategy for managing the complexity of buildings’ operational information. To address

data fragmentation, this research proposes a methodology for linking heterogeneous data

on historic building performance. The approach structures heterogeneous data, gathered

from multiple sources—HBIM models, sensors, and energy bills—into knowledge graphs

that enable semantic integration, cross-domain queries and support interactive visualisation.

As part of the BeTwin research project, the methodology is validated through its application

to a case study in the Appia Antica Archaeological Park (Rome, Italy).

Keywords: built heritage; building performance; decision support systems; building

information modelling; knowledge graphs; digital twins

1. Introduction

Collecting reliable, systematised information to assess the energy performance of

historic buildings is a fundamental step toward planning management strategies that

improve efficiency without compromising heritage values. Nonetheless, obtaining accurate

data in these contexts presents notable difficulties, particularly regarding the detailed

characterisation of construction and mechanical systems.

Unlike modern constructions, heritage buildings are often characterised by unique and

complex components, outdated construction techniques, and traditional materials whose

thermal behaviour cannot be easily predicted using standard, contemporary theoretical

models. Regarding the building envelope, for example, researchers highlight uncertainties

in understanding thermophysical properties, owing to moisture and material inhomogene-

ity [1]. The development of non-destructive methods, such as infrared thermography [2,3]

and heat flux meters [4,5], led to the spread of tools capable of providing the critical pa-

rameters needed for energy diagnostics; however, these are not the only data required

for performance characterisation. Beyond physical measurements, analysing historical
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documentation, archival data, and energy bills, as well as conducting geometric surveys

and monitoring occupancy patterns and environmental conditions (e.g., through sensors),

are crucial for building comprehensive knowledge bases.

Significant issues in the data collection process arise because, for these buildings,

much of this information is difficult to obtain, time-consuming to gather, or, if already

available, is spread among many actors in diverse formats, forming unconnected data

silos [6]. Consequently, every time such data are needed from building managers (e.g.,

for conducting energy audits or planning renovation interventions), it must be requested

from multiple actors, a process commonly carried out through several email or verbal

requests that leads to information loss, frustration, and wasted time and resources during

information exchange [7]. Additional problems occur because of the fact that performance

data is not static and varies over time. This dynamism may not be compatible with the

usual slowness of the data collection process.

In this perspective, two main gaps need to be filled. The first involves systematising

performance data in digital environments so that building managers can access it quickly

and efficiently, thereby using it to support their data-driven energy management decisions.

Second, to build these digital systems, there is a need for knowledge modelling frameworks

and technologies capable of hosting the different types of data characterising historic

buildings and linking them within a systemic vision. These are two crucial prerequisites

that, in addition to accelerating data collection, can lead to a shift in the performance-

based management of historic buildings, here understood as the systematic process for

monitoring, analysing, and evaluating building performance to align management practices

with organisational goals in terms of efficiency and sustainability [8].

In response to these challenges, this paper presents a knowledge-modelling process

that enables linking a set of building data collected from different sources in heterogeneous

formats and forming robust knowledge bases for easy data querying and retrieval in sup-

port of building management processes. At the core of the methodology is a Federated

Data Modelling (FDM) approach, a decentralised approach that creates virtual intermedi-

ate layers connecting disparate data systems, enabling seamless access, integration, and

analysis of distributed information as if it were in a single, unified database [9].

To operationalise the FDM methodology, the research adopts information technologies

such as HBIM and Knowledge Graphs (KGs), leveraging the BTwin toolkit, a low-code,

open-source solution for prototyping web-based decision support systems (DSSs) for

building management developed at the University of Bologna [10]. The method is applied

in a real environment—the Capo di Bove building complex, a representative case study

drawn from the Parco Archeologico dell’Appia Antica (PAAA), located in Rome (Italy).

In previous work, the Italian National Agency for New Technologies, Energy and

Sustainable Economic Development (ENEA) compiled a comprehensive dataset for this

complex, combining geometric surveys, non-destructive tests, in situ investigations, en-

vironmental monitoring, and energy bills [11]. This dataset supported the assessment of

envelope thermal behaviour, indoor environmental conditions, and operational perfor-

mance, providing a basis for energy audits. In the present study, these data are structured

within a Knowledge Graph (KG) using a Federated Ontology Framework (FOF) to feed a

user-friendly web application that visualises key performance indicators through intuitive

dashboards. The outcome is a prototype platform that enables managers to extract relevant

information for performance-based management easily.
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2. Background and Related Works

2.1. Information Modelling for Heritage Buildings

The fragmentation of data among multiple stakeholders and within isolated silos is

one of the most significant challenges to the digitalisation of the built heritage field.

This issue has been addressed in recent years by many research efforts, aiming to boost

the digital transition of the sector, which have proposed a suite of frameworks, tools, and

methods to harmonise heterogeneous data sources and converge data collection campaigns

into unified digital systems [12]. Such systems, briefly described in this section, allow the

production of information models or, more generally, databases to capture the geometric

composition of heritage asset elements and enrich them with relevant information, for

instance, concerning performance characteristics.

One of the most well-known technologies is HBIM, a methodology introduced by

Murphy et al. in 2009 [13] that, due to its high potential and despite its substantial limita-

tions, is still in development nowadays [14]. In contrast to the BIM methodology, which

usually focuses on the design and construction of new buildings, the addition of the letter

H (“historic” or “heritage”) to the acronym shifts the attention to the digital representation

of the issues characterising heritage buildings and the procedures for managing and safe-

guarding them. HBIM therefore adapts all the methodological aspects of BIM, which aim

to create digital models for managing data throughout the entire life cycle of a building, to

more specific building components of built cultural heritage [14,15].

Despite its theoretical capability to promote standardised approaches for managing his-

toric buildings’ data and sharing knowledge between the different actors involved in build-

ing management [16], HBIM still presents several bottlenecks that hinder its widespread

adoption in professional practice. On the one hand, current commercial BIM software has

inherent limitations because it is primarily co-designed for new construction. This makes it

difficult to standardise the semantics of heritage structures and to model the customised

geometries of historic assets in 3D accurately [14]. On the other hand, HBIM—and BIM

in general—is not intended for managing dynamic or time-series data. Therefore, to en-

able continuous performance monitoring over time, it needs to be integrated with other

technologies within more articulated digital systems, such as Digital Twins (DTs) [17].

