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ABSTRACT

SOFTWARE Product Lines (SPLs) exploit commonalities across a family of
related products in order to increase quality and reduce time to market
and costs. Most SPLs are built from a set of existing products, that needs

to be re-engineered into reusable assets following feature location approaches.
Traditional feature location approaches target program code, but less attention has
been paid in the literature to other software artifacts such as the models.

In this dissertation we present an approach for Feature Location in Models
that relies on an Evolutionary Algorithm (FLiMEA). FLiMEA capitalizes on ex-
perts domain knowledge to boost the feature location process and produce model
fragments that properly capture the reusable units of the domain. The approach
performs a search (guided by a fitness function) over alternative model fragment
realizations of the feature being located (generated through genetic operations).
As a result, variability and commonalities are formalized in the form of reusable
model fragments. We have explored different genetic operations and fitness func-
tions so the approach can be tailored to work under the different conditions present
in industrial scenarios.

In addition, when the features have been located and formalized as reusable
assets, there is a need for evolution of those elements. In this dissertation we focus
on the co-evolution of the model fragments and the language used to create them.
To address this challenge we propose Variable MetaModel (VMM), an approach
that relies on variability modeling ideas applied at metamodel level to enable the
co-evolution. The VMM expresses each evolution of the language in terms of
commonalities and variabilities, to ensure the conformance of model fragments
with the new version of the language.

The approaches have been validated and evaluated in our industrial partners
(BSH, the biggest manufacturer of home appliances in Europe, and CAF, an in-
ternational provider of railway solutions).
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Chapter 1. Introduction

1.1 Motivation of the Dissertation

Software Product Lines (SPLs) aim at reducing development cost and time to
market while improving quality of software systems by exploiting commonali-
ties and managing variabilities across a set of software applications [1]. The SPL
engineering paradigm separates two processes; domain engineering (where the
commonalities are identified and realized as reusable assets) and application en-
gineering (where specific software products are derived by reusing the variability
of the SPL) [2]. Traditionally, a domain analysis is performed to build a feature
model that captures the variability of the system in terms of features [3, 4]. The
domain knowledge from the experts is captured and used to build the library of
reusable assets.

A recent survey [5] reveals that most of the SPLs are built when there are al-
ready products; therefore, the set of existing products is re-engineered into an SPL
[6]. This is known as the extractive approach to SPLs [6]; it capitalizes on existing
systems to initiate a product line, formalizing variability among a set of similar
products into a variability model. The resulting SPL is capable of generating the
products used as input (among others) with the benefit of having the variability
among the products formalized, enabling a systematic reuse.

Feature Location (FL) is known as the process of finding the set of software
artifacts that realize a particular feature, and it has gained attention during recent
years [7, 8]. However, most of the research on FL targets program code [7, 8] as
the software artifacts that realize the feature, neglecting other software artifacts
such as the models. Manually spotting the commonalities and variability among
the set of product models may become cumbersome and error prone [9], especially
as the number of models and its complexity increases.

Therefore, we can apply FL to automate the identification and extraction of
the features existing among a family of product models and re-engineering them
into a model-based SPL (an SPL whose final products are models) by establishing
precisely the variability between the features. However, the challenge of locat-
ing features among a set of product models, while capitalizing on expert domain
knowledge, has not been fully addressed in the literature. In this work, we re-
fer to this challenge as the Feature Location in Models or FLiM (see Figure
1.1). To address this challenge we propose an approach that turns a set of similar
but different product models with no variability specification into a set of product
models with a formal variability definition that specifies the commonalities and
variability among them.
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1.2. Problem Statement

In our work, features located over product models are formalized as model
fragments, the subset of model elements (from a whole product model) that real-
ize a particular feature. Therefore, the outcome of addressing the FLiM challenge
is a model-based SPL (where the features are realized in the form of model frag-
ments). However, those model fragments have to be evolved over time (to cope
with changing requirements, enhancements or other events), which results in the
second challenge addressed by this dissertation, the evolution of the model frag-
ments (see Figure 1.1). To address this challenge we propose an approach that
relies on variability management ideas applied at metamodel level to enable the
co-evolution of the model fragments while at the same time enables the evolution
of the language used to create the model fragments.

Source:
Family of 

product models
(no variability
formalization)

Challenge 1:
Feature Location
in Models (FLiM)

Target:
Family of product 
models (variability 

formalized as 
model fragments)

Challenge 2:
Evolution of

model fragments

Figure 1.1: Motivation of the Dissertation

1.2 Problem Statement

The extractive approach for building SPLs from products is being widely used
in the industry [5]. However, there is a need for approaches that target models
as the feature realization artifacts. In addition, evolving the features extracted in
the form of model fragments is a must in industrial scenarios and needs to be
properly addressed in order to have model-based SPL’s approaches adopted by
the industry. In this dissertation we move towards this direction addressing three
Research Questions related to these challenges:

Research Question 1: How to identify and formalize the variability present among
a set of product models in terms of features realized by model fragments?

Research Question 2: How to capitalize on expert domain knowledge to boost
the process of feature location?
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Chapter 1. Introduction

Research Question 3: How to co-evolve the model fragments that capture the
features and the language used to create them?

1.3 Contribution

To address the Research Question 1, we present FLiMEA [10, 11, 12, 13, 14] (see
Chapter 11): a software engineering approach for Feature Location in Models
that relies on an Evolutionary Algorithm to locate features in product models and
formalize them as model fragments. The FLiMEA performs a search (guided by
a fitness function based on model fragment occurrences) over alternative model
fragment realizations for the feature being located (generated through genetic op-
erations).

In response to the Research Question 2, FLiMEA can be tailored to work under
different domains [11, 12, 13] (see Chapter 11). Particularly, FLiMEA provides
different ways of embedding the domain knowledge from the engineers depend-
ing on the nature of the family of models and the type of information available.
We added support to describe the feature to be located using natural language.
Specifically, we have augmented FLiMEA with new genetic operations and fit-
ness functions able to work with domain knowledge.

In response to the Research Question 3, we present the Variable MetaModel
(VMM) [15, 16] (see Chapter 12, an approach for co-evolving the model frag-
ments realizing the features and the language of the models. The VMM applies
variability modeling ideas to express each evolution of the language in terms of
commonalities and variabilities, ensuring the conformance of all model fragments
(old fragments and new fragments) with the VMM.

In addition, we have evaluated the presented contributions with our industrial
partners, applying them to industrial product models and using the domain knowl-
edge from their domain experts. The contributions have been developed under
National and International research projects aligned with the research performed
in this dissertation. The contributions have been shared with the community in
the form of conference and journal peer-reviewed publications. Finally, we have
identified some challenges that remain unaddressed in this dissertation and that
constitute our ongoing research.
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1.4. Overview of the Work

1.4 Overview of the Work

Figure 1.2 shows an overview of the work performed as part of this dissertation.
It is structured into size different rows: (row 1) identifies the challenge that is ad-
dressed; (row 2) shows the research questions about the challenge; (row 3) shows
the solution proposed in this dissertation; (row 4) lists the scientific publications
generated; (row 5) lists the research projects where the work has been contributed
to; (row 6) lists the industrial partners where the solutions has been matured and
evaluated.

REVE'15 ICSR'16 MoDELS'16SPLC'15 TEVC'17 COMLAN'17GPCE'15

Model-Driven Variability Extraction for Software Product Line Adoption

Spanish National R+D+i Plan and ERDF funds - TIN2015-64397-RVARIAMOS:

Round-trip Engineering and Variability Management Platform and Process

Information Technology for European Advancement - ITEA 3 Call 2REVaMP2:

BSH:

CAF:

Challenge
Feature Location
in Models (FLiM)

Evolution of
model fragments

Research
Questions

RQ1: Identify and
formalize variability

RQ2: Use expert
domain knowledge to 

boost the process

RQ3: Co-evolution of
model fragments

and language

Solution
proposed

Feature Location in Models through
an Evolutionary Algorithm (FLiMEA)

Co-evolution through 
Variable MetaModel (VMM)

Publications

Funded
research
projects

Industrial
partners

Home Appliances Group
Induction hob firmware variability extraction and management tool

Variability modeling, code generation and evolution for railway systems' software

Figure 1.2: Overview of the work performed as part of the dissertation

For the first challenge (FLiM), two research questions are identified (RQ1 and
RQ2), FLiMEA is proposed as our solution and five publications are presented in
chronological order (REVE’15 [10], SPLC’15 [11], ICSR’16 [12], MoDELS’16
[13] and TEVC’17 [14]).

For the second challenge (Co-Evolution of model fragments and Language),
one research question is identified (RQ3), VMM is proposed as our solution
and two publications are presented in chronological order (GPCE’15[15], COM-
LAN’16 [15]).

There are two projects where the work presented in this dissertation was con-
tributed: (VARIAMOS) a Spanish national research project whose objective is the
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extraction of variability in the form of model fragments to achieve the adoption of
SPL approaches; (REVaMP2) an international ITEA 3 Call 2 project whose main
objective is the creation of a holistic platform and process for variability extraction
and management over time.

There are two industrial partners where the work presented in this dissertation
was evaluated: (BSH) the leading manufacturer of home appliances in Europe, we
have collaborated in the creation of a variability extraction and management tool
for the induction hobs firmware; (CAF) a worldwide provider of railway solutions,
we have collaborated in the creation of a solution for managing the variability of
the software existing in the railway systems.

1.5 Research Methodology
In order to perform the work of this dissertation, we have applied a research
project following the design science research methodology for performing re-
search in information systems as described by [17] and [18]. Design research in-
volves the analysis of the use and performance of designed artifacts to understand,
explain and, very frequently, to improve the behaviour of aspects of Information
Systems [18].

The design science research cycle consists of a five-phase process:

1 - Awareness: An awareness of an interesting research problem may come from
multiple sources including new developments in industry or in a reference
discipline. The output is a proposal for a new research effort.

2 - Suggestion: The suggestion phase follows the proposal and consists of the
suggestion of a solution to the problem, and a comparison of this solution
with already existing solutions. The output is a tentative design.

3 - Development: The tentative design is further developed and implemented in
this phase. The implementation need not to involve novelty beyond the
state-of-practice for the given artifact; the novelty is primarily in the design,
not in the construction of the artifact. The output is the developed artifact.

4 - Evaluation: The artifact is evaluated according to criteria that are implicit.
This phase includes a sub-phase in which hypotheses are made about the
behaviour of the artifact. Then, deviations from expectations are gathered
and the additional information gained in the construction and running of the
artifact is used to another round of suggestions.
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Phase 5:

Conclusion
and

communication

Phase 4:

Evaluation
of the
artifact

Phase 3:

Development
of the
artifact

Phase 1:

Awareness
of the

problem

Phase 2:

State
of the

art

Suggestion
of a

solution

Figure 1.3: Research methodology followed in this Dissertation.

5 - Conclusion: This phase is the end of the research cycle, and is typically the
result of an evaluation phase that is considered “good enough”. The results
of the efforts are consolidated and communicated.

The design cycle is an iterative process; knowledge produced in the process by
developing and evaluating artifacts is used as input for a better suggestion towards
the solution of the problem. In this dissertation we have applied the cycle two
times, one for each of the challenges identified.

Following the cycle defined in the design science research methodology, we
started with the awareness of the problem (see Figure 1.3). In our case the aware-
ness of the problem came from new developments for our industrial partners. We
identified the problem to be resolved and we stated it as a proposal for a new re-
search effort. Then, we performed the second phase, including the suggestion of
a solution to the problem (see Sections 3.3.4 and 3.2.4) and its comparison with
already existing solutions (see Chapter 3).

Next, we performed the third phase, further developing the tentative design
and implementing it (see Chapters 5, 6 and 8). Then, we evaluated the artifacts as
part of the fourth phase and extracted some conclusions as part of phase five (see
Chapters 7, 9 and 10).
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1.6 Quick Reference

Figure 1.4 shows a quick reference about the scope of the work done as part of
this dissertation. It has been divided in order to establish clearly what elements
constitute the background, what elements are part of the dissertation work and
what elements are infrastructure for that work.

Challenge 1:
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in Models (FLiM)

Challenge 2:
Evolution of

model fragments
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Engineering
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Common
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Contribution 1:
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Model
fragment

Figure 1.4: Cheat Sheet
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1.7 Structure of the dissertation

This dissertation is structured into five parts:

Part I The first part is the introduction of the dissertation, later it presents some
background and discusses the state of the art.

1 Introduction This section introduces the motivation for the dissertation,
the challenges that are addressed, the contribution, the overview of the
work done, the methodology followed and the structure of the disser-
tation.

2 Background This section presents some background related to the topics
covered in the dissertation. Specifically, it presents Model Driven De-
velopment, SPLs and the Running Example extracted from one of our
industrial partners that is used to illustrate the rest of the dissertation.

3 State of the Art This section discusses the state of the art in relation
to the two challenges addressed by this dissertation (FLiM and Co-
evolution fo model fragments and Language) and motivates the two
solutions presented (FLiMEA and VMM).

Part II The second part of the dissertation focuses on the Feature Location in
Models (FLiM) challenge.

4 Feature Location in Models by an Evolutionary Algorithm (FLiMEA)
This chapter presents the overview of the Feature Location in Models
by an Evolutionary Algorithm (FLiMEA), our approach to address the
FLiM challenge.

5 FLiMEA as Model Fragments This chapter presents the FLiMEA tai-
lored to locate the features in the form of model fragments.

6 FLiMEA as Variation Points This chapter presents the FLiMEA tailored
to locate the features in the form of variation points.

7 Evaluation of FLiMEA This chapter presents the details of the evalu-
ations performed to validate the FLiMEA approach. It introduces
our industrial partners’ models where the features are located, ex-
plains how the results are measured and compared with an oracle and
presents the results of the evaluations performed for each of the differ-
ent configurations of the FLiMEA approach.
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Part III The third part of the dissertation focuses on the challenge of the evolu-
tion of model fragments.

8 Variable MetaModel (VMM) This chapter presents the details of Vari-
able metaModel (VMM), our approach to address the co-evolution of
model fragments and language, including the different operations that
compose it.

9 Evaluation of VMM This section presents the evaluation performed over
the VMM approach, the results obtained and a set of lessons learned
from its application on our industrial partner.

Part IV The fourth part of the dissertation presents the conclusion.

10 Conclusion This chapter includes the conclusion, the recapitulation of
the research questions presented and their answers, the next steps in
the research and the concluding remarks.

Part V The fifth part of the dissertation includes the seven papers selected for the
dissertation.

11 Feature Location in Models Includes the five papers published in rela-
tion to the FLiM challenge.

12 Evolution of Model Fragments Includes the two papers published in
relation to the evolution of model fragments challenge.
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Chapter 2. Background

2.1 Overview of the Chapter

In this chapter the background of the dissertation is introduced. The background
in this case is conformed by the approaches that are related to the objectives of this
work: (1) locate the features existing among a set of similar but different product
models; (2) enable the co-evolution of the features (realized as model fragments)
and the language used by the model fragments. Therefore, this chapter provides
a basic background for understanding the overall dissertation work. Specifically,
we present Model Driven Development (MDD), Software Product Lines (SPLs)
and the Running Example that will be used to illustrate the approaches included
in the dissertation.

First, we present Model Driven Development, which is a paradigm where
we can construct a model of a software system that we can then transform into
the real thing. The goal of this paradigm is to automatically translate an abstract
specification of the system into a fully functional software product.

Second, we present Software Product Lines engineering, which intends to
produce a set of products that share a common set of assets in an specific domain.
These techniques allow to adapt a product to the needs of the customer while
its production costs and time to market are decreased. SPL promotes the shift
from the development of stand-alone systems to the development of a family of
systems.

Finally, we present our Running Example extracted from one of our industrial
partners, BSH. We introduce the Common Variability Language and how it is
applied to the models from our industrial partner in order to specify and manage
the features as model fragments. Model fragments are central to this dissertation
as it is the means used to formalize the features. Our FLiMEA approach (see Part
II) locates features in the form of model fragments. Our VMM approach (see Part
III) enables the co-evolution of the model fragments and the language used by
them.

2.2 Model Driven Development

Model Driven Development (MDD) is a paradigm where models are central in the
development. Model Driven Architecture (MDA) is a framework for software de-
velopment proposed by the Object Management Group (OMG) in 2001 [19] (i.e.,
MDA is a concrete realization of MDD). The notion of Model Driven Engineering
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(MDE) emerged later as a paradigm generalizing the MDA approach for software
development [20].

2.2.1 Definition

The arrival of the MDD and MDA are changing the way of using models in the
development of software. Model-driven is a paradigm where models are used to
develop software. This process is driven by model specifications and by trans-
formations among models. It is the ability to transform among different model
representations that differentiates the use of models for sketching out a design
from a more extensive model-driven software engineering process where models
yield implementation artifacts. As stated by Agrawal et al. [21]:

“the models are not merely artifacts of documentation, but living doc-
uments that are transformed into implementations. This view radi-
cally extends the current prevailing practice of using UML: UML is
used for capturing some of the relevant aspects of the software, and
some of the code (or its skeleton) is automatically generated, but the
main bulk of the implementation is developed by hand. MDA, on
the other hand, advocates the full application of models, in the entire
life-cycle of the software product.”

The goal of these approaches is to automatically translate an abstract specifi-
cation of the system into a fully functional software product.

2.2.2 Model Driven Software Development Initiatives

Model-Driven Software Development (MDSD) is the notion that we can construct
a model of a software system that can then be transformed into the real thing [22].
Models have been used for a long time in the software development field. From
formal and executable specification languages (e.g., OBLOG [23], TROLL [24]
or OASIS [25]), to the most accepted notations (like UML [26]) and processes
(like RUP [27]) models are present in the software development area.

Stuart Kent [20] defines Model Driven Engineering (MDE) by extending
MDA with the notion of software development process (that is, MDE emerged
later as a generalization of the MDA for software development). MDE refers to
the systematic use of models as primary engineering artifacts throughout the engi-
neering lifecycle. Kurtev provides a discussion on existing MDE processes [28]
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(refer to [29, 30] for a specific approach). In general, these approaches introduce
concepts, methods and tools [31]. All of them are based on the concept of model,
meta-model, and model transformation.

Model Driven Architecture (MDA) is a concrete realization of MDD. MDA
classifies models into two classes: Platform Independent Models (PIMs) and Plat-
form Specific Models (PSMs) [19]. A PIM is a view of a system from a platform-
independent viewpoint. Likewise, a PSM is a view of a system from a platform-
dependent viewpoint [19]. Doing so, the definition of platform becomes funda-
mental.

Although the contribution of MDA has been critical, other initiatives under dif-
ferent descriptive terms have pushed in the direction of MDSD. These initiatives
(or specific paradigms) highlight distinct aspects and/or follow specific strategies
for applying MDSD. The following are remarkable examples of these initiatives.

Automatic programming: According to Balzer [32], who is considered the ini-
tiator of the modern automatic programming paradigm, automatic program-
ming is based on the use of methods and tools which support the acquisition
of high level of abstraction specifications, their validation and the gener-
ation of executable code. He was focused on the generation of efficient
implementations, since the hardware resources (CPU power, memory size,
etc.) were limited. Therefore, he proposes a semi-automated (interactive)
translation approach which facilitates the specification of optimizations by
human developers. It is important to note that he considers that the appli-
cation of this paradigm to a narrower area (e.g., expert systems) allows an
“attempt to eliminate the need for interactive translations”.

Generative Programming: This paradigm was proposed by Czarnecki in his
PhD Thesis [33] although the term was coined by Eisenecker in [34]. In
Eisenecker words, Generative Programming “is a comprehensive software
development paradigm to achieving high intentionality, reusability, and adapt-
ability without the need to compromise the run-time performance and com-
puting resources of the produced software”. It is highly based on domain
specific engineering and product line development, using techniques such as
generic programming, domain-specific languages and aspect-oriented pro-
gramming. Unlike other more general paradigms, Generative Programming
suggests very specific techniques and steps for developing methods which
follow this approach.
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In general, MDSD initiatives promote a paradigm of reuse and automation.
This emerges through the extensive use of models and model transformations,
which replaces cumbersome (and usually repetitive) implementation activities. In
this way, model-driven approaches improve development practices by accelerating
them.

2.2.3 Domain Specific Languages

Domain specific languages play a key role in several of the MDSD approaches
that have been presented above. According to [35], a domain specific language
(DSL) is a programming language or executable specification language that offers,
through appropriate notations and abstractions, expressive power, focused on, and
usually restricted to, a particular problem domain.

DSLs are not a new topic, but the current stress on MDSD has focused the
interest of both academy and industry on this kind of languages. Examples of
DSLs abound, including well-known and widely-used languages such as LA-
TEX, YACC, Make, SQL, and HTML. As stated by [35], the older programming
languages (Cobol, Fortran, Lisp) all came into existence as dedicated languages
for solving problems in a certain area (respectively business processing, numeric
computation and symbolic processing).

DSLs are tightly related to the Domain Engineering. In words of Tolvanen
[36], the main focus of Domain Engineering is finding and extracting domain
terminology, architecture and components. It is important to note that two points
of view when dealing with the domain concept can be considered, as highlighted
by Simos [37].

Conceptual domain: From this point of view, a domain is a set of interrelated
real-world concepts. For instance, the health-care domain contains concepts
such as medical center, patient, disease, medicament, etc. As another exam-
ple, the industrial factory domain contains concepts such as stock, supplier,
client, worker, etc.

Systems domain: From this point of view, a domain is characterized by a set
of systems that share some common features [37]. These systems usually
address a common problem area and conceivably share a common solution
structure. In this case, we can talk about the expert systems domain, the
database-based systems domain, the control/monitoring systems domain,
the software games domain, etc.
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Note that a software system can be seen as the combination of both a con-
ceptual domain and a system domain. For instance, we can find expert systems
for health-care and control/monitoring systems for industrial factories, but there
are also expert systems for industrial factories and control/monitoring systems for
health-care. Specific languages exist both for conceptual domains and systems
domains.

Many benefits due to the use of DSLs can be found in the literature. For
instance, according to [35].

• DSLs allow solutions to be expressed in the idiom and at the level of ab-
straction of the problem domain. Consequently, domain experts themselves
can understand, validate, modify, and often even develop DSL programs.

• DSL programs are concise, self-documenting to a large extent, and can be
reused for different purposes.

• DSLs enhance productivity, reliability, maintainability, and portability.

• DSLs can embody domain knowledge, and thus enable the conservation and
reuse of this knowledge.

• DSLs allow validation and optimization at the domain level.

But some drawbacks have been also identified. These drawbacks are related
to the associated costs (for designing, implementing and learning the DSL) and
the specific nature of the language (possible lack of expressiveness and/or loss of
efficiency).

Some researchers suggest that the success of visual notations as commonly
used domain-specific languages is contingent on making similar tools and con-
cepts for visual languages a commodity that can be readily used and understood
by a wide audience, effectively lowering the initial hurdle to adoption [38]. Hope-
fully, the number and quality of tools for implementing DSLs is growing and,
therefore, a wide use of DSLs is very probable.

2.3 Software Product Lines
Mass production was popularized by Henry Ford in the early 20th Century. McIl-
roy coined the term software mass production in 1968 [39]. It was the beginning
of SPLs. In 1976, Parnas introduced the notion of software program families as a
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result of mass production [40]. The use of features (to drive mass production) was
proposed by Kang in the early 1990s [4]. Shortly, the first conferences appeared
turning SPL into a new body of research [41].

2.3.1 Definition

SPLs are defined as “a set of software-intensive systems, sharing a common, man-
aged set of features that satisfy the specific needs of a particular market segment
or mission and that are developed from a common set of core assets in a prescribed
way” [2, 42]. This definition can be redefined into five major issues:

1. Products. SPL shift the focus from single software system development
to SPL development. The development processes are not intended to build
one application, but a number of them (e.g., 10, 100, 10,000, or more). This
forces a change in the engineering processes where a distinction between
domain engineering and application engineering is introduced. Doing so,
the construction of the reusable assets (platform) and their variability is sep-
arated from production of the product-line applications.

2. Features. Features are units (i.e., increments in application functional-
ity) by which different products can be distinguished and defined within
an SPL [43].

3. Domain. An SPL is created within the scope of a domain. A domain is
a specialized body of knowledge, an area of expertise, or a collection of
related functionality [44].

4. Core Assets. A core asset is an artifact or resource that is used in the pro-
duction of more than one product in an SPL [2].

5. Production Plan. It states how each product is produced. The production
plan is a description of how core assets are to be used to develop a product
in a product line and specifies how to use the production plan to build the
end product [45]. The production plan ties together all the reusable assets
to assemble (and build) end products. Synthesis is a part of the production
plan.
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2.3.2 Software Product Line Processes

SPLs (or system families) provide a highly successful approach to strategic reuse
of assets within an organization. A standard SPL consists of a product line archi-
tecture, a set of software components and a set of products. A product consists of
a product architecture, derived from the product line architecture, a set of selected
and configured product line components and product specific code.

Therefore, SPL engineering is about producing families of similar systems
rather than the production of individual systems. SPL engineering consists of
three main processes: domain engineering (also called core asset development),
application engineering (also called product development) and management. These
three processes are complementary and provide feedback to each other.

Domain Engineering is defined as “the activity of collecting, organizing and
storing past experience in building systems or parts of systems in a par-
ticular domain in the form of reusable assets (e.g., architecture, “models,
code, and so on), as well as providing an adequate means for reusing these
assets (...) when building new systems” [3]. That is, Domain engineering is,
among others, concerned with identifying the commonality and variability
for the products in the product line and implementing the shared artefacts
such that the commonality can be exploited while preserving the required
variability.

Using a “design-for-reuse” approach, domain engineering (core asset devel-
opment [2]) is on charge of determining the commonality and the variability
among product family members. In general, domain engineering is divided
into domain analysis, domain design and domain implementation.

Application Engineering is “the process of building a particular system in the
domain” [3]. Application engineering (a.k.a., product Development [2]) is
responsible for deriving a concrete product from the SPL using a “design-
with reuse” approach. To achieve this, it reuses the reusable assets devel-
oped previously.

During application engineering, individual products are developed by se-
lecting and configuring shared artifacts and, where necessary, adding product-
specific extensions. This process is subdivided into application analysis,
application design and application implementation.
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Management is a separated process where organizational issues are handled specif-
ically [2]. This process is responsible for giving resources, coordinating,
and supervising domain and application engineering activities.

See [2, 1] for more details about the above processes. In SPL processes, vari-
ability is made explicit through variation points. A variation point represents a
delayed design decision. When the architect or designer decides to delay the de-
sign decision, he or she has to design a variation point. The design of the variation
point requires several steps: (1) the separation of the stable and variant behaviour,
(2) the definition of an interface between these types of behaviour, (3) the design
of a variant management mechanism and (4) the implementation of one or more
variants. Given a variation point, it can be bound to a particular variant. For each
variation point, the set of variants may be open, i.e. more variants can be added,
or closed, i.e. no more variants can be added. Overall, during domain engineering
new variation points are introduced, whereas during application engineering these
variation points are bound to selected variants

Behind the SPL approach we can find the economies of scope principle. While
economies of scale arise when multiple identical instances of a single design are
produced collectively, economies of scale arise when multiple similar but distinct
designs are produced collectively [46]. In this context, the same practices, pro-
cesses, tools and materials are used to design and build similar unique products.
This methodical reuse is responsible for an increase in productivity and quality.

2.4 Running Example

This section presents the Induction Hobs Domain, including the Domain Specific
Language used by our industrial partner to specify their product models. It also
presents how the Common Variability Language is applied to specify the vari-
ability among those product models. The language and graphical representations
presented in this section will serve as the basis of the running example used to
illustrate the rest of the dissertation.

2.4.1 The Induction Hobs Domain

Traditionally, stoves have a rectangular shape and feature four rounded areas that
become hot when turned on. Therefore, the first Induction Hobs (IHs) created
provided similar capabilities. However, the induction hobs domain is constantly
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evolving and, due to the possibilities provided by the induction phenomena and
the electronic components present in the induction hobs, a new generation of IHs
has emerged 1.

For instance, the newest IHs feature full cooking surfaces, where dynamic
heating areas are automatically calculated and activated or deactivated depending
on the shape, size, and position of the cookware placed on top. There has been
an increase in the type of feedback provided to the user while cooking, such as
the exact temperature of the cookware, the temperature of the food being cooked,
or even real-time measurements of the actual consumption of the IH. All of these
changes are being possible at the cost of increasing the software complexity.

The Domain Specific Language used by our industrial partner to specify the
Induction Hobs (IHDSL) is composed of 46 meta-classes, 74 references among
them and more than 180 properties. However, in order to gain legibility and due
to intellectual property rights concerns, in this section we use a simplified subset
of the IHDSL (see the top of Figure 2.1).

Inverters are in charge of converting the input electric supply to match the spe-
cific requirements of the induction hob. Specifically, the amplitude and frequency
of the electric supply needs to be precisely modulated in order to improve the ef-
ficiency of the IH and to avoid resonance. Then, the energy is transferred to the
hotplates through the channels. There can be several alternative channels, which
enable different heating strategies depending on the cookware placed on top of the
IH at runtime. The path followed by the energy through the channels is controlled
by the power manager.

Inductors are the elements where energy is transformed into an electromag-
netic field. Inductors are composed of a conductor that is usually wound into a
coil. However, inductors vary in their shape and size, resulting in different power
supply needs in order to achieve performance peaks. Inductors can be organized
into groups in order to heat larger cookware while sharing the user interface con-
trollers. Each group of inductors can have different particularities; for instance,
some of them can be divided into independent zones or others can grow in size
adapting to the size of the cookware being placed on top of them. Some of the
groups of inductors are made at design time, while others can occur at runtime
(depending on the cookware placed on top).

1freeInduction cooktop demo: https://www.youtube.com/watch?v=EZ8UAvt9paI
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2.4.2 The Common Variability Language applied to Induction
Hobs

The Common Variability Language (CVL) [47, 48, 49] was recommended for
adoption as a standard by the Architectural Board of the Object Management
Group and is our industrial partner’s choice for specifying and resolving vari-
ability. CVL defines variants of a base model (conforming to MOF) by replacing
variable parts of the base model by alternative model replacements found in a
library model.
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Figure 2.1: CVL applied to IHDSL

The variability specification through CVL is divided across two different lay-
ers: the feature specification layer (where variability can be specified following
a feature model syntax) and the product realization layer (where variability spec-
ified in terms of features is linked to the actual models in terms of placements,
replacements and substitutions).

The base model is a model described by a given DSL (here, IHDSL) which
serves as a base for different variants defined over it. In CVL the elements of the
base model that are subject to variations are the placement fragments (hereinafter
placements). A placement can be any element or set of elements that is subject
to variation. To define alternatives for a placement we use a replacement library,
which is a model described in the same DSL as the base model that will serve
as basis to define alternatives for a placement. Each one of the alternatives for
a placement is a replacement fragment (hereinafter replacement). Similarly to
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placements, a replacement can be any element or set of elements that can be used
as variation for a replacement.

CVL defines variants of the base model by means of fragment substitutions.
Each substitution references to a placement and a replacement and includes the
information necessary to substitute the placement by the replacement. In other
words, each placement and replacement is defined along with its boundaries,
which indicate what is inside or outside each fragment (placement or replacement)
in terms of references among other elements of the model. Then, the substitution
is defined with the information of how to link the boundaries of the placement
with the boundaries of the replacement. When a substitution is materialized, the
base model (with placements substituted by replacements) continues to conform
to the same metamodel.

Figure 2.1 shows an example of variability specification of IH through CVL.
In the product realization layer, two placements are defined over an IH base model
(P1 and P2). Then, four replacements are defined over an IH library model (R1,
R2, R3, and R4). In the feature specification layer, a Feature Model is defined
that formalizes the variability among the IH based on the placements and replace-
ments previously defined. For instance, P1 can only be substituted by R4 (which
is optional), but P2 can be replaced by R1, R2, or R3. Note that each fragment
has a signature, which is a set of references going from and towards that replace-
ment. A placement can only be replaced by replacements that match the signature.
For instance, the P2 signature has a reference from a power manager (outside the
placement) to an inductor (inside the placement), while the R4 signature is a ref-
erence from a power manager (inside the replacement) to an inductor (outside the
replacement). P2 cannot be substituted by R4 since their signatures do not match.
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Chapter 3. State of the Art

3.1 Overview of the Chapter
This chapter presents the state of the art for the two main challenges addressed
in this dissertation: the Feature Location in Models (FLiM), and the evolution of
model fragments. Both challenges are highly related, as the features located in the
form of model fragments (first challenge) must be evolved and maintained over
time (second challenge). However, the approaches proposed to address each of
the challenges ground on different domains and therefore are presented separately.
Next two sections focus on each of the challenges respectively.

3.2 Feature Location in Models
This section includes works from literature that are related to our Feature Loca-
tion in Models following search based techniques. They are classified in three
categories: (1) Feature Location (FL); (2) Search Based Software Engineering
(SBSE); (3) Model Driven Engineering (MDE). Fig 3.1 shows an overview of the
scope.

FL 
 

SBSE

MDE

our
work

Figure 3.1: Overview of the scope of Feature Location in Models challenge

3.2.1 Feature Location

There are many feature location approaches that have been proposed to find rel-
evant code for different tasks (e.g., maintenance) [8, 7]. The works from Fea-
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ture Location that are related to this work can be divided into five categories: (1)
Textual Similarity; (2) Trace Analysis; (3) Program Dependency Analysis; (4)
Propositional Logic; (5) Type System (see Fig. 3.2).

Feature location techniques have been traditionally applied to the source code.
According to the Extractive SPL Adoption catalog of case studies [50], more than
three quarters of the case studies in the literature on the specific activity of fea-
ture location dealt with source code. In our work, the feature location is applied
directly to the product models. In the mentioned catalog, including our Induction
Hobs case study, the models only represents eight percent of the case studies in
feature location.

Feature Location 

PDA 

Textual Similarity 

Trace Analysis 

Propositional Logic 

Type System 

Figure 3.2: Overview of the scope of Feature Location in relation to FLiM chal-
lenge

Textual Similarity

Textual similarity techniques ground on mathematical and statistical methods to
determine the similarity between different collections of texts. For instance, La-
tent Semantic Analysis (LSA) [51] takes into account the number of occurrences
of a set of keywords (query) in large bodies of texts (documents). As a result,
LSA can be used to determine the similarity between feature names or descrip-
tions and the source code that realizes those features. Then the similarity between
the feature description and the source code files can be represented in the form
of vectors using Singular Value Decomposition (SVD) [52] and the Vector Space
Model (VSM) [53].

For example, Marcus et al. [54] used IR techniques to map descriptions ex-
pressed in natural language (NL) to source code. Other approaches [55] apply
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the VSM to improve the results. Furthermore, some works combine the textual
similarity techniques with dynamic analysis [56, 57, 58, 59]. Cavalcanti et al. [60]
used IR techniques to assign change requests in software maintenance or evolu-
tion tasks based on context information. Kimmig et al. [61] proposed an approach
for translating NL queries to concrete parameters of the Eclipse JDT code query
engine.

Recently, several approaches have been proposed to improve the effective-
ness of feature location. For example, Wang et al. [62] proposed a code search
approach, which incorporates user feedback to refine the query. Hill et al. [63]
proposed automatically extracting NL phrases to categorize them into a hierarchy
in order to help developers to discriminate the relevance of results and to reformu-
late queries. Zou et al.[64] investigated the “answer style” of software questions
with different interrogatives and proposed a re-ranking approach to refine search
results.

Other approaches have been proposed to improve the effectiveness of feature
location by getting information from public repositories [65] or expanding a user
query with semantically similar words from websites [66]. For example, Dietrich
et al. [67] improved the efficacy of future queries using feedback captured from a
validated set of queries and traceability links. Lv et al. [68] enrich each API with
its online documentation to match the query based on text similarity.

Trace Analysis

Trace Analysis is the main technique used at runtime to extract relevant informa-
tion to build the variability model. When the system under study is executed, it
generates traces that indicate which parts of the code have been executed. Usu-
ally, when a feature is exercised, the traces generated are compared with the traces
when the feature is not executed to isolate the lines of code related to the feature.

Some approaches rely solely on trace analysis [69, 70, 71]. Other approaches
combine the trace analysis with static analysis such as LSA [56, 57, 58, 59], PDA
[72, 73] or VSM [74].

Program Dependency Analysis

Program Dependency Analysis (PDA) is a static analysis that takes advantage of
the order of execution of each line of source code to establish restrictions among
them. By doing so, the program can be represented as a Program Dependency
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Graph (PDG) where the nodes are functions or global variables while the edges
are calls to those functions or accesses to those variables.

PDA is central to feature location in source code and is used by multiple ap-
proaches [55, 75, 76, 77, 78, 79, 80]. Some approaches [72, 74, 73] combine PDA
with other static analysis to improve the results.

Type System

Other works apply type systems to extract relevant information from the code.
Typechef provides an infrastructure to analyse the #ifdef variability included in a
C source code [81, 82, 83, 84, 85]. Typechef includes a variability-aware parser
capable of parsing non pre-processed C code without applying heuristics (preserv-
ing the completeness of the results) in a reasonable time. Typechef [82] enables
the extraction of information relevant for the formalization of the variability while
detects compile-time errors. In [83] the authors extend Typechef to support vari-
ability defined across different modules, enabling the application of the approach
to software ecosystems. In [84] the authors compare the application of heuristic-
based strategies and Typechef. The comparison shows that Typechef outperforms
many heuristic-based strategies while preserving the completeness of the results.
In [81] type techniques are combined with textual analysis and PDA to perform
feature location in source code. This work shows that the combination of differ-
ent sources of information in the form of recommendation systems provides better
results than its application separately.

Propositional Logic

Some works focus on building the feature model that represents the variability
existing among a set of products, applying reverse engineering techniques [86, 87,
88]. In the one hand, there are works that propose to synthesise feature models
applying logic formulas describing the dependencies among the features [88]. On
the other hand, some works focus on extracting feature lists and descriptors to
syntethize the feature models [87].

However, the combination of both techniques can produce better results. In
[86] the authors combine the logic formulas and the feature list with descriptors
extracted from the source code to obtain the hierarchy existing among the fea-
tures of the feature model. Particularly, for each analysed feature, the approach
proposes two lists of possible parents of the feature, enabling the user to make a
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decision without the need of analysing the whole list of features (which can grow
over hundreds or thousands).

In [85] the authors propose an approach to extract constraints among the fea-
tures based on the static analyses provided by Typechef [81, 82, 83]. The con-
straints are retrieved from the source code, parsing it with Typechef and analysing
the errors produced and the conditions that raised them. To validate the approach,
constraints retrieved are compared against trusted constraints obtained from the
feature model of the system under study.

3.2.2 Search Based Software Engineering

The works from Search Based Software Engineering that are related to the Fea-
ture Location in Models can be divided into two categories: (1) Feature Model
Configurations’ Synthesis; (2) Feature Constraints Discovery (see Fig. 3.3).

