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Abstract

In the field of complex problem optimization with metaheuristics, semantics has been used for modeling different aspects, such
as: problem characterization, parameters, decision-maker’s preferences, or algorithms. However, there is a lack of approaches
where ontologies are applied in a direct way into the optimization process, with the aim of enhancing it by allowing the systematic
incorporation of additional domain knowledge. This is due to the high level of abstraction of ontologies, which makes them difficult
to be mapped into the code implementing the problems and/or the specific operators of metaheuristics. In this paper, we present
a strategy to inject domain knowledge (by reusing existing ontologies or creating a new one) into a problem implementation that
will be optimized using a metaheuristic. Thus, this approach based on accepted ontologies enables building and exploiting complex
computing systems in optimization problems. We describe a methodology to automatically induce user choices (taken from the
ontology) into the problem implementations provided by the jMetal optimization framework. With the aim of illustrating our
proposal, we focus on the urban domain. Concretely, we start from defining an ontology representing the domain semantics for a
city (e.g., building, bridges, point of interest, routes, etc.) that allows defining a-priori preferences by a decision maker in a standard,
reusable, and formal (logic-based) way. We validate our proposal with several instances of two use cases, consisting in bi-objective
formulations of the Traveling Salesman Problem (TSP) and the Radio Network Design problem (RND), both in the context of an
urban scenario. The results of the experiments conducted show how the semantic specification of domain constraints are effectively
mapped into feasible solutions of the tackled TSP and RND scenarios. This proposal aims at representing a step forward towards
the automatic modeling and adaptation of optimization problems guided by semantics, where the annotation of a human expert can
be now considered during the optimization process.

Keywords: Multi-Objective Optimization, Decision Making, Metaheuristics, Domain Knowledge, Semantic Web Technologies,
Ontology

1. Introduction

The optimization of problems consisting of two or more con-
flicting objectives has received plenty of attention over the last
two decades. In these years, multi-objective optimization prob-
lems (MOPs) have been dealt with metaheuristics [1]] with a
high degree of success, leading to a large amount of algorithms
that provide an accurate approximation to the Pareto front of
the solved problem [2].

However, finding this front is only a part of the optimiza-
tion process, which has to be followed by a multi-criteria deci-
sion making (MCDM) step, as the decision maker has to choose
which solutions are the most adequate according to some crite-
ria or preferences. This would be an a-posteriori MCDM ap-
proach, but preferences can also be indicated a-priori (before
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starting the optimization) or interactively (during the execution
of the optimization algorithm) 3| 4. 5].

In computer and information sciences, an ontology defines
a set of representational primitives for modeling a domain of
knowledge, which is used to include knowledge about require-
ments statements in some domain [6], or discourse [7,/8]. The
representational primitives are typically concepts (or classes),
attributes (or properties), class members (class instances) and
relationships (property instances). The definitions of the repre-
sentational primitives include information about their meaning
and constraints on their logically consistent application.

Ontologies have been applied to many domains, including
health [9]], traffic [10], engineering [11], etc., and the field of
optimization is not an exception. The work presented in [12]]
attempts to explain the ability of an evolutionary algorithm to
provide efficient solutions that typically depends on the spe-
cific type of problem regarding the most efficient search. More-
over, this study proposed the ECO ontology, which can be
used for suggesting efficient strategies for solving problems
through Evolutionary Computation. The ontology proposed
in [13] is aimed at modeling and systematizing the knowledge
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of preference-based multi-objective evolutionary algorithms,
and it can be used to find algorithms according to some prop-
erties (such as authors, whether the algorithm has been used to
solve a given problem, or whether the algorithm is an extension
of an existing one). Recently, the BIGOWL ontology [14]] has
been proposed to include the description of both, algorithms
and problems, in the context of Big Data analytic workflows
where multi-objective optimization, among other tasks, can be
worked.

Compared with these works, our purpose is not to model
multi-objective optimization entities or reasoning about them,
but to consider ontologies as a mean of expressing problem do-
main knowledge [135]], [16]] and to inject this knowledge into the
software implementation of a multi-objective problem, which
will be optimized by metaheuristics. Thus, the decision mak-
ers’ preferences or requirements (defined through an ontology)
can be annotated and queried to be taken into account during
the execution of the optimization algorithm. Consequently, the
algorithm outcome reflects those preferences in the variable and
objective spaces that are compared during the optimization pro-
cess. The main goal is to automatically capture the domain
knowledge during the process of multi-objective problem opti-
mization, without needing to manually encode this knowledge,
in the form of problem constraints, in the software implemen-
tation. This would be beneficial for the generation of advanced
applications where optimization processes could be modeled in
a semi-transparent way by an expert in the problem domain,
without requiring strong expertise in optimization algorithms.

In this paper, we focus on the a-priori approach, following
the idea of “evolutionary algorithm + domain knowledge = real
world evolutionary computation” [[17]. Our proposal combines
ontologies defining the domain knowledge of a multi-objective
optimization problem with the mapping of that knowledge as a-
priori preferences in the context of a software library of meta-
heuristics. We define a methodology to enable the automatic
mapping of user preferences (described through individuals of
the classes and properties in the ontology) in the form of con-
straints in a multi-objective optimization problem definition.
The implementation of our methodology has been carried out
using the optimization framework jMetal [18]][19].

To show the usability and potentials of our proposal, we fo-
cus on a specific domain of knowledge in the urban context of a
real-world city. In order to describe all the concepts and their re-
lationships in this context, we propose a domain ontology called
Urbarﬂ which is used as an integration model of other sub-
ontologies, namely: BIGOWL and smart city [20} 21} 22]. We
apply our proposal to two case studies based on the bi-objective
formulations of the Traveling Salesman Problem (TSP) [23]]
and the Radio Network Design problem (RND) [24]. The for-
mer belongs to the field of logistics and transportation, while
the latter is an optimization problem found in telecommunica-
tions. These problems are enriched with contextual information
such as VIP nodes (e.g., preferred nodes that have to be visited
the first ones) or linked nodes (when node A is visited, the next
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node in the route must be node B) in the case of TSP, and an-
tenna positions banned (e.g., because there is a school) in the
case of RND problems.

All in all, the main contributions of this paper are as follows:

1. We provide a novel approach for automatically injecting
domain knowledge, in form of user preferences, into the
software code that implements the optimization problem
and the metaheuristic used to tackle it. The conceptual re-
lationships in the domain of knowledge that involve these
preferences are mapped as problem constraints for guiding
the search in the optimization process. To the best of our
knowledge, it is a first attempt in this direction, which is
supported with software code and use cases to validate the
proof of concept.

2. For validation purposes, we have developed a new ontol-
ogy, called Urban, devoted to the urban domain knowl-
edge, which re-uses classes and properties from BIGOWL
and (by means of alignments) with smart city ontologies
including: kmd4city [20], geospargl [21]], smart-city ontol-
ogy [22]], among others. Urban ontology allows defin-
ing a-priori user preferences in a reusable and formal
way. Therefore, knowledge domain is represented inde-
pendently of the optimization problem programming lan-
guage, and can be reused by different implementations of
the same algorithm.

3. The proposed use cases incorporate implementations of
the traveling salesman problem (TSP) and the radio net-
work design (RND) problem in jMetal, so that those
preferences previously annotated by the decision maker
through the domain ontology (Urban) can be incorporated
during the optimization process of a given optimizer. In
order to adapt this solution to a new context, the user only
needs to update the domain ontology, so there is no need
of changing the software implementation.

