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Abstract
Building operations account for major global energy use,
yet decarbonisation is hindered by fragmented data silos.
This paper presents a utility-aware knowledge graph de-
veloped for multi-scale residential energy modelling. By
leveraging Linked Data principles and the DDIM server,
the framework integrates building-level performance data
with national electricity distribution networks. Using Ire-
land as a case study, the methodology semantically asso-
ciates 2.3 million residences with over 46,000 low-voltage
transformers through a novel enrichment process. This
scalable approach enables planners to perform complex
queries for grid capacity analysis, bridging the gap be-
tween individual building physics and urban-scale energy
simulation.

Introduction
Building operations accounted for 30% of global energy
consumption in 2021 (Skillington et al., 2022; Bacheva
and Raposo Grau, 2025). Ireland, like many countries,
is on-track to miss decarbonisation goals, a potential sig-
nificant cost to the exchequer (Environmental Protection
Agency, 2025). Ireland is also suffering a housing crisis,
with development of residential stock failing to meet de-
mand (Social Justice Ireland, 2025). Infrastructure prob-
lems, such as insufficient electricity supply capacity, are a
contributing factor to both of these issues (Irish Academy
of Engineering, 2025). Data-driven decisions are now vi-
tal to address the issues of global warming, building com-
fort and stock availability (Skillington et al., 2022). By
fusing various information sources, such as building data,
energy infrastructure and population data, and applying
Machine Learning (ML), planners can perform sophisti-
cated analyses, to identify energy performance trends and
optimize large-scale carbon reduction strategies (Ali et al.,
2021a).
Access to accurate information is of fundamental impor-
tance to all stakeholders in this process, including plan-
ners and policy makers (Madnick et al., 2009). The infor-
mation that must be managed is, however, complex and
heterogeneous, both in content and organization (Bonilla
et al., 2019). Information sources are dynamic, evolving,
and multifaceted; information can be distributed across
multiple sources providing related, yet heterogeneous col-
lections of data that inform utility companies, planners

and other stakeholders (Boddy et al., 2007). National and
district level views of the same entities are managed by
separate formats and systems, requiring expensive data re-
organization in order to extract relevant information for
planners and policy makers (Swan and Ugursal, 2009;
Nacht et al., 2023). Together these issues describe rich,
timely data sources whose utility is diminished by their
disjointed and heterogeneous nature. This work presents
an approach that seeks to overcome these difficulties and
increases the value of data by integrating diverse sources
into a homogeneous data source that can be extended to
include new sources as they become available (Li et al.,
2019).
Several advances have enabled solutions to these prob-
lems. Linked data provides a mechanism to interlink dis-
parate datasources and interrogate them using semantic
queries - that is queries that are of associative and con-
textual nature (Li et al., 2019). Linked data allows all re-
lationships in a datastore to be explicitly defined. This
facilitates the development of flexible queries, and admits
reasoning about both data and their relationships (Ngomo
et al., 2014). Linked data also permits the integration and
exchange of data from a variety of sources and domains
(Consoli et al., 2017). Digital twins for multi-scale en-
ergy modelling integrate Linked Data and ML to bridge
the gap between building-level physics and urban-scale
dynamics. Linked Data, utilizing RDF and ontologies,
provides a semantic framework to unify heterogeneous
data sources, such as IoT sensors, GIS, and weather APIs,
ensuring interoperability across scales. Meanwhile, ML
models accelerate simulations by acting as surrogate mod-
els for complex thermodynamic equations. By training
on historical and real-time semantic data, these twins en-
able predictive analytics for grid stability and demand re-
sponse. This synergy allows for a “glass-box” approach
where data remains structured and searchable, while ML
provides the computational power to optimize energy dis-
tribution in complex, multi-layered environments (Santos
et al., 2025).
This research paper details the creation of a utility-aware
knowledge graph designed to improve multi-scale en-
ergy modelling within the built environment. By utiliz-
ing Linked Data principles, the authors successfully in-
tegrate fragmented datasets involving building character-
istics, population statistics, and electrical grid infrastruc-
ture. The study specifically demonstrates this approach