2.2. Knowledge Technologies for Data Integration in AECO

To face the data fragmentation issue, recent years have seen a growing interest in

semantic web technologies and Linked Data (LD), which, initially developed in the IT

domain, have begun to be adopted within the Architecture, Engineering, Construction,

and Operations (AECO) [18]. Researchers have indeed recognised that LD’s adaptable and

scalable nature can facilitate the incorporation of varied information sources, such as BIM

and HBIM, as well as the Internet of Things (IoT) and Geographic Information Systems

(GIS), without being confined to a static data structure [19].

In particular, graphs have emerged as a core technology for federating cross-domain

data in the construction industry, enabling interoperability among available sources [20,21].

These are data structures that represent the entities of a given domain and their interconnec-

tions as networks composed of nodes, corresponding to objects, and edges, corresponding

to the relationships between them. In such structures, both nodes and edges can store

attributes and properties (as in Property Graphs, PGs), semantic labels (as in Labelled

Property Graphs, LPGs), or ontological references (as in Knowledge Graphs, KGs) [22].

The inherent structure of KGs allows data to be linked to ontological concepts, which

unambiguously define their semantic meaning and provide contextual information. In

this way, KGs facilitate a structured yet flexible representation of a domain in accordance

with LD principles, thereby fostering interoperability among heterogeneous data environ-
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ments [23]. For this reason, they are ideally suited to operationalising the FDM approach

within the AECO context. In addition, compared to more traditional structures like rela-

tional databases, graph database engines typically use storage structures that are more

efficient for managing interconnected data. This architecture reduces the computational

cost of queries involving transversal connections, thereby speeding data retrieval. As a

result, in modern DSSs, graph-based models often constitute the core layer for data retrieval,

supporting the direct development of visualisation services on top of them.

2.3. Federated Data Modelling for Building Performance Management

In the FDM approach, ontologies are essential to attribute semantic and contextual

meanings to the KG. As the core semantic structure of KGs, ontologies provide formal,

shared descriptions of concepts, properties, and relationships within a given domain,

enabling the adoption of a common vocabulary that ensures consistent structure, logical

reasoning, and unambiguous data exchange [24].

Given their fundamental role and the adoption of knowledge technologies, AECO

research has focused on developing ontologies for multiple purposes, spanning from

building design to performance management. This development has led to several scientific

initiatives in the field. For instance, the Built Environment Ontology Lookup Service

was created to support practitioners with a publicly accessible, expert-validated online

repository of AECO ontologies [25].

A literature review by Pritoni et al. [25] recently examined the wide range of on-

tologies supporting building energy applications. In this paper, we limit ourselves to

presenting only those relevant to the methodological section (Section 3) (i.e., IFC, BOT,

Brick, SSN, SOSA, and EM-KPI), leaving the reader to investigate the topic further through

the referenced work.

IFC (Industry Foundation Classes) is the open standard for BIM; maintained by

buildingSMART International, it provides standardised, vendor-independent and machine-

interpretable definitions for all aspects related to the physical and functional properties of

a building [26]. BOT (Building Topology Ontology), instead, is an ontology developed by

the W3C Linked Building Data Community Group [27]; it provides a concise vocabulary

for defining the fundamental concepts related to buildings’ spatial elements and their topo-

logical relationships. Brick is an open-source metadata schema tailored to smart buildings;

it standardises the representation of physical, logical, and system assets (e.g., HVAC zones,

sensors) and their interconnections for operational analytics [28]. While SSN (Semantic

Sensor Network Ontology) and its simplification, SOSA (Sensor, Observation, Sample, and

Actuator), are ontologies that model sensors, their observations, deployments, procedures,

and actuators, supporting semantic annotation of building-automation data [29,30]. Finally,

EM-KPI (Energy Management Key Performance Indicator Ontology) is an ontology that

defines a structured vocabulary for energy-performance indicators at building and district

scales, facilitating reporting, benchmarking, and analysis of energy management data [31].

Each of these ontologies focuses on one or more subdomains of buildings, but cannot

cover the entire domain through an “all-encompassing” approach. Therefore, they are

usually combined under FDM frameworks to provide cross-domain digital representation.

For example, Merino et al. [6] leveraged both IFC and Brick within a KG framework

to create a DT of an educational building for HVAC fault detection and diagnosis in FM.

Similarly, Chamari et al. [32] explored the integration of building management systems,

IoT, and BIM using RDF (Resource Description Framework) graphs based on IFC and

Brick schemas, and proposed a hybrid workflow for handling time-series sensor data.

Ramonell et al., working with Neo4j, a well-known graph database engine, proposed an
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LPG architecture that semantically maps multiple ontologies, positioning the graph as the

interoperability backbone of their digital twin system [21].

Applications in the heritage field were also developed. For instance, Niccolucci

and Felicetti [33] presented the Heritage Digital Twin Ontology, where HBIM-derived

structural and material information feeds into a semantic graph that integrates real-time

sensor streams. Hosamo and Mazzetto proposed an ontology-based KG for heritage

building conservation purposes [34]. Or, Falcone et al. [35] proposed a graph-based data

management workflow that integrates HBIM-derived 3D models with a property graph for

continuous monitoring of cultural heritage assets.

All these contributions underscore the importance of KG as an ontological and seman-

tic core layer for data interoperability within DSS.

2.4. Research Context

To address data fragmentation in historic building performance characterisation pro-

cesses, this research introduces an FDM approach to link building-related information from

multiple sources, stored in heterogeneous formats. The method consolidates fragmented

data into a robust knowledge bases that enable efficient data querying and retrieval to

support building management processes.

The methodology is validated through a significant case study, which serves as the

foundation for a prototype DSS that provides building managers with user-friendly dash-

boards to facilitate access to KPIs. Although the methodology is here applied to energy

performance data, the proposed approach is adaptable to other categories of performance-

related information within the built heritage domain.