4. We have tested our approach with these two use cases with
different types of preferences. Each experiment only re-
quires updating the ontology instances to define these pref-
erences. In particular, TSP uses preferences for preferred
node, sub-route, node in the middle of the route, and node
in the first quarter of the route. RND describes uses for an-
tenna in a fix location, antenna location avoiding a building
or setting a minimum desired coverage.

The results of the experimentation carried out show how
the semantic specification of domain constraints are effectively
mapped into feasible solutions of the TSP and RND scenarios.
These constraints can be updated in the ontology, and hence,
they are automatically considered in the problem implementa-
tion.

The rest of paper is organized as follows. Section [2]describes
background concepts related to ontologies, multi-objective
optimization, metaheuristics and the optimization framework
jMetal. In Section (3| the methodology for designing our on-
tology is described. Section ] describes our approach to inject
the domain knowledge into the code implementation of a prob-
lem. Section E] depicts the two use cases for validation, which
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is followed by discussions in Section[6} The conclusions and
future research lines are included in Section m Finally, the ex-
amples are fully described using the OWL Manchester syntax
[25] in the Appendix.

2. Background Concepts

In this section, we provide basic background about multi-
objective optimization, including decision making and meta-
heuristics. Besides, we focus on the concept of ontology and
related technologies, and we describe BIGOWL and other on-
tologies of the domain of smart cities, which are the basis of the
strategy we propose.

2.1. Multi-objective Optimization and Decision Making

Multi-Objective optimization is a discipline focused on deal-
ing with problems having multiple objective functions that have
to be maximized or minimized, at the same time. Assuming
minimization, without loss of generality, a multi-objective op-
timization problem can be formulated as:

minimize {fi(x), (), ..., fin(x)}

subjectto g;(x) >0, j=12,.,n )
h(x)=0, k=12,...p
xes

with m > 2 conflicting objective functions f; : § — R, xis
a vector of decision variables from the feasible set S (search
space), which is determined by n and p inequality and equality
constraints, respectively.

As the objectives are conflicting among them, improving one
implies the worsening of the others. As a consequence, the op-
timum of a multi-objective problem is not usually a single so-
lution, but a set of non-dominated (trade-off) solutions called
Pareto set. Two solutions are non-dominated when none of
them is better than the others in all their corresponding func-
tion values. In this way, the solutions in the Pareto set are those
that cannot be dominated by any other solution in the search
space. A concept related to the Pareto set is the Pareto front,
which is the correspondence of all the solutions in the Pareto
set in the objective space.

Solving real-world multi-objective optimization problems
with exact techniques is impractical [26] in many situations, so
other kinds of algorithms are used instead. In particular, meta-
heuristics [1]] are a family of non-exact algorithms that have
become very popular, because they can provide quasi-optimal
solutions in a limited budget of time and/or resources. Those
algorithms are aimed at finding accurate approximations of the
Pareto front of a given problem. An example is illustrated in
Figure I} where the gray square points represent the trade-off
solutions found by an algorithm when solving a civil engineer-
ing problem where two conflicting objectives, the weight (f})
and the deformation (f;) of a structure, must be minimized.

Once an approximation to the Pareto front has been found,
the next step is the multi-criteria decision making (MCDM). In
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Figure 1: Example of Pareto front approximation.

this step, the expert in the problem domain (the decision maker)
has to choose one or more solutions according to some prefer-
ences or criteria. This is the a-posteriori approach. The red cir-
cle points in Figure [T represent three possible alternatives. For
example, the solution in the bottom right of the front represents
a heavy structure with a very low degree of deformation.

An alternative approach for MCDM is to indicate the prefer-
ences a-priori (e.g., reference points) before starting the search.
This is the strategy we consider in this work, and the basic idea
is to take advantage of the problem domain knowledge, repre-
sented in an ontology, to define the user preferences. As we will
discuss later, these preferences will take the form of new con-
straints that will be added to the problem to be optimized. In
this way, the ontology plays a role as an interface to include new
knowledge, defined in this case as problem constraints, into the
optimization procedure of the multi-objective algorithm.

2.2. Ontology Concepts

In accordance with [7] and [8], an ontology provides a for-
mal representation of the real-world. It defines a description
of terms in a certain domain (classes or concepts), properties
of each concept describing various features and attributes of
the concept (properties), and restrictions on properties. That is
to say, ontologies define data models in terms of classes, sub-
classes, properties, and subproperties. Using high-level formal
representations like ontologies for declaring a given domain in-
stead of a programming language provides some benefits [27]:

1. Ontologies are closer to natural language, so, it is easier
for humans to express their thoughts.

2. Ontologies provide a more coherent and easy navigation
from one concept to another and these concepts are like
humans perceive the world.

3. Ontologies allow the automated reasoning about their data.

4. Ontologies are designed to be extended because relation-
ships and concepts can be easily mapped to others in ex-
isting ontologies.



Ontologies are used for many different purposes, and they
can be constructed and structured in many different ways [28].
One of the most common ways to describe the generalisation
level of an ontology is by using the structure [8]]. The structure
depicts how a general domain ontology can be specialised into
a domain ontology or a task ontology. As has been indicated
above the domain ontology focuses on concepts which belong
to a specific field like smart-cities. However, top-level ontolo-
gies represent general terms about a specific field, that is to say,
domain ontology indicates, for example in the smart-city do-
main, elements like street, building, etc. Nevertheless, top-level
ontology includes elements like spatial object (for defining an
object that is located in a location) that is common across dif-
ferent domains.

The Ontology Web Language (OWL) defines ontologies in
the context of the Semantic Web, and was approved by the
World Wide Web Consortium (W3C) in 2004. It is based on
RDF (Resource Description Framework) [29] and semantically
extends RDF Schema.

From a formal description, OWL is equivalent to a very ex-
pressive description logic (DL)[30]. OWL is built on top of
RDF data; in other words, the OWL specification defines ex-
actly what can be written with RDF to make it possible to have
valid ontologies. OWL ontologies are often published online
and may refer to or be referred from other OWL ontologies.

2.3. The BIGOWL Ontology

BIGOWL [14] is an ontology for describing the components
that could take part of Big Data analysis processes, including
machine learning and optimization algorithms, workflow def-
initions, and the data used in the analysis. It is oriented not
only to the semantic annotation of Big Data sources, compo-
nents, and algorithms, but also to include domain knowledge
to be used in the applications. In this work, we make use of
classes and properties defined in BIGOWL for multi-objective
optimization with metaheuristics. Figure [2] depicts this subset
of BIGOWL regarding optimization algorithms. This ontol-
ogy contains the declaration of well-known optimization tech-
niques such as exact algorithms, heuristics and metaheuristics.
More specifically, it focuses on describing metaheuristics fam-
ilies like Population Based Methods (Search, Swarm Intelli-
gence and Evolutionary methods) or Trajectory Methods. Fur-
thermore, BIGOWL also describes optimization problems such
as: TSP or RND.

2.4. Smart city ontologies

The main concepts regarding to urban domain (route, build-
ings, location, position, communication, antenna, neighbor-
hood, traffic, etc.) have been defined in several proposals for
smart city ontologies [31} 132] and standards such as: Smart
Cities-European Medium-Sized Citiesﬂ, Open and Agile Smart
Cities’| or Smart Cities Councilfl

Zhttp://smart-cities.eu
3http://www.oascities.org
4http://smartcitiescouncil.com)

This heterogeneity has opened up the opportunity to create
common models to allow a standard description of cities [33].
In ontological engineering, these models are known as Ontol-
ogy Design Patterns (ODP). ODPs are inspired by software de-
sign patterns and can be understood as a reusable modeling
solution to a recurrent ontology design problem [34]. In the
standards, there are concepts like Administrative Area or City
Object that are focused on describing how a city is organized
(road, district, neighborhoods, etc.) and they describe the ele-
ments that can be found in a city: building, tunnel, bridge, etc.
As a consequence, those patterns provide us with the classes re-
quired to describe an urban domain, reusing existing knowledge
in this context.