in Ireland, connecting millions of residential properties to
their nearest low-voltage transformers to create a unified
view of energy demand. This framework addresses the
problem of functional silos by allowing planners to per-
form sophisticated, data-driven analyses of decarbonisa-
tion strategies and grid capacity. Ultimately, the method-
ology provides a scalable solution for integrating hetero-
geneous information sources to support sustainable urban
planning across different jurisdictions.
The paper is organized as follows. First, the background
explores functional silos in the energy modelling domain
and the application of Linked Data and standardized on-
tologies. The methodology then details the development
of the utility-aware knowledge graph, focusing on the
core context and the DDIM server used for managing
data fusion. A central component describes the enrich-
ment process that semantically links building assets to
low-voltage electricity distribution networks. The results
section examines the national-scale graph generated us-
ing Irish datasets, including GeoDirectory and ESB Net-
works. The study’s capabilities are then validated through
competency questions that demonstrate sophisticated rea-
soning. Finally, the paper discusses the methodology’s
global scalability before concluding with future research
directions.

Background
Multi-scale residential energy-modelling is significantly
hindered by functional silos, which are compartmen-
talised operating units isolated from their environment
(Ahmad et al., 2018; Ali et al., 2021b). These silos result
in horizontal fragmentation between project disciplines
and vertical fragmentation between individual building
and district-scale representations (Ali et al., 2024; Balaji
et al., 2016). Data integration remains a vexing problem
because building information is complex, dynamic, and
distributed across multifaceted sources in incompatible
formats (He et al., 2023). Planners frequently encounter
data inconsistencies and a lack of standard building iden-
tifiers, leading to property discrepancies across datasets
(Hoare et al., 2022; Pauwels et al., 2017). Access to high-
quality energy data is further restricted by privacy and pro-
tection policies, which may exclude critical information
or compromise its quality through anonymisation (Pritoni
et al., 2021; Rasmussen et al., 2021). These hurdles ne-
cessitate tedious manual data reorganisation and collec-
tion efforts that are both time-consuming and costly (Sood
et al., 2023; Tardioli et al., 2017). Consequently, these in-
tegration issues create a persistent gap between detailed
building energy modelling and traditional urban planning
practices (Wang et al., 2024; Wu et al., 2024).
Linked Data principles address the persistent challenge in
multi-scale residential energy-modelling of functional si-
los by providing a mechanism to interlink disparate, het-
erogeneous data sources into a unified “Web of Data”
(Pauwels et al., 2017; Hoare et al., 2022). By utilizing
the Resource Description Framework (RDF) and unique

Uniform Identifiers (URIs), this approach admits seman-
tic queries of an associative and contextual nature, allow-
ing all relationships in a datastore to be explicitly defined
(Hoare et al., 2022; Bizer et al., 2009).
The sector has operationalized this through standardized
ontologies:

• BOT provides a lightweight core for building topol-
ogy (Rasmussen et al., 2021).

• Brick standardizes building automation metadata
(Balaji et al., 2016).

• SAREF enables interoperability among smart appli-
ances (Daniele et al., 2015).

A significant practical application is the use of federated
SPARQL queries to integrate Ireland’s national transmis-
sion grid data with residential housing stock archetypes
(Hoare et al., 2022). This allows for utility-aware, multi-
scale reasoning where data owners maintain local con-
trol while planners perform national-level scenario explo-
ration for decarbonisation (Hoare et al., 2022).
Utility information in Linked Data is represented through
specialized ontologies that bridge the gap between
building-level assets and national infrastructure (Hoare
et al., 2022). While standard building schemas like Brick
often lack grid-specific concepts (He et al., 2023), exten-
sions such as SARGON incorporate electrical grid automa-
tion by mapping CIM and IEC 61850 data models into
RDF formats (Haghgoo et al., 2020).
Crucially, this information is structured using a hierar-
chical common context spine; individual buildings are se-
mantically linked to geographical small areas and then to
transmission nodes (Hoare et al., 2022; He et al., 2023).

Methodology
We now turn to describing the development of a utility
aware knowledge graph (KG) to support multi-scale en-
ergy modelling. The KG is structured by defining a num-
ber of common contexts to create vertical hierarchies of
relationships between represented entities and horizontal
relationships to define equivalence between disparate rep-
resentation of the same physical entities. While exempli-
fied using the Irish context (and relevant datasets), the ap-
proach can be applied across jurisdictions where suitable
datasets are available. Having described the common con-
text, the process used to integrate building and electricity
distribution network information is described. The section
will conclude with a brief description of DDIM server,
used to manage the data fusion and access process.