Search Based
Software Engineering

Feature Constraints
Discovery

Feature Model
Configurations Synthesis 

Figure 3.3: Overview of the scope of the Search Based Software Engineering in
relation to FLiM challenge

Harman et al. [89] performed a survey on the topic of search-based software
engineering applied to SPLs. They present an overview of recent articles classified
according to themes such as configuration, testing, or architectural improvement.
Lopez-Herrejon et al. [90] performed a preliminary systematic mapping study at
the connection of search-based software engineering and SPL. They categorized
the articles along a known framework for SPL development. These two surveys
indicate that search-based software engineering techniques are being applied to
SPLs. However, these surveys do not identify works that focus on finding model
fragments that materialize the features of the SPL, as our work does.
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Feature model Configurations’ Synthesis

One common problem addressed by search-based software engineering related
to SPLs is the synthesis of configurations from a feature model. Feature models
can include constraints that must be fullfiled by the configurations of products
obtained from them and search-based techniques can be applied to guarantee this.

White et al. [91] present an approach called Filtered Cartesian Flattening to
create configurations from a feature model. The authors formulate the feature se-
lection problem as a constrained single objective formulation and solve it applying
Branch and Bound with Linear Programming (BBLP). The approach is evaluated
on synthetic feature models of around 5000 features, suffering only a 7% loss of
solution quality.

There are some research efforts that apply genetic algorithms to the SPLs do-
main. For instance, the authors in [92, 93] present GAFES, an approach for opti-
mized feature selection in SPLs. The approach applies a repair operation to trans-
form invalid configurations generated after crossover and then turn them into valid
configurations of the feature model. They use a single objective for the optimiza-
tion and report that their approach outperforms the Filtered Cartesian Flattening
approach [91].

Sayyad et al. [94] provide a study of different metaheuristic algorithms for the
multi-objective feature selection problem. Then the approach is further refined in
[95] with a tuning of the parameters used by the genetic operations.

Wang and Pang [96] apply Ant Colony Optimization to the feature selection
problem. The approach is compared to the Filtered Cartesian Flattening [91] and
the GAFES approach [92, 93]. The authors report results balanced between the
two compared approaches, achieveing a 6% less quality than the work from White
et al. (but taking less time) and 10% better than GAFES (but taking more time).

Feature Constraints Discovery

Another common problem of SPLs that can be addressed by search-based tech-
niques is the discovery of feature constraints among the features. Using these
constraints, a feature model can be synthetized from a set of features and the con-
straints among them.

Chan et al. [97] address this problem applying a genetic programming ap-
proach that generates customer satisfaction models and their relationships. The
application of the approach is illustrated with a digital camera SPL case study.
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In [98, 99] the authors apply evolutionary algorithms to generate feature mod-
els from the sets of features that describe the product variants. They make use
of repair operations to fix the invalid configurations generated by the crossover
operation. The approach is extended in [100] to seek to learn feature models from
instances applying genetic programming. Lopez-Herrejon et al. [101] evaluate
three standard search-based techniques (evolutionary algorithm, hill climbing, and
random search) in order to calculate the relationships of a feature model.

In addition, feature model generators are needed in order to evaluate those ap-
proaches. In the work of Segura et al. [102] they propose ETHOM, an approach
to generate computationally hard feature models using an evolutionary algorithm.
They apply it to search for feature models that fulfill some characteristics as the
size or the number of constraints. The resulting feature models are considered
’hard’ in the sense that analysing and processing them is computationally expen-
sive in terms of time and memory.

3.2.3 Model Driven Engineering

The works from Model Driven Engineering that are related to the Feature Loca-
tion in Models can be divided into three categories: (1) Feature Model Synthesis;
(2) Mechanical Comparisons; (3) Manual guidelines (see Fig. 3.4). Model Driven
Engineering techniques have been applied to locate features among product mod-
els using techniques based on model comparisons. In our work, we also take into
account the domain knowledge and apply techniques based on this information
such as textual based comparisons.

Model Driven
Engineering

Mechanical Comparisons

Feature Model
Synthesis 

Manual Guidelines 

Figure 3.4: Overview of the scope of the Model Driven Engineering in relation to
FLiM challenge
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Feature Model Synthesis

Some research efforts focus on the source code of the products in order to extract
the variability model. For instance, the authors in [86] present a tool-supported
approach for reverse engineering feature models from different sources, such as
makefiles, preprocessor declarations and documentation. They focus on the cru-
cial point of identifying parents and combine logic formulas and descriptions as
complementary sources of information. In addition, the authors in [103] propose
an approach to identify features from the source code of products. They reduce
the noise induced by spurious differences of various implementations of the same
feature. Then, the process produces feature candidates that are manually pruned
(to remove non-relevant candidates). The approach is further extended in [104] to
introduce ExtractorPL, an automated technique that infers a full implementation
of an SPL from the given code.

Manual Guideliness

There are several research efforts in existing literature towards the automation of
the variability formalization among a set of products. However, most of them are
focused on generating Feature Models (FMs) and not address CVL particulari-
ties. For instance, the authors in [9] present an approach to reverse engineering
and evolve architectural FMs. In particular, they focus on plugin-based systems,
projecting variability and technical constraints of plugin dependencies into an ar-
chitectural FM. In [105], the authors present a reverse-engineering tool to extract
variability data from web configurators and transform them into structured data
(for instance, a feature model) in a semi-automated way. The tool incorporates a
component that explores the configuration space simulating users’ configuration
actions in order to generate more variable data to be extracted.

Mechanical Comparisons

In [106], the authors propose the “CVL Compare process” a generic approach to
automatically compare products and extract the variability among them in terms
of a CVL variability model. The approach automatically turns identical elements
into common parts of the product line, similar elements into alternative parts, and
unmatched elements into optional parts. However, fully automating the decision
of what should be reused and how it should be done reduces the flexibility of the
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approach. In [107], the approach is refined to automatically formalize the feature
realizations of new product models that are added to the system.

In [108] the authors present an approach to mine family models from block-
based models. The similarity between models is measured following an exchange-
able metric, taking into account different attributes of the models and can be fine-
tuned depending on the application. Then, the approach is further refined [109] to
reduce the number of comparisons needed to mine the family model.

Martinez et al. [110] propose an extensible approach based on comparisons to
extract the feature formalization over a family of models. In addition, they pro-
vide means to extend the approach to locate features over any kind of asset based
on comparisons. The approach is further refined in [111], where the MoVaPL ap-
proach considers the identification of variability and commonality in model vari-
ants as well as the extraction of a Model-based SPL from the features identified
on these variants. MoVaPL builds on a generic representation of models making
it suitable for any MOF-based models.

Some works focus on transforming legacy products into Product Line assets.
For instance, in [112], the authors present their experience in the Digital Audio &
Video Domain. In [113], the authors explain their experience re-engineering the
Image Memory Handler from Ricoh’s products into an SPL. In [114], the authors
report on their experience applying an extractive approach to a set-top box manu-
facturing company. These approaches extract variability from legacy products in
industrial environments, but they focus on capturing guidelines and techniques for
manual transformations. In contrast, our goal is to introduce automation into the
process while taking advantage of the knowledge of the domain experts through a
human-in-the-loop extractive approach.

In [115, 116], the authors propose the “merge-refactor” framework, a generic
framework for mining legacy product lines and automating their refactor to con-
temporary feature-oriented SPLE approaches. They compare a set of UML vari-
ants with each other using the n-way merging [117], matching those whose sim-
ilarity is above a certain threshold and merging them together. The focus in this
work is the challenge of comparing and merging more than two model fragments
at the same time.

However, all of these approaches are based on mechanical comparisons among
the models, classifying the elements based on their similarity and identifying the
dissimilar elements as the feature realizations. In contrast, our work does not rely
on model comparisons to locate the features. Specifically, in our work, humans are
involved in the search by means of an evolutionary algorithm. Domain experts and
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application engineers become part of the process, contributing their knowledge of
the domain in order to tailor the approach with the feature description. The model
fragments obtained mechanically are less recognizable by software engineers than
those obtained with their participation [11].

3.2.4 Motivation of our Feature Location in Models Approach

Existing approaches for feature location in models presented above rely on me-
chanical comparisons to find model differences. First, several comparisons among
the product models are performed. Then, a set of model fragments is extracted
based on the differences and common parts spotted among the models. Identi-
cal elements are extracted as common parts of the product line, similar elements
are extracted as variable alternative parts, and unmatched elements are extracted
as variable optional parts. As a result, the variability existing among the set of
similar product models is formalized.

However, we have detected an issue when applying this kind of reverse en-
gineering approaches to extract and formalize the variability existing among the
IH product models of our industrial partner. Specifically, the fragments obtained
by these approaches do not represent logical units or concepts and therefore are
difficult to grasp by domain experts [11].

Figure 3.5 illustrates the issue that we have experienced. The top part shows
a representation of three of the IH models used by our industrial partner. To bet-
ter illustrate the example, we only focus on the different inductors used by the
IHs. Induction Hob 1 is the simplest IH; an inverter is connected to a power man-
ager that connects with one standalone inductor (this construction is repeated two
times in the IH). Induction Hob 2 is the next step in the evolution. An inverter
is connected to a power manager that is connected to two inductors (one acts as
the main inductor, and the other acts as a slave of the main; it is only activated
if the main one is not able to heat the cookware placed on top by itself). Finally,
Induction Hob 3 is composed by an inverter connected to a power manager that
is connected to three inductors (they have different sizes and roles; one acts as
main inductor, while the other two are auxiliary and are only activated when the
size of the cookware is too large for the main inductor). It is important to note
that the three IHs share a common point (an inverter connected to a power man-
ager that is connected to the main inductor). However, each IH provides different
functionalities and is driven by different software elements.

The bottom left part of Figure 3.5 represents the results obtained after applying
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Figure 3.5: Motivation of the proposed approach to address FLiM challenge

our own reverse engineering model differencing approach [10] (see 11.1. The
inverter, power manager, and main inductor are identified as common parts to the
three IHs and are therefore placed into the base model. Then a placement to hold
the rest of the inductors (when they exist) is created. The first fragment holds
the slave inductor that is present in the hotplate of the IH2. The second fragment
holds the two auxiliary inductors that are present in the hotplate of the IH3.

The IH1 can be obtained without any substitution. The IH2 can be obtained by
substituting the placement by the first fragment (IH2 = P1→ F1, P2→ F1). The
IH3 can be obtained by substituting the placement by the second fragment (IH3 =
P1→ F2). This division of the IH product models is valid, and the three input IHs
can be derived from them. However, the results differ from the expected results;
the groups of inductors have been divided, resulting in fragments that do not hold
model units that are recognizable by our industrial partner’s engineers.

The bottom right part of Figure 3.5 shows the expected result when dividing
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the IHs models into fragments. The base model is similar, but the placements
are different, holding the power manager and the inductors to avoid the division
of the groups of inductors. As previously, the three IHs can be derived from
the model fragments (IH2 = P1’ → F1’, P2’ → F1’, and IH3 = P1’ → F2’).
Although the main inductor is the same for the three IHs, our industrial partner
expects to have fragment models that hold whole conceptual patterns. Then, a new
placement could be created inside the group of inductors to hold the main inductor.
This is just an example, but the problem enlarges when we take into account real
models (for example, power generating elements mixed with inductors in the same
fragment).

This results in a lack of resemblance between the model fragments produced
and the reusable units handled by our industrial partner. Then, when those model
fragments are used to build product models, engineers have problems when deter-
mining the model fragments to be used in each case (because they do not recognize
them). To address this issue we propose a human-in-the-loop approach where the
domain experts can take part in the feature location process by contributing their
knowledge to tailor the process. As a result the model fragments will match the
reusable units that they have in mind.

3.3 Evolution of Model Fragments

This section includes works from literature that are related to the second challenge
addressed in this dissertation, the evolution of model fragments, with the focus on
the co-evolution of model fragments and language. Works from literature are clas-
sified into three categories: (1) Model & Metamodel Co-evolution; (2) Software
Product Line Evolution; (3) Traditional Software Evolution. Fig 3.6 shows an
overview of the scope.

3.3.1 Model & Metamodel Co-evolution

The main problem when evolving a metamodel is that the conformance between
instance models and the metamodel may be broken (depending on the type of
changes performed in the metamodel). Our located model fragments relies on a
metamodel to define the domain, but the domain needs to be evolved over time (for
different reasons such as improvements in the domain or bug fixes). Therefore,
we must assure that existing model fragments conform to the evolved metamodel.

37



Chapter 3. State of the Art

Model &
Metamodel
coevolution

SPL
Evolution

Traditional
Software
Evolution

our
work

Figure 3.6: Overview of the scope of the evolution of model fragments challenge

There are several approaches in the literature to achieve the co-evolution of
model and metamodel while maintaining consistency among them. Those ap-
proaches focus in the migration of the models to conform to the evolved meta-
model. In particular, [118] organizes existing approaches in three different cate-
gories:

Manual specification: a transformation is manually encoded. This is the most
obvious solution, requiring a lot of work by the developer. There are no
specific research efforts towards this topic.

Operator-based co-evolution: a library of co-evolution operators is defined. These
co-operators evolve both, the metamodel and the model (actually, the op-
erator contributes to a M2M transformation that is executed when all the
changes over the metamodel are done) [119, 120, 121, 122].

Metamodel-matching: a migration strategy is inferred by analyzing the evolved
metamodel and the metamodel history. It can be applied in two different
ways:

Differencing approach: both the original and the evolved metamodel are
compared (with a diff tool) to generate a difference model that holds
the changes between the original and the evolved metamodel, then it
is used to create a migration strategy [123, 124, 125, 126, 127].

38



3.3. Evolution of Model Fragments

Change recording approach changes performed to the metamodel are mon-
itored and “recorded” to be used later to generate a migration strategy
[128, 128, 129].

3.3.2 Traditional Software Evolution

Software evolves, and there are several works towards characterizing mechanisms
of change. SPLs are composed of several artifacts, such as the code assets which
are, essentially, pieces of traditional software. Therefore, the research efforts per-
formed towards software evolution can be useful in model-based SPL evolution.

More than thirty years ago, Lientz and Swanson [130] proposed a mutually
exclusive and exhaustive software maintenance typology that distinguishes be-
tween perfective, adaptive and corrective maintenance activities. This typology
was extended by [131] into a classification of 12 different types of software evo-
lution. Then, in [132] Mens et al. proposed a more wide taxonomy that extended
the previous taxonomies (based solely on the purpose of the change, the “why”).
Therefore, their work presents a taxonomy focused on the technical aspects of
change, the so-called “when”, “where”, “what” and “how” of software changes.

There are different works towards the adaptation of traditional versioning sys-
tems to address SPL evolution. For instance, Thao [133] propose a version con-
trol system, based on product versioning model, to support the evolution, product
derivation and change propagation from core assets to products and vice versa.
In [134], authors create a specific versioning system adapted to SPL in order to
provide more flexibility and reliability when indicating versions of components.

3.3.3 Software Product Line Evolution

There are research efforts in categorization and analysis of changes that can trigger
the need to evolve an SPL. These works combine empirical studies and analysis
in order to obtain a better understanding of the changes that occurs in the software
life cycle. For instance [135] provides a taxonomy of requirements-driven SPL
evolution, [136] presents a case study of the changes of two different SPL during
five years of evolution and [137] presents an exhaustive report on how evolution-
ary changes affect the different types of assets.

Lotufo et al. [138] provide empirical evidence of how a large real-world
variability model evolves. They present their study using 21 versions of the
Linux kernel over five years. Their entire development process is feature driven.
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They analyze how a number of characteristics, such as number of features, height
of the tree and depth of the leaves, using the feature models of those versions.
Based on this research, they identify six categories of reasons for changes in
the Linux variability model (New functionality, Retiring obsolete features, Clean-
up/maintainability, Adherence to changes in C code, Build fix and Change vari-
ability).

Passos et al. [139] developed a vision of software evolution that is based on
a feature-oriented perspective. They provided a feature-oriented project manage-
ment and system development platform that supports traceability and analyses.
There is also some work towards the monitoring, management and planning of
the evolution of an SPL, for instance [140], presents a tool to plan and manage the
evolution of an SPL focusing on goals and requirements.

There are also concerns about maintaining the consistency of the SPL when
changes are performed. For instance in [141] a set of templates that preserve the
integrity of the SPL are presented and in [142, 143] the focus is on maintaining
the consistency among models and the feature mapping. The authors present the
conceptual basis of a system capable of maintaining the consistency between the
variability model (a feature model) and the model-based artifacts used as target of
the feature mapping. In addition they present a set of operators to reestablish the
correct binding between the feature model and the model elements.

Creff et al. [144] propose an incremental evolution by extension of the product
line. They aim to benefit from the investments made during the product derivation
and reinvest them into the SPL models. Specifically, they introduce an assisted
feedback algorithm to extend the SPL to emerging product derivation require-
ments.

Dhungana et al. [145] present an approach that is based on model fragments
that are applied at the model level. The tool support for the automated detection
of changes facilitates metamodel evolution and the propagation of changes in the
domain to pre existing variability models.

In [43], Batory et al. present the AHEAD model, which is based on the step-
wise refinement paradigm and enables the synthesis of multiple complex programs
from a simple program. In AHEAD, the software is expressed as nested sets of
equations that describe feature refinements. The composition function (which is
specific for each kind of asset) is used to stack the refinements applied to the base
program to produce the different variants.

Deng et al. [146] argue that adding new requirements to a model-based Prod-
uct Line Architecture (PLA) often causes invasive modifications to the PLA’s
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component frameworks and DSLs. To address these modifications, they show
how structural-based model transformations help maintain the stability of domain
evolution by automatically transforming domain models.

3.3.4 Motivation of our Model and Language Co-Evolution Ap-
proach

Figure 3.7 shows an example of the co-evolution of models and metamodels prob-
lem. The left part shows a metamodel (metamodel1) and a model (model1) that
conforms to that metamodel. That is, the model is expressed following the el-
ements and rules among elements described in the metamodel. Then, the meta-
model is evolved into metamodel2 (usually evolutions are done to address existing
issues or to extend the expressiveness of the language). Depending on the changes
performed to evolve the metamodel, models that conform to the previous version
of the metamodel will not conform to the new version of the metamodel. In those
cases, the common practice is to perform a migration of the models, needing to
transform them to conform to the new version of the metamodel.

Metamodel1 Metamodel2

Model1

conforms

evolution

conforms?

Model1'

conforms

migration

Figure 3.7: Model and Metamodel Co-evolution problem

Figure 3.8 presents the evolution of a model fragment following a migration
strategy. Each column shows the same fragment (Inductor 15) for each of the
metamodel generations (mm1,mm2 and mm3). Although its functionality re-
mains the same, the model is augmented to conform to each generation meta-
model. In generation 1, the replacement of an inductor of size 15 is represented
by 2 metamodel classes (Inductor and Power Table) and can be connected to a
channel and controlled by a button. In generation 2, the model fragment is mi-
grated to conform to mm2. Hotplate 1 now aggregates the inductor and is the
one controlled by the button. In this generation, we need 3 classes (we add the
Hotplate) to model the same functionality. In generation 3, we need to include
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a cooking zone (enabling groups inside the same hotplate), so the model is now
composed of four model elements. The three versions of the model fragment rep-
resent the same functionality: a heating element of size 15 that is connected with
a channel and controlled from a button. However, there is an increase in model
complexity.
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Button 1
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Figure 3.8: Evolution of Model Fragment through Migrations

Specifically, the migration of models from our industrial partner involves three
related issues:

Overhead There is an increase in the number of elements used to model the same
element of the induction hob (as in this example).

Automation Since the migration of the models cannot be performed automati-
cally, an engineer needs to generate the M2M transformation and take deci-
sions when applying it.

Trust leak The modification of the model fragments (through the migrations) de-
creases the trust gained by those models during that generation. That is, the
models have acquired some reliability or trust among the engineers that
have used them several times. This trust can be lost when the fragments
need to be modified to be adapted to the new metamodel (not to improve
its functionality), and the modification is regarded as unnecessary and error
prone.

The induction hobs domain is constantly evolving, but the original elements are
still present in new IHs. New types of heating elements or strategies may appear,
but the simplest inductors (e.g., the inductor of size 15) are still an important part
of modern IHs. Therefore, the issues related to the migration increase with each
generation, as old elements are still used.

The approach presented in this dissertation to address the co-evolution chal-
lenge applies variability modeling ideas at the metamodel level. By doing so, the
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particularities of each metamodel and their corresponding models can be formal-
ized into a model fragment and used to avoid the need for migration and its related
issues.
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Chapter 4. Feature Location in Models by an Evolutionary Algorithm (FLiMEA)

4.1 Overview of the Chapter

This chapter presents an overview of FLiMEA, our process for Feature Location
in Models by an Evolutionary Algorithm. The chapter briefly describe the process
and presents how domain experts can provide their domain knowledge in order to
tailor the process.

Gather
Domain Knowledge

Ranking of
Feature

Realizations [stop] [not stop]

Assessment

Genetic
Manipulation

Select Feature
Realization

Feature
Knowledge

EncodingModel 
Artifact

Domain Expert FLiMEA

Figure 4.1: Activity diagram for the Feature Location in Models trough an Evolu-
tionary Algorithm (FLiMEA)

Figure 4.1 shows an activity diagram for our FLiMEA process. The left side
shows the activities performed by the domain expert while the right side shows
the activities automatically performed by the approach. The middle side shows
the objects generated in the process.

First, the domain expert gathers domain knowledge relevant for the feature
that is going to be located. This knowledge is formalized as the model artifact
where the feature is going to be located and the feature knowledge (that holds all
the knowledge that the domain experts can gather and produce about the feature
that is going to be located). Both, the artifact and the knowledge are provided
to our FLiMEA approach and this will result in a ranking of feature realizations.
The ranking will be presented to the domain experts and they will use their domain
knowledge again to decide (with the information provided by the approach) which
of the realization better fits their needs.

4.2 Model Artifact

The model artifact is the artifact where the feature will be located. That is, the
realization of the feature should be part of this model artifact and the aim of the

48



4.3. Feature Knowledge

feature location process is to find it. In this dissertation we haven been working
mainly with two different model artifacts: single models and families of models.

Single model (or product model): This artifact is a model that represents a sin-
gle product (therefore it is also called product model) from our industrial
partner. The model conforms to a particular modeling language (our indus-
trial partners works with Domain Specific Languages built using the Meta
Object Facility, see Section 2.4.1) and will consist of a set of model ele-
ments containing some properties and references among those model ele-
ments. When the feature to be located is known to be realized by a single
product model, this artifact will be fed to the process.

Family of (product) models: It is also possible to use a family of models as the
artifact where the feature will be located. That is, a set of similar but dif-
ferent models that have some commonalities will be used as the artifact.
In a family of models there will exist some variability among the different
product models but it is not properly formalized and the aim of the feature
location is to shed some light towards this formalization. An example of a
family of models has been presented at the top of Figure 3.5.

The domain experts have to identify and provide the model artifact that real-
izes the feature being located and thus tailor the process when doing so.

4.3 Feature Knowledge

The feature knowledge is the information that will be provided by the domain
expert about the feature that is going to be located. This information will be used
to narrow and guide the search, tailoring the process based on the domain experts’
knowledge. Some of this information will vary depending on the type of model
artifacts where the feature will be located and the information available.

Depending on the information available, the experts will select different
sources of information. In our experience with our industrial partners the infor-
mation can come from several sources such as:

Tacit knowledge: that is shared among the experts but has not been properly for-
malized. This kind of knowledge is usually something taken for granted
among the experts and can be useful in tailoring the process.
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Bug reports: usually contain information about different elements of the model
and include domain terms that can be used to create a textual description of
the feature being located.

Annotations in software sometimes the models or other software artifacts are
annotated or commented. This type of information usually includes domain
knowledge and can be used to create the feature knowledge.

Depending on the artifacts where the feature should be located the search can
be narrowed using different means.

Seed Fragment: A seed fragment of the target feature is an element or set of
elements that the domain expert believes could be part of the feature being
located. In other words, the domain expert applies his knowledge of the
domain and the product models to point to some elements that will be used
as the starting point of the process.

Family subset: When a family of models that has been created following clone-
and-own approaches [147] is used, one of the existing models serves as the
base for the new one. However, the model used as base in each case may
vary. This practice could lead to a situation where there are different groups
of models (which are not explicitly defined) that have a closer relation. If
the humans are aware of the existence of these kinds of groups among the
set of models, they can take advantage of it, scoping the input to just a subset
of the family of models.

Metamodel constraints: As the approach is using model artifacts, the experts
can indicate which meta-elements must be included in or excluded from the
resulting feature realization in order to narrow the search. The process can
be tailored by defining constraints at the metamodel level.

The resulting domain knowledge is fed to the approach and will be used to
guide and narrow the search.

4.4 Evolutionary Algorithm
The approach for feature location in models presented is in this dissertation (FLiMEA
in Figure 4.1) comes in the form of an Evolutionary Algorithm. In Evolutionary
Algorithms, a population of individuals (candidate solutions for the problem) is
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evolved and assessed through several iterations in the search for the best possible
individual. When applied to model artifacts, the population of individuals will be
in the form of model fragments. These individuals need to be properly encoded
(see Encoding in Figure 4.1), enabling the evolutionary algorithm to work effi-
ciently with them. Next, each candidate solution from the population is evaluated
using a fitness function (a formalization of the overall quality goal) to determine
how well it performs as a solution to the problem (see Assessment). As a result,
the population of solutions is ranked depending on their fitness value and, based
on the ranked population, some genetic manipulations are performed over the in-
dividuals (see Genetic Manipulation). This cycle of genetic manipulations and
assessment will be repeated until some stop criteria is met.

4.4.1 Encoding

In Evolutionary Algorithms, each possible solution to the problem (called indi-
vidual) needs to be encoded so the genetic operations can be applied to them.
Traditionally, individuals are encoded as a fixed-size string of binary values, but
other encodings can be used such as tree encodings. In fact, it is suggested [148]
to use an encoding natural for the problem and then devise genetic operations ca-
pable of working for that specific encoding. The individuals of our problem are
model fragments (extracted from some product model); therefore, the encoding
must be able to represent a model fragment extracted from a product model.

As part of this dissertation we have explored two different encodings for the
individuals depending on the type of artifact used as input (see Section 4.2): (1) a
binary encoding designed to work with single models; (2) a CVL-based encoding
designed to work with families of product models.

4.4.2 Assessment

The fitness function is used as an heuristic to guide the search performed by the
evolutionary algorithm. To do so, the function assigns a fitness value to each of the
feature candidates based on their quality as feature realization. This information
can be used in two ways: to determine that the algorithm should terminate as a
desirable level of fitness has been reached and to determine the best candidates to
be used as parents for the next generation.

In this dissertation we propose and evaluate three different fitness functions:
(1) the first one is based on Latent Semantic Analysis [51] and Information Re-
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trieval techniques, to compare textual descriptions with the model fragments; (2)
the second one is based on Formal Concept Analysis [149] and Latent Seman-
tic Analysis, model fragments are grouped intro conceptual groups and then the
textual comparison is performed at conceptual group level; (3) the third one is
based on Conceptual Model Patterns [11], based on pattern repetitions of a model
fragment among the products;

4.4.3 Genetic Manipulation

Different operations are performed to manipulate the individuals, with the hope
that manipulated individuals (offspring) will perform better after manipulation.
Then, to perform the genetic manipulations some parents are selected based on
previous fitness assessment, giving priority to the solutions with higher fitness
values. Then two types of genetic operations can be performed: crossover, that
combines two parents into a new individual; mutation, the individual is evolved
and some of its characteristics are modified (added or removed).

As part of this dissertation we have proposed and evaluated four different oper-
ations: (1) mask crossover, a crossover operator designed to combine individuals
(in the form of model fragments) obtained from the same parent model; (2) parent
and model crossover, a crossover operator designed to combine model fragments
obtained from different parent models; (3) sequential mutation, a mutation oper-
ation designed to perform evolutions of model individuals following a prescribed
order; (4) random mutation, a mutation operations designed to perform random
modifications over model individuals while keeping the consistency of the model.

4.5 Ranking of feature realizations

Our FLiMEA provides a ranking (see bottom part of Figure 4.1) of different possi-
ble realizations for the feature located. The ranking is ordered based on different
search criteria depending on the particular fitness being used to locate the fea-
tures. The domain experts will be in charge of selecting the model fragment from
the ranking, using their knowledge of the domain. At the end, the experts will
be the ones working and manipulating these feature realizations as part of their
everyday work; therefore they should understand and recognize them well to be
able to use them with confidence.

As part of this dissertation we have explored two distinct forms of feature real-
ization: (1) realization of features as model fragments; (2) realization of features
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as variation points. Each of them have an impact on the approach, the next chap-
ters will present the particularities of the presented approach when the features
are located as model fragments (Chapter 5) and when the features are located as
variation points (Chapter 6).
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Chapter 5. FLiMEA as Model Fragments

5.1 Overview of the Chapter

This chapter presents the particularities of FLiMEA when the feature is realized
in the form of a Model Fragment. To accomplish that, we have tailored the ap-
proach to work with model fragments as individuals, we have created a fitness
function to assess those individuals based on the feature knowledge provided and
we have created genetic operations to perform genetic manipulations over those
individuals.
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Figure 5.1: Activity diagram for the Feature Location in Models by an Evolution-
ary Algorithm as Model Fragments

Figure 5.1 shows the instantiation of the generic process for FLiMEA (see
Figure 4.1) designed to locate the features as Model Fragments. The bottom-
left corner of Figure 5.1 shows the model artifact where the feature realization
must be located, a single product model. The bottom-middle part of Figure 5.1
shows the feature knowledge provided by domain experts, in this case a textual
description obtained from any of the sources available and a seed in the form of
a model fragment obtained from the model artifact provided (the seed is depicted
by a dashed line that enclose some elements of the product model).
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Then, individuals are encoded as model fragments and a fitness function de-
signed to assess model fragments is used to perform the assessment of the in-
dividuals. Similarly, the genetic manipulations of the individuals are performed
applying genetic operators capable of manipulating model fragments.

As a result, our FLiMEA approach provides a ranking of alternate feature
realizations in the form of Model Fragments, including the fitness score obtained
by each realization. The bottom-right corner of Figure 5.1 shows an example of
a feature realization ranking when the features are model fragments. Using the
information on the ranking and their domain knowledge, the experts select the
feature that best realizes the feature that was being located. The next sections
provide the details of the encoding, fitness functions and genetic operators that we
have designed to work with model fragments.

5.2 Encoding: Binary
Traditionally, in evolutionary algorithms each individual is encoded as a fixed-
size string of binary values. Each position of the binary string corresponds to a
particular element that may be or not part of the solution and has two possible
values 0 or 1. To encode a model fragment as a string of binary values we need to
decide what information will be encoded in the binary string. For instance, each
position of the string can represent one model element of the parent model; then,
each individual will have that bit at 0 to indicate that the element is not part of the
model fragment or at 1 to indicate that it is part of the model fragment. By doing
so, we can indicate the subset of elements from the parent model that are part of
the model fragment.

Figure 5.2 shows two examples of the binary encoding for model fragments.
The left part shows the encoding for “individual 1”, a model fragment obtained
from “Parent model 1” while the right part shows the encoding for “individual 2”,
a model fragment obtained from “parent model 2”. Each element of the parent
models has been tagged with a letter, to establish the link between the model
element and the position in the string of binary values. For instance, in “Parent
Model 1” the letter A1 corresponds to the upper inverter, and F1 correspond to
the lower inverter. The bottom part shows the individuals encoded, the string of
binary values holds a 0 or 1 value for each of the positions, that represent each of
the elements on the parent model. For each position, if the corresponding model
element is part of the model fragment, the value will be 1; if the corresponding
model element is not part of the model fragment, the value will be 0.
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Parent Model 2

Individual 2 (Binary encoding)
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K2 L2
0 0

Figure 5.2: Binary-based encoding

It is important to note that both individual 1 and individual 2 are the same
model fragment. However, each individual is a model fragment obtained from a
different parent model and, given that the encoding depends on the parent model,
the resulting encoded individual is different. For instance, E1 corresponds to an
inductor of “parent model 1” while in “parent model 2” the corresponding inductor
is tagged as F2 and corresponds to a different position in the binary string.

5.3 Fitness: Text-based similarity

As part of this dissertation we have explored two different fitness functions that
can be used when locating features as model fragments using textual descriptions
as feature knowledge: (1) Latent Semantic Analysis; and (2) Formal Concept
Analysis & Latent Semantic Analysis.

Both approaches rely on Latent Semantic Analysis (LSA) to measure textual
similarities between the individuals and the feature description provided as part
of the feature knowledge. The first fitness function applies LSA to the model
fragments and assesses them based on the similarity with the textual description.
The second fitness function first groups model fragments into formal concepts
and then applies LSA to those formal concepts, spreading the fitness assigned to
the formal concept to the model fragments belonging to it. The next subsections
present the details of both fitness functions.
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5.3.1 Latent Semantic Analysis

To assess the relevance of each individual of the population in relation to the
feature description provided by the user, we apply methods based on Information
Retrieval (IR) techniques. Specifically, we apply Latent Semantic Analysis (LSA)
[51] to analyze the relationships between the description of the feature provided
by the domain expert and the model fragments. Recent studies observed that there
is not a statistically significant difference among different IR techniques [150,
151] when applied to software artifacts [152]. Hence, we choose LSA because it
produces similar results to other IR techniques for software documents.

LSA constructs vector representations of a query and a corpus of text doc-
uments by encoding them as a term-by document co-occurrence matrix (i.e., a
matrix where each row corresponds to terms, each column corresponds to docu-
ments, and the last column correspond to the query). We use the term-frequency
(tf) as the term weighting schema to construct the matrix. That is, each cell holds
the number of occurrences of a term (row) inside either a document or the query
(column).

In our work, all documents are model fragments, i.e., a document of text is
generated from each of the model fragments. The text of the document corre-
sponds to the names and values of the properties and methods of each model
fragment. The query is constructed from the terms that appear in the feature
description. The text from the documents (model fragments) and the text from
the query (feature description) are homogenized by applying well-known Natural
Language Processing techniques:

Tokenize: First, the textual description is tokenized (divided into words). Usu-
ally, a white space tokenizer can be applied (which splits the strings when-
ever it finds a white space), but for some sources of description, more
complex tokenizers need to be applied. For instance, when the description
comes from documents that are close to the implementation of the product,
some words could be using CamelCase naming.

Parts-of-Speech: Second, we apply the Parts-of-Speech (POS) tagging technique.
POS tagging analyzes the words grammatically and infers the role of each
word into the text provided. Recent studies in software engineering have
proved the usefulness of POS-tagging techniques to remove textual noise in
software documents [153]. In addition, the use of word-selection strategies
[154, 155] can improve the results in feature location [156]. After apply-
ing this technique, each word is tagged, which allows the removal of some
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categories that do not provide relevant information. For instance, conjunc-
tions (e.g., or), articles (e.g., a) or prepositions (e.g., at) are words that are
commonly used and do not contribute relevant information that describes
the feature, so they are removed.

Stemming: Third, stemming techniques are applied to unify the language that is
used in the text. This technique consists of reducing each word to its roots,
which allows different words that refer to similar concepts to be grouped to-
gether. For instance, plurals are turned into singulars (inductors to inductor)
or verb tenses are unified (using and used are turned into use).
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Figure 5.3: Term-by-document co-occurrence matrix for Model Fragments

Figure 5.3 shows an example of the co-occurrence matrix. Each column corre-
sponds to one of the individuals from the population. The last column is the query
obtained from the textual description provided as part of the feature knowledge.
Each row is one of the terms extracted from the corpora of text composed by all
of the model fragments and the query itself (to improve readability we show the
terms before the stemming process). Each cell shows the number of occurrences
of each term (row) in each document obtained form the individuals (column). The
union of all the keywords extracted from the documents (model fragments) and
from the query (feature description) are the terms (rows) used by our LSA fitness
operation.

Once the matrix is built, it is normalized and decomposed into a set of vec-
tors using a matrix factorization technique called Singular Value Decomposition
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(SVD) [51]. SVD project the original term-by-document co-occurrence matrix
in a lower dimensional space k. We use the value of k suggested by Kuhn et al.
[157], which provides good results [158]. One vector that represents the latent
semantic of the document is obtained for each model fragment and the query. Fi-
nally, the similarities between the query and each model fragment are calculated
as the cosine between the two vectors. The fitness value that is given to each model
fragment is obtained as the cosine similarity between the two vectors, obtaining
values between -1 and 1.

fitness(p1) = cos(θ) =
A ·B

‖A‖ · ‖B‖ (5.1)

Let p1 be an individual of the population; let A be the vector representing the
latent semantic of p1; let B be the vector representing the latent semantic of the
query where the angle formed by the vectors A and B is θ. The fitness function
can be defined as:
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Figure 5.4: LSA Fitness Results

Figure 5.4 (left) shows a three-dimensional graph of the LSA results. The
graph shows the representation of each one of the vectors, which are labeled with
letters that represent the names of the model fragments. Finally, after the cosines
are calculated, we obtain a value for each of the model fragments, indicating its
similarity with the query. As a result of the fitness assessment, each individual of
the population is assigned with a fitness value, that measures the similarity of the
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individual with the textual description (see right part of Figure 5.4).

5.3.2 Formal Concept Analysis

When locating features realized through model fragments, it is important to notice
that a feature can be realized by the combination of more than one model frag-
ment. To address this situation, model fragments can be combined into groups,
hoping to create groups that match with the realization for the feature being lo-
cated. Then, a fitness value will be calculated for each of the groups (using LSA)
instead of applying it to each individual separately. If the stop criteria is met, the
groups of individuals can be transformed into regular model fragments and in-
cluded as feature realizations into the resulting ranking. If the stop criteria is not
met and the process keeps evolving the population, the fitness value of the group
can be spread to the model fragments that belong to that group.

When using grouping strategies, the fitness function can be divided into three
steps: (1) the population of individuals is combined into groups; (2) each of the
groups receive a fitness value obtained using LSA; (3) either the groups are turned
into feature realizations or the fitness value assigned to the group is spread to the
individuals (depending on the fulfilment of the stop criteria).

Grouping of Fragments into Feature Candidates

To perform the grouping of model fragments into feature candidates we rely on
Formal Concept Analysis (FCA) [149], a branch of mathematical lattice theory
that provides means to identify meaningful groups of objects that share common
attributes. Groupings are identified by analysing a binary relationship between the
set of all objects and all attributes. FCA takes as input a formal context (an inci-
dence table indicating which attributes are possessed by each object) and returns a
set of concepts where every concept is a maximal collection of objects that share
some common attributes. Each concept will be considered as a feature candidate.

Therefore, in order to apply FCA we need to define a set of objects (model
fragments), a set of common attributes (the metamodel elements used to build
those model fragments) and a binary relationship between them (the presence or
absence of a particular metamodel element in the model fragment). Then, a formal
context that represents the relationship between the objects and the attributes can
be produced.

Figure 5.5 shows an example of a formal context relating model fragments
and the metamodel elements used to build them. Columns show each of the at-
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Figure 5.5: Formal Context between model fragments and metamodel elements

tributes present in the context, in this case the different metamodel elements used
to build the model fragments. Rows show each of the objects of the context, in
this case the different candidate model fragments present in the population. Each
cell indicates if a particular metamodel element has been used to build each of
the model fragments. For instance, MF1 and MF2 (first and second rows) are
built using three different metamodel elements (power manager, consumer chan-
nel and inductor), while MF4 (fourth row) is built using all the elements from the
metamodel (Inductor, Inverter, Provider Channel, Consumer Channel and Power
Manager).

