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Abstract. In the Semantic Web of Everything, observation data col-
lected from sensors and devices disseminated in smart environments must
be annotated in order to produce a Knowledge Base (KB) or Knowledge
Graph (KG) which can be used subsequently for inference. Available ap-
proaches allow defining complex data models for mapping tabular data
to KBs/KGs: while granting high flexibility, they can be difficult to use.
This paper introduces a framework for automatic KB generation in Web
Ontology Language (OWL) 2 from observation data sets. It aims at sim-
plicity both in usage and in expressiveness of generated KBs, in order
to enable reasoning with SWoE inference engines in pervasive and em-
bedded devices. An illustrative example from a precision farming case
study clarifies the approach and early performance results support its
computational sustainability.
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1 Introduction and motivation

The Semantic Web of Everything (SWoE) vision aims to bring interoperable
technologies for knowledge representation and reasoning to all scales of com-
puting, from the World Wide Web (WWW) to nanodevices with strict process-
ing, memory, and energy constraints. Distributed infrastructures for data stream
gathering, analysis and interpretation can greatly benefit from knowledge-based
methods and techniques, as commonly adopted Machine Learning (ML) methods
have optimal performance only for very large and well-curated datasets. Dataset
transformation into a usable Knowledge Base (KB) or Knowledge Graph (KG)
requires overcoming the impedance mismatch of the Resource Description Frame-
work (RDF) [26] and Web Ontology Language (OWL) [22] data models with
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respect to most data sources [20]. Data governance and curation are complex
problems for the majority of real-world infrastructures [28] based on wireless
sensor networks, embedded devices and wearables, which generate high-volume
and high-velocity streams of noisy and uncertain data.

When starting from raw observation data sets, the currently prevalent ap-
proaches to the generation of a Knowledge Base (KB) or Knowledge Graph (KG)
rely on cloud-based Data Lakes. Though flexible, this approach is too complex
and cumbersome for SWoE scenarios, not only because it requires huge storage
resources, but also because it prevents agents running on pervasive devices from
discovering and detecting relevant information autonomously. A wide body of
research concerns mapping tabular data to KBs and KGs, which can cover many
practical use cases: several methods, systems, and evaluation benchmarks exist
[18]. They allow flexible mapping definitions beyond the simple “entity-per-row”
assumption, in order to meet the requirements of advanced data management ap-
plications. For this reason, they often exhibit a steep learning curve and require
significant expertise with Semantic Web technologies. In many SWoE contexts,
however, observations represent events gathered from heterogeneous independent
sources, such as sensors, Internet of Things (IoT) devices and objects populating
a smart environment. Every event –either periodic or triggered by a condition–
is an individual entity, with a specific value for each one of its attributes. As
data models are kept relatively simple and regular, these contexts can benefit
from leaner data processing frameworks for KB/KG construction.

This paper introduces a framework for automatic generation of OWL 2 KBs
from observation data sets. The method consists in three phases: (i) data prepa-
ration and modeling of an upper ontology including classes for each type of
observation (i.e., relevant event in the problem domain) and for each feature;
(ii) automatic Terminological Box (TBox) generation; (iii) automatic Assertion
Box (ABox) generation, creating an OWL individual for each observation in-
stance. By keeping logical expressiveness relatively simple, the KB generation
approach is amenable to event classification and detection problems based on se-
mantic matchmaking, [25] which can be executed on pervasive devices by means
of optimized reasoning engines [24]. The correctness of the approach has been
validated in a precision farming case study, while preliminary performance tests
have evaluated the sustainability of the proposal.

The remainder of the paper is as follows. Relevant related work is recalled in
Section 2. Section 3 describes in detail the framework architecture and processing
steps. Section 4 reports on an illustrative example taken from the precision
farming case study, while performance results are in Section 5, before conclusion.