This work falls under the BeTwin research project at the University of Bologna (“Build-

ing Digital Twins for Built-Heritage Performance-Based Management”), advancing the

foundations presented in previous research [10,36,37]. It was conducted through a collabo-

ration with ENEA and PAAA, which, within the activities of the Electric System Research

Plan 2022–2024 [11], collected a vast amount of data about some buildings located in

the park.

In particular, within the PAAA’s portfolio, the Capo di Bove complex was selected as a

representative demonstration site. This choice was motivated by several factors, including

its relevance as a medium-sized protected historic complex with forthcoming energy

renovations, its suitability for testing non-invasive and potentially energy-retrofit solutions,

and the opportunity to collaborate with building administrators during data collection.

3. Methodology

3.1. Workflow Overview

In this section, we describe the FDM methodology used in the research, along with

the tools employed. Figure 1 depicts the workflow followed for delivering the federated

KG and the connected prototype DSS. It consists of the following phases:

• Data acquisition: collection and acquisition of the primary data;

• Data modelling: realisation of the HBIM model and preprocessing of the time-series;

• Data processing: aggregation of the raw data and calculation of relevant KPIs;

• Data integration: data linking via the federated KG;

• Data visualisation: visualisation of performance data in interactive dashboards.

https://doi.org/10.3390/buildings16010027
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Figure 1. Methodological workflow for delivering the federated KG and the prototype DSS.

3.2. Data Acquisition Phase

For the chosen case study, the data acquisition process, performed by ENEA, was

oriented toward collecting the data needed to conduct an energy audit, using the ISO 52016

method [38].

First, archival research was conducted to gather all relevant data on the buildings, their

contexts, and their chronological features. Direct surveys were conducted thanks to the

support of the PAAA’s staff, including metric measurements, photographic documentation,

site visits, and non-destructive investigations, such as infrared thermography and heat

flux measurements, to, respectively, identify thermal bridges, material discontinuities, and

stratigraphic differences, and estimate the actual thermal resistance of the key opaque

envelope components. These investigations enable a detailed characterisation of the en-

velope, resulting in a CAD inventory of opaque and glazed components with geometric,

construction, and thermophysical properties (where possible, measured; otherwise, de-

duced). After this, data on the main components of the mechanical and electrical systems

were collected and summarised in an XLSX inventory. Electricity utility bills were also

gathered. Finally, using temperature and humidity sensors, microclimatic monitoring was

conducted in several main spaces to understand indoor environmental conditions.

At the end of the campaign, both static and dynamic data were available. The static

data concerned the spatial organisation of the selected site, as well as the material, con-

struction, age, and thermal-physical properties of the building elements. The dynamic

data consisted of CSV time series containing monthly utility billing records and hourly

environmental monitoring data.

3.3. Data Modelling Phase

The first action in the data modelling phase was the delivery of HBIM models, which

were realised through Autodesk Revit 2023, using the data acquired in the previous phase.

The main aim of the HBIM process was to produce information models containing

relevant data on the spatial layout of buildings, the material characteristics of envelope and

partition components, and the positioning of sensors. The relevant data about construction

components was taken from the envelope element inventory furnished by ENEA (also

reported in the 2023 extended report entitled “Energy efficiency of historic and listed

https://doi.org/10.3390/buildings16010027
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building complexes: characterisation of real case studies (LA1.4)” [11]) and inserted within

element types. Table 1 and Figure 2 depict an example of significant material data for a

masonry type.

Table 1. Example of table relating to the Conference room Masonry (CB-M1) [11].

Layer Description Thickness
(m)

Thermal Conductivity
(W/mK)

Thermal Resistance
(m2K/W)

Density

(Kg/m3)
Specific Heat

(J/KgK)
Thermal Transmittance

(W/m2K)

Rsi - - 0.1299 - - -

1 Internal
Plaster

0.02 0.7 0.029 1400 1000 -

2 Bricks 0.05 0.36 0.137 600 840 -
3 Air gap 0.06 0.18 1.33 1008 -
4 Tuff blocks 0.6 0.7 0.86 1600 1000 -

Rse - - 0.04 - - -
0.73 1.373 1.376 - - 0.727

 

Figure 2. Custom parameters according to project requirements.

Several constraints arose during the modelling. For instance, in some cases, given the

stratigraphic complexity, the masonry was simplified into homogeneous sections, main-

taining the prevailing stratigraphy as a reference. Moreover, modelling has required the

definition of customised parameters. These were managed using Revit’s parameter func-

tions for “Window”, “Wall”, “Floor”, “Door”, and “Roof” object categories (see Figure 2).

After producing the HBIM, time-series data were prepared for ingestion into the DSS.

To maximise computational performance, billing records and sensor readings were

stored in two different dedicated SQLite databases: the Energy Bill Database (EBDB)

and the Indoor Environment Database (IEDB). These time-series databases utilise a mini-

mal schema comprising the sensor’s unique identifier, the timestamp, and the measured

value and its corresponding unit, enabling rapid sequential writes, efficient indexing, and

lightweight storage.

Referential integrity between time-series observations and the element metadata stored

in the HBIM was maintained by linking each record to its corresponding element via the

https://doi.org/10.3390/buildings16010027
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element identifier. In particular, each observation in the EBDP was linked to an energy

meter ID, and each observation in the IEDB was linked to a sensor ID.

3.4. Data Integration Phase

The data integration phase was articulated according to three main subphases, which are:

(1) the establishment of an FOF;

(2) the serialisation of data;

(3) the generation of the KG.

3.4.1. Federated Ontology Framework

To enable data integration, an ontology federation process was implemented to identify,

map, and interlink all the entities and relationships that define the building performance

knowledge domain.

This process resulted in the creation of a Federated Ontology Framework (FOF), a high-

level semantic layer designed to connect and coordinate multiple existing ontologies, each

developed independently and focused on a specific domain aspect (e.g., topology, sensors,

systems, etc.). The FOF acts as a bridge between many subontologies by establishing

correspondences between equivalent or related concepts and defining how data from one

ontology can be interpreted in relation to another.

Federation was chosen to avoid creating a new, monolithic, all-encompassing ontology

for building performance; an approach that would have duplicated efforts and increased

redundancy in a domain already rich with specialised semantic systems [39]. Instead, the

FOF leveraged existing ontologies—i.e., IFC, BOT, Brick, SSN/SOSA, and EM-KPI—to

promote reusability.