Using the formal context as input, FCA generates a lattice: a set of interre-
lated concepts where each one is a maximal collection of model fragments that
share common metamodel elements. Figure 5.6 shows the lattice obtained apply-
ing FCA to the formal context presented before. Each of the circles represents one
concept (there are seven in total). The concepts are labeled with the metamodel
elements (grey background labels) and the model fragments (white background
labels) grouped by that concept. The concepts are organized hierarchically, indi-
cating containment relationships between the sets of model fragments and meta-
model elements of the concepts.
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Figure 5.6: Lattice obtained from the Formal Context

That is, the set of model fragments of a concept is contained by all the con-
nected concepts above it and contains all the model fragments from connected
concepts below it. For instance, the model fragments in FC6 (MF3,MF4,MF5,MF9)
will be also part of all concepts above FC6 (FC4 and FC1). Likewise, the meta-
model elements in FC3 (Power Manager) will be also part of all concepts below
it (FC5, FC6 and FC7).

As a result of the application of the FCA, a set of Feature Candidates (FC1,
FC2, FC3, FC4, FC5, FC6 and FC7) that clusters some of the model fragments
based on their use of the elements of the metamodel is provided.

Feature Candidates assessment through LSA

To assess the relevance of each feature candidate with relation to the query ex-
tracted from the textual description provided by the user, we apply Latent Se-
mantic Analysis (LSA) to analyse the relationships between the description of the
feature provided by the user and the candidate features previously obtained.

We apply LSA to the feature candidates generated by FCA and the query.
A document of text is generated from each of the feature candidates using the
model fragments present in the feature candidate. That is, the names and values

64



5.3. Fitness: Text-based similarity

of properties and methods are processed to extract the terms by applying Natural
Language Processing techniques (as explained before, see Section 5.3.1). As a
result we obtain a list of relevant terms present in the documents and the query.
Finally, after the matrix is turned into vectors and the cosines are calculated, we
obtain a value for each of the feature candidates indicating its similarity with the
query.

Spread the fitness values across the groups

The next step is to spread the similarity values obtained by each feature candidate
to the model fragments present in that feature candidate. However, each model
fragment can be part of more than one feature candidate. Therefore, in order to
obtain the similarity of a model fragment with the query we need to combine
the similarity values obtained by each of the feature candidates where the model
fragment is present. As a result each model fragment is assigned with a value
(fitness value).
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Figure 5.7: Fitness assessment for Feature Candidates and spread to Individuals

Figure 5.7 shows an example of the assessment process. First, the set of model
fragments from the population is used to build a set of feature candidates through
FCA. Then, the set of feature candidates is compared with the query through
the use of LSI, resulting in a set of weighted feature candidates. At this point,
if the stop condition is met, the process will stop returning the rank of feature
candidates. If the stop condition is not yet met, the evolutionary algorithm will
continue its execution for another generation more.

The next time that the genetic operators are applied, it will be necessary to
select the best candidates as parents for the new generation. This will be done
based on the score obtained by each model fragment. As a result, model fragments
with higher similarities will have more chances to be selected as parents of the new
generation. Notice that being part of more feature candidates does not guarantee a
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higher score for the model fragment, as the similarity between a feature candidate
and the query can be negative.

5.4 Genetic Operations for Model Fragments

This section presents the genetic operations designed to work over model frag-
ments: (1) a selection operator that chooses the best model parents based on the
fitness value previously calculated; (2) a crossover operation that will combine
two model fragments into a new model fragment; (3) a mutation operation that
introduces random variations of the model fragment while keeping consistency
with the parent model.

5.4.1 Parent Selection: Model Fragment selection

The first step when performing genetic manipulations to individuals of the popu-
lation is the selection of parents. That is, a number (the number depends on the
operations that will be performed but typically is two) of individuals are selected
from the population based on their fitness value. These individuals will be manip-
ulated through genetic operations in order to create new individuals with the hope
that they will be fitter than their predecessors.

However, if the individuals with the best fitness are always the only ones se-
lected the genetic algorithm could suffer from premature convergence, neglecting
areas of the search space that could provide better results throughout. There are
some strategies to cope with this issue [159], and one of the most frequent is to
use a selection mechanism that ensures a proper distribution of the selection.

Therefore, the process will use a selection mechanism where fitter individuals
are selected more times than others but that also mitigates the premature conver-
gence issue. The most usual option is to follow the wheel selection mechanism
[160]. That is, each model fragment from the population has a probability of being
selected proportional to its fitness score. Therefore, candidates with high fitness
values will have higher probabilities of being chosen as parents for the next gen-
eration.

Figure 5.8 shows an example of application of the selection operator. The
operator determines which model fragments (from the population of model frag-
ments) will be used as parents. In this case, Model Fragment 1 and Model Frag-
ment 3 are selected as parents of new individuals.
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MF1 MF3 

Model Fragments 
population 

MF1 MF3MF2 MF4

Selection 
operator

Figure 5.8: Selection Operator for Model Fragments

5.4.2 Crossover: Mask-based

The crossover operation is used to imitate the sexual reproduction followed by
some living beings in nature to breed new individuals. That is, two individuals
mix their genomic information to give birth to a new individual that holds some
genetic information from one parent and some from the other one. This could
make him adapt better (or worse) to his living environment depending on the ge-
netic information inherited from his parents.

Following this idea, our crossover operation applied to model fragments takes
as input two model fragments and a randomly generated mask (as usual in genetic
algorithms) to combine them into two new individuals. The mask determines how
the combination is done, indicating for each element of the model fragments if the
offspring should inherit from one parent or the other (including the element or not
if the element is present in the parent or not).

A model fragment is a subset of the elements present in a product model.
As both model fragments have been extracted from the same product model the
combination (applying the mask) of them will always return a model fragment
that is part of the product model. As a result, two individuals will be generated,
one by directly applying the mask and another one by applying the inverse of the
mask as usually done in genetic algorithms [148].
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Figure 5.9: Mask-based Crossover for model Fragments

Figure 5.9 shows an example of application of the crossover operation. The
input of the operation is the first parent (MF1), a mask indicating two sets of
elements (one regular and one marked in black) and the second parent (MF3). To
create the first of the new individuals the approach interprets the mask selecting
the blacked out elements from the first parent (MF1) and the regular elements
from the second parent (MF3). That is, the elements on the top part of the product
model that are in black in this mask are selected depending on whether they are
part of MF1 or not, while the rest of the elements that are not blacked out in
the mask are selected depending on whether they are part of MF3 or not. As a
result, the new MF5 contains some elements from the first parent (power group
connected to the inductor) and some others from the second parent (the inverter
that connects with the power group).

In addition, the mask is also interpreted in the opposite way, selecting the
blacked out elements form the second parent and the regular elements from the
first parent. This produces MF6 (see right part of Figure 5.9), where an inverter
connected to a power manager has been inherited from the second parent (MF3)
and nothing has been inherited from parent 1 (MF1) as all the elements not blacked
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out in the mask are not part of MF1.
For the crossover operation to work, it is not necessary to have elements shared

by both parents. It is possible to perform crossovers that return fragments where
not all the elements are connected. Indeed, the feature being located could be
realized by several model elements that are not directly connected in the model.
Therefore, it is necessary to create this kind of fragments as they could be the ones
realizing the feature being located.

5.4.3 Mutation: Random

The mutation operator is used to imitate the mutations that randomly occur in
nature when new individuals are born. That is, a new individual holds a small
difference in regards to its parents that could make him adapt better (or worse) to
their living environment.

Following this idea, the mutation operator applied to model fragments takes as
input a model fragment and mutates it into a new one produced as output. As the
approach is looking for fragments of the product model that realize a particular
feature, the new modified fragment must remain being part of the product model.
Therefore, the modifications that can be done to the model fragment are driven by
the product model. In particular, the mutation operator can perform two kinds of
modifications, addition of elements to the fragment, or removal of elements from
the model fragment.

Removal of elements: This kind of mutation randomly removes one element from
the model fragment. As the resulting model fragment is a subset of the origi-
nal model fragment, it will always be a model fragment present in the parent
model. The right part of Figure 5.10 shows an example of a mutation that
removes elements from the model fragment. MF6 is mutated and results in
MF8; the mutation operator has removed the power manager.

Addition of elements: This kind of mutation randomly adds some elements to
the model fragment. The only constraint is that the new model fragment is in
effect a model fragment of the parent model (that is, a subset of the elements
present in the parent model). This is ensured by the binary encoding used,
as only model elements present in the parent can be part of the individuals
following this encoding. The left part of Figure 5.10 shows an example
of a mutation that adds elements to the model fragment. MF5 is mutated
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Figure 5.10: Random Mutation for model Fragments

and results in M7; the mutation operation has added some elements (a new
inverter connected to the power manager).

5.5 Variability in FLiMEA as Model Fragments
Figure 5.11 shows a recapitulation of the different options presented for the Fea-
ture Location in Models as Model Fragments process. The model artifact used by
this process is the single product model. The feature knowledge provided to the
process consists in a textual description and optionally model fragment seeds. The
encoding presented was the binary encoding, where individuals are represented as
binary strings. For the individual assessment, Latent Semantic Indexing is used
and optionally Formal Concept Analysis can be used. The individual genetic ma-
nipulation presented included a parent selection operation (model fragment), a
crossover operation (mask based) and a mutation operation (Random). Finally,
the resulting ranking of feature realizations will be in the form of model frag-
ments.
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Chapter 6. FLiMEA as Variation Points

6.1 Overview of the chapter
This chapter presents the particularities of our FLiMEA approach when the feature
realization is in the form of Variation Points. Figure 6.1 shows an example of a
variation point compared to a model fragment. The previous chapter showed the
particularities of FLiMEA in locating the features as a single model fragments
(see left part). This chapter shows the particularities of our approach to locate the
features as a variation point, a set of different alternatives found across a set of
product models (see right part).

Model Fragment Variation Point

Model
Artifact

Feature
Realization

1..1

Variation Point

Alternative 1 Alternative 2

Alternative 1

Figure 6.1: Model Fragment and Variation Point

To accomplish this, we augment FLiMEA with an encoding capable of hold-
ing variation points, a fitness function designed to assess the individuals as varia-
tion points and genetic operations capable of evolving individuals in the form of
variation points.

Figure 6.2 shows the instantiation of the generic process for FLiMEA (see
4.1) designed to locate the features as variation points. The top-left corner of
Figure 6.2 shows the model artifact where the feature realization must be located,
a family of product models. This family of product models will be selected by the
experts based on their domain knowledge and taking into account the relationships
between existing product models (see 4.3). The top-right corner of Figure 6.2
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shows the feature knowledge provided by domain experts, in this case: a product
model (selected from the family of product models provided as model artifact); a
model fragment seed (extracted from that product model); and a set of metamodel
constraints that will guide the genetic operations.
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Figure 6.2: Activity diagram for the Feature Location in Models by an Evolution-
ary Algorithm as Variation Points

Then, individuals will be encoded as variation points and assessed by the fit-
ness function designed to work over variation points. Similarly, genetic operators
capable of manipulating the variations points will be applied to evolve the popu-
lation.
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As a result, the FLiMEA approach will provide a ranking of alternate feature
realizations in the form of variation points, including the fitness score obtained
by each variation point. The bottom of Figure 6.2 shows an example of a feature
realization ranking in the form of variation points. Using the information of the
ranking and their domain knowledge, the experts will select the feature realization
that best fits their understanding of the domain. The next section provides the
details of the encoding, fitness and genetic operators designed for this scenario.

6.2 Encoding: Boundary-based

In the previous chapter the encoding used was Binary-based as, the artifact where
the feature needed to be located, was a single product model. Therefore, the indi-
vidual could be encoded as a fixed size binary string where each bit represented the
presence or absence of each model element (with relation to the product model).

However, when locating the features across a family of product models, not all
individuals will be based on the same product model and thus it is not possible to
use a fixed size binary string to encode them. In addition, the fitness function will
be based on model comparisons (to discover different alternatives for a placement)
and binary strings where each index represents different elements are not te best
format to perform this kind of comparisons.

Therefore, to locate features as variation points, FLiMEA needs individuals
encoded in a format that allows comparisons between model fragments extracted
from different parents and capable of representing variation points. To achieve
this, we created a new encoding based on the Common Variability Language
(CVL) [47, 48, 49].

CVL defines variants of a base model (conforming to MOF) by replacing vari-
able parts of the base model (placement) by alternative model fragments (replace-
ments). The variability specification through CVL is divided across two different
layers: the feature specification layer (where variability can be specified follow-
ing a feature model syntax) and the product realization layer (where variability
specified in terms of features is linked to the actual models in terms of model
fragments).

Figure 6.3 shows an example of encoding of an individual using the Boundary-
based encoding. CVL can be used to specify model fragments over any MOF-
based DSL, through the use of pointers to the relevant elements. The middle part,
shows the specification of the model fragment using CVL

76



6.2. Encoding: Boundary-based

Parent Model 1

A2 B2 C2 D2A1 B1 C1 D1 A3 B3 C3 D3

E3
F3G3
H3

Parent Model 2 Parent Model 3

E2
F2

To B1

Boundary 1

C1

Inner Elements
B1

D1

Placement 1

From A1

Parent Model 1

To B2

Boundary 1

C2

Inner Elements
B2

D2

Replacement 1

From A2

Parent Model 2

E2
F2

To B3

Boundary 1

C3

Inner Elements
B3

D3

Replacement 2

From A3

Parent Model 3

E3
F3
G3
H3

1..1

Placement 1

Replacement 2 Replacement 1

Product Realization Layer
Feature Specification

Layer

Figure 6.3: Example of a variation point using CVL-based encoding

Parent Model: a reference towards the parent model, the model where the frag-
ment is extracted from. The model fragment is defined over the parent
model, as a subset of it. Any model fragment defined using CVL will be
a subset of a parent model.

Inner Elements: a reference to each of the model elements that are part of the
model fragment. In this example, four elements are part of the model frag-
ment: provider channel 1, Power Manager 1, Consumer Channel 1 and In-
ductor 1.

Boundary 1: the set of boundaries between the model fragment and the rest of
the parent model. Each boundary is composed of two elements, a “from”
and a “to”, each element is a reference to a model element (one of them
present in the model fragment and another one that is not part of the model
fragment). In this example there is only one boundary (Boundary 1):

From: the source of the relationship, in this example is the inverter 1. The
reference points to one of the elements of the parent model that is not
part of the model fragment.

To: The target of the relationship, in this example is the provider channel
1. The reference points to one of the inner elements of the model
fragment, as that element is part of the model fragment.

When using the Boundary-based encoding, each individual will be a model
fragment defined over one of the product models through the expressiveness of
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CVL (as shown in the example above). However, in order to work with this spe-
cific encoding we need genetic operations that can be applied directly to those
CVL model fragments. There are no genetic operations that can be applied to that
encoding in the literature, therefore we need to create them.

6.3 Fitness: Conceptual Model Patterns

We want FLiMEA to locate features in the form of Variation Points, but individu-
als of the population are in the form of Model Fragments extracted from a parent
model. However, the use of Boundary-based encoding enables the manipulation
of the model fragment and eases the transition from a Model Fragment to a Varia-
tion Point. The Conceptual Model Pattern (CMP) fitness function is based on the
identification and matching of conceptual patterns across the family of product
models provided as model artifact.

The CMP fitness consists of three steps that are applied to all individuals of
the population: (1), the process abstracts from each individual to a placement
signature in their parent model; (2), each resultant placement signature is matched
against all the product models from the family of product models used as model
artifact to obtain alternatives that match the placement signature; (3), a fitness
value is computed for each placement signature and then spread to individuals of
the population.

6.3.1 Placement Signature Abstraction

The first step is the Placement Signature Abstraction, that analyses an individual
and extracts a placement signature that can be matched against other product mod-
els. The placement signature formalizes the set of elements that must be present
in a product model in order to connect to the given model fragment. This is done
using the boundary elements present in the individual. The process looks for those
boundary elements that link an element from the model fragment with the rest of
the product model and extracts them as a placement signature.

Fig 6.4 shows an example of the Placement Signature Abstraction. The left
part shows an individual (a model fragment extracted from a product model).
Then, the model fragment is interpreted as a CVL placement, and its boundaries
are extracted into a placement signature. In this example, the model fragment only
has one boundary, a provider channel (outside the model fragment) connects to a
power manager (inside the model fragment). This information will be formalized

78



6.3. Fitness: Conceptual Model Patterns
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Figure 6.4: Placement Signature Abstraction

into the placement signature. The right part of Figure 6.4 shows the placement
signature extracted. Dotted lines represent the the boundaries of the model frag-
ment. As a result, a placement signature that can be matched against other models
is obtained.

A placement signature is obtained for each of the individuals of the population.
Then, placement signatures are compared and duplicates are grouped together. To
do so, the process compares pairwise the placement signatures. If two placement
signatures have the same elements in the boundaries, they are considered to be
equal. Then, both placement signatures are grouped together. As a result, this
step produces a set of unique placement signatures and each individual is associ-
ated to a single placement signature (a placement signature can represent several
individuals).

6.3.2 Placement Signature Matching

Once the placement Signatures have been extracted, the next step is to match
them against the product models of the family. That is, each placement signature
is matched against the product models from the family used as model artifact. The
product models are traversed in search for the elements present in the placement
signature, if there exists a set of elements as described by the placement signature,
it is considered a match. A match means that the placement could be used in that
product model.

Figure 6.5) shows an example of the placement signature matching. The left
part shows the placement being currently matched while top-right part shows the
family of product models. The bottom-right part shows the different matches
identified for each of the product models. For each match, the corresponding
model fragment that matches is identified, so it can be extracted to build a variation
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Figure 6.5: Placement Signature Matching

point. That is, the placement signature could be applied in several places and those
places would be identified so a variation point could be built from them in case
the genetic algorithm met the stop condition during that generation. As a result,
the Placement Signature Matching provides a set of spots (across all the product
models) where the given placement signature matches.

6.3.3 Fitness computation

Once the Placement Signatures matching occurrences have been computed for
each placement signature, the next step is to build the variation point and assess
each individual. To do so, the placement signature will be used as placement of
the variation point and the matches across the product models will be the different
alternatives for that particular placement. Then, a fitness value can be assigned to
the elements of the variation point, taking into account the number of occurrences
of that element all through the element. Each alternative score is the number of
occurrences for that particular alternative, divided by the number of matches of
the placement signature. For the placement signature, the score is the number of
matches across all the product models divided by the number of product models.

Figure 6.6 shows an example of the fitness assessment. The left part shows the
placement signature being assessed while the top-right part shows the placement
signature matches identified in the last step. The bottom-part shows the resulting
variation point and its fitness score. First, the placement signature is used as
the placement and its score computed (in this case, there are 6 matches of that
placement signature across 3 product models). Then, each of the alternatives are
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Figure 6.6: Fitness Assesment and Variation Point construction

extracted as a model fragment and their scores computed. Alternative 1 has three
occurrences, divided by the total number of 6 matches of the placement signature.
Alternative 2 receives a score of 2 divided by 6 and Alternative 3 a score of 1
divided by 6.

In case the approach meets the stop condition at this point, the variation point
will be presented to the user (along with other variations points obtained from the
rest of individuals of the population). The fitness score for each of the elements of
the variation point will be useful for the domain expert to ponder which alternate
variation point should be used as feature realization. If the approach keeps iter-
ating, the fitness score of the placement signature will be assigned to the original
individual of the population that generated it and the process will continue.

6.4 Genetic Operations for Variation Points

This section presents the genetic operations designed to work over variation points:
(1) a selection operator that chooses the best model parents based on the fitness
previously calculated; (2) a crossover operation that will combine two individuals
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into a new individual; (3) a mutation operator that introduces random variations
of the model fragment while keeping consistency with the parent model.

FLiMEA can locate features in the form of Variation Points, and to do so
performs a search over a family of product models (to locate features as Model
Fragments FLiMEA performs the search over a single product model). Therefore,
the genetic operations must be designed having in mind that individuals are model
fragments extracted from different product models; therefore, the crossover oper-
ation will be designed to combine two individuals with different parents resulting
in a new individual that combines the model fragment from one individual and the
parent model from the other individual.

6.4.1 Parent Selection: Different Parents

The parent selection used by FLiMEA to locate features as Variation Points will
follow a strategy similar to the one used when locating features as Model Frag-
ments. However, this time the operation needs to ensure that the two individuals
do not share the parent model where the model fragments were extracted from. By
doing so, the crossover operation will have the chance of swapping the parent of
the first individual for the parent of the second individual (it is necessary to fulfil
more conditions than having a different parent, but this condition is necessary and
it is ensured at this step of the process).

Therefore, the first parent will be selected freely using the same strategy as
before (roulette wheel selection). Then, to select the second parent an extra con-
straint will be imposed, the model from where the individual was extracted must
be different from the first selected parent. To do so, after selecting the first parent,
individuals extracted from the same parent are removed from the list of selectable
elements, ensuring that a different one is selected next time.

6.4.2 Crossover: Parent change

In genetic algorithms, crossover enables the creation of a new individual gener-
ated by combining the genetic material of both parents. In our encoding there
are two elements that can be mapped across the different individuals: the model
fragment and the parent product model where the model fragment was extracted
from. Therefore, our crossover operation will take the model fragment from the
first parent and the product model from the second parent, generating a new in-
dividual that contains elements from both parents and thus preserving the basic
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mechanics of the crossover operation.

Product Model 1
Model Fragment 1

Parent 1

Product Model 4

Parent 2

Product Model 4
Model Fragment 4

Offspring

Model Fragment 1 (from Parent 1)
+

Product Model 4 (from Parent 2)

Crossover operation

Figure 6.7: Crossover Operation

To achieve the latter, our crossover operation is based on model comparisons.
Fig 6.7 shows an example of the application of the crossover operation over model
fragments. First we select the model fragment from the first parent. Then we
select the product model from the second parent. Then the model fragment (from
first parent) is compared with the product model (from the second parent). If the
comparison finds the model fragment in the product model, the process creates a
new individual with the model fragment taken from the first parent but referencing
the product model from the second parent. In the case that the comparison does
not find a similar element, the crossover will return the first parent unchanged.

This operation enables to broaden the search space to a different product
model. That is, both model fragments (the one from the first parent and the other
from the new individual) will be the same. However, as each of them is referenc-
ing a different product model, they will mutate differently and provide different
individuals in further generations. The feature realization that the approach is
looking for will be in the form of a variation point (combining elements from dif-
ferent product models). Therefore, the same variation point can be reached from
different individuals (during the fitness step, the approach matches and combines
different product models into a single variation point), but some individuals can
yield to the solution faster than others.

6.4.3 Mutation: Sequential mutation

The mutation used by FLiMEA to locate features as Variation Points is similar to
the random mutation presented to locate features as Model Fragments. However,
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this time the encoding is not binary, but Boundary-based and the operation is
much heavier in terms of computation. Therefore, in order to mitigate the amount
of computations done, the mutations are done sequentially instead of randomly.
In addition, some constraints can be provided as part of the feature knowledge in
order to further reduce the number of computations performed, avoiding model
fragments that include model elements that the domain experts know should not
be part of the resulting variation point.

S3 S4 S5

S6 S7 S8

S9 S10 S11

S1

S2

Mutation operation

S6 in 
Product Model 2

Product Model 2 Model 
Fragment 4

Individual 5

Product Model 2 NEW Model 
Fragment

NEW Individual

Metamodel constraints

Induction
HobInverter

Power 
Manager

Inductor

Provider 
channel

Consumer 
channel

Figure 6.8: Sequential Mutation with constraints

The mutations are performed based on the model fragment and the product
model. Taking the model fragment as starting point, some model elements are
added to or removed from the fragment. However, the elements added during
mutations are obtained from the product model, ensuring that the generated model
fragment is part of the product model. In other words, apart from the individual
model fragment, the process proposes other variations of that fragment that are
also part of the product model.

The first step of the process is to build a state machine for the product model,
that includes the different model fragments that can be extracted from that product
model and the transitions from one to another in terms of mutations. This state
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machine will be used to drive the mutations in a sequential way, performing transi-
tions from one state to another and avoiding previously visited states. In addition,
states that do not fulfil the constraints provided as part of the feature knowledge,
will be removed from the state machine.

The left part of Figure 6.8 shows an example of the state machine built for
product model 2. It includes the different model fragments that can be extracted
from that particular product model as different states of the state machine. In addi-
tion, there are transitions from one state to another indicating the valid mutations.
Finally, some states (S5, S7, S8, S10, S11) have been discarded as they include
elements that have been identified as non relevant for the feature being located
(see top-left part of Figure 6.8 that shows the metamodel constraints provided as
part of the feature knowledge).

The second step of the process is to match the model fragment of the individual
being mutated with one of the states of the corresponding state machine (the state
machine of the product model where the fragment was extracted from). Once
it has been matched, the next state will be randomly chosen using the transition
available at the current state.

The right part of Figure 6.8 shows an example of the mutation. Individual 5
is going to mutate and the current model fragment (Model Fragment 4) is com-
pared with the states of the state machine (it corresponds with state 6). Then, the
mutation continues and the transition to follow is randomly selected, in this case
available transitions go to states S3, S4 and S9 (S10 is not valid as it includes an
inverter). In this case the transition followed is to state S3. A new individual is
created using the same product model of the original individual (product model
2) and the model fragment from the chosen state (S3 becomes the new model
fragment).

6.5 Variability in FliMEA as Variation Points
Figure 6.9 shows a recapitulation of the different options presented for the Feature
Location in Models as Variation Points process. The model artifact used by this
process is a family of product models. The feature knowledge provided to the pro-
cess consists of an initial model fragment seed, and optionally a set of constraints
and a subset of the family of product models can be provided. The encoding pre-
sented was the Boundary-based encoding, where individuals are represented as
placements, replacements and model fragments. For the individual assessment,
Conceptual Model Patterns is used, based on the comparison of individuals. The
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Figure 6.9: Variability of the Feature Location in Models as Variation Points pro-
cess

individual genetic manipulation presented included a parent selection operation
(different parents), an optional crossover operation (parent change) and a muta-
tion operation (sequential). Finally, the resulting ranking of feature realizations
will be in the form of Variation Points.
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Chapter 7. Evaluation of FLiMEA

7.1 Overview of the Chapter

This chapter presents the evaluations performed to test out FLiMEA, the approach
proposed in this dissertation to address the problem of Feature Location in Mod-
els. We give an overview of the evaluation framework, describing each of the
elements. First, we describe the two industrial case studies and the oracles ex-
tracted from them. Next, we explain how results are measured. Finally we present
the results of the tree evaluations performed.

Oracle

Product
Models Domain

Knowledge

Feature
Realizations

Test
Cases

Approach
under

evaluation
Results

Compare
and

Measure
Measurements

Figure 7.1: Setup of the evaluation

Figure 7.1 shows an overview of the generic setup of the evaluation, all the
evaluations performed as part of this dissertation follow this scheme. The setup is
composed of: (1) an oracle obtained from our industrial partner; (2) a set of test
cases extracted from the oracle; (3) an approach (or approaches) that is being eval-
uated; (4) the set of results obtained when applying the approach to the test cases;
(5) the measure (or measures) that we want to evaluate; and (6) the measurements
obtained based on the results yielded by the approach and the information avail-
able from the oracle.

7.2 Oracle

The oracle is the mechanism that we will use to evaluate the results provided
by our approach. The oracle will be considered the ground truth and the results
provided by the approach will be compared (when needed) with the oracle in
terms of the measures that we want to obtain. In addition the oracle will be used
to obtain the test cases used for the evaluation.
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The oracle will be mainly composed by a set of product models and a set of
features located over those product models. That is, a set of features whose real-
izations are model fragments and a set of product models built using those model
fragments. Therefore, we have the traceability information between the features,
the model fragments realizing those features, and the features being used by each
product model. In addition, the oracle includes domain knowledge in different
forms, such as descriptions and technical documentations for each product model,
descriptions about the features etc.

The oracle is extracted directly from the family of models of our industrial
partner, that is being used to manage the products that are under production.
Therefore, we consider it to be the best version available. However, when ex-
tracting the oracle we also have access to the domain experts from the company,
who will validate the correctness of the oracle.

We have used two different oracles built from two different industrial domains:
BSH the leading manufacturer of home appliances in Europe; and CAF, a world-
wide provider of railway solutions. The next subsections present both case studies,
providing details about the dimensions and nature of the features.

7.2.1 Induction Hob Domain

The first case study where we applied our approach is BSH (already presented
in section 2.4.1 as the running example). Their induction division has been pro-
ducing Induction Hobs under the brands of Bosch and Siemens for the last 15
years.

The oracle extracted from BSH is composed of 46 induction hob models
where, on average, each product model is composed of more than 500 elements.
The oracle includes 96 different features that can be part of a specific product
model. Those features correspond to products that are currently being sold or will
be released to the market in the near future.

7.2.2 Train Control and Management Domain

The second case study where we applied our approach was CAF, a worldwide
provider of railway solutions. Their trains can be seen all over the world and in dif-
ferent forms (regular trains, subway, light rail, monorail, etc.). A train unit is fur-
nished with multiple pieces of equipment through its vehicles and cabins. These
pieces of equipment are often designed and manufactured by different providers,
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Case Study Number of
elements in DSL

Number of
Features

Number of
Product Models

Size of
Product Models

BSH ∼300 elements 96 46 IHs ∼500 elements
CAF ∼1000 elements 121 23 trains ∼1200 elements

Table 7.1: Overview of the oracles extracted from BSH and CAF

and their aim is to carry out specific tasks for the train. Some examples of these
devices are: the traction equipment, the compressors that feed the brakes, the pan-
tograph that receives power from the overhead wires, or the circuit breaker that
isolates or connects the electrical circuits of the train. The control software of the
train unit is in charge of making all the equipment cooperate in providing the train
with functionality while guaranteeing compliance with the specific regulations of
each country.

The DSL of our industrial partner has the required expressiveness to describe
the interaction between the main pieces of equipment installed in a train unit.
Moreover, this DSL also has the required expressiveness to specify non-functional
aspects related to regulation, such as the quality of signals from the equipment or
the different levels of installed redundancy. This results in a DSL that is composed
of around 1000 different elements.

As an example, the high voltage connection sequence can be described using
the DSL. This high voltage connection sequence is initiated when the train driver
requests its start by using interface devices fitted inside the cabin. The control
software is in charge of raising the pantograph to receive power from the overhead
wire and of closing the circuit breaker so the energy can get to converters that
adapt the voltage to charge batteries which, in turn, power the traction equipment.

Again, we extracted an oracle that is composed of 23 trains where, on average,
each product model is composed of around 1200 elements. The product models
are built using 121 different features that can be part of a specific product model.

Table 7.1 shows a summary of both oracles, providing details about the prod-
uct models that are part of the oracle, the Domain Specific Languages used to
build the product models and the features present in those product models.

7.3 Test Cases

A set of test cases is extracted from the oracle, so the approach under evaluation
can be applied to them. Each test case must fulfill the input requirements of the
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approach, so they will vary mainly depending on the fitness function being used by
the approach. However, each test case will be composed by a Feature Description
and a set of model fragments where the feature should be located.

Fragment Seed

Test Case

Target  Model Textual Description  Solution Model Fragment

Oracle

Figure 7.2: Test Case example

Figure 7.2 shows an example of a test case. It includes a feature description
in the format required by the approach (in this case, a seed fragment and a textual
description of the feature) and the target product model (where the feature will be
located). In addition, the test case has been extracted from the oracle and there is
a corresponding model fragment for that feature description (that will be used to
compare with the output provided by the approach).

7.4 Approach under Evaluation
The presented FLiMEA can be configured depending on the needs of the user and
the nature of the product models that will be used to locate the features. Figure 7.3
shows a feature model that describes the different elements that can be configured
such as genetic operations, the fitness function or the input provided. This feature
model corresponds to the different options explained in previous chapters.

For instance, FLiMEA can be configured to locate features over a single model
(scope), to return the feature located as a single model fragment (output), requiring
a single model and a textual description (input), and using random mutations,
mask crossovers and LSA as fitness.

7.5 Comparison and Measure
Once the results from applying the approach to the test cases are obtained, we
proceed to compare them with the oracle and measure them in terms of some
software quality properties. Figure 7.4 shows an example of a model fragment
from the oracle (left part), and two model fragment candidates obtained from the

91



Chapter 7. Evaluation of FLiMEA

Variation
Points

Ranking of
Feature

Realizations

Model
Fragments

1..1

Feature
Knowledge

Family
subset

Textual
Description

Initial
Seed

Constraints

1..3

Single
Model

Family 
of Models

Model
Artifact

1..1

Individual
Encoding

Binary Common
Variability
Language

1..1

Conceptual
Model

Patterns

Latent
Semantic
Analysis

Formal
Concept
Analysis

1..1

Individual
Assesssment

Individual
Genetic

Manipulations

1..1

Parent
Selection

Model
Fragment Different

1..1

Crossover

Mask based Parent change

1..1

Mutation

Sequential Random

Feature
Location in

Models

Figure 7.3: Feature Model of FLiMEA approach

application of the approach (middle part and right part). To compare them we are
going to use an error matrix [161], also known as confusion matrix.

A confusion matrix is a table that is often used to describe the performance of
a classification model (in this case our approach under evaluation) on a set of test
data (the resulting model fragments) for which the true values are known (from
the oracle). In this case, each feature realization returned by the approach is a
model fragment composed of a subset of the model elements that are part of the
product model (where the feature is being located). Since the granularity will be
at the level of model elements, each model element presence or absence will be
considered as a classification. Therefore, our confusion matrices will distinguish
between two values (TRUE or presence and FALSE or absence).

Figure 7.4 shows an example of the comparison process performed to compare
a result from one of the evaluated approaches with the ground truth from the oracle
and the resulting confusion matrix. The left part shows the actual realization of
the feature #1 (obtained from the oracle and considered the ground truth) while
the right part shows the predicted realization of the feature #1 outputted by the
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Product Model 2
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Figure 7.4: Example of confusion matrix for two candidate model fragments

FLiMEA approach. The confusion matrix arranges the results of the comparison
into four categories:

True positive (TP): A model element present in the predicted realization that is
also present in the actual realization (e.g.: model element B is a TP).

True Negative (TN): A model element not present in the predicted realization
that is not present in the actual realization (e.g.: model element H is a TN)

False Positive (FP): A model element present in the predicted realization that is
not present in the actual realization (e.g.: model element A is a FP)

False Negative (FN): A model element not present in the predicted realization
that is present in the actual realization (e.g.: model element D is a FN)

The confusion matrix holds the results of the comparison between the pre-
dicted results and the actual results; it is just a specific table layout to help the
visualization of the performance of a classifier. However, in order to evaluate the
performance of the approach it is necessary to derive some measurements from
the values of the confusion matrix. The next subsection presents the four mea-
surements that we use to evaluate the performance of our approach.

7.6 Measurements

In this subsection we present the three measurements (derived from the confusion
matrices) used to evaluate the performance of the presented approach (FLiMEA).
The three measurements are Precision, Recall and F-Measure.

Precision: measures the number of elements from the prediction (result of the
approach) that are correct according to the ground truth (the oracle).
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Precision =
TP

TP + FP

Recall: measures the number of elements of the ground truth (the oracle) that are
correctly retrieved by the prediction (result of the approach).

Recall =
TP

TP + FN

F-measure: combines both recall and precision as the harmonic mean of pre-
cision and recall. The Recall, Precision and F-Measure are calculated as
follows:

F −measure = 2 ∗ Precision ∗Recall
Precision+Recall

Recall values can range between 0% (which means that no single model ele-
ment from the realization of the feature obtained from the oracle is present in any
of the model fragments of the feature candidate) to 100% (which means that all
the model elements from the oracle are present in the feature candidate).

Precision values can range between 0% (which means that no single model
fragment from the feature candidate is present in the realization of the feature
obtained from the oracle) to 100% (which means that all the model fragments
from the feature candidate are present in the feature realization from the oracle).
A value of 100% precision and 100% recall implies that both feature realizations
are the same.

Following up with the example of confusion matrix in Figure 7.4, we can
calculate the precision, recall and F-measure for the model fragment (see Table
7.2). The model fragment has a measurement of 66.7% precision (two out of the
three elements included in the candidate model are present in the model fragment
from the oracle) and 50% recall (2 out of the 4 elements that are present in the
oracle are also present in the model fragment). This results in a combined F-
measure of 57%.
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Precision Recall F-Measure

Values 2
3

= 66.7% 2
4

= 50% 4
7

= 57%

Table 7.2: Performance Measurements

7.7 Results
This section presents the results from the different evaluations performed as part
of this dissertation. For each evaluation, it describes the particularities of the
FLiMEA being evaluated and the research questions addressed.

7.7.1 Evaluation 1 (SPLC’15)

The first evaluation is part of the work SPLC’15 [11] (see 11.2). Figure 7.5 shows
the configuration of the FLiM-EA for this evaluation. As input the approach re-
ceives a family of product models, an initial seed and a set of constraints. This
approach relies on a sequential mutation as genetic operation, no crossover opera-
tion is used. The fitness function used is the Conceptual Model Pattern (CMP). As
output, the approach will provide the features realizations in the form of a ranking
of variation points.

The evaluation was designed to address two research questions:

SPLC-RQ1: Is feasible to locate features in industrial domains using the evolu-
tionary algorithm presented so far?

SPLC-RQ2: What is the rationale followed by domain experts to perform the
selection from the ranking of variation points outputted by the approach?

The approach was used to locate patterns with the collaboration of our indus-
trial partner’s engineers. We were able to obtain some patterns that satisfied the
engineers, and therefore we conclude positively the feasibility of the approach to
locate features in industrial domains.

In addition, we conducted a usability test, including a focus group around the
rationale followed when selecting from the ranking. In overall, we obtained three
reasons to select a model pattern different from the one proposed by the approach
(the first on the ranking):

Odd elements: some patterns were automatically discarded when particular el-
ements were found. This situation can be tailored and reduced though the
use of the constraints.
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Figure 7.5: Configuration 1

Deprecated elements: Knowing that some elements would be deprecated in a
near future was another reason for not selecting the option proposed by the
approach.

Future developments: again, the humans selecting from the ranking have more
information than the approach and use the knowledge about future develop-
ments when deciding the best option from the ranking.

7.7.2 Evaluation 2 (ICSR’16)

The second approach evaluated is part of the work ICSR’16 [12] (see 11.3). Fig-
ure 7.6 shows the configuration of the approach for this evaluation. As input
the approach receives a family of product models, and an initial seed. This ap-
proach relies on a random mutation and a product model and fragment crossover
as genetic operations. The fitness function used is the Conceptual Model Pattern
(CMP). As output, the approach will provide the features location in the form of
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a ranking of variation points.
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Figure 7.6: Configuration 2

The evaluation was designed to address one research question:

ICSR-RQ1: What is the impact of the accuracy when providing the input for the
approach?

To address the ICSR-RQ1, we created a set of test cases including three dif-
ferent scenarios regarding the accuracy of the input provided:

High accuracy: more than 75% of the product models provided as input contain
the feature being located.

Medium accuracy: between 25% and 75% of the product models provided as
input contain the feature being located.