Core context
A graphical representation of the context model along
with the organization of this project’s data through the use
of the ontology are shown in Figure 1 (A). The ontology
is deliberately sparse to maintain clarity. An entity repre-
sents some physical entity or space in time. Each instance



Figure 1: A. Context model and B. Relationships to data sets used in this project

of an entity is described by a class, for example, a build-
ing, region or nation. Together, these classes describe a set
of layered contexts, each representing a different scale. In-
formation sources are associated with some entity in each
layer. This association with context allows sources to be
intra-connected at a particular scale, and inter-connected
between scales. Figure 1 (B) illustrates the use of the con-
text model to place buildings in geographical hierarchies
and relate building representations to each other across
datasets. Equivalence is expressed using the owl:sameAs
relationship; we use the relationship to denote that build-
ings in different datasets represent the same physical en-
tity (Halpin et al., 2010). The use of owl:sameAs can give
rise to semantic ambiguity where datasets’ properties lists
overlap. This issue is overcome by assigning a source au-
thority ranking for datasets as they are added to the graph.
This feature is provided through the DDIM’s data upload
forms. Hierarchies are created using the owl:part-of re-
lationship. In Figure 1 building representations are in the
geographical context of a small area which in turn is part
of a county. In this way, various transitive relationships
can be created to support aggregation and other analysis
operations over geographical contexts.

Managing data fusion and access
The Dynamic District Information Model (DDIM)
(Project, 2023a) is used to mine and manage relation-
ships between the siloed data sources. For this project,
the DDIM uses the core context to defined relation-
ships between geographical areas and locations to pro-
vide a common context between data sources. This con-
text is captured through a knowledge graph defiend in
Neo4J (with NeoSemantic plugin). The server supports
forms based no-code implementation of the graph, where
forms are used to upload datasets and create owl:sameAs
and owl:part-of relationships between columns in the up-
loaded data. the The server implementation consists of
three key functional areas:

• Creation of ’Core Spines’ (describe by the context
model) using a form based process integrates up-
loaded information. These spines allows information
to be associated with entities in various contexts, fa-

cilitating querying across these spaces;

• A series of interfaces to allow client software to
query (through RESTful or SPARQL based inter-
faces);

• A DCAT compliant data catalogue;

The server is implemented using the Django Framework
(Project, 2023b) with RESTful (DjangoRESTful, 2023)
extensions. This framework also provides user manage-
ment and security. Neo4J and NeoSemantic (Project,
2023a) is installed within the same domain. Queries are
submitted through the Django server to this database.

Figure 2: Additional graph structure added post enrichment.

Enriching KG with building/LV relationships
We now examine the steps taken to integrate building and
electricity distribution network information. In this in-
stance, the information used was provided by ESB Net-
works as part of their Capacity Heatmap for Network
Planning tool (ESB Networks, 2026). This provides a
wealth of information about the location and capacity of
transformers on the Irish electricity distribution network.
One purpose of the Capacity Heatmap is to guide cus-
tomers who wish to make a new connection to the net-
work. In this use, customers are advised to locate the
transformer closest to the required connection; we em-
ploy the same heuristic in this work. Low Voltage (LV)
transformers were associated with building data (from
Geodirectory (GeoDirectory, 2022a)) and areas represent-
ing each transformer’s serviced area were created using
the following steps:



Figure 3: Representation of relationships between datasets in National Scale Residential Energy Graph. Elements added as part of
the enrichment process are shown in red.

1. Entity definitions

Let B be the set of buildings:

B = {bi | i = 1, . . . ,n}

where bi = (pi,Ci), with pi ∈ R2 as coordinates and Ci as
characteristics.
Let T be the set of transformers:

T = {t j | j = 1, . . . ,m}

where t j = (n j,κ j, l j), with n j as name, κ j as capacity, and
l j ∈ R2 as location.

2. Relationship assignment

For each building bi, the closest transformer t∗ is found
via:

f (bi) = argmin
t j∈T

d(pi, l j)

This establishes the relation (bi, isServedBy, f (bi)).