2 Related work

The RDF Mapping Language (RML) [11] has extended the Relational database-
to-RDF (R2RML) [8] World Wide Web Consortium (W3C) recommendation
for a declarative mapping language from tabular data to RDF. RML adds sup-
port for the integration of multiple data sources and for various structured data



formats in addition to relational databases. R2RML and RML are still among
the most widely adopted approaches for KG construction. RML has been fur-
ther extended by RML-star [10] in order to support the RDF-star [27] language
for annotating RDF statements with other RDF statements. These approaches,
however, require writing a configuration document manually to specify mapping
definitions. Morph-KGC [3] is an R2RML and RML interpreter focusing on per-
formance and scalability: it groups rules in the input mapping documents, in
order to guarantee the generation of disjoint sets of RDF triples by each group.

Several systems use popular Linked Open Data sources to annotate tabular
data automatically. The architecture of JenTab [1] consists in a pool of modu-
lar processing tasks, which are combined in different pipelines for each type of
table semantic annotation problem; it uses Wikidata [30] for entity resolution.
In addition to Wikidata, DAGOBAH [19] queries four other services, including
DBpedia [17] and Wikipedia API. Machine learning combined with probabilistic
[31] and constraint programming [9] methods have also been exploited to assign
a semantic model to tabular data sources automatically.

Whereas the above approaches produce RDF output, systems targeting OWL
include Mapping Master [21] and BootOX [16]. Mapping Master provides a lan-
guage to define mappings of complex spreadsheets to OWL ontologies. BootOX
interprets R2RML mappings by encoding relational database features to OWL 2
axioms: the three phases of the bootstrapping problem as formulated in BootOX
–vocabulary and ontology generation, mapping generation, importing– are con-
ceptually similar to the processing phases of the approach presented in this
paper, although the latter focuses on data-driven applications.

3 Framework architecture

The main goal of the proposed framework is to automate the construction of a
Knowledge Base starting from a reference dataset consisting of observation data.
In this way, a dataset can be easily mapped into a conceptual model related to
a specific domain through which every observation can be annotated. As shown
in Figure 1, the process of KB generation consists of three sub-tasks: (a) data
preparation and upper ontology modeling; (b) Terminological Box (TBox) gen-
eration; (c) Assertion Box (ABox) generation. The following paragraphs provide
a top-down description of the approach.

3.1 Data preparation and upper ontology modeling

The first step towards the definition of the Knowledge Base is the dataset anal-
ysis, aiming to identify the following information:

– list of features of observations, denoted as F = {F1, F2, . . . , FN}; each feature
has a (numerical or categorical) domain;

– list of tuples, denoted as R = {R1, R2, . . . , RM}. Each tuple Ri is a set of
attribute values ⟨vi,1, vi,2, . . . , vi,N ⟩ representing an observation collected for
the specific scenario;
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Fig. 1: Workflow of the proposed framework

– list of events of interest, denoted as E = {E1, E2, . . . , EP } and representing
the set of class labels associated to the observations. Each tuple Ri can be
associated to one or more events.

The upper layers of the reference ontology T should model the domain con-
ceptualization along the specific patterns detailed hereinafter, in order to support
semantic-based data annotation and interpretation. T is assumed as acyclic and
expressed in the moderately complex ALN (Attributive Language with unqual-
ified Number restrictions) Description Logic [4]. This is required to be compliant
with nonstandard, nonmonotonic inferences provided by reasoning engines de-
signed for SWoE applications (e.g., Tiny-ME [24]). For each feature in F , T
must include a hierarchy of concepts derived from a reference class, selected by
the user typically by referring to a well-known upper ontology, forming a parton-
omy of the topmost concept. For example, in Figure 2 the FeatureOfInterest class
defined in the SOSA (Sensor, Observation, Sample, and Actuator) ontology [15]
is used as an upper layer for the TBox section related to the features. This sub-
phase must deal with any impedance mismatch between the dataset model and
(the available expressiveness of) the selected OWL sublanguage [23]. In this way,
each dataset attribute Fi is represented by means of a class/subclass taxonomy
featuring all significant value ranges and configurations it can take in the domain
of interest. The breadth of each sublevel will be determined automatically during
the TBox generation task described in Section 3.2. In that step, each subclass
Fi,j will be also associated with contextual parameters by means of specific OWL
Annotation Properties. Similarly, the events in E are modeled as subclasses of
an output concept identified by the user (e.g., the Observation class in Figure
2).