Low accuracy: less than 25% of the product models provided as input contain
the feature being located.
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Then, the test cases are fed as input to the approach and also to the previ-
ous approach 7.5 and results are compared. It turns out that the inclusion of the
crossover operation helps mitigate the bad results obtained with low accuracy in-
puts. Table 7.7.2 shows a summary of the results from both approaches. Each
cell indicates the percentage of times where the correct (from the oracle) feature
formalization was included into the ranking provided as output.

ICSR’16 SPLC’15

high accuracy 79% 86%
medium accuracy 73% 48%
low accuracy 63% 16%

Table 7.3: Comparison between ICSR’16 and SPLC’15 based on input accuracy

7.7.3 Evaluation 3 (MODELS’16)

The third approach evaluated is part of the work MoDELS’16 [13] (see 11.4).
Figure 7.7 shows the configuration of the approach for this evaluation. As input
the approach receives a single product model, a textual description and an initial
seed. This approach relies on a random mutation and a mask crossover as genetic
operations. The fitness function used is the Latent Semantic Analysis (LSA) com-
bined with Formal Concept Analysis (FCA). As output, the approach will provide
the feature realization in the form of a ranking of model fragments.

The evaluation was designed to address three research questions:

MODELS-RQ1: Does the LSA+FCA fitness help when guiding the process or
tampers it?

MODELS-RQ2: Does the selection of the seed have an impact on the results?

MODELS-RQ3: Does the selection of the textual description have an impact on
the results?

To address the MoDELS-RQ1, a set of test cases was obtained from the oracle
and then fed to the approach. In addition, a baseline fitness function was created
(based on random) and the test cases fed to an approach using this fitness. Then,
results from both fitness functions where compared and analysed. The LSA+FCA
fitness prove to be able to guide the search, and results where not due to mere
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Figure 7.7: Configuration 3

chance. The approach was able to provide mean values of Precision, Recall and
F-measure between 80% and 90%.

Figure 7.8 shows the mean precision and recall values measured for the 96
features located by both executions (FLiMEA and the Baseline). The top chart
shows the results for the execution of FLiMEA while the bottom part shows the
results for the Baseline. The values for the recall measure are in blue, the val-
ues for the precision measure are in red and the values for the F-measure are in
black (in both charts). Each measure includes the standard deviation (shaded in
the same color). The x axis of the charts indicates the number of generations of
the evolutionary algorithm while the y axis measures the % value of the recall,
precision and F-measures.

Each of the lines corresponds to the mean values for the location of the 96 test
cases obtained from the oracle. First, we have calculated the values for each of
the test cases (including all the feature candidates from their rank). Then, mean
values and standard deviations for the 96 test cases have been calculated.

The recall values for the presented approach (top chart blue line) start in a

99



Chapter 7. Evaluation of FLiMEA

0%
20

%
40

%
60

%
80

%
10

0%

gen 0 gen 500 gen 1000 gen 1500 gen 2000

gen 0 gen 500 gen 1000 gen 1500 gen 2000

0%
20

%
40

%
60

%
80

%
10

0%

Recall

Precision

F-measure

Recall

Precision

F-measureB
as

el
in

e 
F

L
iM

E
A

Figure 7.8: Mean Precision, Recall and F-measure for FLiMEA and the Baseline

range between 0% and 20% for the first hundreds of generations but then start
raising up to the 90% (around generation 1.400). Beyond generation 1.400, the
recall values keep close to 100%. The precision values for the presented approach
(top chart red line) start in a range between 0% and 60% for the first hundreds
of generations. Then, the precision values raise up to the range between 80%
and 90% (around generation 1.500), beyond that generation there are no further
changes in the tendency.

The recall values for the Baseline (bottom chart blue line) start in a range
between 0% and 20% for the first hundreds of generations. Then, the recall values
reach the range between 30% and 40% (around generation 1.400) and oscillate in
that range for the rest of the generations. The precision values for the Baseline
(bottom chart red line) raise sharply to 20% and then drop slightly to a value
around 15%, remaining steady for the rest of generations.

Overall, results show that the use of IR techniques as the fitness function of the
GA (our approach) guides it to locate the feature better than if a random guide is
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provided (Baseline). The comparison with the oracle enables to obtain the recall
and precision values for both approaches and the IR provides higher mean values
of precision and recall for any number of generations.

To address the MoDELS-RQ2, a set of test cases including different seeds
were created. The seed was varied in terms of accuracy (the elements selected are
part of the feature being located) and size (number of elements in the seed). Then,
test cases were executed and results analysed. When the seed provided contained
about 50% of the elements that are part of the feature being located, the time
needed by the approach was reduced up to 15%.

To address the MoDELS-RQ3, a set of test cases including different textual
descriptions were created. The textual description was varied in terms of size
and the type of terms being used to build it. Then, test cases were executed and
results analysed. When the textual description includes terms that are also names
of meta-classes, the results include several elements that are not relevant. When
avoiding the use of those terms, in favour of more specific terms (such as terms
used as values for the properties of the elements), precision values raised up to
20%.
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Chapter 8. Variable MetaModel (VMM)

8.1 Overview of the Chapter

This chapter focuses on the maintenance and evolution of a variability specifica-
tion based on model fragments and is based on published work [15, 16]. In the
previous part we have explored how to locate the features among a set of product
models in the form of model fragments and variation points. However, that vari-
ability formalization represents the variability of a family of products in a given
point in time. Software evolves and that is also the case of the model fragments
used to realize the features. Therefore, this chapter focuses on the model and
language co-evolution problem.

In Section 3.3.4 we analyzed the existing state-of-the-art solution (model mi-
gration) and identified three issues related to its application. In this chapter we
present a retrospective case study of the variability evolution among the induc-
tion hobs from our industrial partner. Then, we propose an alternative (based
on variability modeling applied at meta-model level) to the model and language
co-evolution that does not involve those issues.

8.2 Retrospective Case Study

This section presents the retrospective case study that was extracted from the evo-
lution of our industrial partner’s (BSH, see 7.2.1) models and metamodels over
the last 13 years. Although the evolution data provided involves all the elements
present in the initial DSL, for simplicity and due to intellectual property rights,
we are going to focus on the evolution related to the inductor concept.

Let MM be the set of all models that conform to the MOF language (i.e., the
set of all metamodels) and let M be the set of all models. Let mi (the index i
will be explained shortly) be in M and let mmi be in MM. Then, we say that a
model (mi) conforms to a metamodel (mmi) if it is expressed by the terms that
are encoded in the metamodel; this conformance is denoted as C(mi,mmi).

Let CV LSPL be the set of all CVL-based product lines. One such product
line, cvlspli, is denoted as follows:

CV LSPL= MM×M×M
cvlspli =<mmi , bi , li >

(8.1)

where mmi is the metamodel of the DSL (conforming to MOF), bi is the base
model (over which placements for the variable parts are defined), li is the li-
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Figure 8.1: Model Generations of the CVLSPL

brary of replacements for those placements, and the conformance between models
C(bi,mmi) and C(li,mmi) is fulfilled. In addition, let i be a consecutive index
that is assigned based on when models and metamodels are created, i.e., we will
refer to the generation i of the base model, the generation i of the metamodel, the
generation i of the library, and the generation i of the CVLSPL. The use of the
index i is only as an annotation to identify the generation. For each generation
there may be several base models and libraries adhering to the same metamodel.

We perform a CV LSPL evolution (a shift from one cvlspli generation to the
next generation, cvlspli+1) whenever there is a breaking and unresolvable change
(from now on breaking change) [124] in the metamodel. Breaking changes break
the conformance of models and the metamodel in a way that cannot be resolved
by automatic means [124] (e.g., the addition of a mandatory meta-class or a re-
striction in the multiplicities). There are other metamodel changes that do not
break the conformance of models and the metamodel (e.g., the addition of an op-
tional class) or metamodel changes that can be resolved automatically by existing
approaches [121, 119, 124, 162, 118] (e.g., eliminating a property). However, in
this dissertation we focus on the evolution triggered by breaking changes.
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Figure 8.1 shows a summary of the CVLSPL generations and the evolutions
performed. Specifically, we present three CVLSPL generations: the first row
shows cvlspl1, which includes the concept of inductor; the second row shows
cvlspl2, which includes the concept of Hotplate; and the third row shows cvlspl3,
which includes the concept of cooking zone. This figure shows the breaking
changes that were overcome by our industrial partner, such as the addition or
removal of meta-elements. The first column shows the metamodel for each gen-
eration, the second column shows the base model, and the third column shows
the replacements library. The full variability specification is not shown, but the
shape of each placement in the base model and the shape of each replacement in
the model fragments library are indicators of which placements can be substituted
by which replacements.

Evolution 1 (from cvlspl1 to cvlspl2) is triggered by a new concept called Hot-
plate (see the first and second rows of Figure 8.1)

MM level : A Hotplate consists of a group of inductors that can work to-
gether. There is a hierarchy (next relationship) among the inductors;
some must be turned on before their subordinates are turned on. Since
we need to control the whole Hotplate (two inductors) with just one
user interface controller, the controller will now act over hotplates in-
stead of inductors. This is reflected in the metamodel mm2 (see the
second row, first column).

Model level : There are also modifications at the model level. A new place-
ment is created over the base model b2 to enable substitutions of the
new hotplate replacements. In addition, new replacements (l2) that
instantiate the hotplate concept are created; for example, the split hot-
plate (formed by two inductors, one main and one auxiliary) or the
double hotplate (formed by two inductors, requiring twice the space
and power as the rest of hotplates).

Evolution 2 (from cvlspl2 to cvlspl3) is triggered by a new concept called cook-
ing zone (see the second and third rows of Figure 8.1).

MM level Cooking zones improve the hotplate by introducing the ability to
heat two different pieces of cookware at the same time and with differ-
ent power levels. Now each hotplate will have cooking zones, which
will be controlled by the user interface controller. Since the number
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of combinations of inductors that are working at the same time in-
creases, the power table is now aggregated by the hotplate, and the
cooking zones use it. By means of this modification, several hotplates
will share the same power tables (when the inductor configurations are
equivalent). Furthermore, the hierarchy that is present among induc-
tors is now controlled by the cooking zone (one cooking zone hav-
ing the main inductor and another cooking zone having both induc-
tors); therefore, the relationship next is removed from the metamodel
(mm3).

Model level A new placement to include hotplates on both sides is created
over the base model b3. Similarly, new replacements that exercise the
new concept of cooking zone are created (l3). For instance, the pool
hotplate has four inductors that are divided into two different cooking
zones, which are controlled by two different buttons.

8.3 The Variable MetaModel (VMM)

As a result of applying the migration strategy three issues arise (Overhead, Au-
tomation and Trust Leak see Section 3.3.4). In this chapter we present our pro-
posal for addressing the co-evolution in model-based SPLs whose variability is
realized through model fragments, the Variable MetaModel (VMM). In order to
eliminate the need for migration when a new generation (metamodel revision) is
created by the engineers, a new metamodel that supports both generations can be
automatically built: the VMM. For instance, models that conform to generation 1
and models that conform to generation 2 will also conform to this VMM. A model
that contains replacements from both generations will conform to the VMM. Since
the VMM will be enhanced each time a new generation is created, a single VMM
that includes all generations of the CVLSPL will exist.

The VMM is the result of applying variability modeling ideas at metamodel
level. In this scenario the mechanism used to specify the variability at metamodel
level will be CVL; we have a base model in a given DSL (in this case, MOF) with
placements defined over it and a library of replacements. VMM is defined as
follows:

VMM= MM ×MM

vmmi=< mmbi , mmli >
(8.2)

where mmbi is the base model at the metamodel level and mmli is the library of
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replacements at the metamodel level.
The vmmi hold all metamodel variations from starting generation (genera-

tion 1) to generation i. Similarly to CVL at the model level, we can materialize
models that conform to the given DSL (in this case, MOF). Let G be the set of
all generations and let P(G) be its power set. We define the VMMmat (VMM
Materialization) operation as follows:

VMMmat: VMM ×P(G)−→MM

VMMmat(< mmbi,mmli > , g) = mmg

whereg 6= ∅
(8.3)

That is, given a vmmi where i generation is included in G and selecting a
non-empty generation set g, VMMmat retrieves the mmg for the cvlsplg of the
given generation set g.

Figure 8.2 (left) shows an example of VMM , the vmm2 for generation 2.
The top-left corner shows the base model (mmb2). It is the metamodel from
cvlspl1, with a placement (P1) defined over the inductor. The bottom-left corner
of Figure 8.2 shows the replacement library (mml2), which contains two different
replacements: R1 (in dashed lines) defined over the cvlspl1 metamodel and R2 (in
dotted lines) defined over the cvlspl2 metamodel.

Figure 8.2 (right) shows the models produced with the vmm2 presented. The
materialization of CVL produces models that conform to the same language that
the base model and replacements conform to; therefore, in this case the mod-
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els produced will conform to MOF. With the library that is available (two re-
placements), we can produce three different models: 1) mm1 (the metamodel of
cvlspl1) with a substitution of P1 by R1; 2) mm2 (the metamodel of cvlspl2) with
a substitution of P1 by R2; and 3) mm1&2 (a new metamodel with the concepts
from the mm1 and the mm2 metamodels) with the substitution of P1 by R1 and
P1 by R2.

The cardinality property of placements in CVL enables the creation ofmm1&2.
In other words, one placement can be substituted more than once (the number of
times can be specified). The first time that a placement is substituted, the existing
references of the placement are replaced. The second time that the same place-
ment is substituted, the same references are used (the multiplicity must be many
to allow this). In Figure 8.2, the aggregation of Inductors in vmm2 is duplicated
into an aggregation of Inductor Gen1 (in dashed lines), and an aggregation of Hot-
plate (in dotted lines) in the mm1&2. We have limited the substitution of the same
replacement several times as the result will be the same as replacing it only once
(mm1&1 produces the same metamodel as mm1).

Themm1&2 metamodel contains concepts from both cvlspl1 and cvlspl2 at the
same time. To achieve this, VMM renames the elements that conflict (e.g., Induc-
tor from mm1 and from mm2). The advantages of this mm1&2 is that any model
that conforms to mm1 also conforms to mm1&2 and any model that conforms to
mm2 also conforms to mm1&2. In other words, mm1&2 is used when materializ-
ing IH models that contain replacements from both libraries (l1 and l2), and the
resulting model conforms to mm1&2. When combining replacements from dif-
ferent generations into the same product, unexpected interactions between them
might arise. However, dealing with feature interactions is not straightforward and
there are several works focusing on this topic (such as [163]); thus, feature inter-
actions will be left out of the scope of this paper.

The vmm2 enables the materialization ofmm1 andmm2 that are used directly
by the engineers to create new replacements. By doing so, the replacements cre-
ated will conform to a specific generation and will not include unnecessary indi-
rection. If the functionality required for a particular replacement can be achieved
with the expressiveness of a previous generation, that metamodel will be used.

Furthermore, if the engineers try to create new replacements using the mm1&2

directly, they could end up creating models that do not conform to either mm1 or
to mm2. Therefore, we need to keep the original metamodels (mm1 and mm2) in
order to restrict the creation of new replacements.
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8.4 VMM operations

There are two main operations in relation to the VMM: the initialization of the
VMM and the addition of new metamodel revisions. Both operations are capa-
ble of spotting the commonalities and variabilities among metamodels and for-
malizing them in terms of CVL. The initialization is executed only one time, to
generate the initial VMM. Then, the addition of new metamodel revisions is per-
formed each time a new revision is created. The following subsections present
both operations in detail.

8.4.1 InitVMM operation

Figure 8.3 shows an example of the initVMM operation. InitVMM receives two
metamodel revisions (e.g., Metamodel A and Metamodel B) as input and produces
a VMM that includes both generations as output. Either of the two metamodels
can be used as the base model and will lead to valid CVL specification of the
metamodels provided. Different base models result in different model fragments,
which are used to specify the variability. This can be highly relevant when there
are users that interact directly with the model fragments [11], but it is not im-
portant for the VMM approach since those model fragments will be managed
automatically. Therefore, one revision is randomly selected as the base model (in
this example, Metamodel A); we will refer to the other metamodel revision as the
new revision (in this example, Metamodel B).

Init
VMM

Metamodel
A

Metamodel
B

Base Model
(Metamodel A)

Variation
Point

Replacement
(Metamodel B)

Base Replacement
(Metamodel A)

Substitution
(Metamodel B)

Configuration
(Metamodel B)

Base Substitution
(Metamodel A)

Base Configuration
(Metamodel A)

Figure 8.3: InitVMM operation

Then, the operation follows a five-step process to generate the VMM. The aim
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of this process is to formalize the commonalities and particularities of each meta-
model revision in terms of CVL (placements, replacements, substitutions, and
configurations). To do this, the operation will perform comparisons between the
Base Model (Metamodel A) and the new revision provided as input (Metamodel
B):

1. Compare: Metamodel B is automatically compared with the base model.
The result is a list of differences between the two revisions. Each difference
is composed of two elements (the differing element from the base model and
the differing element from the new revision (Metamodel B)). Then, each of
the differences is processed and formalized as CVL elements as follows:

(a) Placement: A placement is created over the base model (if that place-
ment does not previously exist). Using the information from the com-
parison, the boundaries of the placement are generated accordingly.

(b) Replacement: A replacement that formalizes the differences between
the base model and the new revision must be created. A replacement
holding the particularities of Metamodel B is created; this replacement
will turn the base model into the Metamodel B. As with the placement,
we use the information from the comparison to determine the bound-
aries of the replacement.

(c) Substitution: Once a placement and a replacement have been created
the process generates a substitution. That is, the boundaries of the
placement and the replacement are mapped accordingly, so the place-
ment can be substituted by the replacement.

2. Configuration: The process is repeated for all of the differences obtained
in Step 1. Finally, a configuration is defined, specifying what substitutions
need to be executed to turn the base model (Metamodel A) into the new
metamodel (Metamodel B).

As a result of this process, the commonalities and variabilities among the new re-
vision (Metamodel B) and the base model (Metamodel A) are formalized in terms
of CVL and thus, there are replacements holding the particularities of the new
revision. However, the VMM also needs to capture the particularities of the meta-
model revision that is used as the base model in separate fragments. Therefore,
each time a new placement is generated over the base model, Steps 1.(b), 1.(c) and
2. will be replicated to generate the CVL specification for the metamodel revision
that is used as the base model:
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(b) Base replacement: The process needs a replacement that formalizes
the particularities of the base model. Therefore, all the elements in-
cluded in the placement will be included in a new replacement. This
replacement holds the particularities of Metamodel A and will be nec-
essary to generate combined metamodels (joining two revisions).

(c) Base substitution: As previously, we need to map the placement and
the replacement boundaries so that the substitution can be properly
executed. The execution of this substitution might seem unnecessary
since the result would be the same base model (in this example, Meta-
model A); however, the replacement and substitutions generated will
be necessary when generating metamodel revisions that make use of
different generations.

2. Base configuration: Finally, a new configuration describing the substitu-
tions needed to generate that revision from the base model is generated.
Again, this may seem redundant, but it is done this way to keep the consis-
tency and explicitly formalize which replacements and substitutions belong
to that particular revision (regardless of whether the revision is being used
as the base model or not).

In summary, the initVMM operation formalizes a metamodel revision in terms
of CVL, generating placements, replacements, substitutions, and configurations as
needed. The first time it is executed, it also formalizes the base model in terms of
CVL, so all of the metamodel revisions are formalized in terms of CVL indepen-
dently of the revision used as base model.

Figure 8.2 (left) shows an example of the result of initVMM applied to the
induction hobs. Two different revisions, mm1 and mm2, were used as input.
Then, mm1 was selected as base model (mmb2), a new placement was created
(P1), and then two replacements (mml2) were generated to formalize the partic-
ularities of each revision (R1 to formalize mm1 and R2 to formalize mm2). In
addition, the cardinality of the placement was updated accordingly as there were
two substitutions using that placement (the configurations do not have a graphical
representation in the figure).

8.4.2 AddGen operation

Once the VMM has been created, following the initVMM operation, it is neces-
sary to have an operation to include new metamodel revisions in this VMM. This
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is accomplished by the addGen operation. The operation receives a VMM and a
new metamodel revision as input and returns an extended VMM that includes the
new revision.

The operation proceeds similarly to the initVMM operation; however, this
time there is only one metamodel that will be compared with the base model (it
is not necessary to capture the base model as separate fragments). Furthermore,
the addition of new metamodel revisions can result in the reutilization of already
existing placements. In other words, when creating a new placement as part of
Step 1.(b) Variation Point, the placement may already exist and there is no need
to create a new one. The same placement will be used and its multiplicity will be
increased. By doing so, we will enable the materialization of models that combine
several generations.

As a result of this operation, new placements, replacements, substitutions, and
configurations are automatically created to formalize the new metamodel revision.
The resulting VMM will now include the new metamodel and it will be possible
to materialize it as a single generation metamodel or as part of a metamodel that
combines several generations.

Both operations (InitVMM and AddGen) are automatic processes and there is
no need for human assistance to run them. The first time that a new metamodel
revision is generated, initVMM will be executed and the following times, addGen
will be executed. The comparisons performed by the operations have been imple-
mented based on the EMF Compare Framework [164]. This framework provides
functionality to compare EMF (the implementation of MOF within the Eclipse
environment) models and can be customized to perform the comparisons based
on different criteria. In our case, we compared models at the finest level of gran-
ularity capturing any change from one revision to the next (e.g., the addition of a
property or even a change in the name of a class).
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Chapter 9. Evaluation of VMM

9.1 Overview of the Chapter
This chapter presents the evaluation performed to test out the Variable Meta-
Model, the approach presented to address the problem of model and language
co-evolution. First we analyze the three issues entailed by the migration and how
the VMM behaves in relation them. Then we present a set of Lesson Learned
from the application of the presented approach to address the co-evolution of our
industrial partners' models and languages.

9.2 Migration Issues in VMM
We have applied both strategies (migration and the VMM) to the retrospective of
13 years of our industrial partner's SPL models. In this dissertation, we only show
a simplification of the evolution related to the inductor concept even though we
have applied it to all of the concepts. This involves about 32 different IH models
composed of approximately 72 different model replacements (each of which is
composed of multiple model elements). The average number of model elements
of a model fragment replacement is 43, while the average number of elements
of an IH model is about 470. Figure 9.1 shows a summary of the comparison
obtained from the collaboration with our industrial partner of both the migration
strategy and the VMM strategy in terms of three dimensions: (a) overhead, (b)
automation, and (c) trust leak.

With this evaluation we aim to address the following research questions:

GPCE-RQ1: What is the level of overhead introduced when applying VMM
compared to traditional migration?

GPCE-RQ2: What is the degree of involvement of the user required by the VMM
when compared to traditional migration?

GPCE-RQ3: Are there differences in the trust of the users towards their model
fragments when applying VMM compared to traditional migration?

9.2.1 Overhead

Overhead refers to an increase in model elements in order to conform to an evolved
metamodel while keeping the same functionality, for instance, the inductor that
migrates into a hotplate and then into a cooking zone (see Section 3.3.4).
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Figure 9.1: Comparison between Migration and VMM Strategy

Figure 9.1 (a) shows the comparison of both strategies in terms of the over-
head that is present in the replacements. The graph shows the number of model
elements (classes and structural properties) used in each generation to represent
an inductor. In the migration strategy (solid lines), the inductor grows from a total
of 11 elements in Gen 1 to a total of 29 elements in Gen 3. This growth trend
is common for all of the concepts studied in this work. Although it is out of the
scope of this paper, there are transformations based on the metamodel to transform
IHDSL models into code, and this overhead requires modifications and produces
an increase in the complexity of the transformations and the code generated. In
contrast, the VMM strategy (dashed lines) avoids the migration of replacements,
and the number of elements needed to represent the inductor concept (11) remains
the same over all of the generations.

9.2.2 Automation

Depending on the degree of involvement of the user, the execution of the steps of
both strategies can be either manual, assisted, or automatic. A step is automatic
when it is done without user intervention; it is assisted when the user must help in
the process; and it is manual when the whole process is performed by the user.

Figure 9.1 (b) shows the comparison of the two strategies in terms of automa-
tion for each of the steps of the strategies. Step 1 (Edit Metamodel) is the same for
both strategies and must be performed manually. Step 2 is different; the migration
strategy requires the definition of a M2M transformation. With the options that
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are available (manual [118], operator-based [121, 119], or metamodel matching
[124, 162]), the process is, at best, assisted [123, 124]. In contrast, in the VMM
Strategy Step 2 (InitVMM and addGen) is fully automatizable, (CVL applied to
the model and the metamodel level enabled us to resolve all kinds of changes
presented by [124] in an automatic way). Step 3 in the migration strategy is the
execution of the M2M transformation. Breaking changes (e.g., the addition of
obligatory properties) are not automatically resolvable ([123, 124]), so the step
needs to be assisted. In contrast, in the VMM strategy replacements are used “as
is” (i.e., no migration is required and only an automatic copy is performed). Fi-
nally Steps 4 (Adapt base model) and 5 (Create new replacements) are performed
manually in both strategies.

9.2.3 Trust Leak

Model fragments are used to produce code; once they have been used repeatedly
on many IHs, the familiarity of our industrial partner’s engineers with the models
increase and the engineers develop trust towards the model fragments. However,
when the replacements are modified, there is a loss of this trust on the part of the
engineers, which has been reported as trust leak.

Figure 9.1 (c) shows the evolution of the replacements being used in each
generation, regarding the generation when they were created. That is, the graph
shows the weight of the replacements originated in each generation in relation to
the total number of products created with the SPL (i.e., the average percentage
of replacements originating from each generation present in the induction hobs
taking into account all of the IHs derived from the SPL for that generation). This
is highly relevant for the trust leak phenomena, as it is related to the number of
migrations that the replacements overcome.

In generation 1, all the fragments used to build the products were originated
in that generation. However, only 22% of the replacements used by products in
generation 2 are originated in that generation. The rest 78% of replacements were
created in generation 1 and if not using the VMM strategy need to be migrated
to conform to generation 2 metamodel (resulting in a decrease in the trust, as the
model elements are modified). In generation 3 the effect is increased, as only a
17% of the replacements are created in that generation. The rest of the fragments
have been created in previous generation but are still being used by products of
generation 3. Therefore, if we apply a migration strategy 83% of the fragments
needed by products of that generation will need to be migrated from previous
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generations (58% of them twice, from Gen1 to Gen2 and then to Gen3).
It turns out that the replacements from generation 1 are the ones that are most

frequently used to build IHs (in all generations), and they are also the ones that
require more migrations when following the migration strategy. Therefore, those
are the replacements that have the highest level of trust leak as the trust is reduced
each time that the replacement needs to be modified.

9.3 Lessons Learned

This section presents three lessons learned from the adoption of the presented
VMM approach as part of the SPL of our industrial partner. After a period of
using the approach by our industrial partner, we reviewed the VMM created to
determine whether it was working properly. As part of this review process, we
learned some lessons that enabled us to improve the approach. The first lesson is
related to the creation of false revisions, the second lesson is related to the folding
of revisions, and the third lesson is related to isolated revisions.

9.3.1 False Revisions

We designed the presented VMM to automatically include new metamodel re-
visions. In other words, each time a new metamodel was created, the addGen
operation was triggered and the new revision was formalized in terms of CVL
(when needed due to a breaking and unresolvable change). However, when re-
viewing the VMM generated by our industrial partner after the period of use, we
realized that some false revisions were being created in the VMM.

Figure 9.2 shows an example of false revisions. The horizontal arrows rep-
resent the VMM before and after addressing the false revision issue. The VMM
before shows 7 different revisions (circles). The number of model fragments gen-
erated for each revision is represented by the size of the circle. In addition, there
are some products that were built based on the model fragments from the revi-
sions. For instance, Product Set 1 is composed of model fragments from three
different revisions (R1, R2, and R5). However, there are some revisions that were
not used to build any of the products (R3, R4, and R6). We discussed this situation
with our industrial partner. It turned out that those revisions where tests that were
discarded and not used to build real products.

Therefore, we decided to remove those revisions from the VMM (as in the
VMM after) and thereby reduce the complexity of the VMM. It turns out that
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Figure 9.2: False Revisions

what defines a new generation is not just the creation of a new metamodel revi-
sion or the creation of new model fragments for that revision. Those tasks (the
creation of a revision and the addition of model fragments) are common for test-
ing purposes. What defines the creation of a new generation is the use of model
fragments (that belong to the new revisions) to build new products. Therefore, we
decided to postpone the addition of new metamodel revisions until they are used
for the creation of new products.

However, the false revisions (R1, R2, and R5) are not deleted as they might be
used to create products in the future. Therefore, we store them into an auxiliary
VMM, a copy of the ’main’ VMM that is used only for storing purposes (not
to build new products). Then, the user can create new replacements using those
metamodel revisions in the auxiliary VMM. When the user includes a replacement
created with one of those revisions to build a product, the revision (that is stored
into an auxiliary VMM) is added to the ’main’ VMM and is no longer considered
a false revision.

9.3.2 Revision Folding

Some situations also suggested the need for removing a particular revision from
the VMM even though they are not false revisions (i.e., being used by some prod-
ucts). In other words, a new metamodel revision that includes a concept is created,
model fragments for that revision are developed, and products using those model
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Figure 9.3: Revision Folding

fragments are created. Then, an issue with the revision is found and a new re-
vision (fix revision) that properly represents the concept and addresses the issue
discovered needs to be created. After the fix revision is created, the old revision is
not used anymore, but it is not possible to remove it directly (as there are products
using it). To manage situations of this kind, we introduced revision folding.

Figure 9.3 shows an example of revision folding. In the VMM before, an issue
is discovered in R2 after some products from Product Set 1 have already been
created. Then, our industrial partner created revision R3 to address the issues
discovered in R2 and started using it. R2 is no longer needed, but some of the
model fragments (which were not affected by the issue discovered) are still in use.
To address this kind of situation, we propose migrating the model fragments from
R2 to R3 and folding both revisions into a single one. The VMM after, shows how
the R2 and R3 revisions have been folded (into R3). The same situation occurs
with R6 and R7.

As a result, the products previously using model fragments from R2 now are
using the migrated fragments from R3. This migration usually only affects a small
set of fragments, and the lifespan of those fragments is short. Therefore, the
disadvantages of migration are outweighed by having a clearer and smaller set of
revisions under the VMM. In other words, when the engineer considers that two
metamodel revisions are mutually exclusive and the later revision is a direct fix
of the previous one, the engineer can fold both revisions, migrating the fragments
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Figure 9.4: Isolated Revisions

that belong to the unused metamodel revision.
When the engineer decides to fold two revisions, the traditional migration

strategy is followed. That is, fragments are migrated from the fault revision to
the fix revision. The engineer is guided through the process that can be fully
automated if there are not breaking changes between the two revisions.

9.3.3 Isolated Revisions

When reviewing the VMM generated by our industrial partner, we also discovered
some isolated revisions (i.e., some revisions are only used to build products that
do not include other revisions). Therefore, the products conform to that particular
metamodel revision and it is not necessary to combine it with other metamodel
revisions. As a result, that revision can be extracted from the VMM, decreasing
the number of revisions managed and its complexity.

Figure 9.4 shows an example of an isolated revision. The VMM before shows
four product sets built with model fragments from six different revisions. How-
ever, Product Set 3 is built only with model fragments from R4. In addition, R4
model fragments are not used to build any other product. As a result, R4 can be
extracted from the VMM since it is not used in combination with any other revi-
sion. Product Set 2 is also built only with model fragments from a single revision
(R3). However, R3 model fragments are also used to build Product Set 1, where
R3 is combined with R1 and R2. Therefore it is not possible to extract R3 from the
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VMM. Only revisions that are not combined with other revisions can be extracted
from the VMM.

When isolated revisions are extracted from the ’main’ VMM, they are stored
into an auxiliary VMM. It is important to consider that, although at that moment
the revision is isolated, it could stop being isolated if the engineer creates a product
that combines replacements from the isolated revision and other revisions. There-
fore, in that event, the isolated revision that is stored into the auxiliary VMM is
moved to the ’main’ VMM.

The VMM strategy eliminates the need for migration and properly manages
different metamodel revisions. However, the inclusion of the VMM strategy also
entails the need to properly manage the generations. As indicated by these lessons,
in order to reduce the complexity of the VMM, the creation of false revisions
must be avoided, the means for folding revisions must be provided, and isolated
revisions must be properly handled.
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Chapter 10. Conclusion

10.1 Overview of the Chapter
This chapter recapitulates the results presented so far and concludes the disserta-
tion. First we connect the particular research questions presented for each of the
evaluations performed with the three research questions proposed in the disserta-
tion. Then, the ongoing research is described. Finally, we conclude the disserta-
tion.

10.2 Research Questions
The three research questions presented as part of the dissertation have been ad-
dressed through the evaluations performed in each of the evaluations presented so
far. Next we present in which way they are connected:

Research Question 1: How to identify and formalize the variability present among
a set of product models in terms of features realized by model fragments?

SPLC-RQ1: Is feasible to locate features in industrial domains using the
evolutionary algorithm presented so far?

MODELS-RQ1: Does the LSA+FCA fitness help when guiding the pro-
cess or tampers it?

Answer to RQ1: To address RQ1, we search for the model fragment that best
represents the feature being located. To do so, we rely on an evolution-
ary algorithm (FLiMEA) that iterates a set of candidate solutions until the
model fragment that best represents the feature being located is found. Re-
sults shows that FLiMEA can be used to identify and formalize the variabil-
ity across product models from industrial domains such as the ones from
our partners. In addition, we have explored different operations and fitness
functions for the approach. As a result, FLiMEA can be tailored to work
under different environments, depending on the models and the type of do-
main knowledge present in the industrial domain.

Research Question 2: How to capitalize on expert domain knowledge to boost
the process of feature location?

SPLC-RQ2: What is the rationale followed by domain experts to perform
the selection from the ranking of variation points outputted by the ap-
proach?
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ICSR-RQ1: What is the impact of the accuracy when providing the input
for the approach?

MODELS-RQ2: Does the selection of the seed have an impact on the re-
sults?

MODELS-RQ3: Does the selection of the textual description have an im-
pact on the results?

Answer to RQ2: To address RQ2, FLiMEA has been designed so the expert do-
main knowledge can be contributed in different ways; Specifically, domain
experts will provide the feature description (based on the information avail-
able) and will choose the best option among the ranking of feature realiza-
tions proposed by FLiMEA. We have researched the impact of the different
inputs provided into the process. Results show a boost on the feature loca-
tion process when domain knowledge is embedded following the different
options available in FLiMEA.

Research Question 3: How to co-evolve the model fragments that capture the
features and the language used to create them?

GPCE-RQ1: What is the level of overhead introduced when applying VMM
compared to traditional migration?

GPCE-RQ2: What is the degree of involvement of the user required by the
VMM when compared to traditional migration?

GPCE-RQ3: Are there differences on the trust of the users towards their
model fragments when applying VMM compared to traditional migra-
tion?

Answer to RQ3: To address RQ3, we analyzed the state-of-the-art solution to
co-evolve models and metamodels and identified three issues when used
to co-evolve model fragments and language. We have presented VMM, a
co-evolution strategy based on variability management at metamodel level
that avoids the issues entailed by migration strategies. We have applied it
to address the co-evolution of a model-based SPL from an industrial do-
main. Results shows that VMM can be applied to address the co-evolution
of model fragments and language, as such is being done by our industrial
partner. We also include a set of lesson learned from the application in that
domain.
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Software Product Line Engineering has proven to be a mature approach to
manage families of products. When combined with Model Driven Engineering, a
model-based SPL can be built to manage a family of product models. However, in
order to shift from a clone-and-own approach to a model-based SPL approach a
great upfront investment is needed. With extractive techniques as those presented
in this dissertation, we contribute to ease the transition to a model-based SPL.

In particular, the techniques for Feature Location in Models presented in Part
II will enable the re-engineering of an existing family of product models into the
features present in the products and realizes them in the form of model fragments
or variation points. The approach helps to embed the domain knowledge into
the resulting variability formalization, producing model fragments that properly
capture the concepts used by the company.

Then, the techniques for co-evolution presented in Part III enable the co-
evolution over time of the model fragments and the language used by the mod-
els. By applying this technique, the burden imposed by the migration can be
avoided and thus the model fragments do not need to be changed when the lan-
guage evolves. Therefore, the trust gathered by the model fragments is not lost
and the engineers can keep working with the feature realizations that they already
understand and trust.

10.3 Ongoing Research

The contributions presented in this dissertation are the results of an ongoing work
that is currently being developed further. Specifically, the FLiM-EA approach is
being currently adapted to work under different conditions and applied to serve
different purposes. This section presents some open research questions and the
ongoing work that is being done to address them.

10.3.1 Parameter values of the Evolutionary algorithm

Evolutionary Algorithms (as the one presented as contribution of this dissertation)
have several different parameters that can be modified and that can determine
whether the search is successful or fails [165].

The problem of setting the parameters of an evolutionary algorithm is usu-
ally divided into two cases, parameter tuning [165] and parameter control [166].
Parameter control implies that the parameter values are changing during the ex-
ecution of the evolutionary algorithm while in parameter tuning, the values are
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determined before running the algorithm and do not change during the execution
of the algorithm.

Literature distinguishes between two types of parameters: (1) qualitative pa-
rameters, those that has a finite domain and no sensible distance or ordering
among the values (e.g. crossover, mutation and parent selection operations); (2)
quantitative parameters, those that have an infinite domain with structure and order
among the values (e.g. size of the population being evolved, number or percentage
of replacements preformed in each generation).

As part of this dissertation we have already presented different qualitative pa-
rameters (see Chapters 5 and 6). However, which quantitative parameters provide
better results for each domain remains as an open question and we are currently
doing research to address it.

10.3.2 Multi-Objective Evolutionary Algorithms

In this dissertation we have presented three types of fitness functions (one based
on Latent Semantic Analysis, another using Formal Concept Analysis and the
last one based on model comparisons). Each fitness function is used to guide
the search towards a single objective and this is the common case for Single-
Objective Evolutionary Algorithms (SOEA). Multi-Objective Evolutionary Algo-
rithms (MOEA) combine different fitness functions and thus guide the search to-
wards multiple objectives.

However, determining how the combination of different fitness functions is
performed is not trivial and must be carefully analyzed in order to obtain good
results. The most common method to combine several fitness functions into the
same search is to use the NSGA-II evolutionary algorithm [167]. This algorithm
relies on nondominated sorting to find the best individuals according to several
fitness dimensions. An individual is considered nondominated when there is no
better individual (in the population) than that one in a specific fitness dimension
without worsening other fitness dimensions.

In addition, selecting which fitness functions are used to guide the search and
what are the implications of its combination also remains as an open research
question. We are currently researching [168] towards the combination of the fit-
ness functions already covered in this dissertation with new ones such as com-
plexity measurements of the model fragments, longevity of the model fragments
and its elements, and size of the model fragments.
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10.3.3 Bug Location

In this dissertation, the presented approach for Feature Location in Models (FLiM-
EA) is applied to locate features based on domain knowledge available about the
feature that needs to be located. The main purpose of performing such an oper-
ation is to identify the variability existing among the products and formalizing it
in the form of features. However, the approach can also be tailored to be applied
with other purposes, such as the location of bugs.

