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Abstract — During the Buildings’ lifecycle, massive amounts of
data, that contain information related to their energy
consumption, are generated. Towards the creation of smart
building networks, this produced information must be intercepted
and harmonized according to building ontologies and schemas.
The pattern recognition from building metadata is based on
inferencing and intelligent querying, that can be achieved with the
utilization of graph and property databases that deploy and host
building information. This paper presents a Reasoning Engine
Architecture implemented in the context of the H2020 project
called MATRYCS that persists building semantic information. It
will be leveraged to support real life applications by improving the
inference operations.

Keywords — Inference analytics, building metadata
management, semantic enrichment, reasoning engine, energy
efficiency, intelligent querying, graph knowledge database

. INTRODUCTION

The environmental crisis (climate change, energy supply) is
the main problem that European Union (EU) is called to solve.
Almost 40% of EU energy consumption is produced from
buildings [1] across different member states, thus the building
sector plays a solid role in the creation of effective climate and
environmental policies[2]. The constantly generated metadata
from the building lifecycle [3] offer a huge opportunity for
improving the energy efficiency in the building sector by
leveraging the logical connections between them. All the
above-mentioned factors have led to an increasing momentum
of technologies that could be utilized for managing the energy
data generation [4] and consumption results [5], which can push
towards the creation of smart and energy-aware building
networks [6]. Data are expected to play an important role and
various data analysis techniques [7] (including, among others,
optimization, forecasting, classification, metadata analysis and
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management and clustering) can be applied for the extraction
of meaningful information from building data and for making
data-driven decisions that effectively support environmental
policies.

Despite the number of existing solutions for the
management of building data [8], there is not a standardizable,
interoperable and modular architecture that is able to combine
metadata belonging to different buildings. The lack of a
semantic framework for buildings data interoperability is
severe, as the need for semantic management of buildings
technical measurements, exogenous context-based data (such
as weather conditions), geographical or energy networks
(district, heating, power networks) related data pushes towards
the direction of an approach to supports multi-sector integrated
buildings-centered analytics.

This work is mainly focused on the building metadata
management. More specifically, a Reasoning Engine
architecture that will be leveraged to extract and infer logical
consequences from a set of asserted facts or axioms is proposed.
The utility of a mechanism like this, is to provide richer sets of
information to work with, by enabling RDF information [9],
graph databases [10] and building standards as well as
ontologies such as the BRICK schema [11] in order to
standardize the physical, virtual and logical assets that are
included in building operations. The BRICK schema was
developed on top of Project Haystack [12] and the SAREF
Ontology[13] in order to support more assets and data models.
The schema and standards that BRICK provides may represent
information for HVAC, Lighting, Electrical, Sensor systems,
Spatial information, Formal definitions, building operational
and control relationships.

Neo4j can store undirected, weighted graphs and hyper-
graphs, in contraction to RDF triple stores that only store and



manage the RDF building information as records. Moreover,
Neodj graph database provides theNeosemantics plugin
[14]that can be used for importing RDFs and its associated
vocabularies and for performing inferencing, by using imported
ontologies and schemas axioms. In this research, Neo4j and
Neosemantics deploy the Brick schema for conducting
inferences and intelligent querying over building information
and metadata.

The rest of the paper is structured as follows. Section Il
analyses the architecture and implementation of the Reasoning
Engine for building metadata. Section Il demonstrates the
Reasoning Engine queries and capabilities. Finally, Section V
summarizes the key issues arisen in this work

Il.  ARCHITECTURE & IMPLEMENTATION

The proposed Reasoning Engine Architecture for building
data presented in this research [15] is mainly focused on the
management of streaming messages that contain building
information, rather than using ontologies and RDF schemas for
building information Our architecture is focused on the
management of connected and linked data (e.g., RDF triples)
and building ontologies (e.g., BRICK) that can be leveraged in
to homogenize the information, create logical inferences from
building entities and extract hidden patterns that will facilitate
beneficiary parties to perceive and comprehend their
infrastructures’ needs towards improved energy efficiency.