3.2 TBox generation

The next step of the framework consists in processing the prepared dataset to
generate the TBox. This task is composed of two distinct sub-tasks:
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1. generation of a configuration file, storing the ontology metadata and all fea-
tures parameters required to create and characterize the concept hierarchy;

2. serialization of the TBox, according to one of the available OWL 2 syntaxes,
guided by the configuration file.

The main advantage of this two-step approach lies in the fact that the user
can customize the configuration file (e.g., to include further contextual infor-
mation) before proceeding with the generation of the TBox. In this way, the
proposed workflow can be adapted and reused for the generation of ontologies
in a wide variety of domains of interest. Given a properly prepared dataset as
input, the process of building the configuration file is illustrated in Figure 3. The
prepared dataset is processed via the K-means clustering algorithm, which has
been chosen due to computational complexity amenable to SWoE contexts [2].
For each feature Fi ∈ F , the Elbow Method (EM) [29] is used to compute the
optimal number K∗

i of clusters to partition the values contained in the dataset
for each i-th feature. Denoting as Ci = {Ci,1, Ci,2, . . . , Ci,K∗

i
} the set of clusters

obtained from the feature Fi, for each cluster Ci,j ∈ C a new subclass fi,j (for
i = 1..N and j = 1..K∗

i ) is added to the TBox. The name of each subclass of a
given feature is obtained by combining a cluster prefix with the feature name,
e.g., Low + Temperature = LowTemperature). Up to 7 different prefixes are cur-
rently supported to partition a feature: ExtremelyLow, VeryLow, Low, Medium,
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Metadata Annotation Property IRI Short IRI Range

Title http://purl.org/dc/terms/title dcterms:title xsd:string
Description http://purl.org/dc/terms/description dcterms:description xsd:string
Creator http://purl.org/dc/terms/creator dcterms:creator xsd:string
Version http://www.w3.org/2002/07/owl#versionIRI owl:versionIRI xsd:string
Centroid http://swot.sisinflab.poliba.it/onto/kbgen/centroid kbg:centroid xsd:float
Min Value http://schema.org/minValue schema:minValue xsd:float
Max Value http://schema.org/maxValue schema:maxValue xsd:float

Table 1: List of supported OWL annotation properties

High, VeryHigh, ExtremelyHigh. As shown in Figure 4, if the number of clusters
K∗

i associated to Fi is odd, then the prefix Medium will be assigned to the sub-
class fi,m with m = (K∗

i + 1)/2. On the contrary, if K∗
i is even then the prefix

Medium will not be assigned to any subclass.
Each subclass fi,j is also characterized by the centroid (ci,j) and the range

of values associated to the Ci,j cluster computed via K-means. The kbg:centroid
annotation property associates the centroid to the subclass, while minimum and
maximum values are specified as a pair of annotation properties –borrowed from
the Schema.org vocabulary [12]– named schema:minValue and schema:maxValue,
respectively. This facilitates associating the features of individual dataset obser-
vations to specific clusters and mapping each of them to the related subclass.
The final configuration is then created by including the definition of all com-
puted OWL classes and their annotated values. Basic ontology metadata (de-
tailed in Table 1) is also specified by the user to further characterize the reference
Knowledge Base. Finally, the configuration file is generated according to JSON
(JavaScript Object Notation) syntax [5] representing a self-describing and easy-
to-parse data format.

In the second step, domain experts can modify the configuration file both
to refine results obtained by the clustering procedure and introduce additional
elements (e.g., classes, properties) not included in the original dataset. The re-
fined configuration is parsed by a dedicated software module implemented in
Java in order to generate the corresponding ontology. OWL API (version 3.4.10)
library [13] is used as reference implementation providing several functionalities
for creating, manipulating and serializing OWL ontologies.



