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Abstract. The need to integrate siloed data in the built environment led to a gaining interest in semantic web technologies in the Architecture, Engineering and
Construction (AEC) sector. Especially for smart home developments, the integration of information about the building, users and Internet of Things (IoT) devices could be valuable. The Resource Description Framework (RDF) is the
standard model for the semantic web, however, labeled property graphs (LPG)
also proved to be effective in linking data. This research used the Open Smart
Home Dataset and a dataset representing a kitchen to compare the two graph
models both qualitatively and quantitatively. The comparison shows that native
labeled property graphs are less complex and outperform the atomic RDF in complex graph traversals. However, RDF shows qualitative advantages for multi-domain and multi-stakeholder environments, such as the use of ontologies and
HTTP URIs, making it a more stable interoperability format.
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Introduction

There is a lot of potential in using IoT data from our built environment. The integration
of IoT data could lead to a range of new insights in building operations, energy consumption, circularity and more. However, data captured in the built environment is often stored in organizational silos, which could not easily interconnect due to technological, managerial and governance implications. Integration of knowledge in the built environment is vital since the sector is characterized by the involvement of multiple stakeholders with their own domain knowledge, working in different lifecycle phases.
The knowledge sharing capabilities of Building Information Modeling (BIM) remain limited to the integration of files. Semantic web technologies, first mentioned by
Berners-Lee [9], aim to create structured connections between different sources of information, in order to enrich the information exchange between these sources. This enables the integration of heterogenous building datasets from different stakeholders into
a web of data. Therefore, linking building data through semantic web technologies
(SWT) is increasingly used in the architecture, engineering and construction (AEC)
industry [38]. Early initiatives by, amongst others, Beetz et al. [8] led to the development of SWT in the AEC sector. They discussed the development of an ontology for

the AEC industry – ifcOWL – capturing IFC data in an RDF graph to allow linking
building data to other information. Many extensions of ifcOWL have been proposed,
as described by Pauwels et al. [38]. Pauwels and Roxin [37] and Rasmussen et al. [42]
developed simplified ontologies for buildings, describing the core concepts of a building. This resulted in the Building Topology Ontology (BOT), which could be extended
with domain knowledge. The development of IFC-to-RDF converters, such as the converter by Oraskari [11] (using the BOT ontology) and the converter by Pauwels (using
ifcOWL) [39] eased the process of using linked data technologies. Following these developments, many extensions to the construction ontologies have been made. These
often reflect the different stakeholders in the construction process and their domain
knowledge [38].
There is a recent paradigm shift regarding the provision of health and comfort in
buildings, illustrated by amongst others the WELL Certification for healthy buildings.
The stronger focus on indoor environmental concepts such as light, thermal comfort,
air and sound led to IoT-developments in buildings, in order to create ‘Smart Home’
concepts. Marikyan et al. [31] performed an extensive review and mentioned the integration of devices in smart homes as a future research avenue. They mentioned several
functions of smart homes: daily routine automation, remote home management, environmental services, smart leisure, health and lifestyle monitoring, remote health interaction and therapy, supporting patients with hearing issues, mobility issues, socialization, visual disabilities or home rehabilitation and giving suggestions. The technologies
realizing these functions often combine multiple physical devices, IoT data and a location, and therefore fit the linked data approach.
The increasing research into linked data for AEC led to the integration of building
data with other data sources for typical smart home cases, such as integrating IoT data
[5, 30, 50]. Some initiatives focused on specific smart home cases, such as health monitoring [40, 54], social media integration [15], indoor environmental quality [16, 17,
35], energy efficiency [22, 43, 48], activity recognition [14], home automation [30] and
building monitoring [1, 21]. These initiatives either create their own fit-for-purpose
ontologies, or use existing ontologies related to smart homes. To be more specific, the
SSN and SOSA [25] ontologies are able to capture sensors and their observations.
DogOnt [12] aims to link smart, electronical devices to spaces. ThinkHome [43] is a
knowledge representation for smart homes. SEAS [47] is able to connect physical systems with IoT measurements, and therefore link observations to a physical object. The
SAREF ontology [45] describes devices in smart home environments. The BOnSAI
[49] and Brick [13] ontologies extensively describe hardware in smart homes, coupled
to the indoor context. A full overview has been given by Pauwels et al. [38] and includes
initiatives linking building data to detailed product information, laws and regulations,
and geometric and geographic information.
The semantic web has been dominated by the resource description framework (RDF)
as W3C’s standard model. Many ontologies and vocabularies have been openly published (the linked open vocabularies cloud currently consist out of 697 vocabularies)
and developments are carried out in the W3C Linked Building Data Community. Simultaneously, the concept of labeled property graphs (LPG), often using the native graph
database Neo4j, is getting more attention lately. The model has been used in multiple