3. Domain Ontology: Urban

For the design of the domain ontology, a series of compe-
tency questions were considered to follow the best practices
and principles in ontological engineering [35]. Without loss
of generality, these questions are formulated in the context of
the urban domain of knowledge worked as a proof of concept,
although it could be conducted on other different domains (live
sciences, logistics, industry, etc.). The questions are:

e What is the set of characterizing classes for urban domain?
e What is the set of object properties for urban domain?
e What is the set of data properties for urban domain?

e Are there ontologies which Urban ontology can be aligned
with?

e How do we align smart city and optimization domains with
urban domain?

e How do we inject the domain knowledge in the process of
optimizing multi-objective problems?

As aresult, the Urban ontology E]proposed here as domain is
based on the ODPs defined in [33l], in concrete Administrative
Area and City Object ODPs. In order to reuse existing knowl-
edge, we have aligned our ontology with a set of other existing
ones specified in Table [I] which were also pointed out in Sec-
tion In addition, the Urban ontology re-uses the concepts
related to optimization (algorithms, problems, etc.) defined in
BIGOWL ontology. Figure [3| depicts the domain ontology or-
ganization and how it is related with other ones, including the
design pattern of Administrative Area and City Object. The Ur-
ban ontology describes classes and properties for the two use
cases in this work: TSP and RND; although it can be updated
with additional classes to define other new use cases.

Figure ] depicts the classes and properties defined in Admin-
istrative Area and City Object patterns for describing a city and
its elements. The main classes of these patterns are:

o SpatialObject. This class has been added in the patterns
to define a super class that encompasses any geospatiaﬂ

SUrban
urban.owl
%http://www.opengis.net/ont/geosparql#

ontology:https://github. com/KhaosResearch/urban/
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Figure 2: Representations in BIGOWL of optimization problems and algorithms

Table 1: Urban ontology is aligned with the following smart city ontologies. The column Class/Property indicates the terms defined in Urban Ontology.

Name Reference | URI Class/Property

km4city, the DISITKnowledge . .. .

Model for City and Mobility [20] http://www.disit.org/km4city/schema# hasGeometry

. . . Geometry, Point, City,

geosparql, Geometry spatial Model [21] http://www.opengis.net/ont/geosparql# CityObject, contains

sao,Stream Annotation Ontology [36] http://iot.ce.surrey.ac.uk/citypulse/ontologies hasLocation
/sao/saov06.rdf

gc1, Global City Indicator Founda- 7] http://on.tology.ell.utoronto.ca/GCI/Foundatlon/GCI— Administrative Area

tion Ontology Foundation.owl
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Figure 3: Urban ontology re-uses classes and properties from BIGOWL and is
aligned with smart city ontologies. Furthermore, Urban ontology follows the
Ontology Design Patterns of Administrative Area and City Object.

element.

o SpatialFeature. 1t has been defined as a spatial class that
represents anything with spatial extent. This class is de-
scribed in the W3C standard Spatial Data on the Web Best
Practices|

e Geometry. The Geometry concept is included in geosparql
ontology and has been used to represent the geometry,
which defines a SpatialFeature (e.g., point, line, polygon,
etc.).

e Point. This class is also taken from geospargl ontology
and represents where a certain element is located.

o AdministrativeArea. This class represents places delin-
eated for jurisdiction purposes of a particular govern-
ment such as city, district, or neighborhood. Adminis-
trativeArea class is based on the Territory Vocabular}ﬂ
and the AENOR norm UNE 178301:2015°] Administra-
tiveArea class and its sub-classes are defined in different

"nttps://www.w3.org/TR/sdw-bp/#dfn-spatial-thing

$Territory Vocabulary: http://vocab.linkeddata.es/
datosabiertos/def/sector-publico/territorio

“Norm UNE: https://www.aenor.com/normas-y-libros/
buscador-de-normas/une?c=N0054318
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ontologies such as, gcﬂ km4(E-] and smart—city{ﬂ

e City. It comes from geosparql ontology and represents a
City that can be defined by a geometry. A city can have
city objects (e.g. buildings, bridge, etc.).

e CityObject. The class CityObject represents the same class
defined in the CityGML data modeﬂ which is an open
standardized data model for digital 3D models of cities
and landscapes. In the CityGML model, several modules
are defined in order to represent the class definitions for
the most important types of objects within 3D city mod-
els. Some sub-classes from CityObject are defined in the
geosparql ontology as well.

Administrative Area and City Object patterns also define
some properties for connecting their classes, as we can see in

Figure 4

e hasGeometry. Spatial Feature elements are defined by a
geometry. This property has been obtained from km4city
ontology.

e hasLocation. Spatial Feature elements can be located at a
given point. The property comes from sao ontology.

e contains. This property comes from geosparql ontology
and its aim is to indicate that a city has different objects
such as, buildings, tunnels, etc.

Taking all these into account, we have followed the standard
Ontology 101 development process [35]] to develop our ontol-
ogy, in a inter-disciplinary approach between ontology and op-
timization experts. This process comprises seven steps:

1. Determine the domain and scope of the ontology. The
scope is to define an ontology that describes, in this case,
urban domain. It will allow us to annotate any problem re-
lated to that domain. In particular, it focuses on traveling
salesman problem and antennae location design, which are
defined in the context of a city and are solved using opti-
mization algorithms.

2. Consider reusing existing ontologies. The ontology re-
uses classes and properties from BIGOWL and is aligned
with a set of smart city ontologies. On one hand, BIGOWL
has been validated to describe the concepts related to op-
timization (algorithms, problems and constraints). On the
other hand, the set of smart city ontologies defines, among
other concepts, key terms in a city such as, city objects
(building, antenna, tunnel, etc), location, route, etc.

0gcithttp://ontology.eil.utoronto.ca/GCI/Foundation/
GCI-Foundation.owl

Hkmdchttp://www.disit.org/km4city/schema#

12smart-city: https://www.dropbox.com/s/q7tz39jjeeibhzl/
2015-SMARTY,20CITY’200NTOLOGY-VO1.owl?d1=0

I3CityGML: | (https://www.citygml.org/about)

3. Enumerate important terms in the ontology. Important
terms were selected from the related literature, such as:
Optimization problem, Route, Preference, Position in the
path, Buildings and their Location where the Antenna will
be installed.

4. Define the classes and the class hierarchy. Having the
BIGOWL and smart city ontologies, the main terms, listed
above, are defined in our ontology.

5. Define the properties of classes and slots. With the pur-
pose of definning relationships between classes and defin-
ing attributes, we have made use of the BIGOWL data
properties. Nevertheless, we have defined new data prop-
erties to indicate, for example, buildings location through
X, Y coordinates.

6. Define the facets of the slots. As this step includes the def-
inition of cardinality constraints and value restrictions for
the ontology’s properties, we have defined one to indicate
that the route position only can be an integer.

7. Create instances. In order to describe the domain of the
problems, the ontology contains some instances such as
city, route, user preference nodes, sub-route, antennae,
buildings, location, etc.