The FOF, depicted in Figure 3 and described below, was encapsulated within the BTwin

Python library (vv.0.4.0) [10], which was used to operationalise the FDM method and the

ontology within a KG. The FOF is composed of different modules (i.e., the “Document”

module, the “Equipment” module, the “Spatial Element” module, the “KPI” module, and

the “Interface” module) that harmonise the aforementioned standards.

At the core of the FOF, BOT allows for representing buildings’ spatial hierarchy with

classes such as “bot:Building”, “bot:Site”, “bot:Storey”, and “bot:Space”. This hierarchy

is supported by the “brick:hasLocation” relationship, which enables the placement of

spatial elements, equipment, and sensor objects within higher-level spatial elements. The

Topologic class hierarchy [40] complements this structure, allowing for modelling the

elements that bound spaces, including walls, floors, and roofs (“top:Face” class), as well

as windows and doors (“top:Aperture” class). IfcOWL (IFC Ontology Web Language)

maps element attributes into “ifc:Property” entries, grouped within “ifc:PropertySet”, and

allows representing physical sensor devices, located in the HBIM, through the “ifc:Sensor”

class. The Brick schema refines sensor modelling by classifying sensing devices as

“brick:Sensor” and their individual measurement channels as “brick:Point”, linking them

togheter by the “brick:hasPoint” relationship; Brick also connects sensors to spaces us-

ing “brick:hasLocation” and groups rooms into larger zones (e.g., thermal zones) via

“brick:Zone”, thereby interoperating with BOT’s spatial hierarchy. To capture sensor

and meters observations, the SSN and SOSA ontologies introduce “ssn:Observation” and

“sosa:ObservableProperty” classes. Observations are linked to their generating sensors

through “sosa:madeBySensor” and grounded in temporal concepts (“time:Instant” and

“time:Interval”) to record when data are collected. The EM-KPI ontology contributes

with classes such as “eko:KPI”, “eko:KPICalculation”, and “eko:KPIValue” that allow

for defining and storing performance metrics; these are tied back to spatial elements via

“eko:hasAssociatedObject”, with temporal classes again used to trace metric evolution

https://doi.org/10.3390/buildings16010027
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over time. Finally, we introduced a custom class, “btwin:Document”, to map all the

digital artefacts (databases, documents, and models) to the main spatial elements. As

described in Section 4, for this application, for instance, each “bot:Building” was linked via

“btwin:hasDocument” to its IFC model and to the endpoints of the corresponding EBDB

and IEDB, all representing “btwin:Documents”.

 

Figure 3. Federated ontological framework supporting the data integration process.

The FOF therefore serves as an intermediate layer for aligning the data schemas of

external sources (i.e., the HBIMs, the SQLite DBs, and the XLSX inventory spreadsheets) to

a more coherent semantic logic.

3.4.2. Graph-Based Data Serialisation

The FOF was serialised using JSON-LD (JavaScript Object Notation for Linked Data),

a lightweight format for creating machine-readable data, optimised for the web. JSON-LD

represents graphs as lists of JSON objects, where each object contains a unique identifier

(“@id”), a declaration of its ontological class (“@type”), and key-value mappings that

encode its relationships to other objects in the graph.

https://doi.org/10.3390/buildings16010027
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To translate native data into this JSON-LD schema, a suite of connectors from the BTwin

toolkit was used; each connector transforms schema-specific constructs into ontology-

compliant JSON entities. For example, BTwin’s IFC Connector, built on IfcOpenShell, was

used to parse IFC files, extract IfcBuilding, IfcBuildingStorey, and IfcSpace objects along

with their properties, and emit corresponding JSON objects (Figure 4). The SQLite connector,

in contrast, was used to map sensor points and SSN observations to the corresponding

sensor devices and the spaces that host them.

Figure 4. Example of alignment between a Brick/BOT JSON-LD model and an IFC4 (EXPRESS)

model for the main building of Capo di Bove complex: the building (bl_CBC), its ground floor storey

(CBC_PT), and the Conference Room space (CBC_PT.1) are represented, with the IFC IFCSPACE

entity carrying the same UID (CBC_PT.1) via an IfcPropertySingleValue.

3.4.3. Generating the KG

Once all data were serialised in JSON-LD, the resulting JSON file was processed using

BTwin methods, which, when given this file as input, instantiate a Neo4j graph object.

In this step, each entity and relationship defined in JSON was translated into nodes and

edges of the Neo4j graph, which acts as an intermediate abstraction layer that mirrors the

semantic connections of the federated data model in a computationally efficient form.

Importantly, the approach does not duplicate or centralise the original datasets. In-

stead, the primary data remain stored within their native environments—such as the HBIM

models, and the time-series databases—and are accessed on demand through their se-

mantic links. This design preserves data integrity, ownership, and traceability, while still

offering the flexibility and interoperability required for integrated and targeted building

performance analyses.

3.5. Data Processing

At this stage of the workflow, the graph and complementary time-series databases

were jointly interrogated to derive meaningful building performance indicators.

Specifically, the EBDB was queried to compute three primary KPIs at the bot:Building level.

https://doi.org/10.3390/buildings16010027
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• Energy Usage (EU): Calculated by summing all interval readings over the period

of interest.

• Energy Cost (EC): Obtained by applying the related tariff rate to the energy consump-

tion derived from energy bills.

• Equivalent CO2 Emissions (CO2E): Derived by multiplying the energy usage by an

appropriate emissions factor.

These KPIs were aggregated over monthly, yearly, and custom-defined periods, and

normalised based on the building’s net floor area and volume.

In addition, the IEDB, including indoor microclimatic conditions obtained from in

situ measurements, namely, interior and exterior temperatures and relative humidity,

was processed to aggregate microclimatic data at bot:Space level. Such aggregation was

performed at hourly resolution, enabling the calculation of meaningful indicators, such

as the average, minimum, and maximum temperature and humidity, over the entire

monitoring period. With further development of the research, this data will serve as the

foundation for a more comprehensive Indoor Environmental Quality (IEQ) database, which

will be designed to support thermal comfort analysis.