AEC-related use-cases and has shown that typical characteristics of LPGs could be
beneficial to linked data models for smart homes and cities, such as using relationship
labels [23, 36], fast and easy graph search [24], scalability [34] and performing complex
graph algorithms [36]. While different graph models proved to be useful in multiple
use-cases, there is a lack of empirical comparison of these graph models for linking
data in the AEC industry.
This paper reviews different graph models by their core characteristics and their implementation in the smart home domain in Section 2. After selecting the two most mature models, the paper discusses the methodology of this research in Section 3. The
differences between the two graph models (RDF and LPG) for integrating smart home
data both qualitatively and quantitatively are presented in section 4 which is followed
by a conclusion in section 5.
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Graph models and their implementation

Rodriguez & Neubauer [44] collected different types of graph models. Based on their
research, we compared their characteristics in Table 1. This section compares the maturity of these graph models based on state-of-the-art research in the smart home domain.
Table 1. Graph models and their characteristics.

Graph model
Undirected graph
Simple graph
Multi-graph
Halve-edge graph
Labeled graph
Weighted graph
Hypergraph
Property graph
Labeled property
graph
RDF
RDF*

DiLabels Attrib- URI >1 edges
rected
utes
between
edges
nodes
○
○
●
●
○
●
●
●
○
●
○
○
○
○
●
●
○
●

●

●

●
●

●
●

○

●
●

Weights Edges
join >2
nodes

●
○
○

○

○

○
○

○

○

● = Always, ○ = Possibly

Undirected graphs, simple graphs, multi-graphs, halve-edge graphs, labeled graphs and
weighted graphs could all be considered to be simplified LPGs [44]. Although in some
use-cases they might be useful, we do not consider these models to be real competitors
to the other graph models.

Fig. 1. An example of linked building data using a hypergraph model

The hypergraph model is used by the Grakn knowledge graph, which allows edges
to join multiple nodes (Fig. 1). The hypergraph model allows users to model new types
of relationships (in Grakn referred to as hyper-relationships) such as N-ary and nested
relationships [3]. Although limited hypergraph use-cases for smart homes have been
found, the theory is deployed in some IoT cases. Qu, Tao and Yuan [41] created a
blockchain architecture using hypergraphs, while Jung et al. [28] modeled IoT devices
in smart homes using the hypergraph model. The theory has also been used for machine
learning operations using the MySQL World database, consisting of country-scale information [32] and to create a design engineering assistant for space missions in [10].

Fig. 2. An example of linked building data using an RDF model

In RDF, data is linked via a subject-predicate-object structure (Fig. 2). The subject
is a node, the predicate is an edge and the object is either another node or a literal.
Multiple triples could be mentally modeled as a graph of data consisting of nodes and
edges, named by a Unique Resource Identifier (URI) which typically is an HTTP URI.
A unique asset of RDF is that the HTTP URIs can be published on the world wide web,
and therefore be used by others. Simultaneously, a user can easily use other RDF triples
to link to its own graph database, resulting in rich datasets with information from many
sources. SPARQL has been adopted as the standard query language for RDF and is also
based on triple patterns. It’s a graph query language which retrieves information from
a graph based on pattern matching. Being a global standard, RDF is the most frequently
used graph model in the smart home domain and has been used in cases related to energy [22], home automation [5, 30], health [54], activity-recognition [14] and IoT integration [5, 50].