Figure [5|shows the main classes of our domain ontology (Ur-
ban). Wherever possible, its classes are aligned with those of
the smart city ontologies (Table[T). Classes in grey background
are related to optimization, so they come from BIGOWL, while
classes denoted with dotted line squares describe spatial and
geo-spatial terms, thus they are aligned with geosparql ontol-
ogy. Some object properties are included from km4city ontol-
ogy (hasGeometry) and sao ontology (hasLocation). Finally,
solid line classes are defined in our Urban ontology and are its
core classes.

In addition to the classes described in the Administrative
Area and City Object patterns, Urban ontology includes new
classes such as:

e Grid. This class represents the spaced horizontal and ver-
tical lines used to identify locations on a map.

o GridConstraints. With this class the analyst or decision
maker specifies whether a location in the grid is allowed
to be occupied or not.

e Antenna. It specifies a new object to consider communi-
cation antennae in a city.

e Route. This class represents a route in a city. A route is
constituted by city objects, usually building instances.

e Preference. With this class, the DM or the analyst indi-
cates their preferences for instance, the order of visiting a
node in a route, sub-routes, etc.

e Position. It represents the order of a node in a route. Usu-
ally a position can be specified in user’s preferences.
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Figure 4: Administrative Area and City Object patterns provide a model for an object that belongs to a city.

4. Injecting Domain Knowledge Into Code

Once the domain ontology is specified and the DM has de-
fined his/her requirements, the next step is to set them within the
optimization process. The idea is to properly update constraints
or preferences in the problem model, so as to later take advan-
tage of them in the optimization process. We have selected the
jMetal Java-based multi-objective optimization framework as
the optimization engine [18[][19].

In this framework, all the problems have to inherit from inter-
face Problem. This interface contains the basic methods related
to getter methods to retrieve the main properties of a problem
(i.e, number of decision variables, number of objective func-
tions, number of side-constraints, and problem name), a method
for creating a solution, and a evaluate() method which, given a
solution, evaluates it. The code snippet of this interface is:

public interface Problem<S> {
int getNumberOfVariables() ;
int getNumberOfObjectives() ;
int getNumberOfConstraints() ;
String getName() ;

void evaluate(S solution) ;
S createSolution() ;

}

As we want to expand the methods of the problem, we have
created a new interface extending Problem called Dynamic-
ConstraintProblem, which includes an addConstraint() method
aimed at allowing to add constraints dynamically, after the
problem has been instantiated (see the code snipped below):

public interface DynamicConstraintProblem<S> extends
Problem<S> {
addConstraint (Function<S, Double> constraint);

}

The strategy adopted basically consists in automatically
mapping every user’s requirements into new constraints, which

are attached to the problem to optimize. jMetal includes a con-
straint handling mechanism based on penalizing those solutions
that are unfeasible because some constraint is violated. As the
user preferences can vary depending on the criteria of the do-
main expert, we want to avoid having to modify the problem
code each time a new constraint has to be added.

The procedure for injecting domain knowledge into the prob-
lems is a collaborative work between ontology and optimization
experts, comprising the following steps:

1. The optimization expert implements the problem in
jMetal, which must extend the template. This implies that
the encoding of the solutions have to be defined.

. The ontology expert defines the user’s requirements in
OWL by using classes, object properties, and data proper-
ties described in the domain ontology (both the BIGOWL
and Urban ontologies in our use cases). The result of
this step is a set of user preferences templates that can be
shared and instantiated by different final users to specify
its own preferences and constraints.

. For each user’s requirement template defined in the pre-
vious step, the optimization expert writes the correspond-
ing code which mapping it to a constraint in jMetal. All
the user’s requirement templates use the same classes and
properties and consequently, the same code is able to pro-
cess several instantiated users’ requirements. This is de-
veloped through functions, which given a solution, checks
whether it is feasible or not. In the latter case, it returns
a value representing the violation degree. All the user re-
quirements are processed with the OWLAPI library [38]
and their associated constraint code is automatically gen-
erated, leading to a list of constraints.

. Once the problem is instantiated by the DM, the list of
constraints can be added “on the fly” to the problem.

. The optimization algorithm is executed, taking into ac-
count the user constraints whenever a solution has to be
evaluated.

To illustrate the full processes, let us consider a generic ex-
ample, where the user is interested in establishing a preference
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where the position of two particular elements in a permutation
should be in a row, that is to say, one after the other in a given
order. According to this, Step 1 is to implement the class of
the problem. We consider that each solution is a permutation of
element positions.

Step 2 consists in defining this preference in RDF with re-
gards to the Urban ontology. In this step, the preference is
defined as a template: an individual of the class Preference is
created, then its properties can be used to specify the user pref-
erence. Table 2] shows the corresponding RDF code, where two
permutations elements ElementA and ElementB are created as
individuals of the class Bulding and the properties of the classes
Point and Position are used to assert their position and location

in the map. Then, the desired order of the two elements is es- |,
tablished with the properties isFirst and isNext. After this, the s

template can be instantiated to specify a concrete order of differ-
ent elements in different positions without changing any of the
classes and properties. Therefore, only one mapping function
is needed to generated the constraint in jMetal. It is worthy to
highlight how the ontology provides flexibility, generality and
abstractness when describing user preferences.

Step 3 comprises the implementation of the code that gener-
ates a function to evaluate the constraint representing a specific
preference. Each constraint has a method called createCon-
straint(), which returns a function that, given a solution, checks
whether it is feasible or not. In the latter case, it returns a value
representing the violation degree. Each solution is encoded as a
permutation including the element positions, which will be lo-
cated in the order they appear in the permutation. An example
of the code to implement is snippet below, assuming that the
two elements are referred to as A and B:

Function<Solution, Double> createConstraint(int elementA,
int elementB) {

Function<Solution, Double> constraint solution -> {
int indexA =

solution.getVariables() .index0f (elementA) ;
int indexB =

solution.getVariables() .index0f (elementB) ;

if (indexA == (indexB - 1))
return 0.0;
else
return (-1.0 * Math.abs(elementA - elementB))

return constraint;

}

We can observe that the createConstraint() method has two
parameters, elementA and elementB, representing the elements
that should be consecutive in the permutation. The method de-
fines a function (lines 3-13) that, given a solution, returns a
double value indicating its violation degree. A permutation in
jMetal is encoded in a solution having as decision variable con-
sisting of a list of integers, so the function finds first the index
of the two nodes in the permutation (lines 5 and 6). Then, it
checks whether the index of node A is just after the index of
node B (line 8); if so, a value of 0.0 is returned (i.e., the solu-
tion does not violate the constraint), else the result is a penalty
computed as the distance of both positions multiplied by -1 (be-
cause the violation degree of an inequality constraint must be a



Table 2: Instances of variable position examples in OWL Manchester syntax.

Terms

OWL Manchester syntax

InARowPreference

Individual: InARowPreference
Types:

urban:Preference

Facts:
urban:hasPositionInPreference
ElementAPosition,
urban:hasPositionInPreference
ElementBPosition

ElementAPosition

Individual: ElementAPosition
Types:

urban:Position

Facts:

urban:hasCityObject ElementA,
urban:hasNext ElementBPosition,
urban:isFirst true

ElementA

Individual: ElementA
Types:
geosparql:Building
Facts:
sao:hasLocation ElementALocation,
urban:hasId "86"""xsd:int

ElementALocation

Individual: ElementALocation
Types:

geosparql:Point

Facts:

urban:hasX "65"""xsd:int,
urban:hasY "22"""xsd:int

ElementBPosition

Individual: ElementBPosition
Types:
urban:Position
Facts:
urban:hasCityObject ElementB

Individual: ElementB

Types:
ElementB geosparql:Building
Facts:
urban:hasId "93"""xsd:int
Individual: ElementBLocation
Types:
ElementBLocation geosparql:Point
Facts:

urban:hasX "65"""xsd:int,
urban:hasY "25"""xsd:int

1

negative value, according to the formulation of multi-objective
problem defined in Equation [I)). This function for creating con-
straints give us the possibility of including several constraints,
as all the users’ preferences are defined following the same tem-
plate. It is also interesting to note that if the users’ preferences
are not described through the semantic annotation, all the pref-
erences have to be implemented from scratch.