In particular, we are currently working on a modified version of the FLiMEA
for Bug Location in Models (BLiMEA) [169]. To do so, we are currently mod-
ifying the approach to consume domain knowledge provided in different forms,
with a focus on bug reports obtained from issue tracking systems. We are also
working on new fitness functions that help towards the identification of the source
of bugs, taking into account different parameters such as the nature of the modifi-
cations performed to the model fragments (type of modification, time of commit,
developer that commits the changes).

10.3.4 Machine Learning Fitness

Machine Learning is known as the branch of artificial intelligence that gathers sta-
tistical, probabilistic, and optimization algorithms which learn empirically. Ma-
chine Learning has a wide range of applications, including search engines, text
recognition, marketing adv sales diagnosis, etc. and has provided good results
when applied to software engineering tasks that target source code artifacts.

We believe that Machine Learning can also be applied to software engineer-
ing tasks that target model artifacts and we are currently working on adapting
FLiMEA towards this direction. Particularly, to apply Machine Learning tech-
niques in models, the first challenge consists in identifying the set of elements
from a model that are truly relevant for the problem and encoding them into vec-
tors.

We believe that the approach presented in this dissertation can be adapted to
obtain the model fragment that is truly relevant for the particular problem being
addressed and we are currently working towards this [170].

10.3.5 Trust Leak

As part of this dissertation we have identified a major concern among the industrial
scenarios that consider whether to migrate to a model-based Software Product
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Line Engineering approach or not; the trust leak. Owners of the models want to
be in control all through the entire process, from the identification of features and
its extraction as model fragments to its further evolution and maintenance over
time.

Therefore, we are working on new industrial scenarios in order to evaluate the
impact of the proposed approaches (FLIMEA and VMM) on the trust deposited in
the models over the years. In particular, we plan to conduct empirical evaluations
focused on the trust issue in CAF (a worldwide provider of railway solutions). We
want to provide insights on the reasoning followed to choose whether to migrate
the artifacts or to let different generations coexists with the application of the
VMM.

10.4 Concluding Remark
As a concluding remark, although there are some open research questions, the
work presented in this dissertation has provided a step forward in terms of ad-
dressing the issue of re-engineering a family of product models into a model-
based SPL and its further evolution in time. In particular, the work presented in
this dissertation:

Conferences: Our work has been presented at scientific venues (such as the ACM/IEEE
19th International Conference on Model Driven Engineering Languages
and Systems and the 19th International Conference on Software Product
Lines).

Journals: Our work has been published in international journals (specifically in
Computer Languages, Systems and Structures [16] and the IEEE Transac-
tions on Evolutionary Computation [14]).

Research Projects: has been contributed to national and international research
projects such as VARIAMOS (Spanish national research project) and REVaMP2

(an international ITEA 3 Call 2 project).

Industrial Scenarios: has been evaluated in industrial scenarios such as BSH
(the leading manufacturer of home appliances in Europe) and CAF (a world-
wide provider of railway solutions).
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ABSTRACT
The aim of domain engineering process is to define and re-
alise the commonality and variability of a Software Prod-
uct Line. In the context of a family of models, spotting
the commonalities and differences may become cumbersome
and error prone as the number of models and its complex-
ity increases. This work presents an approach to automate
the formalization of variability in a given family of models.
As output, the variability is made explicit in terms of Com-
mon Variability Language. The model commonalities and
differences are specified as placements over a base model
and replacements in a model library. The resulting Software
Product Line (SPL) enables the derivation of new product
models by reusing the extracted model fragments. Further-
more, the SPL can be evolved by the creation of new models,
which are in turn automatically decomposed as model frag-
ments of the SPL. The approach has been validated with
our industrial partner (BSH), an induction hobs company.
Finally, we present five different evolution scenarios encoun-
tered during the validation.

CCS Concepts
•Software and its engineering → Software product
lines;

Keywords
Reverse Engineering, Model-based Software Product Lines,
Variability Identification, Common Variability Language

1. INTRODUCTION
A Software Product Line (SPL) enables a planned reuse of

software components into products within the same scope.
The software product line engineering paradigm separates
two processes; domain engineering (where the variability of
the SPL is defined and realized) and application engineering
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(where specific software products are derived by reusing the
variability of the SPL) [9].

The proactive strategy for the adoption of an SPL is tra-
ditionally regarded as the typical approach. Following this
strategy, the assets of the SPL are developed prior to the
derivation of any product [6]. However, a recent survey re-
veals that only a minority of industrial SPLs are planned
proactively, being the extractive approach more used (where
existing products are re-engineered into an SPL) [3].

In particular, in model-based SPLs, the members of the
SPL are specified in the form of models. However, in the
context of a family of models, manually spotting the com-
monalities and variability among the models may become
cumbersome and error prone, particularly as the number of
models and its complexity increases.

There are several research efforts towards automating the
formalization of the variability existing among products [1,
2, 11, 14]. However, those works are mainly based on Fea-
ture Models extraction and do not properly support vari-
ability formalization by means of the Common Variability
Language (CVL). In addition, existing works [10,12] are not
designed with the evolution of the SPL on mind. The evo-
lution of SPLs should be considered as the normal case, not
as an anomaly [4].

This work presents Model Family to SPL, an approach
to automate the variability formalization of a given family
of models into an SPL. As output, the variability is made
explicit in terms of CVL [5]. The model commonalities are
formalized as a base model and variabilities are specified
as placements over the base model and replacements in a
model library. In addition, the resulting SPL can be further
evolved to include new products. In particular, our approach
enables the automatic decomposition of new product models
into model fragments that are incorporated to the model
library.

We have validated the approach with our industrial part-
ner (BSH), the largest manufacturer of home appliances in
Europe. Their induction division has been producing induc-
tion hobs (under the brands of Bosch and Siemens among
others) over the last 15 years. We have applied the pre-
sented approach to a set of their induction hobs models to
build an SPL to generate the firmware for their products.
In addition, we present the five evolution scenarios faced by
our industrial partner when evolving the SPL to incorporate
new product models.

The rest of the paper is structured as follows: next section
introduces some background about the CVL and our indus-
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trial partner’s domain. Section 3 presents our approach for
extracting variability from a set of product models. In sec-
tion 4 we present our experience applying the approach to
our industrial partner’s domain, focusing on the evolution
scenarios encountered. Section 5 discusses related work. Fi-
nally we conclude the paper.

2. BACKGROUND
This section presents the main concepts of the Domain

Specific Language (DSL) used to specify Induction Hobs
(hereinafter referred as IHs) and the CVL. Both, the In-
duction Hob Domain Specific Language (IHDSL) and CVL
are the techniques which we use to describe the model-based
SPL of our industrial partner.

2.1 Induction Hob Domain Specific Language
(IHDSL)

The IHDSL metamodel used by our industrial partner is
composed of 46 metaclasses, 74 references among them and
more than 180 metaclass properties. However, in order to
gain legibility and due to intellectual property rights con-
cerns, in this paper we use a meaningful simplification of it
(see top-left corner of Figure 1).

Induction Hobs use electromagnetic induction phenomenon
to cause the generation of heat on the cookware that is then
transferred to the food. Induction hobs are composed of sev-
eral elements, being the most important the inverter (where
the energy is modulated) and the inductor (where the elec-
tromagnetic field is generated).

Top-right corner of Figure 1 shows the graphical repre-
sentation of the IHDSL. The big rectangle represents the IH
itself. It is composed of two power modules (vertical rect-
angles at both sides of the IH) and each of them holds two
inverters (squares). Inverters are connected to the inductors
(circles). The number inside each inductor represents the
diameter of the inductor. The line that connects inverters
and inductors represent the channel, which transfers energy
from the inverter to the inductor. The user interface of an
IH has buttons to configure the power level of each inductor.
In top-right corner of Figure 1, the horizontal rectangle at
the bottom of the IH represents the user interface. It has
ports to connect each inductor with his button.

In order to gain legibility through the rest of the paper we
will focus on the variability regarding the inductor. How-
ever, there are several parts of the induction hobs that are
subject to variation such as the inverters and how are con-
nected with the inductors. Our work with our industrial
partner has covered the variability of the whole induction
hob although only a subset is presented.

2.2 Common Variability Language (CVL)
CVL is a DSL for modeling variability in any model of

any DSL based on Meta-Object Facility (MOF), an OMG‘s
specification to define a universal metamodel for describing
modeling languages. CVL defines variants of the base model
by replacing parts of the base model by Model replacements
found in a library. Figure 1 presents an overview of CVL.

The base model is a model described by a given DSL
(here: IHDSL) that serves as the base for different variants
defined over it. In CVL the elements of the base model
subject to variations are the placement fragments (here-
inafter placements). A placement can be any element or set
of elements that is subject to variation.

MaterializationResolution
Models
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Fragments

Base
Model

Replacement
Fragments

Fragment
Substitutions

References

Input/Output
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IHDSL Metamodel

Induction
Hob
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Interface
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15
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Figure 1: CVL Overview

To define alternatives for a placement we use a replace-
ment library, a model described in the same DSL as the
base model that will serve as a base to define alternatives for
a placement. Each one of the alternatives for a placement is
a replacement fragment (hereinafter replacement). Simi-
larly to placements, a replacement can be any element, or set
of elements, that can be used as variation for a replacement.

CVL defines variants of the base model by means of frag-
ment substitutions (hereinafter substitution). Each sub-
stitution references to a placement and a replacement and
includes the information necessary to substitute the place-
ment by the replacement. That is, each placement and re-
placement is defined along with its boundaries, which indi-
cate what is inside or outside each fragment (placement or
replacement) in terms of references among other elements of
the model. Then, the substitution is defined with the infor-
mation of how to link the boundaries of the placement with
the boundaries of the replacement. When a substitution is
executed, the base model (with a placement substituted by a
replacement) continues to conform to the same metamodel.

Each resolution model represents one variant of the
base model. The resolution model references a set of sub-
stitutions that needs to be executed in order to create the
variant. When a resolution model is materialized, produces
a resolved model, which is a variant of the base model where
the substitutions defined by the resolution model have been
executed. For further details about the inner workings of
CVL see [5].

3. MODEL FAMILY TO SPL
This section presents Model Family to SPL, our software

process capable of turning the implicit variability existing
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among a given set of similar models into explicit variabil-
ity. In particular, Model Family to SPL takes a product
family modeled in any DSL (conforming to MOF) as input
and generates a CVL based SPL where commonalities and
variabilities among the model family are explicitly defined.
That is, each of the models of the given model family are
expressed in terms of CVL, resulting in an SPL capable of
generating all the products from the given model family.

Figure 2 shows an example of execution of Model Family
to SPL. Top part shows the input of the process, the model
family. Bottom part shows the output of the process, an
SPL formalized by CVL models. Middle part shows how
the execution of the processes is performed. Product Fam-
ily to SPL is composed of two sub-processes, Select Base
Model and Product Model to SPL. Select Base Model
analyses the given family of models and determines which
one of them is more suitable to be the base model. Once the
base model is selected, Product Model to SPL compares a
product model from the model family with the base model
and updates CVL models to include the product into the
variability definition. Product Model to SPL formalizes the
variability of each given product model and incorporates it
into the SPL

3.1 Select Base Model
The selection of the base model phase designates the base

model that is used through the rest of the process. In this
example we use the number of differences between the base
model and the rest of the model family to determine the base
model. Using the number of differences among the models
produces simpler CVL models in terms of the number of sub-
stitutions needed to formalize each model. However, other
values can be used to select the base model, the rest of the
process can be executed no matter which base model is se-
lected.

The first process executed as part of the Model Family to
SPL is Select Base Model. Figure 2 shows an example of the
execution of the process (top part). In addition, Figure 3
shows the state machine associated to the Select Base Model
process (top part). Given a Product Model Family, the pro-
cess Select Base Model takes the model family as input and
proceeds as follows:

1.1 Compare. All the models from the model family (IH1,
IH2 and IH3) are input into the compare operation.
The models are paired two by two in all the possi-
ble combinations (the order doesn’t matter) and then
each pair is compared. The comparison is performed at
element level, matching one element from first model
with another from the second model. The process con-
tinues comparing pairs until there are no more pairs.
The result is a set of differences between each pair of
models processed. Figure 2 shows the result of the
operation. For instance, the comparison between IH1
and IH2 produces a set of 4 diffs, because the four in-
ductors of IH1 are different from the inductors of IH2.

1.2 Aggregate. The number of differences among each
model and the rest of the models from the model fam-
ily is added together. This is done for each of the
models of the model family (IH1, IH2 and IH3). This
aggregate value indicates the total number of differ-
ences among a given model and the rest of the prod-
uct models. That is, the value indicates the number
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of differences that would need to be addressed if that
particular model were the base model. For instance,
if IH1 were the base model a total number of 7 differ-
ences would need to be addressed (4 differences with
IH2 and 3 differences with IH3).

1.3 Select. When the aggregated values have been cal-
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Figure 3: Select Base Model process and Product Model to SPL process state machines

culated for all the models, the model with the lowest
value is designated as the base model. Therefore, it
is included into the SPL, as it will be the base for
all the products generated with the SPL. The model
designated as base model (IH3 in this case) must be
derivable from the SPL, therefore, a resolution model
capable of generating the base model is created (Res-
olution IH3). As IH3 is the base model itself, there is
no need of substitutions and Resolution IH3 is empty.

3.2 Product Model to SPL
After executing the first process (the base model has been

designated), the second phase of the process starts, the pop-
ulation of the SPL. The population consists of executing the
process Product Model to SPL for each of the product mod-
els of the input (except for the base model, that has been
already included into the SPL).

The Product Model to SPL process, performs compare op-
erations between each of the models from the given model
family and the base model, using the same compare opera-
tion as in the previous process. However, this time we shall
create and update the CVL models that define each of the
differences among the model family as sets of placements,
replacements, substitutions and resolutions.

Figure 2 shows an example of the execution of the Product
Model to SPL process for IH1 (middle part, below Select
Base Model process) and a snapshot of the SPL that is being
constructed. In addition, Figure 3 shows the state machine
for Product Model to SPL process (bottom part). Given a
product model and a Base Model (designated by previous
process), Product Model to SPL proceeds as follows:

2.1 Compare. The first model from the input model
family (IH1) is compared with the base model. The
result is a list of differences between the two mod-
els, diffset(Base Model,IH1). Each difference has two
elements, the from element references elements from
the base model and the to element references elements
from the other compared model (IH1 in this case).
They reference the elements spotted as different by
the compare operation. For instance, diff1.from el-
ement references the inductor of size 15 of the base
model while diff1.to element references the inductor of

size 21 of the IH1 model. It is important to notice
that the difference not only holds the element that is
different (inductor), but also the references involving
that element (in this case references from the button
and from the inverter).

2.2 Placement. The process checks if a placement hold-
ing exactly the same elements of diff1.from exists in
the Placement Fragments model. As it does not exist,
the process defines a placement over the base model
(Placement 1). The references involving the differing
element (the inductor) are defined as the boundaries of
the placement (Boundary 1 and Boundary 2). If the
placement is already defined in the Placement Frag-
ments model it is not created again (see bottom of
Figure 3).

2.3 Replacement. Once the placement is retrieved (cre-
ated a new one or retrieving the existing one from the
Placement Fragments model), the process continues
with the replacement. Similarly as in previous step,
the process checks if a replacement holding the infor-
mation from diff1.to exists in the Replacement Frag-
ments model. It does not exists, therefore it needs to
be created, but this time will be defined over a model
of the Replacements Library. To accomplish that, the
model being processed (IH1) is copied into the frag-
ments library and then a replacement is defined over
it (Replacement 1). As with placement fragments, the
references involving the differing element (the induc-
tor) are defined as the boundaries of the replacement
(Boundary 3 and Boundary 4). If the replacement is
already defined in the Replacement Fragments model,
there is no need to create a new one as indicated by
the state machine (see bottom right part of Figure 3).

2.4 Substitution. Once the placement (Placement 1 from
step 2.2) and the replacement (Replacement 1 from
step 2.3) had been retrieved (creating them if neces-
sary), the process is ready to create the substitution
of the placement by the replacement. Similarly to pre-
vious steps, the process first checks if the substitution
already exists in the Fragment Substitutions model.
As the substitution does not exist, the process needs
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to create it. The substitution indicates that the Place-
ment 1 can be substituted by the Replacement 1. As
part of the definition of the substitution, links between
the boundaries from the placement and the replace-
ment are established. Therefore, when the fragment
substitution is executed the elements can be updated
properly and the model continues to conform to the
metamodel. Similarly to previous step, if the substi-
tution already exists there is no need to create it (see
bottom of Figure 3).

At this point, the first difference (diff1 ) from the diff-
set(Base Model,IH1) has been processed. Now, the steps
2.2, 2.3 and 2.4 are performed for the rest of differences of
the diffset. For each difference, a placement, a replacement
and the proper substitution of the placement by the replace-
ment are obtained (created or retrieved if already exists).
The iterations for diff2 and diff3 are not shown in Figure 2.

2.5 Resolution. When all the differences from the diffset
had been processed, the process is ready to create a
resolution for the processed model (IH1). First, the
process checks if the resolution already exists in the
resolutions model. As the resolution does not exist,
the process creates a new one (Resolution IH1). In this
case, the process indicates that the resolution of IH1,
involves the Substitution 1 (substitution of Placement
1 by Replacement 1) corresponding to the first diff
processed. Similarly, substitutions for the rest of the
differences of the diffset are included in this resolution.

This five-step process is repeated for all the models from
the input (except for the base model). After executing IH1

to SPL, comes the execution of IH2 to SPL. The result is
an SPL populated with all the models from the input fam-
ily. Bottom part of Figure 2 shows the output of the Model
Family to SPL operation. There is a base model and two
library models conforming to the IHDSL. In addition, there
are placements defined over the base model, and replace-
ments defined over the library models. Moreover, substitu-
tions are defined referencing placements and replacements;
resolutions that generate each of the models received as in-
put have been created based on those substitutions.

With the above process we obtain a CVL-based SPL capa-
ble of generating exactly the same models provided as input
of the process. However, the commonalities and variabil-
ities among the products are now explicitly formalized in
terms of CVL. In addition, the Product Model to SPL pro-
cess presented can be used to further evolve the variability of
the SPL, decomposing new products and expressing them in
terms of CVL. Next section presents the application of the
approach to our industrial partner and the set of evolution
scenarios encountered.

4. CASE STUDY: INDUCTION HOBS
This section presents our experience building a Product

Line from an existing set of products from our industrial
partner (BSH group). This company is the largest manufac-
turer of home appliances in Europe and one of the leading
companies in the sector worldwide. Their induction division
has been producing induction hobs (the brand portfolio is
composed by Bosch and Siemens among others) over the last
15 years.

In order to implement the approach, several technologies
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Figure 5: Five Scenarios of SPL evolution

are involved. Specifically, CVL can be applied to MOF based
models, so the approach is developed within the Eclipse en-
vironment using the Ecore implementation and the Eclipse
Modeling Framework (EMF)1. The comparisons among mod-
els are implemented based on EMF-Compare2, which is an
Eclipse framework to compare instances of EMF models. To
build the frontend of the SPL we have used the Graphical
Modeling Project (GMP)3, a framework that provides a set
of generative components and runtime infrastructures for
developing graphical editors based on EMF. Finally, to add
variability management capabilities to the graphical editor
we have integrated the CVL tool from Sintef [5], a CVL pro-
totype implementation that can be integrated into editor.

The initial input of the approach is a set of 46 induction
hob models, corresponding to products that are currently
being sold or that will be launched to the market in the
immediate future. The set of models were developed follow-
ing a clone and own [8] approach, where each IH has been
modeled modifying a copy of the most similar IH present
in the collection. For instance, a modification includes tak-
ing some elements from other induction hobs and customize
them (if necessary, sometimes the elements do not require
further customization). Therefore, the variability present
among the models has not been explicitly defined, resulting
in a set of models with implicit variability among its mem-
bers. With regard to the products complexity, each of the
IH models is composed of more than 500 elements, including
around 100 class elements on average.

Figure 4 presents the resulting SPL tool that makes use
of the variability information obtained applying the Product
Model to SPL process. Top left part presents the Induction
Hobs that have already been derived from the SPL. The
set of products is the same as the one used as input; how-
ever, those induction hobs have been expressed in terms of
the reusable model fragments extracted through the Product
Model to SPL process. Bottom part presents the libraries of
model fragments, holding the 102 replacement model frag-

1http://www.eclipse.org/modeling/emf/
2https://www.eclipse.org/emf/compare/index.html
3http://eclipse.org/modeling/gmp/

ments obtained by the approach. When deriving new prod-
ucts, the model fragments presented by the libraries can
be reused. Finally, top right part presents the editor area,
where product models can be derived and customized.

The tool contains the variability information extracted
from the set of product models used as input. However,
this information is extended when new product models are
derived reusing existing model fragments (as the variabil-
ity model needs to include the new product) and when new
reusable model fragments are needed (the fragments need
to be added to the model fragment libraries). For instance,
one of our industrial partner engineer’s creates a new empty
model and populates it reusing elements from the library.
Then, the engineer customizes some elements of the induc-
tion hob model using the editor and saves it. The Product
Model to SPL process is automatically executed to include
the new induction hob into the SPL, which can lead to an in-
crement in the variability that is defined in the SPL or in the
reusable model assets available to derivate further products.

Figure 5 presents five different examples that illustrates
five different situations encountered when adding new mod-
els to the SPL. Each column presents one of the five ex-
amples. First row present the product model that is going
to be added to the SPL. Second row shows the diffset gen-
erated when each model is compared with the Base Model
(see bottom of Figure 2). Third row presents a summary of
the changes that the application of Product Model to SPL
produces over the CVL models. Next subsections present
the five different scenarios.

4.1 Already existing model
First column is an example of the addition of a model

that already exists in the SPL. The comparison between
IH4 and the Base model produces a set of two differences
(second row). When performing steps 2.2, 2.3 and 2.4,
the placement, replacement and substitutions necessary to
model diff1 already exists in the CVL models. Diff1 corre-
sponds to already existing Substitution 4 (substitute Place-
ment 1 by Replacement 4). Therefore, no placement, re-
placement or substitution is created for diff1. The same
happens with diff2, that corresponds to Substitution 5 (sub-
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stitute Placement 2 by Replacement 3). During the creation
of the resolution model (step 2.5), the process detects that
the resolution already exists in the SPL (Resolution 3 com-
posed of Substitution 4 and Substitution 5). Therefore, no
resolution is created as part of step 2.5.

When the step 2.5 does not involve the creation of a
new resolution model (as in this scenario), denotes that the
model being processed is already part of the SPL. The pro-
cess Product Model to SPL automatically skips the inclusion
of this model in order to avoid duplicates. By means of this
scenario, we avoid the inclusion of redundancy into the SPL.

4.2 Model reusing existing variability
Second column is an example of the addition of a model

that reuses the variability already defined in the SPL to
generate a new product model. The comparison between
IH5 and the Base model produces a set of one difference
(second row). Execution of steps 2.2, 2.3 and 2.4 detects that
diff1 corresponds to Substitution 4 (substitute Placement 1
by Replacement 4). During step 2.5 the resolution model
does not exist in the SPL, therefore, a new resolution model
that includes Substitution 4 is created.

When Product Model to SPL does not create any substi-
tution means that already existing variability is being used
to create a new product model. However, if the resolution
model does not exist in the SPL, a new resolution including
the substitutions identified for each diff is created. By means
of this scenario, we have created a new product reusing ex-
isting variability.

4.3 Model requiring a new substitution
Third column shows the addition of a model that needs

the creation of a new substitution in order to be included
into the SPL. The comparison between IH6 and the Base
model produces a set of only one difference (second row).
Then, during step 2.2 a placement for diff1.from is identified
(Placement 1). Similarly, during step 2.3 a replacement for
diff1.to is identified (Replacement 4). However, during step
2.4 no existing substitution is identified, therefore a new one
is created. Then, during step 2.5 a new resolution is created,
holding the new substitution created in previous step.

Sometimes the placement, replacement and substitution
for a given diff already exists in the SPL (as in previous
scenario) while other times only the placement and replace-
ment exists and a new substitution is created (as in this
scenario). However, in both cases we are reusing already
existing model fragments to create new product models. By
means of this scenario we show how the existing variability
is reused in the creation of new product models.

4.4 Model requiring a new replacement
Fourth column is an example of the addition of a model

that requires the creation of a new replacement in order to
be formalized and included into the SPL. The comparison
between IH7 and the base model produces a set of one dif-
ference (second row). Step 2.2 determines that diff1.from
correspond to the already existing Placement 1. By con-
trast, Step 2.3, determines that there is no replacement cor-
responding to diff1.to in the SPL models, therefore it is cre-
ated. As a new replacement has been created in step 2.3,
step 2.4 creates a new substitution of the Placement 1 by
the just created replacement. Finally step 2.5 creates a new
resolution model including the new substitution.

When the step 2.3 involves the creation of a new replace-
ment, the next step 2.4 will always require the creation of a
new substitution (as the substitution involves a new created
placement, it cannot exist in the SPL). By means of this sce-
nario, the variability defined in the SPL has been increased,
including a new replacement that now is available for the
construction of other models.

4.5 Model requiring a new placement
Fifth column is an example of the addition of a model that

requires the creation of a new placement. The comparison
between IH8 model and the base model returns a set of one
difference (second row). Then, step 2.2 detects that there is
no placement corresponding to diff1.from; therefore a new
placement is defined over the base model. Then, in step 2.3
a new replacement defined by diff1.to is created in the SPL.
As part of step 2.4, a new substitution (that substitutes the
new placement by the new replacement) is created. Finally,
the resolution model including the just created substitution
is created as part of step 2.5.

If the step 2.2 involves the creation of a new placement,
then, a new replacement (step 2.3) and a new substitution
(step 2.4) will be also created. It is important to notice
that during the inclusion of IH8 model into the SPL a new
replacement has been created. This replacement overlaps
with other existing replacements (Replacement 1 and Re-
placement 3), as it is defined over the same model elements
as other existing placements. However, this situation does
not poses a threat to the stability of the SPL models. Sub-
stitution in CVL can be restricted, to avoid situations where
two overlapping placements try to be replaced. Therefore,
it is safe to define overlapping placements as long as the
restrictions among them are correctly defined.

5. RELATED WORK
There are several research efforts in existing literature to-

wards the automation of the variability formalization among
a set of products. However, most of them are focused on gen-
erating Feature Models (FMs) and not address CVL partic-
ularities. For instance, [2] present an approach to reverse en-
gineering and evolve architectural FMs. In particular, they
focus on plugin-based systems, projecting variability and
technical constraints of plugin dependencies into an architec-
tural FM. In [1], the authors presents a reverse-engineering
tool to extract variability data from web configurators and
transform them into structured data (for instance, a feature
model) in a semi-automated way. The tool incorporates a
component that explores the configuration space simulating
users’ configuration actions in order to generate more vari-
able data to be extracted.

Other research efforts rely on the source code of the prod-
ucts in order to extract the variability model. In [11] the
authors present a tool-supported approach for reverse engi-
neering FMs from different sources, such as Makefiles, pre-
processor declarations, and documentation. They focus on
identifying parents and combine logic formulas and descrip-
tions as complementary sources of information. In addi-
tion, [14] propose an approach to identify features from the
source code of products. They reduce the noise induced by
spurious differences of various implementations of the same
feature. Then, the process produce feature candidates that
are manually pruned (to remove non-relevant candidates).
However, these approaches rely on the source code level as
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input for the process, focusing in the generation of Feature
Models. By contrast, our approach deals with the particu-
larities of the CVL and is applied at model level.

In [10], the authors propose a generic framework for min-
ing legacy product lines and automating their refactoring to
contemporary feature-oriented SPLE approaches. In [7] the
authors present MoVaC, an approach to identify and anal-
yse commonalities and variability among a set of models,
with the focus on the visualization of the results. In [12] the
authors propose an approach to synthesize an SPL from the
comparison of a set of models. The variability is extracted
from the set of models and then a CVL model for the SPL is
proposed. The approach is further refined in [13] to enable
the inclusion of new models to the SPL. As output, a CVL
model for the SPL is proposed to be manually enhanced. We
further extend those works, automatically selecting a base
model among the input models based on the metric desired.
In addition, we have validated the approach building an SPL
for an industrial environment, extracting the variability of a
set of real induction hob models. Furthermore, we present
the five different evolution scenarios encountered during the
validation and how the approach handles them in order to
evolve the variability of the SPL.

6. CONCLUSIONS
We have presented the Model Family to SPL process, capa-

ble of automating the formalization of the variability among
a given set of similar product models. In addition, the gen-
erated SPL can be further extended in order to increase the
variability specification. The presented approach has been
tooled within the Eclipse environment using already exist-
ing technologies such as EMF Runtime, EMF Compare and
GMP. Then, the approach has been validated with our in-
dustrial partner. Finally, we have presented the five different
evolution scenarios encountered when evolving the variabil-
ity specification by our industrial partner.

However, our current implementation has some limita-
tions. For instance, the concrete syntax used to represent
each of the elements from the library is not automatically
produced. Therefore, some customization regarding the con-
crete syntax has been performed in order to present the re-
sulting SPL tool. We plan to provide means for automating
the generation of a graphical syntax following a generative
approach (similar to the Graphical Modeling Project).

CVL materialization generates product models from res-
olution models. However, the graphical editor shows di-
agrams that need to be automatically generated for each
resolved model. Therefore, the position of each graphical
element needs to be calculated by custom layouts that au-
tomatically position each element in the correct place. Nev-
ertheless, these limitations constitute our future work.
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ABSTRACT
Software Product Lines (SPLs) can be established from a
set of similar models. Establishing the Product Line by me-
chanically finding model differences may not be the best ap-
proach. The identified model fragments may not be seen as
recognizable units by the application engineers. We propose
to identify model patterns by human-in-the-loop and con-
ceptualize them as reusable model fragments. The approach
provides the means to identify and extract those model pat-
terns and further apply them to existing product models.
Model fragments obtained by applying our approach seem
to perform better than mechanically found ones. It turns
out that the repetition of a fragment does not guarantee its
relevance as reusable asset for the SPL engineers and vice
versa, a fragment that has not been repeated yet, may be
relevant as a reusable asset. We have validated these ideas
with our industrial partner BSH, an induction hobs manu-
facturer that generates the firmware of their products from
a model-driven SPL.

CCS Concepts
•Software and its engineering → Software product
lines;

Keywords
Reverse Engineering, Model-based Software Product Lines,
Variability Identification, Human-in-the-loop

1. INTRODUCTION
Software Product Lines (SPLs) aim at reducing develop-

ment cost and time to market while improving quality of
software systems by exploiting commonalities and variabil-
ities across a set of software applications [10]. The SPL
engineering paradigm separates two processes; domain en-
gineering (where the variability of the SPL is defined and
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realized) and application engineering (where specific soft-
ware products are derived by reusing the variability of the
SPL) [2].

The extractive approach to SPLs capitalizes on existing
systems to initiate a product line [7], formalizing variabil-
ity among a set of similar products into a variability model.
However, manually spotting the commonalities and variabil-
ity among the set of product models may become cumber-
some and error prone [1], especially as the number of models
and its complexity increases.

Some reverse engineering model differencing approaches
[15, 11] aim to automatically extract and formalize the vari-
ability among a set of similar product models. By perform-
ing several comparisons among the product models, com-
monalities and variabilities are identified and formalized as
variability models. As a result, a variability model is auto-
matically built from a set of similar products.

We have applied a model differencing approach to build a
SPL around a set of product models from our industrial part-
ner. However, the results are not the reusable model assets
expected by our industrial partner, due to the lack of domain
engineering knowledge embedded in the process; model as-
sets that are automatically extracted may not match the
expectations of domain experts and application engineers.

We propose a human-in-the-loop differencing approach to
identify and extract reusable model patterns from a set of
similar product models. Domain experts and application
engineers become part of the decision-making process, con-
tributing their knowledge of the domain to tailor the ap-
proach. Then, the model patterns are extracted and formal-
ized into variability models. Finally, model patterns can be
applied to the set of models, resulting in a formalization of
the variability in terms that are relevant for the engineers.

We have validated the presented ideas with our industrial
partner (BSH group), the induction division has been pro-
ducing induction hobs (under the brands Bosch and Siemens
among others) over the last 15 years. The Induction Hobs
domain is facing big changes, which has triggered the cre-
ation of a Software Product Line around the Induction Hob
models that already exist. The first attempt follows a model
differencing approach; then we apply our human-in-the-loop
approach. As a result, we have identified the main situations
where domain experts prefer a model asset that is different
to the one proposed by automatic approaches.

The rest of the paper is structured as follows: next section
introduces some background about the Common Variability
Language and our industrial partner’s domain. Section 3
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motivates the approach with an example extracted from our
experience. Section 4 presents our approach to identify and
extract resusable model patterns from a set of similar prod-
uct models. In section 5 we present our experience applying
the approach to our industrial partner’s domain. Section 6
discusses related work. Finally we conclude the paper.

2. THE INDUCTION HOBS DOMAIN
Traditionally, stoves have a rectangular shape and fea-

ture four rounded areas that become hot when turned on.
Therefore, the first Induction Hobs (IHs) created provided
similar capabilities. However, the induction hobs domain
is constantly evolving and, due to the possibilities provided
by the induction phenomena and the electronic components
present in the induction hobs, a new generation of IHs has
emerged.

For instance, the newest IHs feature full cooking surfaces,
where dynamic heating areas are automatically calculated
and activated or deactivated depending on the shape, size,
and position of the cookware placed on top. There has been
an increase in the type of feedback provided to the user while
cooking, such as the exact temperature of the cookware,
the temperature of the food being cooked, or even real-time
measurements of the actual consumption of the IH. All of
these changes are being possible at the cost of increasing the
software complexity.

The Domain Specific Language used by our industrial
partner to specify the Induction Hobs (IHDSL) is composed
of 46 meta-classes, 74 references among them and more than
180 properties. However, in order to gain legibility and due
to intellectual property rights concerns, in this paper we use
a simplified subset of the IHDSL (see the top of Figure 1).

Inverters are in charge of converting the input electric sup-
ply to match the specific requirements of the induction hob.
Specifically, the amplitude and frequency of the electric sup-
ply needs to be precisely modulated in order to improve the
efficiency of the IH and to avoid resonance. Then, the en-
ergy is transferred to the hotplates through the channels.
There can be several alternative channels, which enable dif-
ferent heating strategies depending on the cookware placed
on top of the IH at runtime. The path followed by the energy
through the channels is controlled by the power manager.

Inductors are the elements where the energy is trans-
formed into an electromagnetic field. Inductors are com-
posed of a conductor that is usually wound into a coil. How-
ever, inductors vary in their shape and size, resulting in dif-
ferent power supply needs in order to achieve performance
peaks. Inductors can be organized into groups in order to
heat larger cookware while sharing the user interface con-
trollers. Each group of inductors can have different par-
ticularities; for instance, some of them can be divided into
independent zones or others can grow in size adapting to the
size of the cookware being placed on top of them. Some of
the groups of inductors are made at design time, while oth-
ers can occur at runtime (depending on the cookware placed
on top).

2.1 The Common Variability Language
applied to Induction Hobs

The Common Variability Language (CVL) [3, 13] was rec-
ommended for adoption as a standard by the Architectural
Board of the Object Management Group and is our indus-
trial partner’s choice for specifying and resolving variability.
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Figure 1: CVL applied to IHDSL

CVL defines variants of a base model (conforming to MOF)
by replacing variable parts of the base model by alternative
model replacements found in a library model.

The variability specification through CVL is divided across
two different layers: the feature specification layer (where
variability can be specified following a feature model syntax)
and the product realization layer (where variability specified
in terms of features is linked to the actual models in terms
of placements, replacements and substitutions).

The base model is a model described by a given DSL (here,
IHDSL) that serves as the base for different variants defined
over it. In CVL the elements of the base model that are sub-
ject to variations are the placement fragments (hereinafter
placements). A placement can be any element or set of ele-
ments that is subject to variation. To define alternatives for
a placement we use a replacement library, which is a model
that is described in the same DSL as the base model that will
serve as a base to define alternatives for a placement. Each
one of the alternatives for a placement is a replacement frag-
ment (hereinafter replacement). Similarly to placements, a
replacement can be any element or set of elements that can
be used as variation for a replacement.

CVL defines variants of the base model by means of frag-
ment substitutions. Each substitution references to a place-
ment and a replacement and includes the information nec-
essary to substitute the placement by the replacement. In
other words, each placement and replacement is defined along
with its boundaries, which indicate what is inside or out-
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side each fragment (placement or replacement) in terms of
references among other elements of the model. Then, the
substitution is defined with the information of how to link
the boundaries of the placement with the boundaries of the
replacement. When a substitution is materialized, the base
model (with placements substituted by replacements) con-
tinues to conform to the same metamodel.

Figure 1 shows an example of variability specification of
IH through CVL. In the product realization layer, two place-
ments are defined over an IH base model (P1 and P2). Then,
four replacements are defined over an IH library model (R1,
R2, R3, and R4). In the feature specification layer, a Fea-
ture Model is defined that formalizes the variability among
the IH based on the placements and replacements previously
defined. For instance, P1 can only be substituted by R4
(which is optional), but P2 can be replaced by R1, R2, or
R3. Note that each fragment has a signature, which is a set
of references going from and towards that replacement. A
placement can only be replaced by replacements that match
the signature. For instance, the P2 signature has a refer-
ence from a power manager (outside the placement) to an
inductor (inside the placement), while the R4 signature is a
reference from a power manager (inside the replacement) to
an inductor (outside the replacement). P2 cannot be sub-
stituted by R4 since their signatures do not match.

3. MOTIVATION OF THE APPROACH
Reverse engineering approaches [11, 15] rely on mechani-

cally finding model differences among the models. First, sev-
eral comparisons among the product models are performed.
Then, a set of model fragments is extracted based on the
differences and common parts spotted among the models.
Identical elements are extracted as common parts of the
product line, similar elements are extracted as variable al-
ternative parts, and unmatched elements are extracted as
variable optional parts. As a result, the variability existing
among the set of similar product models is formalized.

However, we have detected an issue when applying reverse
engineering approaches of this kind to extract and formalize
the variability existing among the IH product models of our
industrial partner. Specifically, fragments obtained by these
approaches do not match the expectations of our industrial
partner. Figure 2 illustrates the issue experienced.

The top part of Figure 2 shows a representation of three
of the IH models used by our industrial partner. To better
illustrate the example, we only focus on the different induc-
tors used by the IHs. Induction Hob 1 is the simplest IH; an
inverter is connected to a power manager that connects with
one standalone inductor (this construction is repeated two
times in the IH). Induction Hob 2 is the next step in the evo-
lution. An inverter is connected to a power manager that is
connected to two inductors (one acts as the main inductor,
and the other acts as a slave of the main; it is only activated
if the main one is not able to heat the cookware placed on
top by itself). Finally, Induction Hob 3 is composed by an
inverter connected to a power manager that is connected to
three inductors (they have different sizes and roles; one acts
as main inductor, while the other two are auxiliary and are
only activated when the size of the cookware is bigger than
the main inductor). It is important to note that the three
IHs share a common point (i.e., an inverter connected to
a power manager that is connected to the main inductor).
However, each IH provides different functionalities and is
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Figure 2: Motivation of the approach

driven by different software elements.
The bottom left part of Figure 2 presents a representation

of the results obtained after applying a reverse engineering
model differencing approach. The inverter, power manager,
and main inductor are identified as common parts to the
three IHs and are therefore placed into the base model. Then
a placement to hold the rest of the inductors (when they ex-
ist) is created. The first fragment holds the slave inductor
that is present in the hotplate of the IH2. The second frag-
ment holds the two auxiliary inductors that are present in
the hotplate of the IH3.