Fig. 3. An example of linked building data using an LPG model

A popular graph model next to RDF is the labeled property graph, natively used by
Neo4j. Different from RDF, LPGs can carry properties directly within their nodes and
relationships (Fig. 3). The internal structure of nodes and relationships is described by
key-value pairs. LPGs are typically node-centric, different from the edge-centric RDF
triples [2]. Cypher is the main query language which is used in LPGs. Other graph query
languages are Oracle’s PGQL, TigerGraph’s GSQL and LDBC’s GQL. As the LPGs
do not use a schema language, Cypher uses no prefixes and is merely a combination of
Cypher keywords. The LPG model already proved to be useful for different smart buildings and city use-cases. It has been used for cases related to smart city infrastructure
[24], citizen recommendation services [36], energy smart buildings [34] and geospatial
data [23].

Fig. 4. An example of linked building data using an RDF* model

The RDF* model aims to combine the strengths of RDF and LPG. There is a proposition for extending the RDF model with the possibility to add attributes, named RDF*
[26]. RDF* enables adding metadata to statements through the notion of nested triples,
based on reification [4] (Fig.4). However, RDF* is still in a research phase.
While both the hypergraph, LPG and RDF* models are considered to be suitable
competitors to RDF, LPG is the most mature in terms of community, software development and state-of-the-art use-cases to the best of our knowledge [3, 19]. Therefore,
this research will focus on comparing LPG and RDF.

3

Methodology

The evaluation consists of both objective and subjective comparisons between the two
graph models, based on two case studies. The subjective (qualitative) comparison compares the use of both models for smart homes based on their fundamental differences,
differences in relationships, inference, the use of ontologies, their query languages, interoperability and other measures. The objective (quantitative) comparison compares
measurable differences between the models in their operating phase, including query
execution time and storage, but also graph complexity (consisting of node and edge
counts and graph density). To compare, the Open Smart Home dataset [46] and a dataset
representing a kitchen have been used. The details of the comparison are explained in
the following sub-sections.

3.1

Qualitative Comparison

A qualitative comparison is conducted based on the evaluation measures used in previous research. Insights from a literature review have been projected on possible smart
home use-cases to compare the graph models. Following this review, we compare fundamental differences [4, 18], query languages [2], ontologies, relationships [7], inference [3] and other measures like interoperability, usability, support and security [2, 3].
3.2

Quantitative Comparison

The major focus of the quantitative comparison is comparing the structural differences
of the graph models and differs from a lot of previous research which mainly focused
on comparing graph database systems ([20, 27, 52]). A comparison of two graphs will
be performed using two datasets. First, the Open Smart Home Dataset [46], which is
openly available from GitHub and comes in RDF Turtle format, will be used. The dataset represents an IFC file of a flat with different rooms, of which most of them are
equipped with different sensors (measuring temperature, brightness and humidity). It
also contains different RDF representations, of which the one using the BOT ontology
has been used for this research. An LPG has been created using the NSMNTX plugin
[6], which is used to import and export RDF data into Neo4j as an LPG. NSMNTX
transforms triples using an -n-K-V and -e-K-V schema (as explained in [18]), where n
(node), e (edge), and K (key), are URIs and V (value) is a literal. More development is
necessary to be able to transform more complex topologies.
Next to the Open Smart Home data, two datasets representing a kitchen have been
created using the two graph models. One of them is a typical RDF turtle file based on
the same structure as the Open Smart Home data, while the other is a typical LPG following no schema language. For comparison, both datasets have been imported using
NSMTX in Neo4j. They are stored as local Neo4j graphs to compare the performance
of the different initial structures of the data. These quantitative comparisons include
measuring the query execution time based on four different queries and 880 runs, required storage space and different measures for graph complexity. This includes counting the nodes and edges, but also the graph density, as calculated in equation 1:
|𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑠𝑠|

𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ = |𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁|∗|(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁−1)|
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Results

4.1

Qualitative Comparison

(1)

Fundamentals. RDF has been designed as a framework for publishing and exchanging
data amongst a large group of stakeholders in a structured format. LPG has been developed mainly for using the data, with the purpose of storing and querying it as efficient
as possible [7]. RDF and LPG have two fundamental differences:

1. RDF nodes and edges can’t hold properties; LPG nodes and relationships can;
2. RDF is often index- and schema-based; LPG is not.
Due to RDFs lack of internal structure, properties of nodes can only be described by
adding new nodes or literals. This results in a rather atomic decomposition of entities.
Compared to RDF, LPGs are more compact, as entities’ properties are stored within the
nodes or edges. This could lead to a difference in nodes and triples of an order of magnitude [7].
Relationships. LPGs allow relationships to carry properties. Based on the mentioned
smart home functions, there is potential in describing the relationships between people,
IoT devices and the physical built environment. LPG’s key-value pairs could be used
to describe preferences, rules, restrictions and other information. In RDF, nodes could
carry properties by adding new nodes and relationships, but edges are unable to carry
such information without complex workarounds (shown in [18]). An advantage of putting attributes on edges is that it allows to easily create temporal relationships and
weighted relationships [33]. Temporal RDF constructs are more cumbersome.
Weighted relationships can be used for network analysis algorithms.
Since RDF uses URIs to define nodes and relationships, it cannot create multiple
instances of the same relationship. For example, one cannot state the following in RDF:
:Sensor :measured :Temperature
:Sensor :measured :Temperature
It wouldn’t count the fact that the sensor measured the temperature two times. To do
so, the RDF file needs a workaround, such as using observations:
:Sensor :measured :Observation1
:Observation1 :hasProperty :Temperature
:Sensor :measured :Observation2
:Observation2 :hasProperty :Temperature
On the other hand, LPG cannot handle multivalued properties [4]. The following construct would not be possible in LPG:
CREATE (building {restrict.: “Bob”, restrict.: “Lisa”})
The query would only show the restriction of Lisa and neglect the restriction of Bob.
Again, there’s workaround, such as using an array:
CREATE (building {restrict.: [“Bob”, “Lisa”]})
It can be concluded that, based on the relationships, the best graph model depends on
the use-case. There’s potential in developing easier workarounds for both models.
Ontologies. Different from LPGs, RDF stores typically support ontology modeling languages like RDFS and OWL2 RL [18]. Ontologies have two main purposes. First, they
are used as an interoperability framework; different stakeholders use the same framework to model their data. Second, ontologies store domain knowledge, allowing machines to do inferencing on data, in order to better understand the data or to derive new
insights. They have both advantages and disadvantages which will be discussed below.
First, ontologies allow machines for deeper reasoning of data, as they have built-in
relationships between concepts. This reasoning is very similar to human reasoning.