PermutationProblem<> problem = new MultiobjectiveTSP(...);

owlUtils.loadOntology("ontology.owl");
List<Function<Solution, Double>> constraintList =
owlUtils.getConstraintsFromOntology();

for (Function<Solution, Double> constraint: constraintList){
problem.addConstraint (constraint);

}

algorithm = new NSGAII(problem, ...) ;

algorithm.run() ;

List<Solution> resultPopulation = algorithm.getResult();

Finally, according to the code snippet next, once the problem
is created (line 1), Step 4 consists in loading the ontology (line
3) and creating a list of constraints functions from the prefer-
ences defined in the ontology (lines 4, 5). The incorporation of
these constraints to the problem is iterated in a list (lines 6-8).
Finally, the last step is to create an algorithm that is executed to
solve the resulting problem, producing as a result a list of solu-
tions representing the Pareto front approximation found (lines
10-13).

5. Use cases

As commented before, to validate our proposal we have elab-
orated two use cases, based on bi-objective formulations of the
Traveling Salesman Problem (TSP) and the Radio Network De-
sign (RND). Both are assumed to be defined in an urban con-
text. For each optimization problem, we describe how its main
elements are annotated in the domain ontology (Urban), includ-
ing encoding, preferences, constraints, experiments and results.

5.1. Use Case 1: Traveling Salesman Problem

The well-known TSP consists in finding a single route in
a graph, starting and ending in a same node, covering all the
nodes which must be visited only once. The formulation used
defines two conflicting objectives: minimizing the travel time
and minimizing the total traveled distance. As commented in
the previous section, a TSP solution is encoded as a permu-
tation of nodes, so the user preferences about routes must be
defined having this representation in mind.

As the context of the TSP is an urban environment, we as-
sume that a traveler has to deliver some kind of goods to clients
who are in a city following a delivery route. Each client is in a
building that is located in a position. In this use case, the user
is interested in defining five preferences, leading to individuals
in the domain ontology shown in Figure [6]

The five user preferences are grouped in two categories: fixed
position preferences and variable position preference. All the



Table 3: TSP instances of fixed position examples in OWL Manchester syntax
(VIP preference example)
Terms

OWL Manchester syntax

Individual: VIPPreference

Types:
urban:Preference

Facts:
urban:hasPositionInPreference
VIPPosition

VIPPreference

Individual: VIPPosition
Types:
urban:Position
Facts:
urban:hasCityObject
VIP,
bigowl:hasDataType
"integer"~“xsd:string,
urban:hasPositionValue
"1"""xsd:int,

VIPPosition

Individual: VIP
Types:
geosparql:Building
Facts:
sao:hasLocation
VIPLocation,
urban:hasId

VIP

"78"""xsd:int

Individual: VIPLocation
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

VIPLocation

"10"""xsd:int,
"20"""xsd:int

instances are defined as instances of Preference class. We de-
scribe next their properties and their semantic meaning. Tables
and [9] in Appendix depict the Manchester syntax of all the
instances of this use case.

5.1.1. Fixed Position Preferences

A kind of preferences can be related to particular nodes
(buildings) which are are located at fixed positions in a route.
Three preferences of this type are defined: a node must be in the
first position of any route, another one must be in the middle,
and a third one must be in the last position.

We highlight now the classes and instances used for describ-
ing these examples, included in Figure[6] VIPPreference indi-
cates when a VIP client must be visited in a particular position
in the route. VIPPosition is an instance of Position class, which
defines that position in the route. A VIP instance is created as a
Building class, that is to say, each node of the route represents
a building. VIPLocation is aimed at indicating the position of
VIP client in the city, and it is an instance of class Point. The
other two preferences are HalfWayClientPreference and Last-
ClientPreference. Along with VIPPreference, they include has-
PositionValue to indicate a position in the route. hasPosition-
Value can contain a number or a percentage, so the Urban on-
tology has the data property hasDataType, which indicates the
data type (an integer in the three considered examples).

Table [3] depicts the terms defined in Urban ontology to de-
scribe the examples of fixed positions preferences in a route re-
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lated to the VIP preference. The terms of the other preferences
are described in the Appendix in Table 8]

5.1.2. Variable Position Preferences

We consider here that the user may not be only interested in
visiting nodes in fixed route positions, but in positions fulfilling
some condition. For example, it would desirable that a node be
visited among the 25% of the first ones in the route, or that if
the traveler visits node A, which is at position x, then it must
visit next node B in position x + 1. These two examples are
described next:

o FirstQuarterPreference describes a preference where the
node or client has to be visited in the first quarter of a route.
Here FirstQuarterPosition indicates a percentage, and the
position of the client is related to the length (hasLength) in
the route.

e SubroutePreference simulates the case where the deliverer,
after visiting a bakery, must go to a given restaurant. Thus,
the restaurant position must be the next of the bakery po-
sition. In this case, the ontology does not use hasPosition-
Value data property, because the number of the position in
the route is not important, as the user only wants that client
Bakery is visited just before the restaurant.

Table ] depicts the terms defined in the domain ontology Ur-
ban, so as to describe the SubroutePreference. Table E] in Ap-
pendix includes all the variable positions preferences.

5.1.3. Experimentation with the TSP

We conduct in this section an experiment to analyze whether
the preferences set in terms of variable positions conduct the
expected results. Concretely, we are interested in observing
how the presence of preferences alters the Pareto front approx-
imations and in verifying that the resulting routes are feasible
solutions according to the constraints previously defined.

To this end, the algorithm used is the well-known multi-
objective evolutionary algorithm NSGA-II [39] with the fol-
lowing parameter settings: the population size is 100 and the
variation operators are partially-mapped crossover (PMX) and
swap mutation with application probabilities of 0.7 and 0.02,
respectively. The stopping condition is to compute 1,000,000
function evaluations. We have defined two 100-city bi-objective
instances of the TSP, taking values of distance and time travel
from academic benchmark problem instances kroalOO and
krob100 for the instance 1 and kroalOO and kroc100 for the
instance 2 from the TSPLIB [40].

The preferences are annotated in the ontology, so the model
is able to induct them in the specific problem automatically.
These concrete preferences are as follows:

VIP node: 78.

Node 51 must be in the middle of the route.

Node 89 must be the last one.

Node 34 is in the first quarter part of the route (between
positions 1 and 25).

5. Subroute: nodes 52 and 9 must be consecutive.

=
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Figure 7: Pareto front approximations obtained when solving bi-objective TSP problem without preferences (constraints), with each of the five defined ones, and

with all of them. On the left instance 1 and, on the right instance 2.