The IH1 can be obtained without any substitution. The
IH2 can be obtained by substituting the placement by the
first fragment (IH2 = P1 → F1, P2 → F1). The IH3 can be
obtained by substituting the placement by the second frag-
ment (IH3 = P1 → F2). This division of the IH product
models is valid, and the three input IHs can be derived from
them. However, the results differ from the expected results;
the groups of inductors have been divided, resulting in frag-
ments that do not hold model units that are recognizable by
our industrial partner’s engineers.

The bottom right part of Figure 2 shows the expected re-
sult when dividing the IHs models into fragments. The base
model is similar, but the placements are different, holding
the power manager and the inductors to avoid the division of
the groups of inductors. As previously, the three IHs can be
derived from the model fragments (IH2 = P1’ → F1’, P2’ →
F1’, and IH3 = P1’ → F2’). Although the main inductor is
the same for the three IHs, our industrial partner expects to
have fragment models that hold whole conceptual patterns.
Then, a new placement could be created inside the group
of inductors to hold the main inductor. This is just a run-
ning example, but the problem grows bigger when taking
into account real models (for instance, elements in charge
of generating power are mixed with inductors in the same
fragment). This results in a lack of recognition of the model
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Figure 3: The model pattern identification and extraction process

fragments produced that do not match the reusable units
handled by our industrial partner.

To address this issue we propose a human-in-the-loop ap-
proach where the SPL engineers can take part in the variabil-
ity identification and extraction process, contributing their
knowledge and tailoring the process. As a result, the ap-
proach produces model patterns that hold the variability
among the set of product models in terms of CVL place-
ments and replacements. Those model patterns can then be
applied to the product models to formalize the variability.

4. THE MODEL PATTERN IDENTIFICA-
TION AND EXTRACTION PROCESS

Figure 3 presents an overview of the human-in-the-loop
process to identify and extract model patterns, which con-
sists of 5 steps. The initial input of the process is the set of
similar models around which the SPL will be built. Some
steps of the process are automatic (represented by two gears)
while others are performed by the humans-in-the-loop (rep-
resented by a stickman). The domain experts and applica-
tion engineers will contribute their knowledge to the process.
Since the human roles involved in the establishment and fur-
ther operation of a Product Line may vary depending on the
particular approach adopted, we will refer to the people con-
tributing knowledge to the process as the ”humans”.

The approach itself can be seen as a web search engine.
After providing a search query (and some advanced search
options) the search engine returns a set of webs that match
the query, which are automatically ordered from the most
accurate match to the last. The web search engine may re-
turn several millions of results, but only the most relevant
will be browsed by the user (usually the top of the list).
Then, the user can select any of the results provided or per-
form a new search trying to refine the results.

The first step enables the humans-in-the-loop to narrow
the scope of the comparisons that will take place in further
steps. By doing so, the task of identifying the model patterns
is modularized, resulting in a manageable task. The humans
also select the initial fragment that will be used as seed to
identify the model pattern (i.e., a model fragment that the
humans believe conforms a recognizable unit).

The second step performs mutations of the fragment desig-
nated as seed, taking into account the actual product model
where the seed comes from. In other words, this step per-
forms mutations (following the scope parameters provided
in the first step), resulting in a set of potential fragments
that are variations of the seed fragment. The selected seed
will be used as a starting point, but a set of fragments built

around the seed will be produced. The provided seed is not
always accurate and by providing alternatives we facilitate
the selection of the proper model pattern.

In the third step, the set of potential fragments is pruned
out to discard the model fragments that do not fulfill the
constraints stated by the humans in the first step. The ob-
jective of this step is to discard non-relevant fragments (ac-
cording to the humans’ constraints) as early in the process
as possible, decreasing the cost of further steps. As a result,
we produce a set of relevant fragments that has been built
taking into account the humans’ knowledge.

In the fourth step, a set of model patterns involving the
relevant fragments is calculated. For each potential frag-
ment, the corresponding placement signature in the original
product model is calculated. Then, the process matches
each signature with the product models selected in the first
step; if the match is positive, a model fragment is extracted.
Each model pattern consists of a placement signature and
the set of model fragments that can be used with that par-
ticular placement signature. In addition, information about
the occurrences for each model pattern is calculated (for the
placement and for each of the matching fragments).

In the fifth step, the set of model patterns and the reusabil-
ity information gathered is presented to the humans. The
model patterns can be ordered following different criteria,
such as the size of the placement or the number of alterna-
tives for that placement. In addition, one of the model pat-
terns is selected as the default choice, taking into account the
number of times it has been reused in the models (following
criteria similar to the fully automatic approaches [11, 15]).
Finally, the humans select the model pattern that is relevant
for them and that better formalizes their understanding of
the domain, guided by the reusability information provided.

As a result of these five steps, a single model pattern is
extracted and formalized. The process can be iterated to
identify and extract new model patterns or to extend already
extracted model patterns with the information present in
new product models. The following subsections present a
running example of the application of the approach to our
industrial partner’s domain.

4.1 Step 1 - Narrow the input
The presented process includes several comparisons among

the product models which can be costly in terms of time and
memory. The number of resulting model patterns presented
to the humans in the fifth step depends on the products used
as input and can be too high. Therefore, the approach pro-
vides the means to narrow the input, so that the number of
resulting model patterns can be limited.
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As part of the first step, domain experts are in charge
of four tasks: (1) selecting a subset of products from the
input, (2) selecting one product as the seed product, (3)
selecting one fragment from that product as seed fragment,
and (4) narrowing the scope of the input to reduce the costs
in further steps of the process.

The selection of the seed model and fragment is the most
basic way of narrowing the input and the one that has the
biggest impact on the results of the process. The resulting
model patterns will include the selected fragment or slight
mutations of it (i.e., a set of model patterns related to the se-
lected fragment). Taking into account the knowledge of the
domain (and the results of previous iterations) the humans
select a fragment model from one of the product models used
as input. The selection of the model fragment is done based
on the intuition of what parts of the product model could
be reused across several product models.

In addition, the knowledge of the humans about the do-
main and the product models enables them to have an accu-
rate idea of the model fragments that they expect to obtain
from this process. Taking into account this knowledge, the
scope can be further refined in two different ways:

Input models: When a model is created following clone-
and-own approaches [9], one of the existing models serves as
the base for the new one. However, the model used as base in
each case may vary. This practice could lead to a situation
where there are different groups of models (which are not
explicitly defined) that have a closer relation. If the humans
are aware of the existence of these kinds of groups among
the set of models, they can take advantage of it, scoping the
iteration to just a subset of the input models.

Metamodel level: In order to narrow the set of potential
fragments, the humans can indicate which meta-elements
must be included in or excluded of from the resulting frag-
ments. The process can be tailored so that each functional
unit of the product is formalized as part of a different model
pattern by defining constraints at the metamodel level. For

instance, when applying the approach with large teams it is
common to have experts of different parts of the domain, en-
abling each expert to work only with the subset of the model
that the expert knows best, limiting the model patterns to
just that subset.

Figure 4 shows a running example of the first step of the
process, the scope of the input. A set of 4 products is pro-
vided as input (Product 1 - Product 4). First, the humans
select a subset of the input (Product 1, Product 2 and Prod-
uct 3); Product 4 is discarded since it is an odd product (it
mixes induction with glass-ceramic radiant heaters). Then,
the product model seed and the model fragment seed is se-
lected from the subset of the input models. In this case, an
inductor from Product 2 is selected; the humans are aware
that inductors are present in all IHs and can be turned into a
model pattern. Finally, a constraint is defined at the meta-
model level and the resulting model patterns must comply
with this constraint. In this case, the model patterns will
not contain inverters to avoid the mix between power control
and inductors in the same model pattern.

4.2 Step 2 - Mutate seed fragment
This step is performed automatically and takes as input

the product model seed and the fragment seed selected in
the previous step and the configuration of the mutations
(if any). In this step, some potential fragments (which are
closely related to the seed) are obtained. By doing this, the
humans can evaluate whether the selected seed is a relevant
fragment or there is another mutation that is more suitable.

The mutations are performed taking into account the frag-
ment seed and the product model seed. Taking the seed
fragment as starting point, some model elements are added
to or removed from the seed fragment. However, the ele-
ments added during mutations are obtained from the seed
product model, guaranteeing that the generated fragment is
part of the seed model. In other words, apart from the se-
lected seed fragment, the process proposes other variations
of that fragment that are also part of the product model.

In order to obtain the mutations, the process performs
additions, substractions, and combinations of both. In ad-
dition, the number and type of mutation operations can be
configured or restricted to tailor the process towards the
desired potential fragments. The number of chained muta-
tions performed can also be adjusted to restrict the number
of results.

Figure 5 shows the application of the step. A directed
graph is built with all the potential fragments obtained by
the mutations. Each node (circles) represents a potential
fragment while each arc (arrows) represents one mutation
(both directions, additive or substractive mutations). The
nodes are classified by levels so that the process can be re-
stricted to calculating fragments up to a fixed depth. The
top part of Figure 5 shows the model fragment selected as
seed (labeled as F1). It corresponds to Level 0 since no
mutations are needed. Level 1 shows the fragments that
can be obtained by one mutation; which in this case is F2,
the result of adding the power manager to the original frag-
ment. In this example, we are only considering the addition
of elements that are connected in the seed model. We have
restricted the generation of potential fragments up to Level
4, (i.e., fragments that can be obtained chaining up to four
mutations). Note that some potential fragments (such as F5
or F8) are marked with a red crossed circle (this is part of
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Figure 5: Step 2 - Mutate seed fragment

the prune out explained in the next step).
This step only produces fragments that are part of the

original model. It does not create new elements; it just pro-
poses variations of the seed fragment that are actual frag-
ments of the original model. Note that all potential frag-
ments produced (F1 to F11) are part of the seed product
model. The elements added during mutations are obtained
from the seed product model, so the resulting fragment is a
subset of the seed product model.

As a result of the application of several chained muta-
tions (addition or substractions), duplicated fragments may
be produced. However, the process keeps track of the frag-
ments that have already been produced to avoid duplication
of work and results. Therefore, this step produces a set of
potential fragments, including the seed fragment that was
selected in the first step.

4.3 Step 3 - Prune out potential fragments
This step is performed automatically and prunes out the

potential fragments calculated in the previous step, discard-
ing the fragments that do not fulfill the constraints provided
in the first step. In other words, for each of the potential
fragments calculated, the process checks wether the con-
straints are satisfied or not; if not, the potential fragment is
removed from the set. As a result, the set of potential frag-
ments that will be used in further steps is reduced, avoiding
the inclusion of undesired fragments in the result of the pro-
cess.

In Figure 5, some of the potential fragments calculated
contain inverters, but the humans decided to discard poten-
tial fragments containing inverter elements. Consequently,

the potential fragments containing model instances of that
metamodel element must be pruned out. In this example,
since F5, F7, F8, F10, and F11 contain inverters they are
discarded (see the bottom right corner of Figure 5).

By applying constraints to the resulting fragments, the
humans can contribute their knowledge to the process. For
instance, in this example, the humans are aware that there
should be a reusable model fragment containing the induc-
tor, but they are not totally sure about the exact elements
that are part of the fragment. However, they know that the
inverter belongs to another part of the system and want to
prevent the inverter from being included in the model pat-
terns that are calculated during this iteration. By means of
this step, the potential fragments have been reduced from
11 to 6, simplifying further steps of the process. As a result,
a single set containing all the potential fragments that meet
the scope requirements provided by the humans is produced.

4.4 Step 4 - Extract model patterns
This step is performed automatically, and the input is

the set of potential fragments that are relevant for the hu-
mans (from the previous step) and the subset of products
provided by the humans as part of step 1. As output, this
step produces a set of model patterns that is annotated with
information about its reusability among the subset of prod-
ucts. A model pattern can be seen as a variation point (and
the alternatives for that variation point) that can be reused
several times.

First, the placement signature is calculated for each of the
potential fragments; that is, we calculate the boundary in-
formation between the potential fragment and the rest of the
seed model. Particularly, we calculate the set of incoming
and outgoing relationships regarding the potential fragment
and the seed model. This placement signature can be used
to identify spots in the models where that potential fragment
can be used.

Then, we match each of the placement signatures against
each product model from the input subset. By doing so,
we determine wether a particular placement can be found in
each product model. If the match is positive, the fragment
of that particular product that matches with the placement
signature is extracted. Thus, each of the placements’ signa-
tures can be seen as a variation point (that is not bounded
to a particular product) and each of the fragments extracted
can be seen as an alternative for that variation point.

Finally, for each model pattern (placement signature and
alternative fragments), the process computes the number
of times it can be applied in the subset of products (i.e.,
the number of times that the match between the placement
signature and the product is positive and the number of
times that each of the fragments is used in the products).

Figure 6 shows the application of this step to the running
example. Each row shows information for one of the rele-
vant potential fragments obtained. The first column shows
the potential fragment, and the second column shows the
placement signature calculated for each potential fragment.
The rest of the columns show the matching against each of
the products from the subset provided in step 1.

For instance, the first row of Figure 6 shows the seed frag-
ment selected by the humans (F1, the first column), the
placement signature corresponding to that fragment (the
second column) and the matching of the placement signa-
ture with the product models. In this case, another potential
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placement (F9, the first column) produces the same place-
ment signature as F1. Not all placement signatures match
all products; for instance, the placement signature corre-
sponding to F4 (the last row), does not match Product 1.

As a result of this step, a model pattern is generated for
each of the potential fragments used as input (i.e., the calcu-
lated placement signature, the alternative fragments match-
ing that placement extracted from the product models, and
the information about occurrences for each of the fragments
and the placement itself).

4.5 Step 5 - Select model patterns
In this step, the model patterns obtained are presented

to the humans so they can choose the ones that are most
relevant for them based on their knowledge and the infor-
mation provided by the approach. Each model pattern is
presented with the information about the occurrences in the
product models gathered in the previous step (i.e., the num-
ber of positive matches of the placement signature among
the products and the number of occurrences for each of the
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Figure 7: Step 5 - Select Model Patterns

alternative fragments extracted).
Figure 7 shows the application of this step to the running

example. Each row shows information about a model pat-
tern. The first column presents the placement signature of
the model pattern and the rest of the columns show each of
the extracted alternative fragments that match that particu-
lar placement signature. The number below each placement
signature represents the number of possitive matches out
of the total number of products used as input. The num-
ber below each alternative fragment represents the number
of occurrences of that particular fragment out of the total
number of matches of the placement signature.

For instance, the first row shows the model pattern se-
lected by default. The pattern has been identified ten times
in the three products analyzed and is the one that has the
most fragment alternatives with three possibilities. There-
fore, it has been selected as the default pattern by the pro-
cess. However, even though this model pattern is the one
that is most frequently repeated, the humans do not rec-
ognize all the alternative fragments presented because they
are incomplete (they do not contain all the inductors), so
it is discarded. The second row shows a model fragment
that holds inductors; it has been identified six times and
also has three different alternatives. In fact, each alterna-
tive contains the whole group of inductors connected to a
power manager, as the humans were expecting. The third
row shows the model pattern containing the selected seed
fragment; However, even though it is matched ten times in
the models provided, it does not present alternatives and
would be considered as a common part of the model by tra-
ditional reverse engineering model differencing approaches.

Taking into account the reusability information, the hu-
mans select the model pattern that best fits their under-
standing of the domain. For instance, they can stick to
the initial seed selection (model pattern 3), but some of the
model patterns provided may be more accurate and relevant
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for them (like model pattern 2). The model pattern presen-
tation (along with the reusability information) enables the
humans to reason about the fragments, thus facilitating the
task of determining which one should be selected.

4.6 Loop
The five-step process enables the extraction of one model

pattern and can be repeated until all the recognizable units
that conform to the models have been extracted. In ad-
dition, already extracted model patterns may be extended
to include new replacements that were not present in the
original iteration.

For instance, a new iteration could be run (taking into
account the model patterns already selected) to extract an-
other model pattern holding the inverters. Similarly, an it-
eration to refine an existing model pattern could be run,
including new models that were not part of the original it-
eration (discarded during the step 1) and resulting in a re-
finement of the former pattern.

The number of iterations needed depends on the domain
where it is being applied and the amount of variability that
must be formalized. In addition, some of the iterations will
not produce a relevant model pattern and will need to be
refined until the desired model pattern is obtained.

5. CASE STUDY: INDUCTION HOBS DO-
MAIN

This section presents our experience building a Product
Line from an existing set of products from our industrial
partner (BSH group). This company is the largest manufac-
turer of home appliances in Europe and one of the leading
companies in the sector worldwide. Their induction division
has been producing induction hobs (the brand portfolio is
composed by Bosch and Siemens among others) over the last
15 years.

In order to implement the approach, several technologies
are involved. Specifically, CVL can be applied to MOF based
models, so the approach is developed within the Eclipse en-
vironment using the Ecore implementation and the Eclipse
Modeling Framework (EMF) 1. The mutations of the seed
fragment (Step 2, Section 4.2) are implemented based on
ecore-mutator 2, which is an EMF-based framework to mu-
tate EMF models that conform to an Ecore metamodel. The
comparisons among models (Step 4, Section 4.4) are imple-
mented based on EMF-Compare 3,which is an Eclipse frame-
work to compare instances of EMF models.

As a first attempt, we applied a reverse engineering model
differencing approach [11, 15] and followed up with an eval-
uation of the obtained fragments that revealed the problem
presented in Section 3. Then, we applied the approach pre-
sented in this paper, a human-in-the-loop approach to iden-
tify and extract conceptualized model patterns as reusable
variation points. Finally, the patterns were used to formal-
ize the variability among the set of existing products and
incorporated to the Product Line supporting tool to enable
the reuse of the patterns when creating new products.

The model patterns extracted following the approach in-
clude the model information necessary to create CVL vari-

1http://www.eclipse.org/modeling/emf/
2https://code.google.com/a/eclipselabs.org/p/ecore-
mutator/
3https://www.eclipse.org/emf/compare/index.html

ation points. Specifically, a pattern contains the placement
signature of a fragment and a set of matching fragment al-
ternatives to replace it. Therefore, the patterns can be used
to formalize the variability among a set of products.

We have used the model patterns identified and extracted
to improve our industrial’s partner tool, enabling the for-
malization of variability based on those patterns. For each
model pattern, we have created (1) a custom editor that en-
ables the creation of new replacements for a particular model
pattern, (2) a fragment library that holds all the replace-
ments identified throughout the process for that particular
model pattern. The resulting tool can be seen here 4.

5.1 Application of our approach
The initial input of the approach is a set of 46 induction

hob models, corresponding to products that are currently
being sold or that will be launched to the market in the
immediate future. The set of models were developed follow-
ing a clone and own [9] approach, where each IH has been
modeled modifying a copy of the most similar IH present in
the collection. Therefore, the variability present among the
models has not been explicitly defined, resulting in a set of
models with implicit variability among its members.

However, there is implicit knowledge among our indus-
trial partner’s engineers of the traceability of the clones per-
formed. In other words, the engineers are aware of the ex-
istence of groups of models that may have more similarity
among them since they share a common ancestor product
used as base. Therefore, we used this information to per-
form the division of the input set into smaller subsets.

With regard to the products complexity, each of the IH
models is composed of more than 500 elements, including
around 100 class elements on average. For each IH, there
are around 1029 different potential fragments composed of
more than one class element. The magnitude gives the idea
that manually processing this amount of data may be cum-
bersome, error prone, and could not be done in a reasonable
time.

For the application of the approach, we had the collabora-
tion of the engineers from the firmware department; they are
experts in developing firmware for induction hobs and are
in charge of maintaining and evolving the firmware used in
the IH. Those engineers are the owners of the induction hob
models and provided their knowledge to tailor the approach.

We performed several iterations looking for model pat-
terns, but not all of them ended up in the extraction of a
model pattern. Some of them were used as the base for
further refinement. For instance, we performed several it-
erations looking for a model pattern that held groups of
inductors (presented as running example in Section 4). We
started with a subset containing the most basic IHs and with
a very conservative set of constraints. With the information
of that iteration, we refined the constraints until we obtained
a pattern that satisfied our industrial partner’s engineers.

Then, we performed new iterations, adding more induc-
tion hobs to the subset, in order to find new alternatives for
the model pattern previously extracted. We added induc-
tion hobs that held each of the different group of inductors
present in the products. Finally, we performed several extra
iterations in order to confirm that the extracted model pat-
tern was correct and contained all the alternatives desired.

4www.carloscetina.com/variabilitytool.htm
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When looking for the inverter groups, we followed a sim-
ilar strategy, performing several iterations and refining the
search. However, the subsets employed to search for this
model pattern were totally different (as suggested by our in-
dustrial partner engineers). Even more, the domain experts
that took part in the process were also different (since they
had more knowledge of this specific part of the system).

As part of the application of the approach, we conducted a
usability evaluation, including satisfaction tests, interviews,
and focus groups, where the engineers could talk freely about
the process and the fragments that were being identified.
Although the usability evaluation is out of the scope of this
work, we outline some of the findings below.

Specifically, we wanted to know more about the rationale
behind the selection of one model pattern over the others.
The approach proposes a model pattern based on the num-
ber of times it is reused across the products (as other au-
tomatic approaches do), but the proposed pattern was not
always the chosen one. We identified three main reasons for
not choosing the proposed model pattern:

Odd elements in the fragments: It is not clear before-
hand how resulting fragments are going to be, but there are
some elements that are not expected to be part of the model
pattern. However, odd elements can be incorporated by au-
tomatic approaches due to the number of occurrences (as in
the motivation of the approach example). In the presented
approach, the domain experts can state that odd elements
pertain to different parts of the system and choose to have
them in separate fragments. When browsing the results of
the approach, the domain experts can compare among pat-
terns with different levels of granularity, easing the task of
determining which elements should be part of the fragment
and which ones should not.

Deprecated elements: Another reason for selecting a
model pattern that is different from the one proposed is the
inclusion of deprecated elements as part of the model pat-
tern. Thus, the default pattern proposed has a high number
of alternatives for the placement, but the humans know that
those elements are going to disappear in further versions.
Therefore, they prefer to not give them too much relevance
as they will not be part of future products anymore.

Future developments: Sometimes, there is a model
pattern that is treated as irrelevant by the approach due to
its low number of occurrences or alternatives. However, this
pattern was relevant for the humans because they knew that
in future developments that element would be split into sev-
eral elements. Therefore, they wanted to include it among
the model patterns selected. For instance, in Figure 7, the
Model Pattern 3 presents no alternatives, but the engineers
knew that different kind of inductors would be developed in
the future, so they wanted to include that model pattern.

6. RELATED WORK
Some works focus on transforming legacy products into

Product Line assets. For instance, in [5], the authors present
their experience in the Digital Audio & Video Domain. In
[6], the authors explain their experience reengineering the
Image Memory Handler from Ricoh’s products into a SPL.
In [8], the authors report on their experience applying an ex-
tractive approach to a set-top box manufacturing company.
These approaches extract variability from legacy products in
industrial environments, but they focus on capturing guide-
lines and techniques for manual transformations. In con-

trast, our goal is to introduce automation into the process
while taking advantage of the knowledge of the domain ex-
perts through a human-in-the-loop extractive approach.

Other works focus on the automation of the extraction
process, obtaining the variability from legacy products by
comparing the products with each other. In [14] the authors
present an approach to mine family models from block-based
models. The similarity between models is measured follow-
ing an exchangeable metric, taking into account different at-
tributes of the models and can be fine-tuned depending on
the application. Then, the approach is further refined [4] to
reduce the number of comparisons needed to mine the fam-
ily model.In [11], the authors propose a generic framework
for mining legacy product lines and automating their refac-
toring to contemporary feature-oriented SPLE approaches.
They compare the elements of the input with each other,
matching those whose similarity is above a certain thresh-
old and merging them together. In [15], the authors pro-
pose a generic approach to automatically compare products
and extract the variability among them in terms of a CVL
variability model. These two approaches automatically turn
identical elements into common parts of the product line,
similar elements into alternative parts, and unmatched el-
ements into optional parts. However, fully automating the
decision of what should be reused and how it should be done
reduces the flexibility of the approaches. In contrast, our
work enables the domain experts to decide which elements
should be formalized as part of the SPL based on the re-
sults of the comparisons, instead of performing them as an
automatic output of the comparisons.

Finally, some research efforts focus on the source code of
the products in order to extract the variability model. For
instance, the authors in [12] present a tool-supported ap-
proach for reverse engineering feature models from different
sources, such as makefiles, preprocessor declarations, and
documentation. They focus on the crucial point of identify-
ing parents and combine logic formulas and descriptions as
complementary sources of information. In addition, the au-
thors in [16] propose an approach to identify features from
the source code of products. They reduce the noise in-
duced by spurious differences of various implementations of
the same feature. Then, the process produces feature can-
didates that are manually pruned (to remove non-relevant
candidates). The approach is further extended in [17] to in-
troduce ExtractorPL, an automated technique that infers a
full implementation of a SPL from the given code. However,
these approaches focus on the source code level of the prod-
ucts, while our approach is applied at the model level which
enables domain experts to contribute their knowledge to the
identification and extraction of reusable model fragments.

7. CONCLUSION AND FUTURE WORK
As part of this work, we have identified the need for an

approach to identify and extract conceptualized model pat-
terns from a set of similar product models that match the
expectations of the domain experts. We have proposed a
human-in-the-loop approach that enables domain experts to
contribute their knowledge to the identification and extrac-
tion process. In addition, we have implemented the pre-
sented approach within the Eclipse environment. We have
validated the approach with our industrial partner, extract-
ing the model patterns that are present in a set of real in-
duction hob models. We have outlined the rationale followed
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by our industrial partner to prefer one model pattern over
the rest (even though it is reused fewer times among the
models). Finally, we have applied the resulting model pat-
terns to a modeling tool, enabling the evolution (creating
new fragment alternatives) and reutilization of the model
pattern.

The identification of model patterns through a human-in-
the-loop approach has provided model fragments that are
recognizable by the SPL engineers. The humans involved
in the extraction process could contribute their knowledge
to the process, tailoring it to produce the desired model
fragments and thereby formalizing the variability among a
set of products.

There are some open questions remaining about the pre-
sented approach, such as how many model patterns should
be extracted, what model pattern granularity works best,
or if nested model patterns could benefit the process. To
address those open questions, we are currently applying our
approach in CAF 5, an international company that builds
and deploys railway solutions around the world. Similarly
to our industrial partner, they need a solution to formalize
the variability that exists among their products.

The use of a human-in-the-loop approach seems to be suc-
cessful in identifying and extracting model patterns, as it
enables the domain experts to immerse themselves in the
process and contribute their knowledge. As a result, the
fragments represent recognizable units that are extracted
and fulfill the expectations of the engineers involved. As one
of our industrial partner engineers reported: ”The first frag-
ment library (reverse engineering model differencing) was
generic, but the new fragment library (our model patterns
approach) was made just for us”.
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Abstract. When following an extractive approach to build a model-
based Software Product Line (SPL) from a set of existing products, fea-
tures have to be located across the product models. The approaches
that produce best results combine model comparisons with the knowl-
edge from the domain experts to locate the features. However, when the
domain expert fails to provide accurate information, the semi-automated
approach faces challenges. To cope with this issue we propose a genetic
algorithm to feature location in model-based SPLs. We have an oracle
from an industrial environment that makes it possible to evaluate the
results of the approaches. As a result, the proposed approach is able
to provide solutions upon inaccurate information on part of the domain
expert while the compared approach fails to provide a solution when the
information provided by the domain expert is not accurate enough.

1 Introduction

A recent survey [2] reveals that most of the Software Product Lines (SPLs)
are built following an extractive approach, where a set of existing products is
reengineered into a SPL [12]. The resulting SPL is capable of generating the
products used as input (among others) with the benefit of having the variability
among the products formalized, enabling a systematic reuse.

Several reverse engineering approaches can be used to identify and locate the
features [4–6,14,16,18] from the existing product models and formalize them in
the form of a model-based SPL (where the features are realized in the form of
model fragments). In our previous work [5] we show that Conceptualized Model
Patterns to Feature Location (CMP-FL) provides features more recognizable by
the engineers that must use them thanks to the inclusion of information from
the domain experts into the feature location process.

This work has been partially supported by the Ministry of Economy and Competi-
tiveness (MINECO), through the Spanish National R+D+i Plan and ERDF funds
under The project Model-Driven Variability Extraction for Software Product Lines
Adoption (TIN2015-64397-R).

c© Springer International Publishing Switzerland 2016
G.M. Kapitsaki and E. Santana de Almeida (Eds.): ICSR 2016, LNCS 9679, pp. 39–54, 2016.
DOI: 10.1007/978-3-319-35122-3 3
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However, in CMP-FL the set of possible solutions is too big to be evaluated
exhaustively, resulting in the need of very precise information from the domain
engineers to accelerate the process. If the information provided is not accurate
enough the feature location will fail, not being able to provide the expected solu-
tion. When the family of product models is built following clone-and-own tech-
niques, the variability among the products is not always properly documented,
resulting in a lack of precise information.

To cope with the above, we propose an approach based on a Genetic Algo-
rithm to Feature Location (GA-FL) among a set of product models. Specifically,
we propose new model-based genetic operations capable of working with model
fragments: (1) the crossover operation, that combines information from two pos-
sible solutions into a single offspring; (2) the mutation operation, that randomly
mutates one model fragment (while keeping the consistency with the product
model where the fragment was extracted from); (3) a fitness function that evalu-
ates the population of possible solutions and ranks them depending on how they
solve the problem and (4) a parent selection operation to find candidates that
feed the rest of genetic operations.

We have compared the CMP-FL with GA-FL through the use of an oracle
extracted from our industrial partner (BSH), whose induction department pro-
duces the firmware for their induction hobs (sold under the brands of Bosch and
Siemens) based on a model-based SPL. It turns out that our GA-FL is able to
provide the solution expected in scenarios where the CMP-FL fails. When the
information provided is accurate, the GA-FL algorithm is able to enrich the set
of best solutions produced given that it explores a broader search space.

The rest of the paper is organized as follows: next section presents some
background about the domain of our industrial partner and its SPL. In Sect. 3
we present our approach, the GA-FL. Section 4 compares the presented approach
with the best alternative from literature. In Sect. 5 we discuss some related work.
Finally, we conclude the paper.

2 Formalizing the Variability

This section presents the Domain Specific Language (DSL) used by our industrial
partner to formalize their products, the IHDSL. It will be used through the
rest of the paper to present a running example. Then, the Common Variability
Language (CVL) is presented, CVL is the language used by our approach (GA-
FL) to formalize the location of the features as reusable model fragments.

2.1 The Induction Hobs Domain Specific Language (IHDSL)

The newest Induction Hobs (IHs) feature full cooking surfaces, where dynamic
heating areas are automatically generated and activated or deactivated depend-
ing on the shape, size, and position of the cookware placed on top. In addition,
there has been an increase in the type of feedback provided to the user while
cooking, such as the exact temperature of the cookware, the temperature of the
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food being cooked, or even real-time measurements of the actual consumption
of the IH. All of these changes are made possible at the cost of increasing the
software complexity.

Base Model

P1

Library Model

R4

R1

R2

R3

P2

Inverter

Channels
Power 

manager

Inductors

IHDSL Metamodel

Induction
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Product Realization layer
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Inverter

P1       R4

medium 
Inductor
P2       R1

large 
Inductor
P2       R3

upper 
Inductor

Fig. 1. CVL applied to IHDSL

The Domain Specific Language used by our industrial partner to specify the
Induction Hobs (IHDSL) is composed of 46 meta-classes, 74 references among
them and more than 180 properties. However, in order to gain legibility and due
to intellectual property rights concerns, in this paper we use a simplified subset
of the IHDSL (see Fig. 1).

Inverters are in charge of transforming the input electric supply to match the
specific requirements of the IH. Then, the energy is transferred to the inductors
through the channels. There can be several alternative channels, which enable
different heating strategies depending on the cookware placed on top of the IH at
runtime. The path followed by the energy through the channels is controlled by
the power manager. Inductors are the elements where the energy is transformed
into an electromagnetic field. Inductors can be organized into groups to heat
larger cookware while sharing the user interface controllers.

2.2 The Common Variability Language Applied to IHs

To formalize the variability among the products of the SPL, we need a variability
model that captures which model fragments are used by each of the products that
can be built from the SPL. To build it, the presented approach uses the Common
Variability Language (CVL) [8], given its expressiveness to properly formalize
the feature realizations in terms of model fragments. CVL defines variants of a
base model conforming to MOF (Meta-Object Facility, the Object Management
Group metalanguage for defining modeling languages) by replacing variable parts
of the base model by alternative model replacements found in a library.
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The base model is a model described by a given DSL (here, IHDSL) that
serves as the base for different variants defined over it. In CVL the elements
of the base model that are subject to variations are the placement fragments
(hereafter placements). A placement can be any element or set of elements that is
subject to variation. To define alternatives for a placement we use a replacement
library, which is a model that is described in the same DSL as the base model
that will serve as a base to define alternatives for a placement. Each one of the
alternatives for a placement is a replacement fragment (hereafter replacement).
Similarly to placements, a replacement can be any element or set of elements
that can be used as variation for a replacement.

Figure 1 shows an example of variability specification of IH through CVL.
In the product realization layer, two placements are defined over an IH base
model (P1 and P2). Then, four replacements are defined over an IH library
model (R1, R2, R3, and R4). In the feature specification layer, a Feature Model
is defined that formalizes the variability among the IH based on the placements
and replacements. For instance, P1 can only be substituted by R4 (which is
optional), but P2 can be replaced by R1, R2, or R3. Note that each fragment has
a signature, which is a set of references (boundaries) going from and towards that
replacement. A placement can only be replaced by replacements that match the
signature. For instance, the P2 signature has a reference from a power manager
(outside the placement) to an inductor (inside the placement), while the R4
signature is a reference from a power manager (inside the replacement) to an
inductor (outside the replacement). P2 cannot be substituted by R4 since their
signatures do not match.

Through the rest of the paper, we will use the term feature location in mod-
els formalized through CVL as “the process of obtaining the particular model
fragments (or alternatives e.g. R1, R2 and R3) that are used in a particular
placement (or variation point e.g. P1) among a set of products”. Therefore, we
will refer to the variation point as the feature being located and each of the alter-
native model fragments will be referred as different realizations for that feature
(in fact, they are realizations of the alternatives of the feature).

3 Genetic Algorithm for Feature Location

This section present our approach, a Genetic Algorithm to Feature Location
(GA-FL). Figure 2 shows an overview of the GA-FL process. The input of the
process is a set of interrelated product models with implicit variability among
them.

In the Genetic Algorithm process, the set of solutions that will be iterated
need to be properly encoded (see A - Encoding of the Population), enabling
the GA to work with them. The DE (domain expert or domain engineer) pro-
vides information about the set of product models to initialize the population
of model fragments (see B - Initialize Population), the DE will select some
product models to locate a particular feature and an initial model fragment for
each of the selected product models. Next, each possible individual from the
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Fig. 2. Overview of the genetic algorithm to feature location

population is evaluated to determine how good is as a solution to the problem
(see C - Fitness), as a result the population of solutions is ranked depend-
ing on their fitness value. Based on the ranked population, the parents for
the new element are randomly selected (see D - Parent Selection), giving a
higher probability to the solutions with higher fitness values. The first operation
applied to the parents is the crossover, that joins two parents into a new solution
(see E - Crossover). The resulting model fragment will be bound by a different
product model and thus will evolve differently than the original one. The second
operation applied to the solution resulting from the crossover is the mutation (see
F - Mutation), the model fragment will evolve, growing or shrinking, resulting
in a different model fragment that will be evaluated as possible solution in fur-
ther generations. Finally, the set of solutions obtained will be presented to the
DE, to select the solution that best represent their understanding of the feature
being located.

3.1 Encoding of the Population

Traditionally, genetic algorithms encoded each possible solution of the problem
(or chromosome) as a fixed-size string of binary values. Each position of the
chromosome string (called locus) has two possible values (called alleles): 0 or 1.

However, to encode each model fragment as a string of binary values is not
straightforward. As suggested by Davis [3], we decided to use an encoding natural
for our problem and then devise a GA for that specific encoding. Therefore, we
will encode our individuals as model fragments. To do so, we rely on MOF as the
standard to define the models and CVL to specify fragments over those models
and manipulate them.

Each individual of our Genetic Algorithm will be a model fragment defined
over one of the product models. That is, each individual is a set of model elements
and relationships among them that is present in one of the product models (see
right part of Fig. 3 to see the representation of the individual). Therefore, to
work with these individuals (model fragment defined over a product model),
we will present genetic operations that can be applied directly to those model
fragments. Through the rest of the paper we will refer to each individual as a
model fragment that is always part of a product model.
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3.2 Initialize Population

The first step of the process is to initialize the population of the GA. This is
done by the DEs, preferably the same DE that created the products or work
directly with them. The initialization is done based on DE’s knowledge of the
domain and the products themselves. This step is performed only one time for
each feature that wants to be located.

Fig. 3. Initialize population

Figure 3 shows an overview of this step. Top part shows the set of similar
product models that where the feature will be located (Product Model 1 to 4).
First, (1) the DE selects a subset of product models representative of the feature
that will be used as input (in this example Product Model 1, 2 and 3), then,
(2) for each product model from the subset the DE selects a model fragment
that he believes will be part of the realization of that particular feature (Model
Fragment 1, 2 and 3). As a result we get an initial population composed of pairs
of model fragments and the product models where they were extracted from.

It is important to remark that we focus in the location of the features, leaving
out of the scope of this work the features constraints discovery. That is, there
could exists a cross-tree constraint among the feature ‘upper heating spot’ and
the feature ‘lower heating spot’ (e.g. power consumption of combination of sev-
eral inductors is higher than power consumption of single small inductors), but
feature constraint discovery is not covered by this work.

3.3 Fitness Function

The fitness function is used as an heuristic to find the best solutions for the
given problem. It is applied to each individual in the population and the function
assigns a value that assesses how good is the solution. This information can be
used in two ways: to determine that the algorithm should terminate as a desirable
level of fitness has been reached and to determine the best candidates as parents
for the next generation.

188



Feature Location in Model-Based Software Product Lines 45

Fig. 4. Fitness function application

Our fitness function proceeds as follows: (1) the process abstracts from each
model fragment to a placement signature in their referenced model fragment;
(2) placement signatures are compared and grouped together if they are equal;
(3) each placement signature is matched against all the product models from the
initial subset of product models; (4) the fitness is computed for each placement
signature and the fitness values are spread to the elements of the population.

Figure 4 depicts an overview of the model pattern extraction process [5]
adapted to be used as a fitness function. The input of the process is the present
population (the set of model fragments and their reference to a product model),
see first and second column.