Many of this reasoning is done through inferencing: creating new knowledge from existing information [3, 4]. Secondly, ontologies in the semantic web stack are easily extendable. One can mix multiple ontologies, create new ones and extend existing ones
to create fit-for-purpose schema language. A third advantage of ontologies is that they
structure domain knowledge. In the built environment, many stakeholders from different domains work together, all with their own rules and knowledge. By using domainspecific ontologies, machines could re-use this knowledge without the need to specify
them every single time. Finally, ontologies do not only allow knowledge sharing across
different domains, they also stimulate the re-use of knowledge amongst stakeholders
within domains. When modeling many similar objects with different owners, schema
language might be desirable to allow machines to deal with the graphs similarly, for
example by using the same software or queries. Especially in the built environment,
with so many buildings, devices and other entities to be modeled, all with their own
owners, basic schema language can be used to integrate data better.
A disadvantage of using ontologies is that they limit the freedom of describing entities. As knowledge is formally defined a priori, anyone who wants to describe an entity
using ontologies is somewhat bounded by this knowledge. Another disadvantage is that
ontologies need a certain level of agreement amongst stakeholders. If multiple stakeholders use different mixtures of ontologies, many of the advantages of ontologies fade
away. Possibly, central bodies should advise the different stakeholders about standards.
Query language. SPARQL and Cypher are both declarative, SQL-like query languages. Although the authors felt that Cypher is more intuitive and simpler to use, a
comparison by Keen [29] based on multiple queries shows that the complexity of the
queries in both languages is in fact very similar. As SPARQL is standardized, RDF
triples could be queried by different applications flawlessly [2]. SPARQL can also
query results from multiple databases combined, directly [33]. LPGs still use multiple
query languages, which limits interoperability amongst users and software [2, 4]. However, there is an industry push to create global standard graph query language named
GQL, strongly influenced by Cypher. For now, SPARQL seems to be the most stable
and most portable option.
Other measures. Being a global standard, RDF is supported by W3C and many database vendors, offering mature software tools [18]. Support for LPG is more fragmented
[2]. Its development is supported by the Neo4j community (7000 users) developing the
model through Neo4j Labs. However, the interest in LPG is growing. A google trend
report comparing Neo4j and RDF (since 2009) shows a relative increase in popularity
for Neo4j.
The security of both RDF and LPG is vendor-dependent, as different databases have
different security measures. Data security is important for smart homes and preferably,
owners would be able to choose which clients can traverse over which data. Since RDF
uses HTTP URIs, the domain owner can implement security restrictions to the URIs
[33]. Neo4j has a role-based system for user roles, allowing admins to determine
through which nodes in a graph a client can traverse. It also includes options for whitelisting and restrictions for external APIs.

As RDF is intentionally designed as a model to share data on the web, the model has
certain interoperability perks. In RDF all nodes and edges are globally unique, and
therefore discoverable by others. Next to that, the ontologies enable sharing knowledge
with many stakeholders. In LPG, identifiers are local which limits the possibility to
integrate data across multiple stakeholders and systems [33]. Another interoperability
perk which RDF has is provenance: a description of the origin of the data. This could
be done either by inference or through ontologies (such as www.w3.org/ns/prov#) [33].
LPGs generally use a closed world assumption, while RDF schema language concepts often rely on an open world assumption [53]. This opens many possibilities for
inference and generally fits the concept of the semantic web better [38].
4.2

Quantitative Comparison

The RDF graph and LPG graph highly differ in complexity as the RDF graph is more
atomic. This could be reflected by counting the nodes, edges and the graph density.
Table 2 shows the differences for the open smart home data.
Table 2. Quantitative differences between RDF and LPG graphs for open smart home.
Heading level

RDF

LPG

Nodes

719

475

Edges

1332

507

Graph density

0,0026

0,0023

The difference in nodes and edges is clear. From the RDF graph, 549 out of the 719
nodes were actual HTTP URIs while the others were literals. These literals, plus some
of the HTTP URIs, have been added to the LPG nodes either as key-value pairs or as
node labels. However, the graph density of both graphs is not so different. Bigger differences could be seen when more direct information about objects is added (Table 3
and Figure 5). A typical RDF graph (based on the BOT ontology) has been converted
to an LPG using the NSMTX plugin of Neo4j. Similar information has been described
in a custom LPG graph. It is clearly visible how much simpler the LPG graphs are
compared to the RDF graph. However, [18] argues that the cardinalities strongly depend on the transformation schema.
Table 3. Quantitative differences between RDF and LPG graphs for a kitchen.
Heading level

RDF

LPG (using NSMTX) LPG (custom)