3.3 ABox generation

The ABox generation process is shown in Figure 5. The same dataset used to
generate the TBox is annotated to generate OWL individuals. In particular, an
instance of the ABox can represent:

– a single tuple of the dataset which values are mapped to elements of the
TBox. In this way, a generic data corpus can be translated to an OWL KB,
where each record corresponds to an instance;

– an aggregate event description derived from a clustering procedure consid-
ering all attributes simultaneously rather than individual features.

In the latter case, K-means algorithm takes the whole dataset in input, in order
to identify different partitions of collected observations into K clusters. Each
cluster represents an OWL individual to be modeled within the KB with a
reference class expression, which can be used to label new observations. The
EM is used also in this case for defining the optimal number K∗ of clusters to
partition the whole dataset. Since the clustering was performed on a dataset with
N attributes, each cluster Di ∈ D = {D1, D2, . . . , DK∗} will be associated to a
list of centroids di = (di,1, di,2, . . . , di,N ) ∈ RN , where the value di,j represents
the reference centroid for the feature Fj ∈ F . In particular, let ϕj be the set of
partitions {fj,1, fj,2, . . . , fj,K∗

j
} computed for the feature Fj ; each value di,j ∈

di, ∀j = 1..N is mapped to the corresponding subclass defined in the TBox
associated with the partition fj,h ∈ ϕj if and only if minV alue(fj,h) < di,j ≤
maxV alue(fj,h). After mapping all values di,j ∈ Di into OWL classes defined in
the TBox, an OWL named individual will be created as a conjunctive expression
of ontology axioms. Two different modeling approaches have been investigated
to represent the generated instances, which can be selected by means of the
configuration file. In the first approach, each individual description is modeled
as a simple conjunction of atomic concepts corresponding to the subclasses fj,h.
In the other one, individuals are modeled combining OWL object properties with
each subclass. The latter approach preserves the hierarchy of concepts, a further
explicit semantics is given and each ontology axiom is expressed by means of a
universal and an existential quantifier. Finally, individuals are associated to a
specific event selected among the output classes in the ontology. This process is
applied for each cluster Di to populate the ABox of the KB.

4 Illustrative example in precision farming

In this section, a simple example is described in order to highlight peculiarities
of the proposed framework. The reference dataset derives from on-site measure-
ments of several parameters characterizing wheat, olive and grapevine crops in
the Apulia region, exploiting Internet of Things (IoT) device networks as well
as hyperspectral images taken from Unmanned Aerial Vehicle (UAV), manned
aircraft, and satellite constellations. Each crop is described by a set of attributes
related to health status, growth factors and phenological phases. Quantitative
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data are processed according to the workflow in Figure 1 and the generated KB
is reported in what follows. For the sake of readability, OWL statements are
expressed in Manchester syntax [14] but all OWL 2 serializations are supported
and the reference syntax can be selected in the configuration file.

SAREF4AGRI 3 is used as upper ontology representing an extension of the
Smart Applications REFerence ontology (SAREF) [7] for the agriculture and
food domain. This ontology includes two concepts saref:Property and s4agri:Crop
configured as reference class for the subtrees related to crop parameters and
observed events, respectively.
Prefix: : <https://www.example.com/crop-onto#>
Prefix: saref: <https://saref.etsi.org/core/>
Prefix: s4agri: <https://saref.etsi.org/saref4agri/>
Class: saref:Property
Class: s4agri:Crop

The TBox generation task produces the following results. For each feature Fi

within the dataset (e.g., petiole height), a new OWL class is created as subclass
of saref:Property. As mentioned in Section 3.2, Fi is also partitioned in multiple
subclasses fi,j (e.g., low petiole height), according to the clustering algorithm
executed on the single attribute, and characterized by means of OWL annota-
tion properties. An OWL object property is also generated as subproperty of
saref:hasProperty.
Prefix: xsd: <http://www.w3.org/2001/XMLSchema#>
Prefix: schema: <https://schema.org/>
Prefix: kbg: <http://swot.sisinflab.poliba.it/onto/kbgen/>
Class: PetioleHeight