A Reasoning Engine for linked data is proposed in order to
handle building ontologies and triples, as well as extract
information and entities from them by leveraging the
functionalities of graph databases and object storages. The
above-mentioned engine is consisted of components that are
responsible for the management and the version control of the
linked datasets, the storage of RDF triples, the processing and
the homogenization of these data under BRICK ontology, their
transformation to graph entities, and the intelligent querying
over the stored graph information via REST APIls. The
Reasoning Engine for building linked data is a microservices —
oriented solution, meaning that all the components are
independent and separately deployed from the others, but, of
course, properly connected to each other in order to
harmonically collaborate. This approach provides resilience,
flexibility and scalability. Figure 1depicts its architecture.
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Figure 1: Proposed Architecture for building linked data

As demonstrated, the Reasoning Engine is a multi-
component framework, consisted of four components, namely:

e the RDF Pool: Object storage where Building RDF
are stored and managed

o the RDF processors: Component responsible for
transforming RDF information to Neo4j entities

e the Graph database: Neo4j graph database

e the Retrieval Engine: Collection of REST APIs
that receive JSON and, on the background,
transform the JSON input to CYPHER for querying
the stored building graph information. The result is
also a JSON instance.

A. RDF Pool

The RDF Pool is the service responsible for receiving RDF
triples and handling them before processing them [16]. It is a
component implemented in Python 3! and it leverages the
capabilities of Python libraries such as Flask REST Framework?,
MinlO?® driver and Neo4j* driver to create REST APIs for
receiving RDFs, to persist and manage these datasets and to
enable the Brick ontology. Figure 2 demonstrates the
functionality of the RDF Pool and how the data are inserted in
the Reasoning Engine framework in RDF format.

! https://www.python.org/download/releases/3.0/
2 https://flask-restful.readthedocs.io/en/latest/

3 https://min.io/
4 https://neo4j.com/
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More specifically, the RDF Pool component enables the
Brick Schema during its initialization. This process is
performed for harmonizing all the incoming RDF files and the
consumed building information in one common data model.
Following, the RDF files are stored into MinlO object storage.

B. RDF Processor

The next layer is the RDF to Neo4j Processor, which is the
service responsible for transforming the processed RDF
information to Neo4j entities. This processor acts as a
middleware between the RDF Pool and the Neo4j Graph
database. It receives RDF data from MinlO and transforms the
RDF data to CYPHER® commands to insert the information to
Neo4j Graph database. Neosemantics® toolkit is used for the
deployment of the RDFs to the graph database. The pipeline of
RDF deployment is demonstrated in Figure 3.
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Figure 3: RDF Deployment Pipeline to Neo4j

C. Graph Database

The selected graph database technology is Neo4j, which is
a distributed database that translates its records to graph nodes
and the relationships between records are intercepted as graph
connections. The graph database is selected for persisting the
RDF information because it is capable of conducting logical
inferences over data relationships, extracting hidden patterns
and creatin a network of building data aligned to BRICK
Ontology. Figure 4 demonstrates the network of persisted
buildings in Neo4j. These building data have been inserted
through the Reasoning Engine components, from RDF Pool to
Processor and afterwards to the Graph indexing. Neosemantics
toolkit achieves the transformation of the RDF to graph entities.

D. Retrieval Engine

The last component which exposes the persisted entities to
the external world is the Reasoning Engine’s Retrieval Engine.
Itis a collection of REST APIs based on Flask Rest Framework
for the APIs generations and the routing functionality. The
querying functionalities are derived from the usage of Python
Neo4j driver and the Neosemantics toolkit which interacts with
the stored network of building information.
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Figure 4: Network of Buildings aligned to BRICK Schema

The Retrieval Engine is responsible for the transformation of
JSON input received from the API collection. On the backend
side the delivered information is translated to CYPHER queries
that are finally sent to the Neo4j graph database.
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Figure 5: Retrieval Engine Interaction with the Neo4j Graph
Database

Figure 5 depicts the interaction of the Retrieval Engine and
the incoming input from the external applications and users of
MATRYCS ecosystem. The Retrieval Engine is consisted of
two sub-components: the REST APIs that collect the external
information and distribute it to the Query Processing
mechanism, and the Query Processing mechanism itself, which

5 https://neo4j.com/developer/cypher/
& https://neo4j.com/labs/neosemantics/

7 https://www.json.org/json-en.html



process and polishes the incoming events to CYPHER
commands in order to query the existing network of buildings
in the graph database.

Table 1 demonstrates the input received from the APlIs.

Table 1: JSON input for receiving building KPIs

POST /leiflrdfimultiple/kpi/buildings
{
"kpi_list”: [" Action_value”, ”Renovation_cost”]

}

This input is then transmitted to the Query processing,
where are utilized to covert JSON to CYPHER. Table 2 depicts
the CYPHER command generated from the input in Table 1.

Table 2: CYPHER command generated from JSON input

MATCH (b:Building)-[r:value]->(kpi)
WHERE kpi.label[0] in [” Action_value”, "Renovation_cost”]

RETURN  b.uri as building_uri, kpilabell0] as label,
kpi.hasUnit[0] as hasUnit, kpi.value[O] as value

The output of the Retrieval Engine is the result of query
demonstrated in Table 2, which fetches the information of the
stored buildings for the provided KPIs, and it is sent back in
JSON format through HTTP® response (Table 3).