Nodes

27

16

2

Edges

26

15

1

Graph density

0,037

0,063

0,5

A: RDF graph of a kitchen, based on the open smart home dataset

B: LPG graph using the NSMTX RDF import in Neo4j

C: Custom LPG graph

Fig. 5. Comparison between RDF and LPG graphs

Clear differences in query execution time could also be seen between the LPG using
a NSMTX RDF import and the custom LPG. Different queries have been performed in
Neo4j to measure the difference in execution time (Listing 1). As Neo4j maps data files
and query execution plans to the cache after querying, the first queries after connecting
to the server were found to be considerably slower [51]. Therefore, both the average of
the first runs as well as the average after caching (100 runs) are compared in Table 4.
More complex queries were easier to create for the custom LPG graph, as the query
depth is lower, and therefore more intuitive. These results correspond to earlier findings
[2, 7], stating that the cost of traversing edges in an RDF graph is logarithmic, while
LPGs are designed for fast traversing. De Abreu et al. [20] found RDF databases to be
sensitive to graph density.

Listing 1. Cypher queries to compare two graphs
1. MATCH (n) RETURN n
2. MATCH (n)-[r]->(m) RETURN n,r,m
3. MATCH (n)-[r:ns0__AdjacentElement]->(m) RETURN n,r,m
4a.MATCH (n)-[:ns3__dimensionsLength]->()-[]->(l),
(n)-[:ns3__dimensionsWidth]->()-[]->(w),
(n)-[:ns3__identityDataName]->()-[]->(s)
RETURN n.uri, l.sch__value, w.sch__value, s.sch__value
4b.MATCH (n)-[]->(m)
RETURN m.uri, m.ns2__name,m.ns2__width,m.ns2__length
Table 4. Comparing queries for NSMTX RDF import versus custom LPG graphs.
Query

LPG (NSMTX)
First 10 run avg.

LPG (NSMTX)
100 runs avg.

Custom LPG
First 10 run avg.

Custom LPG
100 runs avg.

1

23.8 ms

2.6 ms

13.8 ms

1.3 ms

2

32.5 ms

4.4 ms

16.8 ms

1.6 ms

3

27.8 ms

1.8 ms

18.0 ms

1.6 ms

4a, 4b

23.7 ms

1.7 ms

11.5 ms

1.2 ms

De Abreu et al. [20] found that RDF stores outperformed LPG databases for graph
creation and simple queries, but fell behind during more complex queries. Jouili and
Vansteenberghe [27] found that Neo4j outmatched other databases on graph traversals.
However, this largely depends on the topology of the graph [18]. A final difference
could be found in the storage space of both graphs, with the RDF graph using 7kb
storage compared to 2kb for the custom LPG. This makes sense, since the custom LPG
stores the data in a less atomic way and therefore needs less characters. However, Das
et al. [18] argues that RDF stores have no limit in storage size, while LPGs are limited
by their graph database software, making RDFs more likely to serve as backend storage.

5

Conclusion and Discussion

The increasing availability of IoT data in the built environment asks for new methods
of data integration. Therefore, linked data principles are gaining attention. This paper
compared two graph models for linked data: the established RDF and LPG, which is
growing in popularity. Both a qualitative and quantitative comparison have been conducted. Quantitatively, the native LPG outscored the RDF in all performance measures.
For real-time operations, we conclude that LPG performs best.
However, qualitatively, RDF might be favorable in some scenarios. RDF exceeds
LPG in multi-stakeholder environments, as it is able to share domain knowledge
amongst many stakeholders (both within and without the domain) and do inference
based on this knowledge. Considering the proposed functionalities of smart homes and
the need to integrate many different types of data to build applications, RDF is considered the most stable model.

We consider the small dataset and the limited amount of queries a limitation, and
therefore propose future research which should compare larger datasets using queries
based on different use-cases (related to indoor environmental quality, energy efficiency,
maintenance and geometric queries) in different query languages. These datasets will
also contain more complex topologies to test various transformation schemas.
It is necessary to closely follow the developments of hybrid variants of RDF and
LPG, such as RDF*, but also the interoperability of RDF and LPG, such as presented
in [4] and [18], but also in the recent NSMTNX developments [6]. These future developments might combine the strengths of both graph models.
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