SubClassOf: saref:Property

3 https://saref.etsi.org/saref4agri/

https://saref.etsi.org/saref4agri/


Class: LowPetioleHeight
SubClassOf: PetioleHeight
Annotations: kbg:centroid "3.57"^^xsd:float,

schema:minValue "3.1"^^xsd:float,
schema:maxValue "3.8"^^xsd:float

ObjectProperty: hasPetioleHeight
SubPropertyOf: saref:hasProperty
Range: PetioleHeight

Three OWL classes are defined as subclasses of Crop to model the cultivations
observed during the measurement procedure: Grapevine, OliveTree and Wheat.
Prefix: rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
Class: GrapeVine

SubClassOf: s4agri:Crop
Class: OliveTree

SubClassOf: s4agri:Crop
Class: Wheat

SubClassOf: s4agri:Crop
AnnotationProperty: cropType

SubPropertyOf: rdf:value
Range: s4agri:Crop

Finally, the ABox is generated as described in Section 3.3. The following
example reports an OWL named individual representing an olive tree observa-
tion. The individual description is obtained by means of the K-means algorithm
applied on the whole dataset. All numeric values in the cluster are mapped to
concepts and properties defined during the previous step.
Individual: OliveTreeObservation

Annotations: cropType OliveTree
Types: (hasPetioleHeight only LowPetioleHeight) and (hasPetioleArea

only MediumPetioleArea) and (hasTemperature only VeryLowTemperature)
and (hasHumidity only HighHumidity) ... and (hasTreeDensity only
HighTreeDensity)

5 Performance evaluation

As a preliminary feasibility assessment of the proposed approach, computational
performance has been evaluated exploiting a reference dataset [6] consisting of
10000 observations, each characterized by 48 features (specifically, 22 Boolean,
3 continuous numeric, 16 discrete numeric and 7 categorial features). Tests have
been carried out on a desktop PC equipped with Intel Core i7-4790 quad-core
CPU at 3.6 GHz, 16 GB DDR3 RAM at 1600 MT/s, 2 TB SATA storage memory
at 7200 RPM, Windows 10 Home 64-bit. Performed tests regard the turnaround
time of the KB generation procedure, which is composed of the following sub-
tasks: (a) dataset preprocessing; (b) features clustering; (c) configuration file cre-
ation; (d) TBox generation; (e) dataset clustering; (f) ABox generation (atomic
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concepts conjunction); (g) ABox generation (atomic concepts with object proper-
ties). Tests have been repeated five times and average values have been reported.
As shown in Figure 6, steps (b) and (e) require on average a higher processing
time due to the clustering procedures. In particular, the execution time of task
(b) strongly correlates with on the number of distinct values collected for each
feature (Figure 7). The two modeling approaches (f) and (g) for the generation
of the ABox require similar processing time. Users can select the most suitable
approach according to the tasks that will be performed on the generated output
without worrying about particular performance issues.

6 Conclusion and future work

This paper has presented an approach for generation of OWL 2 KBs from ob-
servation data sets. The proposal aims to automate annotation of data gathered
by sensing devices in pervasive computing contexts, fostering usage of semantic-
enhanced machine learning in the SWoE. K-means clustering is exploited on
each data set feature to create the TBox along partonomy patterns; K-means is
applied to individuals as well, in order to model (i) clusters across all features
as concept expressions, representing the reference model in a training set, and
(ii) single records in a test set for evaluation. The correctness of the approach
has been validated empirically in a case study on precision farming, while pre-
liminary performance of a prototype implementation supports its computational
feasibility.

Future work includes adapting the framework implementation to embedded,
wearable and single-board computer platforms, followed by experimental evalu-
ations of the computational efficiency and the quality of the generated KB w.r.t.
state-of-the-art methods on available reference benchmarks. Moreover, the ex-
ploitation of generated KBs in a variety of real SWoE case studies will allow
to fully validate the suitability of the approach. Further investigation includes
integration with RML or RML-derived languages to provide both ease-of-use for
typical applications and flexibility when needed.
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