Figure[7shows the Pareto front approximations produced by
NSGA-II when solving the two TSP instances each one with
seven combinations of preferences (generated as different ver-
sions of the Urban ontology, without needing to change the soft-
ware implementation of the problem): no preferences, each of
the five defined preferences individually, and all the preferences
at the same time. We can observe that, as expected, the front of
the problem without preferences dominates the rest of fronts, as
adding preferences penalizes the distance and time objectives.
The front ranking the second is the one corresponding to the
fourth preference (the node must be in the range of positions
between 1 and 25), which makes sense, as that preference is
weaker than the other four. We also observe that the front corre-
sponding to the combination of all the preferences is dominated
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by the rest of fronts, what is also a foreseeable result.

The second part of this experimentation is to validate that the
preferences are taken into account in all the solutions included
in the obtained Pareto front approximation. This is confirmed
after checking that all the produced solutions are feasible for all
the scenarios. For each scenario, we have selected the solution
located in the middle of the front, and we include in Table[3]the
route obtained for each configuration and instance, where we
highlight the nodes of interest.

5.2. Use Case 2: Antennae Location Design

The Radio Network Design (RND) is an optimization prob-
lem found in telecommunications based on the deployment a set
of antennae in a region to provide a service of mobile commu-
nications. Concretely, given the available positions for locating
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antennae in a particular area of a city, the problem consists in
finding the set of locations having into account two conflicting
objectives: minimize the number of antennae (to reduce cost)
and maximizing the coverage (to give a satisfactory service).
We use the RND formulation given in [41], where a binary
string representing all the locations is used to encode the so-
lutions (1 means an antenna is located there).

From the decision maker point of view, the preferences in
the RND are related to fix or avoid antennae locations, which
can be specified by selecting buildings or by indicating their
coordinates. For example, the telecommunication engineer can
decide to avoid placing antennae on schools or hospitals, and
to deploy an antennae near a square to ensure and improve the
service coverage around that place. In RND optimization prob-
lem, a decision maker is able to define preferences related to
the total coverage in the grid.

Figure [8| shows the terms that describe this use case. The
classes from the geosparql ontology are in dotted square, the
new classes that have been created in Urban ontology are in
solid square, and their instances have background color. The
main classes are Antenna (that represents an antenna in the
grid), Building (which defines the place of an antenna, e.g.
client building or school, etc.) or Point (that indicates the co-
ordinates of a Antenna or a Building). In Figure [§] different
antennae locations are defined, e. g., Client2 represents the po-
sition of a client’s building in the grid.

5.2.1. Antennae positions based on building’s locations

We assume here that the user may be interested in avoiding
or placing antennae based on the positions of buildings, such
as: high schools, parks, hospitals, etc. For example, it must
avoid placing an antenna near to a building. However, another
client may desire an antenna to be set at that building. These
two examples are described next:

e Avoiding school simulates the case where a user disallows
the position of one or more buildings in the grid for placing
antennae.

e Placing antenna in a building describes the case when the
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antenna position is fixed by the position of a building. Like
in the other example, we can use more than one building
or fixing more than one antenna.

5.2.2. Antennae positions based on their coordinates

The antennae positions can be defined by explicitly indicat-
ing their coordinates, that is, the user can indicate to place an
antenna in a grid position where there no exists any city object
such as: building, tunnel, etc. However, it would be possible
that the user does not know the city objects and only knows
their coordinates.

Table [6] contains the terms in OWL Manchester syntax for
RND use case when placing an antenna near to a school is
avoided . City grid definitions and all the examples of antenna
preferences are organized in Table[I0] As we can observe in this
table, the example related to Fixed Antenna Location by Client
Location (Antenna Sector 3) the instance Client2 also appears
in the sales agent routing use case. So, the domain ontology
Urban is able to describe more than one use case and can re-use
its instances in multiple use cases.

5.2.3. Experimentation with the RND

For this case, we use two RND instances, the first one is an-
alyzed in [41]], which is featured by 149 available locations and
antennae providing a square coverage, and the second one is
defined in [42] with 249 locations. As optimization algorithm,
the NSGA-II is also used, although with different parameter set-
tings in this case: the population size is 100 and the single point
crossover operation is used with a probability of 1.0. In the case
of the mutation operator, we choose the bit flip mutation with a
probability of 0.01.

We assume the user has defined the following preferences:

1. Avoid to locate an antenna at the school: position 0.

2. Placing an antenna by its coordinates: position 10.

3. Placing an antenna at the position of client2: position 25.
4. The minimum coverage is the 50% of total coverage.

Figure [9] depicts the Pareto front approximations calculated
using NSGA-II when solving the RND with no preferences (top
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left chart), as well as with each of the four preferences previ-
ously defined. As we can see when we are dealing with some
preferences, the coverage of the Pareto fronts declined with re-
spect to the problem without preferences. In this sense, we can
easily check (sub-plot of preference 4) how the minimum cov-
erage of 50% of the total coverage is induced in the Pareto front
approximation. The fronts produced when solving the second
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instance are included in Figure in this case, the differences
in the fronts are more subtle that in the first case.

As in the case of TSP, we have checked that all the solutions
obtained are feasible in all the scenarios. After selecting the
solution in the middle of the front, Table [/| shows the corre-
sponding solutions to the RND problem according to the de-
fined preferences. The positions affected by these preferences



Table 4: TSP instances of variable position examples in OWL Manchester syn-
tax (subroute preference example).
Terms

OWL Manchester syntax

Individual: SubroutePreference
Types:

urban:Preference

Facts:
urban:hasPositionInPreference
BakeryPosition,
urban:hasPositionInPreference
RestaurantPosition

SubroutePreference

Individual: BakeryPosition

Types:

urban:Position

Facts:

urban:hasCityObject Bakery,
urban:hasNext RestaurantPosition,
urban:isFirst true

BakeryPosition

Individual: Bakery
Types:
geosparql:Building
Facts:
sao:hasLocation BakeryLocation,
urban:hasId "52"""xsd:int

Bakery

Individual: BakeryLocation
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

BakeryLocation

"2"""xsd:int,
"2"""xsd:int

Individual: RestaurantPosition
Types:
urban:Position
Facts:
urban:hasCityObject Restaurant

RestaurantPosition

Individual: Restaurant
Types:
geosparql:Building
Facts:
urban:hasId

Restaurant

"9"""xsd:int

Individual: RestaurantLocation

Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

RestaurantLocation

"3"""xsd:int,
"3"""xsd:int
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are underlined to point out the specific values (zero or one) that
the semantic model sets for each case.

6. Discussion

User preferences and domain constraints can be hard-coded
according to different criteria. The usual way is to include those
preferences as problem constraints in their formulations. An-
other possibility is using hybrid techniques encompassed within
the concepts of memetic algorithms, which implement opera-
tors designed specifically to take them into account [43]. In
this work, we have used ontologies to support the automatic
injection of user preferences and domain constraints in the op-
timization problem modeling, bridging the gap between seman-
tic technologies and optimization algorithms. Specifically, we
have carried out a first approximation covering the steps from
the design of a simple domain ontology (including the domain
knowledge of two use cases related to multi-objective prob-
lems) to the coding of an implementation in jMetal, obtaining
Pareto front approximations with an evolutionary algorithm.

One of the main research findings we claim with the design
and implementation of a domain ontology is the ability to rep-
resent and consolidate knowledge of a given optimization con-
text. This knowledge-based approach allows us to annotate (i.e.
to “semantize”) all the meta-data involving data sources, user
constraints and mathematical modeling. The meta-data are in-
tegrated following the ontology structure and stored in standard
RDF triples, which are mapped with software code to imple-
ment such specific problem modeling and constraints. This
methodology, extracts the problem modeling and constraint
definition in such a way that changes in them only imply mod-
ifying the ontology instances (the ontology structure and the
software code do not need to be updated). Thus, a given imple-
mentation can be easily reused in different scenarios. For ex-
ample, the code for locating antennae in New York will be the
same as for locating them in Madrid. The ontology instances
have to be modified for each scenario, but the ontology struc-
ture remains the same.