3. Geometric representation

The service area for transformer t j is defined by the con-
vex hull of the points S j it supplies:

S j = {pi | f (bi) = t j}

CH(S j) =

{ |S j |

∑
k=1

αkpk : ∑αk = 1,αk ≥ 0

}
4. Knowledge graph insertion

The graph G is updated such that:

G ∈ {(bi, isServedBy, t j),(t j,hasServiceArea,CH(S j))}

These steps were implemented as a Python script which
output two files, a text file containing Cypher queries to

create a relationship between each building and the trans-
former that it is served by. The second output file is a Geo-
JSON (Internet Engineering Task Force (IETF), 2016) for-
matted definition of the convex hull defined areas that de-
scribes the area containing buildings serviced by a trans-
former. In the Irish context, 46,527 transformers were as-
sociated with over 2.3 million residences.
Figure 2 shows the structure of the developed graph ex-
tension when the LV/Building relationship process is pro-
cessed. Transformers and their associated connections to
buildings are described using the SmArt eneRGy dOmain
oNtology (SARAGON) (Haghgoo et al., 2020) ontology.
Transformers can be served by higher voltage transform-
ers and in turn serve buildings. Each transfomer is also
associated with a geographical area representing the con-
vex hull described by the buildings it serves. This area can
be used for visualisation and other purposes.

Results
This paper continues by examining the generated utility
aware graph. The data sources and resulting graph struc-
ture will be described in the Irish context before exam-
ining the outputs Building/LV enrichment process. The
convex hull outputs will be described before a number
of competency questions will demonstrate the complexity
of queries that the knowledge graph can inform. Finally,
the potential to use this methodology in other jurisdictions
will be discussed.

Structure of knowledge graph

The DDIM and core context were used to create a na-
tional scale residential energy graph for Ireland. The
graph structure is used to inform energy modelling. Sub-
sequently, the graph was enriched to include information
about the Irish electricity distribution network using the
steps described a-priori. Development of the graph fol-
lowed the following steps:



Figure 4: Map generated from presentation of derived convex hulls representing areas served by LV transformers. Clusters of smaller
areas correspond to urban areas with higher densities of residential properties.

• Collection of relevant data sources.

• Identification of vertical and hierarchical relation-
ships that could be exploited to support dataset fusion
using the core context.

• Creation of the graph using the DDIM server.

The following datasets were identified:

• Geodirectory’s GeoAddress (GeoDirectory, 2022a)
and associated BuildingIntelligence (GeoDirectory,
2022b) – comprehensive list of approximately 2.3
million buildings, including location information and
residential building properties. BuildingIntelligence
includes energy modelling relevant information, for
example, heating fuel.

• SEAI’s National BER Research Tool (SEAI, 2023)
- contains anonymised data used to calculate build-
ings’ EPC certificate. The database contains data col-
lected during building surveys. There are entries for
approximately 60% of the Irish residential building
stock.

• Irish Central Statistics Office (CSO) Small Area Pop-
ulation Statistics (SAPS) (Office, 2022) – 15 themes
describe various statistics garnered from the CSO’s

census. These include socio-economic information
about housing, commuting, motor cars and other en-
ergy modelling resources.

The Knowledge Graph contains other relevant informa-
tion, including geographic area definitions from Ordi-
nance Survey Ireland and developed building archtypes.

The DDIM was used to create the graph structure shown in
Figure 3. Horizontal same-as relationships were identified
between, building representations in the BER, GeoAd-
dress and Building Intelligence datasets. Each build-
ing (represented by the GeoAddress entry) was associ-
ated with a building archtype. A vertical core context
was created where each building was placed in the con-
text of a small area using part-of relationships. Small ar-
eas were similarly placed in counties. These geographic
contexts were chosen as they are widely used by various
data providers. However, finer grained contexts including
streets and townlands could also have been created.

The graph was subsequently enriched by creating associa-
tions between buildings and transformers (shown in red in
Figure 3). Having followed the process described a priori.
This added nodes for each transformer and a representa-
tion of the area they serve. Relationships between building
representations and transformers were also created.



Figure 5: esults of multiscale energy modelling for scenarios
including heatpump and EV adoption by residential households.

Visualising the relationships between LV transformers
and buildings
Figure 4 presents a visualisation of the areas served by in-
dividual LV transformers at various scales. A distinct con-
tast exists between urban areas characteristed by denser
clusters of smaller areas and remote low-population ar-
eas (west coast and mountainous areas such as South of
Dublin). This becomes more apparent when the map is
zoomed to an urban areas such as Dublin (inset, Figure 4.
As these areas are defined as GeoJSON polygons, colours
can be assigned to each area depending on the form of
analysis applied; for example, the visualisation can be
used to show which LV transformers will experience ca-
pacity issues under various scenarios. The use of Geo-
JSON is also advantageous as web-based interfaces can
be created dynamically zoom in and out across multiple-
scales.
An example of this application is shown in Figure 5. In
this isntance, building characteristics (fabric, occupancy
and heating system) are aggregated into representative
archetypes and converted to hourly electricity demand.
Electrification scenarios such as heat-pump adoption and
EV charging are applied as behavioural state changes
within the housing stock. The resulting demand is spa-
tially allocated to low-voltage substations, allowing feeder
peak load and transformer overload to be calculated.