All KPIs, once calculated, were serialised and added to the Neo4j graphs as nodes

classified under the “eko:KPI” class. Moreover, they were linked back to the corresponding

spatial elements (“bot:Building” and “bot:Space” nodes) via the “eko:hasAssociatedObject”.

Through this graph representation, users can perform cross-domain queries—from high-

level building metrics to space-level metrics and to specific meter or sensor observations,

and vice versa—exploring relationships and dependencies among entities originating from

different source models, or applying selective extraction of relevant subsets of information

for analysis or visualisation.

3.6. Data Visualisation Phase

Once linked in the KG, data were extracted from Neo4j using Cypher queries and

directly fed into a set of web dashboards for data visualisation, which were built using

Plotly (vv. 6.2.0) and Dash (vv. 3.3.0). These dashboards, developed according to Business

Intelligence (BI) principles, included:

• A section where the model’s essential geometry is viewed in 3D, with spaces colour-

coded according to their properties or KPIs;

• A section displaying building-level KPIs, via gauge charts and other types of visualisations;

• A section showing time-series plots for more in-depth analysis of the raw data stored

in the SQLite databases, applicable for inspecting the metrics of the building and its

most significant spaces.

Each of these sections is equipped with dropdown menus and other controls to filter

the data according to user requests, e.g., selecting a specific room or floor, choosing the

property used to colour the geometry, picking which KPIs to display, or applying temporal

and typological filters to the time series.

4. Demonstration

4.1. Case Study Description

The selected case study is the Capo di Bove complex, a historic site located on the Via

Appia Antica in Rome. Managed by PAAA, the site extends over 8600 m2 area comprises

three main parts: an archaeological area, a principal three-level building, and a single-story

outbuilding (Figure 5).
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Figure 5. The Capo di Bove complex: main building, on the left, and outbuilding, on the right.

The site includes several volumes constructed in different historical periods and with

varied construction techniques. Originally erected atop the remains of a Roman cistern,

it underwent substantial modifications between 1949 and 1965, when it was transformed

into a private villa. During this renovation, the external walls were built using spolia

(ancient Roman and medieval architectural and sculptural fragments), including bricks

and amphorae.

Currently, the main building hosts a range of cultural and administrative functions,

including PAAA’s headquarters, archives, and public areas for exhibitions, events, and

educational activities. The outbuilding works as a visitor reception facility with restrooms

and vending machines.

For ease of reading, technical details on the setting and collected data are reported

in Appendix A: building envelope (Appendix A.1), MEP systems (Appendix A.2), energy

bills (Appendix A.3), and microclimatic conditions (Appendix A.4). The results of applying

the methodology to the case study are instead presented in the following text.

4.2. HBIM Models

The HBIM models shown in Figure 6 were created in Autodesk Revit 2023 using geo-

metric and alphanumeric information derived from the data collection phase, summarised

in Appendix A.

According to the project’s goals, the model was developed at Level of Development

(LOD) 300, with reduced geometric complexity, to accelerate digitalisation while preserving

interoperability. Indeed, rather than produce a detailed geometric virtual reconstruction

of the buildings, the HBIM objective here was to build a “skeleton” of elements to which

performance data could be attached.

The models were exported in IFC format. In particular, rooms were exported as

IfcSpace entities. Before export, these elements were enriched with functional and en-

vironmental attributes, including for each space a unique identifier (UID), the net area

and volume, the designated function (classified according to OmniClass Table 13 [41]),

the people count and other relevant occupancy requirements, the main thermal setpoints

in winter and summer, and basic HVAC characteristics (i.e., whether the space is heated,

conditioned, and/or mechanically ventilated).
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Figure 6. HBIM model of the case study in Autodesk Revit.

Opaque components, such as walls, floors, and roofs, were modelled using Revit’s

material layer sets and exported as IfcWall and IfcSlab entities. The materials composing

the layer sets were associated with thermophysical properties, including density, thickness,

thermal conductivity, and specific heat capacity. Then, from these values, Revit automati-

cally derived aggregate parameters, including overall thickness, mass per unit area, thermal

resistance, and thermal transmittance. A typology-based approach was adopted through a

structured schedule of construction types.

Doors and windows were also modelled following a typological approach, using

Revit families and ad hoc types developed for the case study, and exported as IfcDoor and

IfcWindow entities. Each type was associated with essential thermal properties, including

transmittance values for the glazing, frame, and combined unit, as well as the frame

material and glazing type.

Sensors were also modelled in the HBIM using placeholder objects, each with an

assigned UID matching that in the Neo4j graph, and then exported as IfcSensors. These

placeholders were linked to corresponding spaces via containment relationships, enabling

automated linkage to time-series sensor data during the integration phase.

4.3. MEP System Inventory

Due to the difficulty of accurately tracking all MEP (Mechanical, Electrical, and Plumb-

ing) components in the case study—limited access to physical installations, incomplete

documentation, and the high level of modelling detail required to capture complex, in-

tertwined service networks—the MEP systems were not modelled directly in the BIM

environment. Indeed, attempting to model all these elements geometrically would have

introduced excessive complexity and computational load without offering proportional

analytical benefits.

Instead, the MEP systems were documented in an external spreadsheet (XLSX format),

which served as a structured, lightweight system inventory (Table 2). This tabular format
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allowed the MEP data to be systematically described, capturing only essential information

such as component type, producer, model, and spatial location.

Table 2. Extract from the MEP spreadsheet.

ID Name Type brick:isPartOf
System

brick:hasLocation
Space

AHU001 AHU (below ceiling) brick:Air_Handling_Unit heatingSystem CBC_PT.1
AHU002 AHU (below ceiling) brick:Air_Handling_Unit heatingSystem CBC_PT.1

FC001 Fan coil brick:Fan_Coil:Unit heatingSystem CBC_PT.3
HP001 Heat pump brick:Packaged_Heat_Pump heatingSystem CBC_Ext
BL1.4-1 How water boiler Brick:Electric_Boiler dhwSystem CBC_P1.4

This dataset was imported into the Neo4j graph database, where each spreadsheet

row, corresponding to an individual equipment device, was represented as a Neo4j node.