Table 3: Response returned from Retrieval Engine

"building_uri”: "http:/lexample.com/Leiff#Incukalns_1",
"label”: "Renovation_cost”,
"hasUnit”: "euro”,

"value”: 328899.5

"building_uri”: "http:/lexample.com/Leif#Incukalns_2",
"label”: " Action_value”,
"hasUnit”: "action_value”,

"value”: 3.01

E. Methodology

The design and the implementation of the proposed
architecture was based on the results of the state-of-the-art
analysis and research, as well as the undoubted need that arises
for extracting information by leveraging rules and axioms from
Building RDF information [17]. The next step was the
identification of the BRICK ontology and of the Neosemantics
toolkit which respectively are the technologies used for the
homogenization of linked data and their graphical
representation. Following, the technical phase was initiated
with the exploration of available RDF building files and the
creation of the Building graph. Finally, the materialization of
the Reasoning Engine component using Python 3
accomplished.

State of the Art Analysis

Brick Ontology & Neosemantics Exploration

RDF Files exploration & Network of Buildings graph representation

Reasoning Engine programming implementation

Figure 6: Implementation Steps

I1l.  DEMONSTRATION

The Reasoning Engine proposed in this paper is leveraged
to apply logical inferences and axioms over energy building
data. The knowledge base, where our architecture will be used
to perform logical consequences, is part of the MATRYCS®
H2020 large scale pilots.

The data used for the testing of the proposed architecture
were RDF triples containing information of buildings, such as
building’s construction year, building’s total area, building’s
coordinates, building’s KPIs before and after renovation, name
of the project that funds the building’s renovation activities, etc.

The insertion of RDF building data is conducted through the
RDF Pool file uploading service. Before using this
functionality, it is obligatory to define the RDF file that
contains the building data that will be uploaded in the
Reasoning Engine structures, the version number and the
identifier of the file. This information are needed for
characterizing the directory, where the input will be stored, in
the RDF Pool object storage (MinlO bucket). Table 4 presents
the uploading file functionality.

8 https://developer.mozilla.org/en-US/docs/Web/HTTP

® https://matrycs.eu/



Table 4: RDF uploading service

POST /upload/ttl/files HTTP/1.1
Host: reasoning_engine
Content-Length: 401

Content-Type: multipart/form-data;
WebKitFormBoundary7MA4YWxkTrZuOgW

-—WebKitFormBoundary7 MA4YWxkTr ZuOgW

boundary=--—-

Content-Disposition: form-data; name="file”;
filename="/ /LEIF.ttl"

Content-Type: <Content-Type header here>
(data)

--—WebKitFormBoundary7 MA4YWxkTr ZuOgW
Content-Disposition: form-data; name="version”
2

--—WebKitFormBoundary7 MA4YWxkTr ZuOgW
Content-Disposition: form-data; name="file_id"
leif

--—-WebKitFormBoundary7 MA4YWxkTr ZuOgW

After the file uploading, the Processor sub-component
begins to function. More specifically, the RDF triples are
transformed to Neodj entities (nodes and connections) by
enabling the BRICK schema and Neosemantics toolkit. The
RDF artifact is selected from the MinlO bucket and, as the
process continues,it is polished and processed through the
Processor cleansing procedures. Firstly, the homogenization
process is triggered and the building properties in RDF triples
are remodeled according to BRICK standards and attributes.
Consequently, Neosemantics and its Python driver are enabled
to convert the input data to Neo4j graph entities.

Table 5: Trigger Processing for specific RDF file

POST /enable/ttl HITTP/1.1

Host: reasoning_engine

{
“ttl_id": "leif”,
"ttl_version”: 1,
"ttl_name”: "LEIF.ttl",

"nn

“ontologies”:[" " http://qudt.org/vocablunit/”,
"http:/lwww.w3.0rg/2001/XMLSchema# "] }

In Table 5 the REST API that triggers the procedures
responsible to convert the file with name “LEIF.tt1” is

demonstrated. As shown, this specific file has an identifier with
the value “leif” and its version number is “1”. The resulting
graph from the previous file is depicted in Figure 7.
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Figure 7: RDF Triples as Neo4j Entities

The building information is stored as graph entities and the
Retrieval Engine is responsible for exposing these data to
analytics applications in order to enhance their accuracy. The
intelligent querying is offered from the persisted BRICK
schema which is utilized from the Neosemantics toolkit to
manage the building attributes effectively and to provide
insights and capabilities to analytics services for reducing the
size and the volume of their input.