Step 1: The first step (see third column of Fig. 4) is to obtain a placement
signature for each of the individuals (model fragment and the product model).
The placement signature formalizes the set of elements that must be present in a
model in order to connect the given model fragment. This is done comparing the
model fragment with the product model from which it was originally extracted
(when the initial population was created). The model fragment is present in the
product model and connected to other model elements of the product model.
The process looks for those boundary elements that link an element from the
model fragment with the rest of the product model and extracts them as a place-
ment signature. That is, the set of elements needed to connect the given model
fragment. Therefore, the model fragment used as input match this placement
signature. As a result, step 1 produces a placement signature for each model
fragment used as input.
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Step 2: The second step (not shown in Fig. 4, there are no duplicates) is to
compare the placement signatures and group the ones that are equal. To do
so, the process compares pairwise the placement signatures. If two placement
signatures have the same elements in the boundaries, they are considered to be
equal. Then, both placement signatures are grouped together. As a result, this
step produces a set of unique placement signatures and each model fragment is
associated to a single placement signature.

Step 3: The third step (see fourth, fifth and sixth columns of Fig. 4) is to
match each placement signature with all the product models present in the
initial subset of product models. That is, the process looks for spots where a
given placement signature matches in each of the given product models. When a
placement signature matches a particular spot of a product model, means that
the model fragments associated to that placement signature could be inserted in
the given spot. As a result, step 3 provides a set of spots (across all the product
models) where the given placement signature matches.

Step 4: The fourth step (see seventh column of Fig. 4) is to compute the
fitness value for each of the placement fragments and spread it to the associated
model fragments. The process computes the number of product models where
the placement matches (no matter how many times). This value indicates the
number of product models where the resulting placement could be used. As
the purpose of the genetic algorithm is to locate variation points and alternative
realizations across the product models, the higher the number of product models
that match the better. Finally, the value of each placement signature is spread
to the associated model fragments. As a result, step 4 assigns a fitness value for
each model fragment present in the population.

After applying these steps, each model fragment gets a fitness value. The
higher the number of products where the placement signature is present the
better, as this means that it will be able to formalize the variability of a higher
number of product models.

Once the population fitness has been assessed, it is time to create the next
generation of individuals. This new generation will be based on present genera-
tion and the fitness value will be used to ensure that best candidates are chosen
as parents for the evolution process. To do so, the process makes use of three
different genetic operations that will act over the individuals of the population
to generate new ones. First, a selection operation will be used to select the ele-
ments that will be used as parents of the new individual. Then, a crossover
operation will be used to broad the solution space that a particular solution can
reach. Finally a mutation operation will be used to introduce variations in the
individual hoping that the new individual performs better than its antecessor.

3.4 Selection of Parents

The selection of parents is performed following the roulette wheel selection
method [1], one of the most common methods used in GA. In this method,
each individual is assigned with a share of a wheel roulette proportional to their
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fitness. By doing so, fitter individuals will have higher chance to be selected
and go forward with the rest of genetic operations while weaker individuals will
have lower probability of being selected. Other selection strategies present in
literature can be used with our model fragments, as the operation simply selects
individuals, the encoding does not affect the selection.

This operation selects the individuals that will be parents of the new indi-
vidual that is going to be generated. Traditionally, genetic algorithms select two
elements as parents with the only restriction of avoiding the same element being
‘father’ and ‘mother’ (as this would nullify the effect of the crossover operation).
However, when applying our genetic algorithm to model fragments a new restric-
tion applies: both fragment selected must reference different product models. By
doing so we ensure that the crossover operation can be properly applied.

First, we perform the selection of the first parent with no restrictions. Then,
when selecting the second parent, we will only allow selections of elements ref-
erencing a product model different from the first parent. However, in order to
allow the algorithm to browse into a broader search space, the product models
not included into the input subset by the DE will be also eligible (with a low
fitness value). That is, elements already present in the population will have the
fitness value from the previous step while product models not present in the
population will have a fitness value of 1.

As a result, the selection operation provides a parent model fragment
(obtained from the present population) and another product model (that could
not be present in the actual population) that will be used for the crossover
operation.

3.5 Crossover

In genetic algorithms, crossover enables the creation of a new individual gen-
erated combining the genetic material of both parents. In our encoding there
are two elements that can be mapped across the different individuals: the model
fragment and the referenced product model. Therefore, our crossover operation
will take the model fragment from the first parent and the product model from
the second parent, generating a new individual that contains elements from both
parents and thus preserving the basic mechanics of the crossover operation.

To achieve the latter, our crossover operation is based on model comparisons.
Figure 5 shows an example of application of the crossover operation over model
fragments. First we select the model fragment from the first parent. Then we
select the product model from the second parent. Then the model fragment (from
first parent) is compared with the product model (from the second parent). If
the comparison finds the model fragment in the product model, the process
creates a new individual with the model fragment taken from the first parent
but referencing the product model from the second parent. In the case that the
comparison does not find a similar element, the crossover will return the first
parent unchanged.

This operation enables to broad the search space to a different product model.
That is, both model fragments (the one from the first parent and the one from
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Fig. 5. Crossover operation

the new individual) will be the same. However, as each of them is referencing
a different product model, they will mutate differently and provide different
individuals in further generations. As the solution we are looking for should
apply to all the models provided as input, it can be reached from any of them,
but some product models can yield to the solution faster than others.

3.6 Mutation

In genetic algorithms, mutation operation introduces a random variation to the
new individuals generated by the crossover operation. The mutation operation
often results in a weaker individual, but occasionally the result might be a
stronger individual.

Figure 6 shows an example of our mutation for model fragments. Each model
fragment is associated to a product model and the model fragment mutates in
the context of their associated product model. That is, the model fragment will
gain or drop some elements, but the resulting model fragment will be still part
of the referenced product model. The mutation possibilities of a given model
fragment are driven by their associated product model.

To perform the mutation, the type of mutation that will occur (either addi-
tion or removal of elements) is decided randomly:

Removal of Elements: This kind of mutation randomly removes some ele-
ments from the model fragment. The only constraint is that elements are selected
from the edges of the model fragment (they are connected with a single element),
so the resulting model fragment is still connected (we can navigate from any ele-
ment to any other element through the connections between the elements) and
is not split in two isolated groups of elements. As the resulting model fragment
is a subset of the original model fragment, and the original was present in the
referenced product model, the resulting product model will be always present in
the referenced product model.

Addition of Elements: This kind of mutation randomly adds some elements
to the model fragment. The only constraint is that the resulting model fragment
is present in the referenced product model. To achieve it, the boundaries of the
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model fragment with the rest of the product model are identified and then a
random element from the boundary is added to the resulting model fragment.
By doing so, the mutated model fragment will be part of the referenced product
model.

Fig. 6. Mutation operation

As a result, a new model fragment is created but it still references the same
product model. That is, the individual represent other possible feature realization
present in the product model for the particular feature being located. The next
time the fitness is calculated, the placement signature described by this model
fragment will be extracted and evaluated to assess how good it is as a solution.

4 Case Study

To evaluate the approach we are going to compare the presented GA-FL app-
roach with CMP-FL, an approach to Feature Location in product models that
makes use of the information provided by DEs. We are going to validate the
results from both approaches against an oracle obtained from our industrial
partner (BSH), the leading manufacturer of home appliances in Europe. Their
induction division has been producing induction hobs (under the brands of Bosch
and Siemens among others) for the last 15 years. The firmware of the different
induction hobs is generated following a model-based SPL approach. First, a res-
olution for a product is created choosing from the set of features present in
the variability model (each feature is formalized as model fragments). Then, a
product model is generated by executing the product resolution (CVL execution
capabilities produce a product model including the model fragments from the
features selected). Finally, the firmware of the induction hob is obtained applying
a model transformation to the resulting product model.

4.1 Case Study Setup

Figure 7 presents an overview of the process followed to evaluate the presented
approach. Top part shows the oracle, a set of product models and their formal-
ization of features. The product models from the oracle are used to construct
three different scenarios regarding how good is the input fed to the approaches
(left part of Fig. 7). Then each scenario is test against both approaches, (CMP-
FL) and the presented approach (GA-FL). As a result each approach provides
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a set of placement signatures that realize the feature being located. Each set of
solutions is compared with the placement signature present in the oracle for that
particular feature being located (right part of Fig. 7). We want to determine if
the solution used by our industrial partner (from the oracle) is present among
the solutions provided by each approach in each scenario.

Fig. 7. Overview of the evaluation with the oracle

The oracle is composed of a set of product models and the set of features
(used to define the products) properly located. That is, for each feature used by
the products (around 100 features) has been previously located and validated by
our industrial partner (the oracle is extracted from a set of product models that
are currently under production). Therefore, we will consider the oracle as the
ground truth for the evaluation process. The set of product models consist of 46
induction hob models, each of them model composed of around 100 elements (on
average) that can be part or not of a model fragment. Therefore, the number of
possible combinations can be calculated as the power set of the set S of elements
P (S), resulting in around 2100 ( |P (S)| = 2n where |S| = n ) different potential
model fragments. We generate the product models attending to the oracle to
distinguish three different scenarios regarding how accurate is the input fed to
the approaches:

S1 High Accuracy: The first scenario corresponds to what we consider a high
accuracy input from the user. More than a 75 % of the products used as input for
the approaches corresponds to the subset of product models (46 available) that
actually include a formalization of the feature that is being located (extracted
from the oracle); and thus the placement signature will match with those product
models.

S2 Medium Accuracy: The second scenario corresponds to a medium accu-
racy input from the user. Between 25 % and 75 % of the products used as input
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for the approaches include a formalization of the feature that is being located.
Therefore, a similar percentage (25 % to 75 %) of the products do not contain a
formalization of the feature being located.

S3 Low Accuracy: The third scenario corresponds to a low accuracy input
from the user. Only less than a 25 % of the products used as input include a
formalization of the feature that is being located. This results in some deliber-
ately bad cases (e.g. select only products that do not include the feature being
located).

In the three scenarios, the size of the input is randomly selected and ranges
from 1 to 5 product models. The seed fragments have been obtained randomly.
For each of the features present in the oracle we generate 100 different test
cases for each of the three scenarios (S1, S2 and S3). Then, each test case is
tested against both approaches (CMP-FL and GA-FL). Finally, the solutions
sets (placement signatures) provided by the approaches are compared against
the oracle. As a result, we can determine if the feature realizations that is actu-
ally being used by our industrial partner (the expected solution) is present among
the solution sets returned by the approaches. We do this comparing the place-
ment signature from the oracle with the set of placement signatures provided as
solution and determining whether it is present or not.

4.2 Results

The CMP-FL was able to provide a set of solutions that included the expected
solution in 86 % of the cases from S1 (high accuracy input). Nevertheless, the
presented GA-FL was able to include the expected solution in 79 % of the cases.
The CMP-FL was able to include the expected solution into the solutions set
in 48 % of the cases from S2 (medium accuracy input). When the information
provided by the user is not accurate enough, the approach fails to include the
expected (oracle) option into the resulting set. By contrast, the GA-FL was able
to include it in 73 % of the cases. Finally, the CMP-FL was able to include
the expected solution into the solutions set in 16 % of the cases from S3 (low
accuracy input). The approach only search in the product models provided by
the user and is not able to look for the solution in other product models. By
contrast, the GA-FL approach was able to include the expected solution in 63 %
of the cases from S3. Given the stochastic nature of the Genetic Algorithm, the
approach is able to find the solution even if the input provided is not accurate.

The justification of the different results provided by both approaches resides
in how the search space is traversed. That is, the different elements evaluated
as possible solutions by each of the approaches. The CMP-FL approach only
explores the portion of the solution space delimited by the product models used
as input. In contrast, the GA-FL approach is capable of traversing the entire
solution space, independently of the input.

The GA-FL approach is capable of reaching any possible solution from the
search space, as it can move across the search space in any direction. The muta-
tion enables the exploration of solutions within the same product, while the
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crossover operation enables to switch to another product (an further explore
it with subsequent random mutations). By contrast, the CMP-FL approach is
bounded by the input of the user and only explores solutions within the product
provided as input; thus, some areas of the search space cannot be reached.

As a result, the CMP-FL is not able to provide better results than the input
provided; that is, upon a 75 % of accuracy will provide the expected result 75 %
of the cases. In particular in all the cases where the accuracy was 0 % (from S3)
the expected solution was not included. In contrast, the presented approach is
able to explore solutions beyond the input provided by the user. This means
that upon the scenarios where the input is not accurate enough, the crossover
operation will (eventually) be able to switch to different product models that
convey to the expected solution.

5 Related Work

Some works report their industrial experiences in a wide range of fields trans-
forming legacy products into Product Line assets [10,11,13]. These approaches
focus on capturing guidelines and techniques for manual transformations. In con-
trast, our approach introduces automation into the process while taking advan-
tage from the knowledge of the domain experts.

Other works focus on the automation of the extraction process [6,9,14,16–
18], obtaining the variability from legacy products by comparing the products
with each other. In [17], the similarity between models is measured following an
exchangeable metric, taking into account different attributes of the models. Then,
the approach is further refined [9] to reduce the number of comparisons needed
to mine the family model. Rubin et al. [16] propose a generic framework for min-
ing legacy product lines and automating their refactoring. They compare the
elements of the input with each other, matching those whose similarity is above
a certain threshold and merging them together. The authors in [18], propose a
generic approach to automatically compare products and extract the variability
among them in terms of a CVL variability model. The authors in [14] propose
an approach based on comparisons to extract the variability of any kind of asset.
However, these approaches are based on mechanical comparisons, automatically
turning identical elements into common parts of the SPL, similar elements as alter-
natives for a feature and unmatched elements into optional features. In contrast,
our work enables the DE to decide which elements should be formalized as part of
a feature based on the results of the comparisons.

Finally, there are some research efforts that apply genetic algorithms to the
SPLs domain. For instance, the authors in [7] present GAFES, an artificial intel-
ligence approach for optimized feature selection in SPLs. The authors in [15]
present a genetic algorithm that finds optimal configurations of a Dynamic SPL
at run-time. However, the solutions of those genetic algorithms are encoded as
strings of binary values specifying the presence or absence of each feature. By
contrast, our approach is applied directly to the product models and model frag-
ments, resulting in a different encoding and set of genetic operations customized
to work with model fragments.
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6 Conclusion

In this paper we have presented a Genetic Algorithm to Feature Location (GA-
FL) approach. To the best of our knowledge it is the first Genetic Algorithm
applied to feature location over models. We have provided a custom encoding
that enable the GA to work with model fragments and a set of genetic operations
that can be applied to individuals following that encoding. We have presented a
fitness function, a parent selection operation, a crossover operation (capable of
bring together elements from two parents into a single offspring) and a mutation
operation (that produces slight variations of the individual being mutated).

Finally we have compared the presented GA-FL with CMP-FL in terms on
how both approaches traverse the search space. This comparison shows that
CMP-FL does not traverse the whole space, failing to find a solution under
some scenarios, while the GA-FL is capable of traversing the whole search space
reaching the solutions. In addition, in scenarios where the CMP-FL approach
is able to find the best solution, our GA-FL approach is also able to do so
while traversing more elements from the search space, providing a more complete
solution.

The ideas of the presented approach are generic and can be applied to any
MOF-based models. Our next steps will involve the application of the presented
GA-FL approach to CAF1, an international company that builds and deploy
railway solutions. They are currently shifting to a model-based SPL approach
and there is a need of locating the features among their existing product models.
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ABSTRACT
In this work we propose a feature location approach that
targets models as the feature realization artifacts. The ap-
proach combines Genetic Algorithms and Information Re-
trieval techniques. Given a model and a feature description,
model fragments extracted from the model are evolved using
genetic operations. Then, Formal Concept Analysis is used
to cluster the model fragments based on their common at-
tributes into feature realization candidates. Finally, Latent
Semantic Analysis is used to rank the candidates based on
the similarity with the feature description. As a result, the
genetic algorithm evolves the population of model fragments
to find the set of most suitable feature realizations. We have
evaluated the approach with an industrial case study, locat-
ing features with precision and recall values around 90%
(baseline obtains less than 40%). Finally, we provide recom-
mendations on how to provide the input to the approach to
improve the location of features over the models.

1. INTRODUCTION
Feature location (FL) is known as the process of finding

the set of software artifacts that realize a particular feature.
The topic has gained momentum during recent years [22, 6]
and several research works focus on creating and improving
methods to locate the features. FL is one of the main activ-
ities performed during software evolution [6] and up to an
80% of a system’s lifetime is spent on the maintenance and
evolution of the system [19].

However, most of the research on FL has been directed
towards the location of features into source code artifacts,
neglecting other software artifacts such as the models. In
addition, the approaches that perform FL over models [10,
8, 20, 26, 27, 21] are designed to generate the variability
specififcation over a family of models and built a Software
Product Line from them and it is not possible to apply them
to isolated models. Therefore, there is a lack of proper FL
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techniques that can be applied to locate the model elements
that belong to a feature that has to be evolved or main-
tanied.

In this work we propose FLM (Feature Location in Mod-
els), an FL approach that targets models as the realiza-
tion artifacts and does not rely in model comparisons, but
on Information Retrieval (IR) techniques. The approach is
based on a Genetic Algorithm (GA) that generates alterna-
tive model fragments that can be the realizations of the fea-
ture being located. Then, we use Formal Concept Analysis
(FCA) [11] to cluster the model fragments by their common
attributes and to generate feature candidates. The feature
candidates are assesed comparing them to a search query
that describes the target feature by using Latent Semantic
Analysis (LSA) [17] to measure the similarity between both.
As a result, feature candidates can be ranked based on the
distance with the feature description, allowing the best ones
to be selected to engendrate the next generations. When
the improvement of the generations is stalled, the resulting
feature candidates are provided as output.

The presented approach has been supported by a tool
within the Eclipse environment and applied to the prod-
uct models obtained from our industrial partner BSH, one
of the largest manufacturers of home appliances in Europe.
Its induction division has been producing Induction Hobs
(sold under the brands of Bosch and Siemens) for the last
15 years. The firmware for their products is generated from
models using a model-based approach. The application of
the approach shows that the values of recall and precision
higher than 85%. Finally, we provide some recommenda-
tions on how to provide the input to the approach to improve
the location of features over the models.

The rest of the paper is structured as follows: Section 2
provides some background. Next, Section 3 provides the de-
tails of the presented approach. Section 4 presents the eval-
uation performed. Then, Section 5 discusses the approach.
Finally, Section 6 presents some related work and the paper
is concluded.

2. BACKGROUND
This section presents the Domain Specific Language (DSL)

used by our industrial partner to formalize their products,
the IHDSL. It will be used through the rest of the paper to
present a running example. Then, the Common Variability
Language (CVL) is presented, CVL is the language used by
our approach (FLM) to formalize the model fragments used
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Figure 1: IHDSL product model and model frag-
ment formalization

as feature candidates.
The newest Induction Hobs (IHs) feature full cooking sur-

faces, where dynamic heating areas are automatically gener-
ated and activated or deactivated depending on the shape,
size, and position of the cookware placed on top. In addition,
there has been an increase in the type of feedback provided
to the user while cooking, such as the exact temperature of
the cookware, the temperature of the food being cooked, or
even real-time measurements of the energy consumption of
the IH. All of these changes are being possible at the cost of
increasing the software complexity and thus require several
modifications into the models used to formalize the prod-
ucts.

The Domain Specific Language used by our industrial
partner to specify the Induction Hobs (IHDSL) is composed
of 46 meta-classes, 74 references among them and more than
180 properties. However, in order to gain legibility and due
to intellectual property rights concerns, in this paper we use
a simplified subset of the IHDSL (see top part of Figure 1).

Inverters are in charge of transforming the input electric
supply to match the specific requirements of the IH. Then,
the energy is transferred to the inductors through the chan-
nels. There can be several alternative channels, which en-
able different heating strategies depending on the cookware
placed on top of the IH at runtime. The path followed by
the energy through the channels is controlled by the power
manager. Inductors are the elements where the energy is
transformed into an electromagnetic field.

Bottom left part of Figure 1 depicts an example of a prod-
uct model specified with the IHDSL. The product model
contains four inverters used to power two different inductors.
The upper inductor is powered by a single inverter while the
lower inductor is powered by the combination of three dif-
ferent inverters. Power managers act as hubs to perform the
connection between the inverters and the inductors.

To formalize the model fragments used by the approach we
use the Common Variability Language (CVL) [13, 24], given
its capabilities to formalize the feature realizations in terms
of model fragments. CVL defines variants of a base model
(conforming to MOF, the OMG metalanguage for defining
modeling languages) by replacing variable parts of the base
model (the features) by alternative model replacements (the
feature realizations) found in a library.

Bottom right part of Figure 1 shows an example of a

model fragment of the product model (bottom-left part).
The model fragment includes the three inverters in charge
of powering the lower inductor along with the three provider
channels and the power manager used to aggregate and man-
age the power provided by those inverters. This model frag-
ment is the realization of the feature “triple inverter”.

3. FEATURE LOCATION IN MODELS (FLM)
This section presents FLM, the proposed approach for fea-

ture location in product models. The objective of the ap-
proach is to provide the subset of elements from a given
product model that realize a particular feature being re-
quested by the user. To do so, the approach relies on a
Genetic Algorithm that iterates a population of model frag-
ments and evolves them using genetic operations. As output
the approach provides a list of feature candidates that might
be realizing the feature. This list is ranked taking into ac-
count the information provided by the user as input.

converges?

Model Fragments
Fitness3

Genetic
Operations2

User Input
Retrieval1

Initial Model
Fragment population

Model Fragment 
population

no

Weighted Model
Fragments population

Query

Rank of
Feature Candidates

yes

Figure 2: Feature Location in Models Overview

Figure 2 presents an overview of the approach. Rounded
boxes represent the different steps of the approach while
rectangular boxes represent the inputs and outputs of each
of the steps. Lines indicate that an element is an input or
output of one of the steps.

The input of the approach is the product model where
the feature is going to be located. Then, the user provides
a description of the target feature in terms of an initial seed
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fragment and a textual description of the feature. The initial
seed and the product model are used to generate some can-
didate fragments. Then, those candidates are assessed tak-
ing into account the textual description of the feature being
located. These two steps (generation and assessment) are
repeated until some stop condition is met. When the stop
condition is fullfilled the process returns the list of fragment
candidates ranked according to the assessments.

3.1 User Input Retrieval
The first step is to gather input for the feature location.

The input will consist of the product model and information
about the target feature provided by the user. In particular,
the user will provide a seed fragment and a textual descrip-
tion of the feature.

A seed fragment of the target feature is an element or set
of elements that the engineer believes that could be part of
the feature being located. To do so, the engineer applies his
knowledge of the domain and the product models to point
to some elements that will be used as the starting point of
the process.

A feature description of the target feature, using nat-
ural language. Typically these descriptions can come from
textual documentation of the products, comments in the
code, bug reports or oral descriptions from the engineers.
Therefore, the query will include some domain specific terms
similar to those used when specifying the product models.
The knowledge of the engineers about the domain and the
product models will be useful to select the textual descrip-
tion from the sources available.

Figure 3 presents an example of input for the approach.
Left part presents the seed fragment proposed by the user
(a model fragment of the product model where the feature
is going to be located). The user believes that the selected
inductor is going to be part of the feature realization. Then,
the right part of the figure shows a textual description for
the feature being located, the hotplate. It is a simplified
version of a text description that has been extracted from
the internal documentation used by our industrial partner
to describe their products.

The textual description provided by the user is turned into
a query by using some well stablished IR techniques:

• First, the textual description is tokenized (divided into
words). Usually a white space tokenizer can be applied
(that splits the strings whenever it finds a white space)
but for some sources more complex tokenizers need to
be applied. For instance, when the description comes
from documents that are close to the implementation
of the product some words can be following CamelCase
naming.

• Secondly, we apply the Parts-of-Speech (POS) tagging
technique. POS tagging analyses the words grammat-
ically and infers the role of each word into the text
provided. As a result, each word is tagged enabling
the removal of some categories that do not provide
relevant information. For instance, conjunctions (e.g.
’or’), articles (e.g. ’a’) or prepositions (e.g. ’at’) are
words commonly used and do not contribute with rele-
vant information that describe the feature, so they are
removed.

• Thirdly, stemming techniques are applied to unify the
language used in the text. This technique consists of

Fragment Seed

Figure 3: Input provided to the approach

reducing each word to its roots enabling that differ-
ent words referring to similar concepts can be grouped
together. For instance, plurals are turn into singulars
(inductors to inductor) or verbs tenses are unified (us-
ing and used are turn into use).

The User Input Retrieval step generates as a result an ini-
tial population of fragments (that contain the model frag-
ment provided as seed) and the query that will be used
for the comparisons (obtained from the textual description).
Then, the model fragment from the initial population will
be evolved into several model fragments through the use of
the genetic operations.

3.2 Genetic Operations
The second step is to generate a set of model fragments

that could be realizing the feature. The generation of model
fragments is done by applying genetic operators adapted to
work over model fragments. That is, new fragments based
on the existing ones (the seed fragment during the first
execution) are generated through the use of three genetic
operators: the selection of parents, the mutation and the
crossover.

In order to apply the genetic operators, it is first neces-
sary to apply the selection operator that selects the best
candidates from the population to be the input for the rest
of operators. There are different methods that can be used
to perform the selection of the parents, but one of the most
spread choices is to follow the wheel selection mechanism
[4]. That is, each model fragment from the population has
a probability of being selected proportional to their fitness
score. Therefore, candidates with high fitness values will
have higher probabilities of being chosen as parents for the
next generation. Top part of Figure 4 shows an example of
application of the selection operator.

The crossover operator is used to imitate the sexual
reproduction followed by some living beings in nature to
breed new individuals. That is, two individuals mix their ge-
nomic information to give birth a new individual that holds
some genetic information from one parent and some from the
other one. This could make him adapt better (or worse) to
his living environment depending on the genetic information
inherited from his parents.

Following this idea, our crossover operator applied to model
fragments takes as input two model fragments and a ran-
domly generated mask to combine them into two new indi-
viduals. The mask determines how the combination is done,
indicating for each element of the model fragments if the
offspring should inherit from one parent or the other (in-
cluding the element or not if the element is present on the
parent or not). A model fragment is a subset of the elements
present in a product model. As both model fragments have
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Figure 4: Genetic Operators: Mutation and
Crossover over Model Fragments

been extracted from the same product model the combina-
tion (applying the mask) of them will always return a model
fragment that is part of the product model. As a result, two
individuals will be generated, one by applying directly the
mask and another one by applying the inverse of the mask
as it is usually done in genetic algorithms [5].

Figure 4 shows an example of application of the crossover
operator. The input of the operator is the first parent (MF1),
a mask indicating two sets of elements (one regular and one
marked in black) and the second parent (MF3). To create
the first of the new individuals we interpret the mask select-
ing the blacked out elements from the first parent (MF1) and
the regular elements from the second parent (MF3). That
is, the elements on the top part of the product model that
are in black in this mask are selected depending on whether
they are part of MF1 or not, while the rest of the elements
that are not blacked out in the mask are selected depend-

ing on whether they are part of MF3 or not. As a result,
the new MF5 contains some elements from the first parent
(power group connected to the inductor) and some others
from the second parent (the inverter that connects with the
power group).

In addition, the mask is also interpreted in the opposite
way, selecting the blacked out elements form the second par-
ent and the regular elements from the first parent. This
produces MF6 (see middle-right part of Figure 4), where an
inverter connected to a power manager has been inherited
from the second parent (MF3) and nothing has been inher-
ited from parent 1 (MF1) as all the elements not blacked
out in the mask are not part of MF1.

For the crossover operation to work, it is not necessary
to have elements shared by both parents. It is possible to
perform crossovers that return fragments where not all the
elements are connected. Indeed, the feature being located
could be realized by several model elements that are not
directly connected in the model. Therefore, it is necessary
to create this kind of fragments as they could be the ones
realizing the target feature.

The mutation operator is used to imitate the mutations
that randomly occur in nature when new individuals are
born. That is, a new individual holds a small difference in
regards to its parents that could make him adapt better (or
worse) to their living environment.

Following this idea, the mutation operator applied to model
fragments takes as input a model fragment and mutates it
into a new one produced as output. As the approach is
looking for fragments of the product model that realize a
particular feature, the new modified fragment must remain
being a part of the product model. Therefore, the modifi-
cations that can be done to the model fragment are driven
by the product model. In particular, the mutation operator
can perform two kind of modifications, addition of elements
to the fragment, or removal of elements from the model frag-
ment.

Bottom part of Figure 4 shows two examples of appli-
cation of the mutation operator. Left part shows the first
example, MF5 is used as input of the operator that produces
M7 as output. In this example, the mutation operation has
added some elements (a new inverter connected to the power
manager). The resulting model fragment remains being part
of the product model that is driving the mutation, so it is
a candidate as realization of the feature. Right part shows
the second example, where MF6 is used as input and MF8 is
produced as output. In this example the mutation operator
has removed an element (the power manager).

3.3 Model Fragment Fitness
The third step of the process consists of the assessment of

each candidate fragment produced and the ranking of them
according to a fitness function. The fitness function is used
to imitate the different degrees of adaptation to the environ-
ment that different individuals have. Therefore, individuals
that result of mutations and crossovers that contribute to
their adaptation to the environment will have higher chances
of survival that others.

Following this idea, the fitness function is used to deter-
mine the suitability of each candidate as solution to the
problem, enabling to rank them from the best candidate
to the worst. The fitness function is based on the compar-
ison between the feature description query and the identi-
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fier names and other natural language items present in the
model fragments. The input of this step is a population of
candidate fragments, and the feature description query; the
output produced is a ranking where each candidate has been
assigned with a fitness value.

However, when locating features realized through model
fragments, it is important to notice that a feature can be re-
alized by the combination of more than one model fragment.
Therefore, as part of our fitness function we will follow two
steps: (1) the population of fragments will be grouped ac-
cording to their similarities in terms of the domain, then (2)
each one of these groups will receive a fitness value obtained
using the feature description obtained from the user as part
of step one.

3.3.1 Grouping of Model Fragments into Feature Can-
didates through FCA

To perform the grouping of model fragments into feature
candidates we rely on Formal Concept Analysis (FCA) [11],
a branch of mathematical lattice theory that provides means
to identify meaningful groups of objects that share common
attributes. Groupings are identified by analysing a binary
relationship between the set of all objects and all attributes.
FCA takes as input a formal context (an incidence table in-
dicating which attributes are possessed by each object) and
returns a set of concepts where every concept is a maximal
collection of objects that share some common attributes.
Each concept will be considered as a feature candidate.

Therefore, in order to apply FCA we need to define a set
of objects (model fragments), a set of common attributes
(the metamodel elements used to build those model frag-
ments) and a binary relationship between them (the pres-
ence or absence of a particular metamodel element in the
model fragment). Then, a formal context that represents
the relationship between the objects and the attributes can
be built.

Top of Figure 5 shows an example of a formal context re-
lating model fragments and the metamodel elements used to
build them. Columns show each of the attributes present in
the context, in this case the different metamodel elements
used to build the model fragments. Rows show each of the
objects of the context, in this case the different candidate
model fragments present in the population. Each cell indi-
cates if a particular metamodel element has been used to
build each of the model fragments. For instance, MF1 and
MF2 (first and second rows) are built using three different
metamodel elements (power manager, consumer channel and
inductor), while MF4 (fourth row) is built using all the el-
ements from the metamodel (Inductor, Inverter, Provider
Channel, Consumer Channel and Power Manager).

Using the formal context as input, FCA generates a lat-
tice: a set of interrelated concepts where every one is a
maximal collection of model fragments that share common
metamodel elements. Bottom of Figure 5 shows the lattice
obtained applying FCA to the formal context presented be-
fore. Each of the circles represents one concept (there are
seven in total). The concepts are labeled with the meta-
model elements (grey background labels) and the model
fragments (white background labels) grouped by that con-
cept. The concepts are organized hierarchically, indicating
containment relationships between the sets of model frag-
ments and metamodel elements of the concepts.

That is, the set of model fragments of a concept is con-
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Figure 5: Formal context between model frag-
ments and metamodel elements and Lattice ob-
tained through FCA

tained by all the connected concepts above it and contains all
the model fragments from connected concepts below it. For
instance, the model fragments in FC6 (MF3,MF4,MF5,MF9)
will be also part of all concepts above FC6 (FC4 and FC1).
Likewise, the metamodel elements in FC3 (Power Manager)
will be also part of all concepts below it (FC5, FC6 and
FC7).

As a result of the application of the FCA, a set of Feature
Candidates (FC1, FC2, FC3, FC4, FC5, FC6 and FC7) that
clusters some of the model fragments based on their use of
the elements of the metamodel is provided.

3.3.2 Feature Candidates assessment through LSA
To assess the relevance of each feature candidate with re-

lation to the query extracted from the textual description
provided by the user, we are going to apply methods based
on Information Retrieval (IR) techniques. In particular we
apply Latent Semantic Analysis (LSA) to analyse the rela-
tionships between the description of the feature provided by
the user and the candidate features previously obtained.

LSA constructs vector representations of a query and a
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corpus of text documents by encoding them as a term-by-
document co-occureence matrix. That is, a matrix where
each row corresponds to terms and each column corresponds
to documents, followed by the query in the last column.
Then, each cell holds the number of occureences of a term
(row) inside a document or the query (column).

Once the matrix is built, it is normalized and decomposed
into a set of vectors using a matrix factorization technique
called Singular Value Decomposition (SVD) [17]. One vec-
tor that represents the latent semantic is obtained for each
document and the query. Finally, the similarities between
the query and each document are calculated as the cosine
between both vectors, obtaining values between -1 and 1.

We apply LSA to the feature candidates generated by
FCA and the query. A document of text is generated from
each of the feature candidates using the model fragments
contained by the feature candidate. That is, the names and
values of properties and methods are processed to extract
the terms by applying Natural Language Processing tech-
niques (as performed with the textual description provided
in the first step, see Section 3.1). As a result we obtain
a list of relevant terms present in the documents and the
query. Finally, after the matrix is turned into vectors and
the cosines are calculated, we obtain a value for each of the
feature candidates indicating its similarity with the query.
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Figure 7: Term-by-document co-occurrence matrix
for Feature Candidates

Figure 7 shows an example of co-occurrence matrix for
our running example. Each column is one of the Feature
Candidates obtained through the application of FCA. Then,

the last column is the query provided by the user as part
of the input of the process. Each row is one of the terms
extracted from the corpuses of text conformed by all the
feature candidates and the query itself (we show the terms
before the stemming process to improve the readability).
Each cell shows the number of occurrences of each of the
terms into the feature candidates.

3.3.3 Loop
The next step is to spread the similarity values obtained

by each feature candidate to the model fragments contained
by that feature candidate. However, each model fragment
can be part of more than one feature candidate. Therefore,
in order to obtain the similarity of a model fragment with
the query we need to combine the similarity values obtained
by each of the feature candidates where the model fragment
is present. As a result each model fragment is assigned with
a value (fitness value).

Figure 6 shows an example of the assessment process.
First, the set of model fragments from the population is used
to build a set of feature candidates through FCA. Then, the
set of feature candidates is compared with the query through
the use of LSI, resulting in a set of weighted feature candi-
dates. At this point, if the stop condition is met, the process
will stop returning the rank of feature candidates. If the stop
condition is not met yet, the genetic algorithm will keep its
execution one generation more.

The next time that the genetic operators are applied, it
will be necessary to select the best candidates as parents for
the new generation. This will be done based on the score
obtained by each model fragment. As a result, model frag-
ments with higher similarities will have more chances to be
selected as parents of the new generation. Notice that being
part of more feature candidates does not guarantee a higher
score for the model fragment, as the similarity between a
feature candidate and the query can be negative.

The process of generation of fragments, extraction of fea-
ture candidates and assessment of those candidates is re-
peated until the stop condition is met. Usually, the stop
condition can be a time slot, a fixed number of generations
or a trigger value of the fitness that makes the process finish
when reached. In addition, it also possible to monitor the fit-
ness values and determine when they are converging and no
further improvements are being made by new generations.
The stop condition highly depends on the domain and the
problem being solved; therefore, it is adjusted depending on
the results being outputted by the process.
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4. EVALUATION
To evaluate the approach we applied it to a case study ex-

tracted from our industrial partner BSH, the leading manu-
facturer of home appliances in Europe. Their induction di-
vision has been producing Induction Hobs under the brands
of Bosch and Siemens for the last 15 years. The firmware of
the different induction hobs is generated following a model-
based Software Product Line approach.

We are going to use the product models from BSH as an
oracle to evaluate the presented approach. That is, we make
use of a set of products models whose feature realizations
are known beforehand and will be considered as the ground
truth, enabling us to compare the results provided by the
approach with the oracle.

4.1 Setup
Figure 8 shows an overview of the process followed to eval-

uate the presented approach. Top part shows the oracle for
the case study, a set of product models, features located over
those product models, and documentation obtained from the
model-based SPL of our industrial partner. Those features
correspond to products that are currently being sold or will
be released to the market in the near future. This oracle will
be considered the ground truth and will be used to evaluate
the presented approach.

The oracle is composed of 46 induction hob models where
each product model is composed of more than 500 elements
on average. For each of the 96 features used to build the
product models we got a test case including a product model,
a fragment seed (extracted from the located feature in the
oracle) and a feature description (obtained from the docu-
mentation of the features).

Then, each test case was fed as input for two different
executions: the presented approach where the Genetic Al-
gorithm fitness is performed through FCA and LSI (FLM);
the same Genetic Algorithm but using a random fitness func-
tion to assign random values to each model fragment instead
of using IR techniques (Baseline). As a result we got a pair
(one for FLM and one for Baseline) of Feature Candidates
rankings for each of the test cases.

Finally, we computed the precision, recall and F-measure
values (three of the most common measures for information
retrieval methods [23]) for each of the Feature Candidates

rankings, obtaining a precision and recall report. Precision
measures the number of elements from the solution that are
correct according to the ground truth (the oracle), while
recall measures the number of elements of the solution that
are retrieved by the proposed solution. F-measure combines
precision and recall into a single value and corresponds to
the harmonic mean of precision and recall.

To calculate the precision and recall we need to compute
the true positives (TP); the number of elements in the so-
lution that are actually correct according to the ground
truth (the oracle). That is, the number of elements that
are present in both, the solution and the ground truth. The
precision is calculated dividing the TP by the total number
of elements in the solution. The recall is calculated dividing
the TP by the total number of elements in the ground truth.

In our case, each feature candidate from the rankings is a
model fragment composed of a subset of the model elements
present in the product model (where the feature is being
located). The granularity will be at the level of model ele-
ments, so each model element present in both (the solution
feature candidate and the located feature from the oracle)
will be a TP.

Recall values can range between 0% (which means that
no single model element from the realization of the feature
obtained from the oracle is present in any of the model frag-
ments of the feature candidate) to 100% (which means that
all the model elements from the oracle are present in the
feature candidate).

Precision values can range between 0% (which means that
no single model fragment from the feature candidate is present
in the realization of the feature obtained from the oracle) to
100% (which means that all the model fragments from the
feature candidate are present in the feature realization from
the oracle). A value of 100% precision and 100% recall im-
plies that both feature realizations are the same.

The presented approach has been implemented within the
Eclipse environment. We have used Eclipse Modeling Frame-
work (EMF) to manipulate the models from our industrial
partner, and the Common Variability Language to manage
the fragments of models. The genetic algorithm is built upon
Watchmaker Framework for Evolutionary Computation [7]
that enable us to implement our own genetic operators. Re-
garding the IR techniques, we have used colibri-java [12] to
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Figure 9: Mean Precision, Recall and F-measure for FLM and the Baseline

implement the FCA. The IR techniques used to process the
language have been implemented using OpenNLP [2] for the
POS-Tagger and Snowball [3] for the stemming. Finally, the
LSI has been implemented using the Efficient Java Matrix
Library (EJML [1]).