Each node included a reference to its ontological class (specified in the “type” column) and

its connections to the building’s systems and spaces, thus preserving semantic relationships

without requiring geometric modelling.

Although the geometric representation of MEP components was omitted, this ap-

proach ensures future interoperability: the same referencing strategy used for sensors

can later be applied to link MEP records to BIM objects, should geometric or spatial data

become available.

4.4. Timeseries Databases

Two distinct time-series repositories were created to manage dynamic data: the EBDB

and the IEDB.

The EBDB stored monthly electricity consumption (in kWh) and associated costs (in

euros) for each of the two buildings on the site —the main building and the outbuilding

—from January 2021 to December 2022. Table 3 presents an excerpt from the database

in tabular form. Each entry includes a unique ID (“Observation UID”), the meter that

recorded the data (“sosa:madeBySensor”), the type of measurement (“Quantity”), the unit

(“Unit”), the actual value (“Value”), and the date of observation (“Timestamp”).

Table 3. Extract from the time-series database with bill recordings.

Observation UID sosa:madeBySensor Quantity Unit Value Timestamp

4113968597 pt_CBC_EEU ElectricEnergyUsage kWh 4552.00 2021-01-01
4121189850 pt_CBC_EEU ElectricEnergyUsage kWh 4156.00 2021-02-01
4129153564 pt_CBC_EEU ElectricEnergyUsage kWh 4242.00 2021-03-01
4136520893 pt_CBC_EEU ElectricEnergyUsage kWh 3424.00 2021-04-01

The sensor repository, i.e., the IEDB, offers higher-resolution temperature and relative

humidity data collected in three representative indoor spaces within the main building and

at one outdoor reference location. Table 4 presents an excerpt from this database in tabular

form, organised as previously to maintain consistency in dynamic data mapping.

Table 4. Extract from the time-series database with sensor recordings.

Observation UID sosa:madeBySensor Quantity Unit Value Timestamp

temp1 pt_PT_1-bl_CBC_temp Temperature C 22.00 24/5/23 10.00
temp2 pt_PT_1-bl_CBC_temp Temperature C 22.04 24/5/23 10.10
temp3 pt_PT_1-bl_CBC_temp Temperature C 22.07 24/5/23 10.20
temp4 pt_PT_1-bl_CBC_temp Temperature C 22.09 24/5/23 10.30

4.5. Knowledge Graph

After producing the HBIM and systematising the time-series, a Neo4j graph was

created, following the workflow introduced in Section 3, which transferred all project
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data into a unified, federated, and semantic representation suitable for data-driven

performance analysis.

A root “bot:Site” node, representing the Capo di Bove complex, was first instantiated to

provide geographical context. The “Building–Storey–Space” hierarchy was then obtained

via the IFC-to-Neo4j connector, which preserved native IFC spatial relationships and

mapped them into the KG. The “bot:Building” nodes were subsequently linked to the site.

Sensors embedded in the IFC were also ingested through the IFC connector. Their

spatial containment was defined in Python using Topologicpy [42], which ensured that

each sensor node was correctly assigned to its host space.

Separate point entities representing the individual measurement channels (temper-

ature, humidity, electricity consumption, and cost) were instead created manually and

mapped to the appropriate Brick classes.

MEP system and device nodes were generated by a converter that translated the XLSX

equipment schedule into Brick-aligned classes. The converter instantiated the “System-

Equipment” hierarchy and automatically established spatial and functional relationships

using the “brick:hasLocation” and “brick:feeds” classes, respectively.

Document nodes were introduced for each of the four key files associated with every

building: the IFC model, the IEDB, the EBDB, and the MEP inventory. Each document

was uniquely identified by its file path and linked to both its corresponding building and

time series database. Finally, two btwin:KPISet nodes were generated for each building via

custom Python routines that queried the KG and the time-series repositories to calculate

the metrics.

After all entities were integrated, the KG of the main building contained one site, one

building, three storeys, 31 spaces, four sensors, two meters, eight sensor points, four meter

points, and four document nodes. The MEP layer comprises three systems (HVAC and

DHW) and 39 equipment entities, including radiators, fan-coil units, and boilers. A view of

the resulting KG for the main building is presented in Figure 7.

Figure 7. KG representing the main building of the Capo di Bove complex.

4.6. Development of a Web Application

After the datasets were linked in the KG, two interactive dashboards were created

using Dash and Plotly: one focused on energy consumption and the other on indoor

microclimatic conditions (Figure 8).
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Figure 8. Prototype dashboard to access and visualise performance data.

Each dashboard integrates four tightly coupled modules. To validate this structure, we

conducted a series of participatory meetings with the facility managers, gathering feedback

on the visualisations and integrating their requests for greater clarity of the graphical

user interface.

• A filter panel queries the graph in real time to populate drop-down menus with

available sites, buildings, and, in the environmental dashboard, individual spaces; it

also provides a time-range picker that restricts the analysis to user-defined periods.

Whenever a filter changes, a query fetches the relevant nodes from the graph and their

associated time-series records to provide the correct data for display.

• An embedded IFC viewer offers both plan and three-dimensional representation of the

building, allowing users to highlight spaces that satisfy the current filters and thereby

link numerical indicators to their spatial context.

• A scorecard summarises key performance indicators, such as cumulative electricity

use or mean indoor temperature, calculated on demand by Dash callbacks. Each

callback extracts the filtered time-series data, applies the selected aggregation, and

refreshes the display.

• Finally, an interactive time-series plot presents the underlying sensor or meter data.

The plot updates automatically in response to filter adjustments and supports aggrega-

tion at yearly, monthly, daily, or hourly resolutions, with statistical operators including

minimum, maximum, mean, and sum.

5. Discussion

5.1. Paper Contribution

This study proposes an FDM methodology for systematically integrating building-

performance information coming from heterogeneous sources into a federated KG. This KG

serves as an intermediate, semantic layer between the raw data collected during the data

collection campaign and a web dashboard application, providing easy access to building

performance data and thereby forming a prototype DSS for energy management.