Competency questions for knowledge graph
Scoping and design of the KG was guided by developing
numerous competency questions (Keet and Khan, 2024).
These questions were also used to validate the capabilities
of the graph. We now present two of these along with

their results to demonstrate the ability of the KG to reason
in sophisticated ways about knowledge relevant to multi-
scale energy modelling in Ireland.

CQ1: Average residential buildings per LV node

The following Cypher query was used to report on statis-
tics related to this query:

MATCH (b:Building)-[:NEAREST_LV_STATION]->(

lv:LVStation)

WITH lv, count(b) AS buildingCount

RETURN avg(buildingCount) AS

avgBuildingsPerLVNode,

min(buildingCount) AS minBuildings,

max(buildingCount) AS maxBuildings,

count(lv) AS totalLVNodes

The average number of connections was found to be 47.0
buildings per LV node with a standard deviation of 44.5.
In total 42,235 LV nodes were found to supply at least one
residential building. This can be explained by some LVs
supplying commercial buildings and the use of the nearest
LV to a building heuristic.

CQ2: Aggregate connectivity summary

Provide a summary table that describes overall connectiv-
ity between LV nodes and residential buildings.

MATCH (lv:LVStation)

OPTIONAL MATCH (lv)<-[:NEAREST_LV_STATION]-

(b:Building)

WITH lv, count(DISTINCT b) AS buildings

OPTIONAL MATCH (lv)-[:SERVES_SMALL_AREA]->

(sa:SmallArea)

WITH lv, buildings, count(DISTINCT sa) AS

smallAreas

OPTIONAL MATCH (lv)-[:HAS_ARCHETYPE_COUNTS]

->(ac:ArchetypeCounts) WITH lv, buildings,

smallAreas, count(DISTINCT ac) AS

archetypeNodes

WITH buildings + smallAreas +

archetypeNodes AS totalConnections

RETURN avg(totalConnections) AS

avgConnectivity, min(totalConnections)

AS minConnectivity, max(totalConnections)

AS maxConnectivity, percentileCont(

totalConnections, 0.5) AS

medianConnectivity

In summary, overall connectivity is described thus: aver-
age 53.9, median 41.0, range 0–619. The sophistication
of the query and its ability to bridge disparate siloed in-
formation sources is demonstrated.



Applying this methodology in other jurisdictions
The methodology is designed for global scalability. Ac-
cess to appropriate datasets represents the greatest chal-
lenge. For example, in the United Kingdom, access to
GeoPlace’s National Address Gazetteer would yield a
dataset of addresses equivalent to GeoDirectory, while
EPC data can be accessed through the Department for
Levelling Up, Housing & Communities’ Energy Perfor-
mance of Buildings Data datasets. By mapping these
and other datasets to common contexts, the no-code form
based approach used by the DDIM allows domain experts
to create utility-aware knowledge graphs in any jurisdic-
tion. Larger datascales at national level are supported by
the ability of the DDIM to operate as a federated node in
distributed deployment. Using building archetypes further
enables national-scale energy simulations for diverse de-
carbonisation planning.

Conclusions
This paper addresses the fragmentation of AECOO data
silos by developing a utility-aware knowledge graph (KG)
for multi-scale residential energy modelling. By leverag-
ing Linked Data principles and the Dynamic District In-
formation Model (DDIM), the research successfully in-
tegrated building-level characteristics with national elec-
tricity infrastructure. The methodology was validated in
the Irish context, semantically linking 2.3 million build-
ings to 46,527 Low Voltage (LV) transformers through a
novel automated enrichment process. Results from com-
petency questions demonstrated the KG’s ability to per-
form sophisticated reasoning, revealing an average of 47.0
residential buildings served per LV node. This framework
effectively bridges building physics with urban-scale dy-
namics, offering a globally scalable approach for planners
to optimize grid capacity and decarbonisation strategies.
Future work will focus on integrating real-time sensor
data and machine learning to enhance predictive analyt-
ics for grid stability
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