In terms of practical implications, the proposed semantic
model represents an initial demonstrator for the experimental
piloting of the bi-objective TSP and RND problems with se-
mantics. Nevertheless, thanks to the domain ontology abstrac-
tion, it could be easily adapted to other related problems (e.g.,
the Vehicle Routing Problem) and different problem domains,
from graph modeling in logistics to biological networks.

7. Conclusions and Future works

In this paper, we have presented an ontology-based approach
for the semantic annotation of problem domain knowledge and
the practical injection or mapping of this knowledge into pro-
gramming code. We combine the descriptive capacity of Se-
mantic Web technologies with optimization problems and algo-
rithms in order to facilitate the process of decision making by
the human expert.



Table 5: Routes obtain obtained when solving bi-objective TSP problem using the user preferences

Case Study

Route instance 1

Route instance 2

VIP Client (node 78)

78 48 8920 58 98 96 75 94 24 8 33 5422319097 4
298019576533281127750 164476 6 56 86 82
13427045 856199 36 51 4740 95 43 49 53 60 34
9337642569529210983231735186230631
914674556638722770718721514735926
112828467 683979884115

7844 41757045286377303275831876890
7315874251 1334294499 845268208567 61
259122544947954082147129793972385
506217 164335233160 1165797 37656493
98901027 66197421929669551811226249
5346 80 8 56 36 83 59 86 88 33 48

Client in middle of the
route (node 51)

0928472271090 96 730 62 23 22 59 42 6 56 70

94228756057 884117 8721939895269 6661

5599 68 4 3839 67 80954077 47 24 36 51 32 81

1211349635082863384526 117358319720

7929198934145365535476439118158371
64 2574 37 35 16 44 46 78 48 85

4379767648053 148177 1295404476 49 45
8563684 806698 703399272275894752947
325428384 1325597137 89965574 511031
52602624 39 68 42 61 97 90 85 11 19 46 78 93 22
538216911583 99250413088 63 863473 64
182165692087 17233562571

Client in the last position
of the route (node 89)

9086 11245447659 73939698 1891 3066 92
0794151431647427726824952787 8863
5040704948 71 58 16 56 42 82 15 87 46 19 85 26
223495533969 2555 61 80608657 1811243
35172321494362999 5451321347 773328
7567 38 84 1097 20 83 65 3 62 37 89

94188397224282128044909290519475
32268855810962773736431598231850
81 636057 5368 61 6646 64 87221671 834878
932117351525797331116729197644 143
6591 62 86 54 40 42 45 99 38 84 20 52 69 97 34 56
7047957759 13 8233 630557489

Client in the first quarter
(node 34)

683938 618244529994947528112928472
677042 138234266535885783739337489
2098 58319097967 41 30 81 144 14 59 60 32 47
409121225451533627108969255574716
338650627623 15877879 6446 8019 850 56
496343957712163517 18 52 66

6749 21 78 89 65 88 93 3726 56 59 34 17 16 23 87
1592073827047 436331399 125080536896
287504633598 589540772457 8642 63 41 44
834871874143192603281517254764315
62 30 55 66 84 52 6922 851979 61 97 9027 6 91
1139948256471 10452 3829

Sub-route (nodes 52 and 9)

9436513281 14735444047 5030416353 68

39673861 1985665486824943176224678

7183887974482457911817233516621277

95134270228 758472089 2093653642569

96798 5831 1052937 1521 87 5566 92 27 90 97
11 34 59 60 26 33 45 85 80 29 99 4

694188397224282128044909290519475
32268855810962773736431598231850
81636057 5368 61 6646 64 87221671 834878
932117351525797331116729197644 143
6591 62 86 54 40 42 45 99 38 84 20 52 9 97 34 56
7047957759 13 8233 6305574 89

All preferences

78745349 163628323378029 77123481796

9365351473593286508242 134047954391

18351644 17529873197611985251704526

28367594 3849954762246 048 71209858 10

902792572460336568 118467726839 6655
64 1541308879 25 69 21 89

7898 56 8 64 6 57 74 48 62 91 88 8242 54 40 47 77

4933452343866 15653041396146368012

3214937390769 84 922831586079 555171

173523838725529509581 135631816213

962759447622971110704 8520370261929
67 68 992453143 8672759489

Table 6: RND instances in OWL Manchester syntax. It is only shown the
example 1 (avoiding school).

Terms

OWL Manchester syntax

AntennaSector]

Individual:
AntennaSectorl
Types:
urban:Antenna
Facts:

urban:avoids School

School

Individual: School
Types:
geosparql:Building
Facts:
sao:hasLocation SchoolLocation

SchoolLocation

Individual:
SchoolLocation

Types:
geosparql:Point

Facts:
urban:hasX
urban:hasY

"0"""xsd:int,
"0"""xsd:int
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Our motivation has been driven by the rise of efforts to au-
tomatize the injection of domain knowledge during the opti-
mization process, with the aim of allowing the semi-transparent
setting of preferences (with semantic annotation) to a human
expert in the problem domain, although without strong experi-
ence in optimization algorithms.

After the experimental validation, three main conclusions
can be drawn:

1. Semantic technologies allow describing in a high level
of abstraction knowledge domain in optimization problem
modelling; consequently, users are able to indicate their re-
quirements easily without needing to re-code algorithms.

2. The process of transforming the high level knowledge do-
main into problem constraints are done through mapping
functions, although following general software design to
allow coping with other different domains.

3. The proposed semantic model provides automatic mecha-
nisms to inject specific problem constraints in the source
code. This feature is a new approach to enable the map-



Table 7: Antennae locations obtained when approaching bi-objective RND problem using the user’s preferences

Case Study

Antenna Location instance 1

Antenna Location instance 2

Avoid School (position 0)

o1orrr11rrr1111r1111111111111

1100000110111111111010000000

0000000000000000000000000000
0000000000000000

00000000000100000011100000110
00000011010000000000001000100
00000000001000000001001001011
00110000000010010000000000000
0000000000000100000000000000
0000000000000000110100100010
0101000100001001000000000000

Fixed Antenna Location
(position 9)

1101111111111 11111111111111°1

1111111011111001111110000000

0000000000000000000000000000
0000000000000000

10000000100100001010100000010
00000011010000000000001000100
00000000001000000001001001011
00110000000010010000000000000
0000000000000100000000000000
0000000000000000110100100010
0101000100001001000000000000

Fixed Antenna Location by
Client2 Location (position
25)

1101111101111101111100101011

1111110101111111111010000000

0000000000000000000000000000
0000000000000000

00000000000100000010100111010
00000011010000000000001000100
00000000000000000001001000001
00110000000010010000000000000
0000000000000000000000000000
0000000000000000110100100000
0101000100001001000000000000

50% minimum coverage

0101011000001101011111000011

1110000010100101110010100000

0000000000000000000000000000
0000000000000000

10000000000100000010100101010
00000011010000000011110001000
00000000000000000010010000010
0110000000010010000000000000
0000000011110000000000000000
0000000000000000110100100000
0101000100001001000000001111

All preferences

0001111001111101111110101111

1110111111110111111110000000

0000000000000000000000000000
0000000000000000

00000000010100000010100111010
00000011010000000011110001000
00000000001110000010010000010
0110000000010010000111100000
0000000010110000000000000000
0000000000000000110100100000
0101000100001001000000001100

ping between the concept ideas of the user’s requirements
and their implementations in the code.