The paper’s contribution is articulated below according to five key perspectives.
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Data integration: The presented workflow enabled the integration of data from het-

erogeneous sources, addressing the fragmentation of data. In particular, it overcame the

challenge of integrating dynamic data, such as energy consumption and environmental

monitoring, with HBIM models, which are inherently static. This setup aligns the devel-

oped system with a DT perspective, establishing the foundational data management work

necessary for building such a system when the facility is equipped with a sensing network

capable of enabling continuous data flow.

Reproducibility. The data modelling and integration phases were developed according

to an FOF, which was iteratively systematised and validated thanks to this and previous

studies. Following the FOF, the methodology can be easily replicated across different

buildings of the asset, ensuring information consistency at the portfolio level.

Scalability. The approach can be scaled to include additional input datasets by simply

creating Python connectors that map the native structures of these databases to JSON-LD

graph notation. In this view, the methodology has two main advantages. First, it favours

open-source formats and tools such as IfcOpenShell for IFC connectors, but also Eppy for

EnergyPlus, and Topologicpy for Topologic modelling, as documented in other works [37].

Second, data remains in its native environment until it is required for calculations. This

avoids information redundancy from a computational standpoint while ensuring interoper-

ability among various models/databases, each of which performs only the specific tasks

for which it was designed.

Extensibility. Data management through graph structures enables an extensible, incre-

mental approach. This incrementality can occur in two ways. First, additional subdomains

can be incorporated into the methodology by expanding the proposed FOF with ontologies

from other relevant domains (e.g., fire safety, structural performance, air quality)—thereby

avoiding the creation of entirely new ontological frameworks from scratch and encouraging

alignment with existing ones. Second, new nodes can be added to the KG in subsequent

phases, connected to existing ones, as the asset’s digitalisation progresses or new informa-

tion needs emerge during the lifecycle management of the asset.

Accessibility. Data is visualised through a user-friendly interface, allowing users

without IT skills to interact with the most relevant information. Moreover, graph-based

data management offers significant potential for semantic integration with AI systems,

such as Large Language Models [42]. This synergy could make it feasible to develop

connectors with LLMs, allowing information to be retrieved via natural language queries

and subsequently become more accessible.

5.2. Limitations and Future Developments

Despite the advantages mentioned, several critical issues have emerged that will guide

future developments of the research.

First, even if made with low LOD, BIM modelling requires significant resources. If

the methodology is to be applied to an entire building portfolio, it could be desirable to

streamline and standardise it through automated or semi-automated methods [43,44].

Second, it is necessary to develop more representative KPIs that enable energy-related

comparisons across different buildings. These KPIs should consider factors such as building

age, functional and occupancy characteristics, which vary from one building to another in

PAAA. More extensive IEQ data and additional information are also needed to perform

thermal comfort assessments (e.g., PMV, PPD), covering at least 1 year of monitoring.

Third, currently, dynamic data is limited to a specific time window. The efficiency of

SQL-based solutions remains to be tested as data volume increases. Specialised time-series

databases—such as InfluxDB—may become necessary, requiring the development of new

connectors to scale up the solution effectively.
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Finally, to achieve a complete DT, both hardware and software architectures must be

scaled. This includes deploying more robust databases using cloud services and equipping

buildings with larger sensor networks, which must also be non-invasive given their use in

cultural heritage contexts.

6. Conclusions

This research is positioned at the intersection of the ecological and digital transitions

in the built environment, with a particular focus on historic assets. Specifically, it addresses

the data integration gap in the AECO sector within the processes of structuring perfor-

mance data required for energy audits of existing buildings. This challenge is especially

evident in the case of heritage assets, where large volumes of information need to be

collected from diverse sources and stakeholders, each using different formats (including

unstructured sources).

The study proposes an FDM approach to link unconnected information and systemati-

cally transform it into usable knowledge.

The proposed methodology, focusing on the topic of building performance, was

demonstrated through a case study located in Italy, representative of a broader sample of

the national building stock. A large amount of data collected in previous works enabled

the understanding of the geometrical features, spatial functions, and occupancy, as well

as the typological and thermo-physical characteristics of opaque envelope components

and technical systems. Additionally, indoor environmental data collected from sensors

and energy consumption records of the demonstration site were analysed. These datasets

were then processed and ingested into a KG, grounded in an FOF, enabling semantic

alignment across diverse information sources. Beyond serving as a semantic layer for

data organisation, the KG functioned as the database underpinning a prototype decision

support system (DSS). This DSS, operationalised through interactive dashboards, provided

stakeholders with the capability to query KGs, thereby supporting data-driven building

performance management easily.

The case study was particularly valuable for testing the methodology, drafted in

previous works, demonstrating how it can bridge the gap between data availability and

decision-making in a real operational environment.

Paths for further investigation were identified at the end of the paper. As future

improvements, the scalability of the FDM method will be tested across a broader range of

heritage typologies to ensure generalisability. The long-term governance of semantically en-

riched datasets, including updating protocols, data ownership, and institutional integration,

will also be explored. Furthermore, research activities will be coupled with tasks aimed

at quantifying the economic, social, and cultural benefits associated with digital decision

environments, which are essential for informing investment decisions and ensuring the

sustainability of digital innovations in the sector.

Future technological developments will also envisage evolving the system towards a

fully operational DT, enabling bidirectional data exchange between physical and virtual

assets, and integration with AI to enhance predictive capabilities and facilitate user-friendly,

customised access to building data.
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IEDB Indoor Environment Database
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IoT Internet of Things
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LD Linked Data

LLM Large Language Model
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MEP Mechanical, Electrical, Plumbing

PAAA Parco Archeologico dell’Appia Antica

RDF Resource Description Framework

SOSA Sensor, Observation, Sample, and Actuator

SSN Semantic Sensor Network Ontology

UID Unique Identifier
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Appendix A

Appendix A.1. Building Envelope

The opaque vertical components of the case study consist of mixed masonry walls built

using tuff, flint, brick, and reused Roman and medieval elements. On the southeast façades,

remnants of the Roman cistern’s original flint rubble masonry are still visible, overlaid

by early 20th-century structural additions. Wall thicknesses vary between approximately

75 cm (at the cistern walls) and 40 cm in other parts of the building.