Data produced from buildings are massive and their load is
vast [18], building analytics services are responsible for
handling that load for predicting and handling building KPIs
and metrics [19], such as CO, emissions, electricity
consumption. The proposed Reasoning Engine manipulates
these metadata as graph entities and provides mechanisms for
translating them to inputs easy to be consumed from other
services such as JSON and reducing their size via metadata and
ontology management. The analytics services receive the
pattern extraction from Reasoning Engine REST APIs as JSON
data. The following table (Table 6) contains a series of APIs
that trigger the pattern and insights extraction from building
graph entities.

Table 6: List of Reasoning Engine REST APIs

Description Functionality
List of stored GET /leif/rdf/buildings HTTP/1.1
buildings URI Host: reasoning_engine:5000

GET /leif/rdf/sites HTTP/1.1

List Project Sites Host: reasoning_engine5000




List of stored

GET /leif/rdf/buildings/data HTTP/1.1

building data Host: reasoning_engine:5000
POST /leif/rdf/site/buildings/data HTTP/1.1
List stored Host: reasoning_engine:5000

building data for
specific Project
Site

"site_uri":
"http://example.com/ProjectSite#KPFI_7_8"

Get Information
for specific

}
POST /leif/rdf/building HTTP/1.1
Host: reasoning_engine5000

e "building_uri":
building "http://example.com/Leif#Riga_49"
POST /leif/rdf/building/totals HTTP/1.1
Host: reasoning_engine:5000
Get KPlIs for

specific building

"building_uri":
"http://example.com/Leif#Riga_21"
}

Get Energy KPIs

GET /leif/rdf/energy/kpis HTTP/1.1

for specific . . AL
Building Host: reasoning_engine:5000
Get List of POST /leif/rdf/multiple/kpi/buildings HTTP/1.1

buildings along

with their values

for the provided
list of KPIs

Host: reasoning_engine:5000

"kpi_list": ["Action_value", "Renovation_cost"]

Get Buildings that
belong to the same
cluster

GET/leif/rdf/cluster/number/${cluster_number}/b
uildings HTTP/1.1
Host: reasoning_engine:5000

Get top N most

similar buildings

for the provided
building URI

POST /leif/rdf/list/similars HTTP/1.1
Host: reasoning_engine:5000
{

"num": N,

"building_uri"':
"http://lexample.com/Leif#Riga_21"

Consume Building
RDF via URL

}
POST /import/rdf HTTP/1.1
Host: reasoning_engine:5000

"onto_url":
"https://brickschema.org/schema/Brick#",
"rdf_url": "${RDF_URL}”

Consume Building
RDF stored in
RDF Pool

}
POST /enable/ttl HTTP/1.1
Host: reasoning_engine:5000

"ttl_id": "leif",

"ttl_version": 1,

"ttl_name": "LEIF.ttl",

"ontologies™: ["http://www.w3.0rg/1999/02/22-
rdf-syntax-ns#", "http://qudt.org/vocab/unit/",
"http://www.w3.0rg/2001/XMLSchema#"]

}

IV. DISCUSSION

The component demonstrated before is an engine for
metadata management, where the information is organized with
a specific schema. If new data arrive that do not follow the
prescribed schema/ontology the reasoning will fail and will
produce poor results. The data enrichment process it is based
only on BRICK schema, thus the need for additional schemas
will expand the reasoning capabilities of the component.
Furthermore, the existence of a user interface that presents the
resulted operation is required as the user will be helped to

understand more the reasoning process than the resulted
command line operations.

V. CONLUSIONS

This paper introduced a Reasoning Engine architecture for
buildings that enables the usage of the BRICK schema along
with property storages for pattern extraction from building
metadata. A system implemented on top of the graph database
in order to provide a RDF Pool, as the staging area for the
building metadata. The stored metadata are transformed from
triples to logical entities under the BRICK schema and then the
search capabilities and querying are offered via HT TP methods.

Potential insights derived from the building lifecycle could
be used from decision makers to design policies based on data
driven applications that will aid to solve complex problems that
European Union deals with, such as energy efficiency and
energy poverty across member states. The building domain is a
starting point for using innovative methods based on analytics
results and conduct energy prediction, multi-criteria decision
support and assessment.

As future work, the Reasoning Engine for building metadata
proposed in the context of MATRYCS H2020 project will be
enriched with more RDF triples from other large-scale pilots
involved in the project. Furthermore, in the near future our goal
is to provide an admin console where the admin user will be
capable to manage ontologies and schemas [20], for instance to
add, delete and update RDF files and building ontologies to the
MATRYCS Reasoning Engine.
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