4. The use cases based on well-known optimization prob-
lems in urban based knowledge domain have been useful
to demonstrate the proposal in terms of proof-of-concept.
It can be used as starting point for new emerging appli-
cations requiring the automatic modeling of optimization
processes.

An open research line includes the definition of a richer on-
tology for the transportation domain, and to investigate a sys-
tematic approach to inject domain knowledge into the imple-
mentation of selection and variation (mutation and crossover)
operators in evolutionary algorithms. Another important open
research lies in the possibility of using the semantic knowledge-
base, now consolidated in RDF, to perform reasoning tasks,
hence to infer new knowledge. This could be useful not only

16

for the formulation of additional implicit problem constraints,
but also for the refinement of algorithmic operators specific to
each problem instance.
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Appendix

Table 8: TSP instances of fixed position examples in OWL Manchester syntax.

Terms

OWL Manchester syntax

City

Individual: City
Types:
geosparql:City
Facts:
urban:contains BakeryClient,
urban:contains FirstQuarterClient,
urban:contains Client2,
urban:contains Client3,
urban:contains RestaurantClient,
urban:contains School,
urban:contains VIP,
urban:hasGrid CityGrid,
urban:hasRoute DeliveryRoute

Subroute

Individual:
DeliveryRoute

Types:
urban:Route

Facts:

urban:hasPreference
FirstQuarterPreference,

urban:hasPreference
HalfWayClientPreference,

urban:hasPreference
LastClientPreference,

urban:hasPreference
SubroutePreference,

urban:hasPreference
VIPPreference,

urban:hasLength "100"""xsd:int

VIPPreference

Individual: VIPPreference

Types:
urban:Preference

Facts:
urban:hasPositionInPreference
VIPPosition

VIPPosition

Individual: VIPPosition
Types:

urban:Position
Facts:
urban:hasCityObject VIP,
bigowl:hasDataType "integer"~“xsd:string,
urban:hasPositionValue "1"~“xsd:int,

VIP

Individual: VIP

Types:

geosparql:Building

Facts:

sao:hasLocation VIPLocation,
urban:hasId "78""“xsd:int

VIPLocation

Individual: VIPLocation
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

"10"""xsd:int,
"20"""xsd:int

HalfWayClientPreference

Individual:
HalfWayClientPreference

Types:
urban:Preference

Facts:
urban:hasPositionInPreference
HalfWayPosition

HalfWayPosition

Individual: HalfWayPosition
Types:
urban:Position
Facts:
urban:hasCityObject
Client2,
bigowl:hasDataType
urban:hasPositionValue

"integer"~“xsd:string,
"50"""xsd:int

Client2

Individual: Client2
Types:
geosparql:Building
Facts:
sao:hasLocation Client2Location,
urban:hasId "55"""xsd:int

Client2Location

Individual: Client2Location
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

"2"~~xsd:int,
"5"""xsd:int

LastClientPreference

Individual:

LastClientPreference

Types:
urban:Preference

Facts:
urban:hasPositionInPreference
LastClientPosition

LastClientPosition

Individual:

LastClientPosition

Types:

urban:Position

Facts:

urban:hasCityObject Client100,
bigowl:hasDataType "string"~“xsd:string,
urban:hasPositionValue "100"""xsd:int

Client100

Individual: Client100

Types:

geosparql:Building

Facts:

sao:hasLocation Client100OLocation,
urban:hasId "89"""xsd:int

Client100Location
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Individual: Client10OLocation
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

"5"""xsd:int,
"5"""xsd:int



Table 9: TSP instances of variable position examples in OWL Manchester syn-

tax.

Terms

OWL Manchester syntax

FirstQuarterPreference

Individual: FirstQuarterPreference
Types:

urban:Preference

Facts:
urban:hasPositionInPreference
FirstQuarterPosition

FirstQuarterPosition

Individual: FirstQuarterPosition

Types:

urban:Position

Facts:

urban:hasCityObject Clientl,
bigowl:hasDataType "string"~“xsd:string,
urban:hasPositionValue "<=25%"“xsd:3tring

Client1

Individual: Clientil
Types:

geosparql:Building

Facts:

sao:hasLocation ClientlLocation,
urban:hasId "49"""xsd:int

Client1Location

Individual: ClientlLocation
Types:
geosparql:Point
Facts:
urban:hasX "1""“xsd:int,
urban:hasY "9"""xsd:int

SubroutePreference

Individual: SubroutePreference
Types:
urban:Preference
Facts:
urban:hasPositionInPreference
BakeryPosition,
urban:hasPositionInPreference
RestaurantPosition

BakeryPosition

Individual: BakeryPosition
Types:
urban:Position
Facts:
urban:hasCityObject Bakery,
urban:hasNext RestaurantPosition,
urban:isFirst true

Bakery

Individual: Bakery
Types:
geosparql:Building
Facts:
sao:hasLocation BakeryLocation,
urban:hasId "52"""xsd:int
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Individual: BakeryLocation
Types:
BakeryLocation geosparql:Point
Facts:
urban:hasX "2"""xsd:int,
urban:hasY "4""“xsd:int
Individual: RestaurantPosition
Types:
RestaurantPosition urban:Position
Facts:
urban:hasCityObject Restaurant
Individual: Restaurant
Types:
Restaurant geosparql:Building
Facts:
urban:hasId "9"""xsd:int
Individual: RestaurantLocation
Types:
RestaurantLocation geospargl:Point
Facts:
urban:hasX "3""“xsd:int,
urban:hasY "3""“xsd:int

Table 10: RND instances in OWL Manchester syntax.



Terms

OWL Manchester syntax

CityGrid

Individual: CityGrid

Types:

urban:Grid

Facts:

urban:hasGridConstraint
CityGridConstraints,

Client2

Individual: Client2

Types:
geosparql:Building

Facts:
sao:hasLocation Client2Location,
urban:hasId "55"""xsd:int

urban:hasGridSize "1000"~"xsd:int

CityGridConstraints

Individual:
CityGridConstraints
Types:
urban:GridConstraint
Facts:

Client2Location

Individual: Client2Location
Types:

geosparql:Point

Facts:
urban:hasX
urban:hasY

"9"~"xsd:int,
"9"""xsd:int

urban:hasAntenna AntennaSectorl,
urban:hasAntenna AntennaSector2,
urban:hasAntenna AntennaSector3,
urban:hasMinimumCoverage "50.0"""xsd:double

AntennaSector]

Individual:
AntennaSectorl
Types:
urban:Antenna
Facts:

urban:avoids School

School

Individual: School
Types:
geosparql:Building
Facts:
sao:hasLocation SchoolLocation

SchoolLocation

Individual:
SchoolLocation

Types:
geosparql:Point

Facts:
urban:hasX
urban:hasY

"0"""xsd:int,
"0"""xsd:int

AntennaSector2

Individual:
AntennaSector2

Types:
urban:Antenna

Facts:
seo:hasLocation
AntennaSector2Location

AntennaSector2Location

Individual:
AntennaSector2Location

Types:
geosparql:Point

Facts:
urban:hasX
urban:hasY

"1"""xsd:int,
"9"""xsd:int

AntennaSector3

Individual:
AntennaSector3
Types:
urban:Antenna
Facts:

urban:attaches Client2
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