The roofs are predominantly pitched, with wood and brick elements covered with

traditional clay tiles. Suspended ceilings have also been installed under the roof slopes,

where space is used for the location of the HVAC systems. A small flat walkable roof,

presumably composed of hollow brick and concrete, covers the central corridor and lacks

thermal insulation.

Due to the absence of archival documentation, two typologies are hypothesised for the

floor slabs: one supported directly by the ancient cistern’s masonry and another consisting

of a concrete slab laid over a ventilated crawl space filled with stone. Interior floor finishes

are primarily in terracotta tiles.

Overall, the building envelope reflects the layering of historical construction phases,

with heterogeneous materials and techniques. No thermal insulation has been identified in

the envelope components, resulting in varying and generally poor thermal performance.

Appendix A.2. Mechanical and Electrical Systems

The main building is equipped with an autonomous HVAC system based on a re-

versible hydronic heat pump, located outdoors and directly connected to the distribution

network via two single-stage twin-circulation pumps in the ground-floor mechanical room.

These pumps supply the thermal carrier fluid to both fan coil units and two air han-

dling units (AHUs), one placed in the mechanical room and one in the attic above the

ground floor.

A total of 19 wall-mounted fan coil units were identified during the on-site survey,

located in corridors and offices, except for the conference and exhibition halls, which are

conditioned via air ducts connected to the two AHUs. The thermal output of the fan coils

ranges from 3.11 kW to 6.53 kW (at 40–45 ◦C inlet water temperature).

The AHU in the mechanical room serves the exhibition space, while the unit in

the suspended ceiling, accessible via a hatch in the ground-floor bathroom, serves the

conference room. In both cases, supply diffusers are ceiling-mounted and concealed within

plasterboard coves, while return grilles are wall-mounted near floor level (visible only in

the conference hall). Each AHU manages an air flow rate of 2000 m3/h.

Additionally, a portable air conditioning unit is installed in the first-floor server room

to provide local cooling due to high internal heat loads.

Three direct-expansion reversible heat pumps condition the outbuilding. The outdoor

units are installed behind the building.

The domestic hot water system includes seven electric boilers, five in the main building

and two in the outbuilding.

Interior lighting in the main building primarily consists of fixtures with one or two

fluorescent tubes (18 or 36 W), especially in corridors and shared areas. LED lighting was

observed in select areas (e.g., the annex reception, bathrooms, and some offices), while

halogen lamps, primarily as desk lamps, were in smaller quantities.

Appendix A.3. Energy Bills

The Capo di Bove complex operates using electricity as its sole energy carrier for all

end uses, including space heating, cooling, domestic hot water, and lighting. Although

https://doi.org/10.3390/buildings16010027

https://doi.org/10.3390/buildings16010027


Buildings 2026, 16, 27 21 of 25

the same utility provider supplies both buildings, they are served through two distinct

electrical contracts. Electricity consumption data were obtained from utility bills made

available by the site Administration for the 2021–2022 years. In 2021, the highest energy

consumption in the main building—approximately 6200 kWh—was recorded in July and

August. In 2022, peak values—slightly exceeding 6500 kWh—were observed in January and

August (Figure A1). Regarding the outbuilding (Figure A2), in 2022, January recorded the

highest consumption, whereas in 2021 it was approximately 15% lower than the peak value,

which occurred in December. The months with the lowest consumption were May 2021

and October 2022.

   

Figure A1. Electric energy consumption data from utility bills for the main building of Capo di Bove,

categorised by time-of-use tariff bands (F1, F2, F3, total).

   

Figure A2. Electric energy consumption data from utility bills for the outbuilding, categorised by

time-of-use tariff bands (F1, F2, F3, total).

Appendix A.4. Microclimatic Data

The building was also subjected to environmental monitoring aimed at assessing the

actual indoor microclimatic conditions in relation to outdoor conditions, both with HVAC

systems turned off and on. This type of investigation enabled a more detailed analysis of the

building’s actual energy behaviour under varying external climatic conditions, highlighting

potential issues with the air-conditioning system’s operation or the need for climate control

in its absence.

The measurement equipment consisted of data loggers, which allow for the monitoring

of temperature and relative humidity in both indoor and outdoor environments. For indoor

monitoring, devices capable of measuring temperatures ranging from −25 ◦C to +85 ◦C

and relative humidity from 0% to 95% were employed. For outdoor monitoring, the used

device was capable of recording air temperature within the same range (−25 ◦C to +85 ◦C)

and relative humidity from 0% to 100%.
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Both instruments can record minimum, average, and maximum values of temperature

and humidity, with sampling intervals ranging from 1 s to 10 days, and offer an accuracy

of ±0.4 ◦C and ±3.0% (values referred to a temperature of 25 ◦C).

An example of the positioning of the measuring instruments and the monitored rooms

is shown in Figure A3, while the results of the related monitoring campaign—conducted

over approximately 38 days between 24 May and 1 July 2023—are presented in Figure A4

(indoor air temperature) and Figure A5 (relative humidity).

 

Figure A3. Spaces under investigation and placement of monitoring equipment for environmental

data collection at main building (ground floor on the left and first floor on the right).
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Figure A4. Data collected during the experimental environmental monitoring campaign at Capo di

Bove: indoor and outdoor temperature.
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Figure A5. Data collected during the experimental environmental monitoring campaign at Capo di

Bove: indoor and outdoor relative humidity.

The indoor temperature recorded in the conference centre, the staircase, and the largest

office displays a rising trend during the initial monitoring period, despite relatively stable

outdoor temperatures. This behaviour is likely due to internal heat gains and the HVAC

system being switched off. In contrast, during the mid and final phases of the monitoring

period (June), an increase in outdoor temperature corresponds with a rise in indoor climatic
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conditions, although less pronounced, thanks to the activation of the air-conditioning

system during that time.

Interestingly, the space with the most critical microclimatic conditions is one of the

offices on first floor (average temperature on working days: 26 ◦C ± 1.3 ◦C; average relative

humidity: 57.5% ± 19.2%), which faces northeast. This suggests that the most significant

thermal discomfort may be associated with a higher occupancy rate in that specific room.

The staircase, despite being a central space, shows intermediate microclimatic conditions

compared to the other monitored areas.
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