The evaluation has been executed using a Dell XPS with
a processor Intel(R) Core(TM) i7-2670QM @2.2GHz with 8
GB or RAM and running Windows 10 Pro N 64 bits as the
hosting Operative System. The approach has been executed
under Java(TM) SE Runtime Environment (build 1.8.0 73-
b02).

4.2 Results
Figure 9 shows the mean precision and recall values mea-

sured for the 96 features located by both executions (the
presented approach and the Baseline). Top chart shows the
results for the execution of the presented approach while
bottom part shows the results for the Baseline. The values
for the recall measure are in blue, the values for the preci-
sion measure are in red and the values for the F-measure
are in black (in both charts). Each measure includes the
standard deviation (shaded in the same color). The x axis
of the charts indicates the number of generations of the ge-
netic algorithm while the y axis measures the % value of the
recall, precision and F-measures.

Each of the lines corresponds to the mean values for the

location of the 96 test cases obtained from the oracle. First,
we have calculated the values for each of the test cases (in-
cluding all the feature candidates from their rank). Then,
mean values and standard deviations for the 96 test cases
have been calculated.

The recall values for the presented approach (top chart
blue line) start in a range between 0% and 20% for the first
hundreds of generations but then start raising up to the 90%
(around generation 1.400). Beyond generation 1.400, the
recall values keep close to the 100%. The precision values for
the presented approach (top chart red line) start in a range
between 0% and 60% for the first hundreds of generations.
Then, the precision values raise up to the range between 80%
and 90% (around generation 1.500), beyond that generation
there are no further changes in the tendency.

The recall values for the Baseline (bottom chart blue line)
start in a range between 0% and 20% for the first hundreds of
generations. Then, the recall values reach the range between
30% and 40% (around generation 1.400) and oscillate in that
range for the rest of the generations. The precision values
for the Baseline (bottom chart red line) raise sharply to the
20% and then drop slightly to a value around 15%, remaining
steady for the rest of generations.

Overall, results show that the use of IR techniques as the
fitness function of the GA (our approach) guides it to locate
the feature better than if a random guide is provided (Base-
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line). The comparison with the oracle enables to obtain the
recall and precision values for both approaches and the IR
provides higher mean values of precision and recall for any
number of generations.

5. DISCUSSION
The evolution of the recall and precision values over the

generations suggests that the proposed fitness function is
performing well and guiding the algorithm to find feature
realization candidates close to the target feature.

5.1 Input data
The presented approach relies on two pieces of information

given by the engineer performing the feature location, the
seed fragment and the query. These two elements will have
an impact on the ranking of feature candidates produced
and must be chosen carefully by the engineer performing
the feature location.

To test out the impact of the seed fragment in the results,
we have executed the approach with different kind of seed
fragments containing one element (single element belonging
to the feature being located or single element not belonging
to the feature being located). But those executions did not
produce noticeable differences in the resulting ranking of
feature candidates or in the number of generations needed
to converge.

However, when selecting seed fragments of sizes closer to
the size of the feature being located, the effect is noticeable.
The number of generations needed by the GA to converge
was reduced when a seed fragment close to the feature be-
ing located was chosen. In particular, when the fragment
seed contained about 50% of the elements belonging to the
feature being located, the number of generations needed for
the GA to converge was reduced up to 15%.

Overall, when the engineer provides a seed that is not
related with the target feature, the recall and precision of
the feature candidates returned is not affected. Therefore,
our recommendation is that when the engineer is pondering
whether to include a model fragment seed or not, he should
do it. The approach is capabale of accepting more than
one model fragment as seed at the same time and we have
performed some test (up to 10 related and unrelated seeds)
that reveals that there is no negative impact when unrelated
seeds are included.

To test out the impact of the query in the results, we have
also executed the approach varying the text description used
as input (using longer and smaller queries by subsetting the
original description, including more or less domain terms
and including more or less meta-element terms).

The search query used to locate the feature is in charge
of driving the search and greatly impacts on the precision
and recall results. In fact, depending on the level of detail
of the query, the recall and precision values obtained will
change. When the query provided is too broad, the preci-
sion decreases as there are several model elements matching
the query not belonging to the target feature. Anyhow, the
elements belonging to the feature will be also matched pos-
itively so the recall value will be high. However, when the
query provided is too specific, some of the elements rele-
vant for the feature being located can be missed out. Thus,
the recall value is decreased although the precision values
remain high.

To achieve good precision and recall values, it is important

to avoid the usage of words included into the meta-elements
of the model elements. That is, if we refer to the meta-
class name of one of the model elements, all instances of
this class will match to that word (e.g. any inductor class
model element will match the query “inductor”). By con-
trast, by using words specific for the model element (as the
value of the name property or values of some of the param-
eters contained in those model elements), those model ele-
ments (and not others with the same class) will be included
into the feature candidates, affecting positively to the preci-
sion values (e.g. only some inductors will match the query
“doubleTwistedCoil” as it is the value of a property of the
inductor class). In fact, when removing the usage of meta-
element names in the queries, the approach obtained similar
values of recall but the precision raised up to a 20% for best
cases.

It is important to notice that we have made use of an ora-
cle (obtained from our industrial partner model-based SPL
and considering the ground truth) to evaluate the approach
using test cases where the expected solution was known be-
forehand. By doing so, we were able to compute the recall,
precision and F-measure for the feature candidates rankings
provided by the approach. However, when applying the pre-
sented approach to locate features (and thus not having an
oracle), the approach should be used iteratively, refining the
query and the seed fragment as described above.

5.2 Scalability
The presented approach has been executed to locate 96

features over 46 product models of sizes ranging from around
400 elements to around 600 elements (around 500 elements
on average). Each feature being located has a relative size
in the range between 3% and 10% of the product model
where the feature is being located. The mean number of
generations needed to locate those features (when the ge-
netic algorithm converges) is about 1500 generations.

The time needed to locate the features ranged between
12 seconds and 26 seconds. That is, the 1.500 generations
where generated in an average time of 19 seconds. Most
of the time (around 85%) was spent on the execution of
the fitness function while the rest was used to process the
query (3%) and execute the genetic operations (12%). The
approach is able to reach a million of generations within
less than 5 minutes when locating features over models with
dimensions similar to the models of our industrial partner.

The implementation of the approach is far from being op-
timized. Furthermore, the computer used to run the case
study is a four years old laptop. Therefore, the performance
of the approach could be increased by some means if neces-
sary.

5.3 Generalization
The presented approach has been designed to be applied,

not only to our industrial partner domain, but to any do-
main. The only requisite to apply the approach is that the
set of models where features have to be located conform to
MOF (the OMG metalanguage for defining modeling lan-
guages). The query must be provided as a textual descrip-
tion.

The generation and management of fragments is performed
using the Common Variability Language (CVL), which can
be applied to any MOF-based languages. With the use of
CVL, the approach is able to work with the model fragments
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provided as seed and evolve them applying the genetic algo-
rithms. As output, the approach produces a set of feature
candidates rankings in the form of CVL model fragments.

Furthermore, the fitness function can also be applied to
any MOF-based model. The text elements associated to
the models are extracted automatically by the approach us-
ing the reflective methods provided by the Eclipse Modeing
Framework. That is, there is no need of knowledge about
the domain of application in order to extract the relevant
terms.

However, the approach can be tailored to fit the needs
of different domains if necessary. For instance, the naming
conventions used by companies for model elements, prop-
erties and functions can follow different formats, but the
approach can be tailored to handle them. In our case study
some model elements follow the CamelCase convention while
others follow the Underscore convention. To address that,
we applied different tokenizers in order to obtain the terms
properly. Similarly, the Part-of-Speech tagger that is used
to eliminate non-relevant words based on their grammatical
category is language dependant, but can be configured to
other languages when necessary.

In summary, the approach can be applied to locate fea-
tures on any MOF-based model from any domain. If neces-
sary, some tweaks and modifications can be applied to tailor
the approach to particular needs of the domains, but the
core of the approach will remain unchanged.

6. RELATED WORK
Some works report their industrial experiences in a wide

range of fields transforming legacy products into Product
Line assets [15, 16, 18]. These approaches focus on captur-
ing guidelines and techniques for manual transformations.
In contrast, our approach introduces automation into the
process while taking advantage from the knowledge of the
domain experts.

Some works [25, 14, 26, 27, 20, 10, 8] focus on the location
of features over models by comparing the models with each
other to formalize the variability among them in the form of
a Software Product Line.

Wille et al. [25] present an approach where the similar-
ity between models is measured following an exchangeable
metric, taking into account different attributes of the mod-
els. Then, the approach is further refined [14] to reduce the
number of comparisons needed to mine the family model.

The authors in [26] propose a generic approach to auto-
matically compare products and locate the feature realiza-
tions in terms of a CVL model. In [27] the approach is
refined to automatically formalize the feature realizations of
new product models added to the system. A similar ap-
proach is proposed in [10] where the feature location results
is validated against an industrial environemnt.

Martinez et al. [20] propose an extensible approach based
on comparisons to extract the feature formalization over a
family of models. In addition, they provide means to extend
the approach to locate features over any kind of asset based
on comparisons.

However, all of these approaches are based on mechani-
cal comparisons among the models, classifying the elements
based on their similarity and identifying the dissimilar el-
ements as the features realizations. In contrast, our work
is applied to a single product model, so it does not rely on
model comparisons to locate the features but in comparisons

with a textual description of the target feature.
Font et al. [8] propose a generic approach to locate fea-

tures among a family of product models based on a human-
in-the-loop process. The features are located by comparison
of models and the interaction of engineers that provide their
knowledge of the domain. The approach is further refined
in [9] and generalized through the use of a genetic algorithm
to locate features among a family of models in the form of a
variation point (model placements and a set of correspond-
ing replacements).

However, the work from [9] cannot be applied to a sin-
gle model as the fitness function is based on the number of
occurrences of one model fragment among the family of mod-
els. In the present work, the feature location is performed
over a single model; no family of models is required to apply
the approach. We introduce a new crossover operator (that
applies to model fragments extracted from the same product
model) and a fitness function that combines FCA and LSA
to determine the similarity between the query provided and
the “evolving” model fragments. The approaches in [9] and
the present work differ on (1) the scenarios where they can
be applied (variability formalization of a family of products
for SPL creation VS isolation of a feature realization from
a single product for maintenance purposes), (2) the models
that can be fed to the approach (family of models VS single
model with meaningful identifier names and other natural
language items present in the models), (3) the fitness func-
tion (occurrences of model fragment VS textual similarity
between a search query and the model elements performed
through FCA+LSA) and (4) the evaluation performed (im-
pact of model fragments seed VS impact of the query used
as input).

7. CONCLUSION AND FUTURE WORKS
As part of this work we have presented a Genetic Algo-

rithm to Feature Location that target models as the feature
realization artifacts. We propose a new crossover operator
that combines two model fragments extracted from the same
product model and generates a new individual that contains
elements from both parents. We propose a fitness function
that clusters model fragments into feature candidates and
then assigns them a fitness value based on their similarity
with a query. As a result, the features located by using the
approach shows a recall and precision measures of around
90% while the baseline remains below 40%. Finally, we dis-
cuss the approach and provide recommendations on how to
provide the input to the approach to improve the location
of features over the models.

Our next steps involve the application of the presented
approach to other domains. In particular we plan to apply
the approach to locate the features on train models from
CAF1, an international company that builds and deploys
railways solutions around the world.
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Achieving Feature Location in Families of Models
through the use of Search-Based Software

Engineering
Jaime Font, Lorena Arcega, Øystein Haugen and Carlos Cetina

Abstract—The application of Search-Based Software Engineer-
ing (SBSE) techniques to new problems is increasing. Feature
location is one of the most important and common activities
performed by developers during software maintenance and evo-
lution. Features must be located across families of products and
the software artifacts that realize each feature must be identified.
However, when dealing with industrial software artifacts, the
search space can be huge. We propose and compare five search
algorithms to locate features over families of product models
guided by Latent Semantic Analysis (LSA), a technique that
measures similarities between textual queries. The algorithms are
applied to two case studies from our industrial partners (leading
manufacturers of home appliances and rolling stock) and are
compared in terms of precision and recall. Statistical analysis of
the results is performed to provide evidence of the significance
of the results. The combination of an evolutionary algorithm
with LSA can be used to locate features in families of models
from industrial scenarios such as the ones from our industrial
partners.

Index Terms—Feature Location, Families of Models, Evolu-
tionary Algorithm, Search-Based Software Engineering

I. INTRODUCTION

SEARCH-based techniques have been applied successfully
to a growing number of engineering problems. Software

engineering is concerned with finding near optimal solutions or
those that fall within a specified level of acceptable tolerance.
It is precisely these factors which make search-based tech-
niques readily applicable. Search-Based Software Engineering
(SBSE) has had notable successes and there is an increasingly
widespread application of SBSE across the full spectrum of
Software Engineering activities and problems [1]. In addition,
some research efforts demonstrate that SBSE, which was
previously only applied to laboratory programs, can scale to
real-world systems of tens of thousands of lines of code [2].

Feature location (FL) is one of the most important and
common activities performed by developers during software
maintenance and evolution [3]. FL is known as the process
of finding the set of software artifacts that realize a specific
feature, and it has received much attention during recent years
[4], [5]. However, most of the research on FL targets code as
the software artifacts that realize the feature [4], [5], neglecting
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other software artifacts such as the models. When performing
FL over models, the set of possible realizations for a specific
feature is too big to be evaluated exhaustively (a model of 500
elements can yield around 1029 potential fragments) and there
is a need for search-based techniques to drive the process [6].

In this paper, we propose and compare five search algo-
rithms to locate features over a family of models (MFL): Evo-
lutionary Algorithm (EA-MFL), Random Search (RS-MFL),
steepest Hill Climbing (HC-MFL), Iterated Local Search with
restarts (IHL-MFL), and a hybrid between Evolutionary algo-
rithm and Hill Climbing (EHC-MFL). The five algorithms rely
on Latent Semantic Analysis (LSA) [7] as the fitness function
for the evaluation of the solutions. LSA is an Information
Retrieval technique that measures the similarity between two
textual queries, and, in this paper, it is applied to compare
the feature realization solutions with the search query that
describes the feature being located.

We have applied the five approaches to two different indus-
trial domains: BSH, the leading manufacturer of home appli-
ances in Europe; and CAF, a worldwide leading company that
manufactures rolling stock. To compare the search algorithms,
we extracted two case studies from our industrial partners that
include the problem (the features to be located) and the oracle
(the realization of those features validated by the company).
Then we compared the results from the five algorithms with
the oracle (which is considered to be the ground truth) in
terms of precision, recall, the F-measure, and the Matthews
Correlation Coefficient (MCC) [8], [9]. Finally, we performed
a statistical analysis of the results (following the guidelines in
[10]) in order to provide quantitative evidence of the impact
of the five search algorithms and to show that this impact is
significant.

The EHC-MFL algorithm performed better than the other
algorithms in terms of the four performance indicators. For
the best case study, up to 72.41% of the model elements that
were expected to be in the features being located (according to
the oracle) were present when the EHC-MFL was used (up to
67.32% for EA-MFL, 61.81% for ILS-MFL, 56.61% for HC-
MFL, and 38.91% for RS-MFL). In addition, only 23.53% of
the elements introduced by the EHC-MFL algorithm as part
of the feature realization were misplaced and should not be
part of it (29.32% for EA-MFL, 39.1% for ILS-MFL, 48.01%
for HC-MFL, and 61.67% for RS-MFL). It turns out that
the genetic operations performed by EHC-MFL and EA-MFL
together with the fitness function are able to properly traverse
search spaces that are originated when locating features in
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industrial models such as the ones from our industrial partners.
The rest of the paper is structured as follows: Section II

provides some background. Section III provides an overview
of the work. Section IV presents the encoding that was used
for the model fragments. Section V shows the usage of LSA as
fitness function. Section VI presents the five search algorithms.
Section VII presents the evaluation that was performed with
our industrial partners and the statistical analysis of the results.
Section VIII presents some related work, and then we conclude
the paper.

II. BACKGROUND

This section presents the Domain-Specific Language (DSL)
used by our industrial partner BSH to formalize their products,
the IHDSL. It will be used throughout the rest of the paper
to present a running example. Then the Common Variability
Language (CVL) is presented. CVL is the language used by
our MFL approaches to formalize the location of the features.

A. The Induction Hobs Domain-Specific Language (IHDSL)

The newest Induction Hobs (IHs) feature full cooking
surfaces, where dynamic heating areas are automatically gen-
erated and activated or deactivated depending on the shape,
size, and position of the cookware placed on top. In addition,
there has been an increase in the type of feedback provided
to the user while cooking, such as the exact temperature of
the cookware, the temperature of the food being cooked, or
even real-time measurements of the actual consumption of the
IH. All of these changes are made possible at the expense of
increasing the software complexity.

The Domain-Specific Language used by our industrial part-
ner to specify the Induction Hobs (IHDSL) is composed of
46 meta-classes, 74 references, and more than 180 properties.
However, in order to increase legibility and due to intellectual
property rights, we show a simplified subset of the IHDSL at
the top of Fig. 1.

Inverters are in charge of transforming the input electric
supply to match the specific requirements of the IH. Then, the
energy is transferred to the inductors through the channels.
There can be several alternative channels, which enable differ-
ent heating strategies depending on the cookware placed on top
of the IH at run-time. The path followed by the energy through
the channels is controlled by the power manager. Inductors
are the elements where the energy is transformed into an
electromagnetic field. Inductors can be organized into groups
to heat larger cookware while sharing the user interface.

B. The Common Variability Language applied to IHs

Our MFL approaches use the Common Variability Language
(CVL) [11] due to its expressiveness to properly formalize the
feature realizations in terms of model fragments. CVL defines
variants of a base model that conforms to Meta-Object Facility
(MOF) [12] by replacing variable parts of the base model with
alternative model replacements that are found in a library.

The base model is a model described by a given DSL
(here, IHDSL) that serves as the base for different variants
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Fig. 1. CVL applied to IHDSL

defined over it. In CVL, the elements of the base model
that are subject to variations are the placement fragments
(hereafter placement). A placement can be any element or set
of elements that is subject to variation. To define alternatives
for a placement, we use a replacement library, which is a
model that is described in the same DSL as the base model
that will serve as a base to define alternatives for a placement.
Each one of the alternatives for a placement is a replacement
fragment (hereafter replacement). Similarly to placements, a
replacement can be any element or set of elements that can
be used as variation for a placement.

The bottom of Fig. 1 shows an example of a variability
specification of an IH through CVL. In the product realization
layer, two placements are defined over the IH base model
(P1 and P2). Then, four replacements are defined over the IH
library model (R1, R2, R3, and R4). In the feature specification
layer, a Feature Model that formalizes the variability among
the IH (based on the placements and replacements) is defined.
For instance, P1 can only be substituted by R4 (which is
optional), but P2 can be replaced by R1, R2, or R3.

III. OVERVIEW

In this paper, we present and compare five search algorithms
for Model-based Feature Location (MFL). The objective of
the approach is to find the model fragment (from a given
set of product models) that realizes a specific feature being
described by the user. This is one of the most important and
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Hotplate: group of inductors that can work 
together to heat the cookware. Each 
hotplate is controlled by a power level that is 
then translated to different power outputs 
for each inductor depending on its size and 
position. The inductors activated depend on 
the detection of the cookware.

Feature Description

Set of Product Models

Fig. 2. Input provided to the approach

common activities performed by developers during software
maintenance and evolution [3]. This activity takes up to 80%
of the time spent on a system [13]. Therefore, increasing the
automation level of the feature location activity will help in
reducing the time spent on maintenance and evolution tasks.

The five MFL approaches are: Evolutionary Algorithm (EA-
MFL); Random Search (RS-MFL); steepest Hill Climbing
(HC-MFL); Iterated Local Search with Replacement (ILS-
MFL) and a hybrid between Evolutionary Algorithm and Hill-
Climbing (EHC-MFL). The same fitness operation is used by
the five algorithms. The fitness value is calculated according to
the similarity of the model fragment and a feature description
that is provided by the user. The outputs of the five approaches
are model fragments that may realize the feature being located.

The input for the proposed approaches consists of a set of
product models and a textual description of the feature. With
these, the engineer can embed their implicit knowledge of the
domain into the feature location process.

Fig. 2 presents an example of input for the MFL approaches.
The part on the left represents the set of product models. The
part on the right shows a textual description for the feature
to be located, the hotplate. This is a simplified version of
a text description that has been extracted from the internal
documentation used by one of our industrial partners to
describe their products.

IV. ENCODING

The features being located by the algorithms will be in the
form of model fragments, which are a subset of the model
elements present in a specific product model. Traditionally,
evolutionary algorithms encode each possible solution of the
problem as a string of binary values. Each position of the string
has two possible values: 0 or 1. Therefore, each solution candi-
date of our proposed approaches will be a model fragment that
is defined over one of the product models. Each model element
will have a corresponding position in the binary string and the
value of that position will indicate the presence or absence of
that specific element in the encoded model fragment.

Fig. 3 shows two examples of our encoding of model
fragments. We tag each model element of the product model
with a letter. In the example of the upper part of Fig. 3, the
letters A and F correspond to inverters, the letters B, D, G, and
I correspond to channels, and the letters E and J correspond
to inductors. The string of binary values that represents the
model fragment from this product model has the positions
that correspond to each letter with a value of 0 or 1. If the
model element is part of the model fragment, the value will
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0 1 1 1 1 0 0 0 0 0
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Fig. 3. Encoding of Individuals (Model Fragments)

be 1; if the model element is not part of the model fragment,
the value will be 0.

Each model fragment representation depends on the product
model that it came from. Both of the examples in Fig. 3
represent the same model fragment, but they come from
different product models and thus have different representa-
tions. Throughout the rest of the paper, we will refer to each
individual as a model fragment that is part of a product model.

V. MODEL FRAGMENT FITNESS

To assess the relevance of each model fragment in relation
to the feature description provided by the user, we apply
methods that are based on Information Retrieval (IR) tech-
niques. Specifically, we apply Latent Semantic Analysis (LSA)
[7] to analyze the relationships between the description of
the feature provided by the user and the model fragments
previously obtained. Recent studies have shown that there is
not a statistically significant difference among different IR
techniques [14], [15] when applied to software artifacts [16].
Hence, we chose LSA because it provides results that are
similar to other IR techniques for software documents.

LSA constructs vector representations of a query and a
corpus of text documents by encoding them as a term-by-
document co-occurrence matrix (i.e., a matrix where each row
corresponds to terms, each column corresponds to documents,
and the last column corresponds to the query). We use the
term-frequency (tf) as the term weighting schema to construct
the matrix. In other words, each cell holds the number of
occurrences of a term (row) inside either a document or the
query (column).

In our work, all documents are model fragments (i.e.,
a document of text is generated from each of the model
fragments). The text of the document corresponds to the names
and values of the properties and the methods of each model
fragment. The query is constructed from the terms that appear
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Fig. 4. Fitness Operation via Latent Semantic Analysis (LSA) - term-by-document co-occurrence matrix (left) and vector representation (right)

in the feature description. The text from the documents (model
fragments) and the text from the query (feature description)
are homogenized by applying well-known Natural Language
Processing techniques:

First, the textual description is tokenized (divided into
words). Usually, a white space tokenizer can be applied (which
splits the strings whenever it finds a white space). However,
for some sources of description, more complex tokenizers need
to be applied. For instance, when the description comes from
documents that are close to the implementation of the product,
some words could be using CamelCase naming.

Second, we apply the Parts-of-Speech (POS) tagging tech-
nique. POS tagging analyzes the words grammatically and
infers the role of each word into the text provided. Recent
studies in software engineering have proven the usefulness of
POS-tagging techniques to remove textual noise in software
documents [17]. In addition, the use of word-selection strate-
gies [18], [19] can improve the results in feature location [20].
After applying this technique, each word is tagged, which
allows the removal of some categories that do not provide
relevant information. For instance, conjunctions (e.g., or),
articles (e.g., a), or prepositions (e.g., at) are words that are
commonly used and do not contribute relevant information that
describes the feature, so they are removed.

Third, stemming techniques are applied to unify the lan-
guage that is used in the text. This technique consists of reduc-
ing each word to its roots, which allows different words that
refer to similar concepts to be grouped together. For instance,
plurals are turned into singulars (inductors to inductor) or
verbs tenses are unified (using and used are turned into use).

The union of all of the keywords extracted from the
documents (model fragments) and from the query (feature
description) are the terms (rows) used by our LSA fitness
operation.

Fig. 4 (left) shows an example of the co-occurrence matrix
for our running example. Each column is one of the model
fragments. The last column is the query that is obtained from
the feature description of the user. Each row is one of the
terms extracted from the corpora of text, which is composed
by all of the model fragments and the query itself (to improve
readability, we show the terms before the stemming process).
Each cell shows the number of occurrences of each of the
terms in the model fragments.

Once the matrix is built, we normalize and decompose it

into a set of vectors using a matrix factorization technique
called Singular Value Decomposition (SVD) [7]. SVD projects
the original term-by-document co-occurrence matrix in a lower
dimensional space k. We use the value of k suggested by Kuhn
et al. [21], which provides good results [22]. One vector that
represents the latent semantics of the document is obtained for
each model fragment and the query. Finally, the similarities
between the query and each model fragment are calculated
as the cosine between the two vectors. The fitness value that
is given to each model fragment is obtained as the cosine
similarity between the two vectors, obtaining values between
-1 and 1.

Let p1 be an individual of the population; let A be the
vector representing the latent semantic of p1; let B be the
vector representing the latent semantics of the query where
the angle formed by the vectors A and B is θ. The fitness
function can be defined as:

fitness(p1) = cos(θ) =
A ·B
‖A‖ · ‖B‖ (1)

Fig. 4 (right) shows a three-dimensional graph of the LSA
results. The graph shows the representation of each one of
the vectors, which are labelled with letters that represent the
names of the model fragments. Finally, after the cosines are
calculated, we obtain a value for each of the model fragments,
indicating its similarity with the query.

VI. SEARCH ALGORITHMS FOR FML

In this section, we present the five different search algo-
rithms that will be evaluated. All of them will be guided using
the same heuristic function, the fitness based on LSA presented
in the previous section. Therefore, their differences with each
other lie in how the solution space is traversed looking for the
best solution.

A. Evolutionary Algorithm MFL (EA-MFL)

Our first search algorithm is an Evolutionary Algorithm that
iterates a population of model fragments and evolves them
using genetic operations. As output, the algorithm provides
the model fragment that best realizes the feature according
to the fitness function. The generation of model fragments is
done by applying genetic operators that we have adapted to
work with model fragments.
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Fig. 5. Example of application of the Crossover Operation on Model Fragments

We develop our evolutionary algorithm as outlined in Algo-
rithm 1 (available in the Appendix). The algorithm starts with a
random initial population of model fragments that are obtained
from the product models provided as input, (P , Lines 7-14).
From this initial population, the offspring of model fragments
is created by applying a selection operation (Line 18), a
crossover operation (Line 19), and a mutation operation (Line
20). Then, the new offspring is added to the population (Line
21). When the creation of the new population has finished
(Lines 17-22), it replaces the existing one (Line 4). This loop
(Lines 2-5) is repeated until the StopCondition is met. Below
we describe the genetic operations used by this algorithm.

1) Selection of parents: The evolutionary algorithm uses
the selection operator to select the best model fragments from
the population to be used as the input for the following
operations. There are different methods that can be used to
perform the selection of the parents, but one of the most
common choices is to follow the wheel selection mechanism
[23]. In other words, each model fragment from the population
has a probability of being selected that is proportional to its
fitness score. Therefore, model fragments with high fitness
values will have higher probabilities of being chosen as parents
for the next generation.

2) Crossover: In our encoding, there are two elements that
can be mapped across the different individuals: the model
fragment and the referenced product model. Therefore, our
crossover operation will take the model fragment from the
first parent and the product model from the second parent,
generating a new individual that contains elements from
both parents, thereby preserving the basic mechanics of the
crossover operation.

To achieve the above, our crossover operation is based
on model comparisons. Fig. 5 shows an example of the
application of the crossover operation on model fragments.
First, we select the model fragment from the first parent.
Then, we select the product model from the second parent.

The model fragment (from first parent) is then compared with
the product model (from the second parent). If the comparison
finds the model fragment in the product model, the operation
creates a new individual with the model fragment taken from
the first parent but referencing the product model from the
second parent. In the case that the comparison does not find
a similar element, the crossover will return the first parent
unchanged.

This operation enables the search space to be expanded to
a different product model, i.e., both model fragments (the one
from the first parent and the one from the new individual)
will be the same. However, since each of them is referencing
a different product model, they will mutate differently and
provide different individuals in further generations.

3) Mutation: Fig. 6 shows an example of our mutation
for model fragments. Each model fragment is associated to
a product model, and the model fragment mutates in the
context of its associated product model. In other words, the
model fragment will gain or drop some elements, but the
resulting model fragment will still be part of the referenced
product model. The mutation possibilities of a given model
fragment are driven by its associated product model. All the
potential model fragments for a given product model can be
achieved through the combination of additive and subtractive
mutations (given that the model fragment is a subset of the
product model elements); therefore there is no need for more
complex mutation operations, such as the change mutation (a
combination of a subtractive and an additive mutation).

To perform the mutation, the type of mutation that will
occur (either the addition or removal of elements) is decided
randomly:

Subtractive Mutation: This kind of mutation randomly
removes an element from the model fragment. Since the
resulting model fragment is a subset of the original model
fragment and the original is part of the referenced product
model, the resulting product model will always be part of the

Product Model 4 Model Fragment 4

Offspring

Model Fragment 4 
in 

Product Model 4

Mutation operation Product Model 4 NEW 
Model Fragment

Mutated Offspring

0 1 1 1 0 1 0 ...0 0Encoding 0 1 1 1 1 1 1 0 ... 0Encoding

Fig. 6. Example of application of the Mutation Operation on Model Fragments
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referenced product model.
Additive Mutation: This kind of mutation randomly adds

some elements to the model fragment. The only constraint is
that the resulting model fragment be part of the referenced
product model. To achieve this, the boundaries of the model
fragment with the rest of the product model are identified and
a random element that is connected to any of those boundaries
(and that is not currently part of the model fragment) is added
to the resulting model fragment (See Fig. 6: the inverter and
the inductor are connected to the boundaries and could be
added as part of the additive mutation). By doing so, the
mutated model fragment will be part of the referenced product
model.

As a result, a new model fragment is created, but it
still references the same product model. In other words, the
individual represents other possible feature realizations (that
are part of the product model) for the specific feature being
located.

B. Random Search MFL (RS-MFL)

The second search algorithm that we use is a standard
random search that is used as a sanity check. We want to
determine if the presented algorithms perform better than mere
chance (represented by this Random Search algorithm).

We used this algorithm as outlined in Algorithm 2 (available
in the Appendix). The algorithm starts with a random initial
model fragment, (Best, Line 1). Then, a new random model
fragment is generated (Line 4). The search moves to a new
model fragment if the fitness value is better than the current
Best model fragment (Lines 5-6). This loop (Lines 3-9) is
repeated until the StopCondition is met.

C. Hill Climbing MFL (HC-MFL)

The third search algorithm that we use is Steepest Ascent
Hill Climbing with Replacement [24]. The algorithm starts
with a random individual and then evaluates its neighbors
(small modifications of the individual) looking for a better one
(in terms of the fitness function). Those steps are repeated until
the stop condition is met. The algorithm does not count with
random restarts; therefore, the quality of the solution found by
the algorithm greatly depends on the first individual created.

We used this algorithm as outlined in Algorithm 3 (available
in the Appendix). The initial model fragment is generated
randomly (S, Line 1). A neighborhood of size NSize is
created based on this initial model fragment by applying
the tweak operation (Lines 7-13). This operation applies the
mutation operation described in Section VI-A3 and keeps
track of the best neighbor of the group (Lines 9-11). After
exploring the neighborhood, if a neighbor has a better fitness
value than the current state, the search moves to that model
fragment (Lines 14-16). This algorithm is repeated until the
StopCondition is met.

D. Iterated Local Search with Random Restarts (ILS-MFL)

The fourth search algorithm that is used is the Iterated
Local Search with Random Restarts. Different versions of

this algorithm have been used since 1981 ([25], [26]) and
can be seen as an evolution of the Hill-Climbing algorithm.
The algorithm uses hill-climbing strategy to search for local
optimum during a certain period of time. Then, it switches to
a near hill (restart) and performs hill climbing on the new hill.
The main particularity of this search algorithm is the selection
of a new hill (which is performed by the newHomeBase
function).

We used this algorithm as outlined in Algorithm 4 (available
in the Appendix). The initial model fragment is generated
randomly (Current, Line 1). A random distribution of times
is then generated (Line 2), splitting the budget into time slots
for each local search. Then, solutions obtained through the
tweak function will be explored during the available time
(Lines 7-12). When the time is over, we store the new Best
solution if it is better (Lines 13-15) and check if we have
to switch to another Home. The newHomeBase function
will determine wether or not we need to move based on the
fitness difference between the two individuals (Line 16). Then,
the individual will undergo a big change (perturb function),
which will be achieved by applying the crossover operation
described in Section VI-A2. The algorithm is repeated until
the StopCondition is met (Lines 5-18).

E. Hybrid between Evolutionary Algorithm and Hill-Climbing
(EHC-MFL)

The fifth algorithm that we will compare is a hybrid between
the hill-climbing and the evolutionary algorithms. It will take
advantage of the hill-climbing capabilities of searching local
optimum values, but it will also make use of the crossover
operation to move to different hills (and then perform local
searches again through the hill-climbing approach).

We used this algorithm as outlined in Algorithm 5 (available
in the Appendix). The initial population of model fragments is
generated randomly (P , Line 2). Then, hill-climb is performed
for a fixed amount of iterations (Line 6) for each of the
individuals in the population (Lines 5-9). If a better solution
is found in this process, it is stored in the Best variable (Lines
7-9). Then, when the hill-climb part has finished, we move to
a different hill through the breedPopulation operation (Line
11) and repeat the process. The algorithm is repeated until the
StopCondition is met (Lines 3-12).

VII. EVALUATION

The goal of this paper is to provide answers to the following
research questions:

RQ1: Can SBSE techniques driven by LSA be applied
to locate features in product models from real industrial
scenarios?

RQ2: If so, which evolutionary algorithm produces the best
results in terms of solution quality?

This section presents the evaluation that was performed to
answer the RQs. It includes a description of the experimental
setup, a description of the case studies where we applied the
five search algorithms, the results obtained, and the statistical
analysis performed.
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A. Experimental Setup

We use the product models from the case studies as an
oracle to evaluate our approach. In other words, we make use
of a set of products models whose feature realizations are
known beforehand and that will be considered as the ground
truth, thus allowing us to compare the results provided by the
five algorithms with the oracles.

Fig. 7 shows an overview of the process that was followed to
evaluate the five search algorithms (EA-MFL, RS-MFL, HC-
MFL, ILS-MFL, and EHC-MFL) for locating features in the
two industrial case studies. The top part shows the oracle for
the case study: a set of product models, the features located in
those product models, and the documentation obtained from
our industrial partners. The oracles will be considered the
ground truth and will be used to evaluate the five algorithms
in terms of MCC, precision, recall, and the F-measure.

First, we elaborated a test case for each feature present in
the oracle, including the product models where the feature is
present and a textual description obtained from the documen-
tation for the feature. Then, each test case was fed as input for
five different algorithms. As a result we obtained a solution
in the form of a model fragment for each of the test cases for
each algorithm. Those solutions were then compared to the
features located from the oracle in order to obtain a confusion
matrix.

A confusion matrix is a table that is often used to describe
the performance of a classification model (in this case, our
algorithms) on a set of test data (the resulting model frag-
ments) for which the true values are known (from the oracle).
In our case, each solution outputted by the algorithms is a
model fragment that is composed of a subset of the model
elements that are part of the product model (where the feature
is being located). Since the granularity will be at the level
of model elements, the presence or absence of each model
element will be considered as a classification. The confusion
matrix distinguishes between the predicted values and the real
values by classifying them into four categories:

True Positive (TP): values that are predicted as true (in the
solution) and are true in the real scenario (the oracle).

False Positive (FP): values that are predicted as true (in
the solution) but are false in the real scenario (the oracle).

True Negative (TN): values that are predicted as false (in
the solution) and are false in the real scenario (the oracle).

False Negative (FN): values that are predicted as false (in
the solution) but are true in the real scenario (the oracle).

Then, some performance metrics are derived from the values
in the confusion matrix. Specifically, we will create a report

that includes four performance metrics (precision, recall, the
F-measure, and the MCC) for each of the test cases for each
search algorithm.

Precision measures the number of elements from the solu-
tion that are correct according to the ground truth (the oracle)
and is defined as follows:

Precision =
TP

TP + FP
(2)

Recall measures the number of elements of the oracle that
are correctly retrieved by the proposed solution and is defined
as follows:

Recall =
TP

TP + FN
(3)

The F-measure corresponds to the harmonic mean of preci-
sion and recall and is defined as follows:

F −measure = 2 ∗ Precision ∗Recall
Precision+Recall

=
2 ∗ TP

2TP + FP + FN
(4)

Finally, the MCC is a correlation coefficient between the
observed and predicted binary classifications that takes into
account all of the observed values (TP, TN, FP, FN) and is
defined as follows:

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(5)

The presented approach has been implemented1 within the
Eclipse environment. We used the Eclipse Modeling Frame-
work [27] to manipulate the models from our industrial
partners and the CVL to manage the fragments of models.
The evolutionary algorithm was built using the Watchmaker
Framework for Evolutionary Computation [28], which allowed
us to implement our own genetic operators. The IR techniques
that were used to process the language were implemented
using OpenNLP [29] for the POS-Tagger and the English
(Porter2) [30] as stemming algorithm. Finally, the LSA was
implemented using the Efficient Java Matrix Library (EJML
[31]).

We performed the execution of the algorithms using an array
of computers with processors ranging from 4 to 8 cores, clock
speeds between 2.2 GHz and 4GHz, and 4-16 GB of RAM. All
of them were running Windows 10 Pro N 64 bits as the hosting
Operative System and the Java(TM) SE Runtime Environment
(build 1.8.0 73-b02).

1The source code can be found here: www.jaimefont.com/flimea.html
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TABLE I
AVERAGE TIME REQUIRED TO CONVERGE

EA-MFL RS-MFL HC-MFL ILS-MFL EHC-MFL Budget allocated

Time (s) ± (σ) 38.3 ± 10.3 19.9 ± 11.6 26.5 ± 9.1 33.7 ± 8.5 47.4 ± 12.4 80

1) The BSH case study: The first case study where we
applied our approach was BSH (already presented in section
II-A as the running example). Their induction division has
been producing Induction Hobs under the brands of Bosch
and Siemens for the last 15 years.

The oracle extracted from BSH is composed of 46 induc-
tion hob models where each product model, on average, is
composed of more than 500 elements. The oracle includes 96
different features that can be part of a specific product model.
Those features correspond to products that are currently being
sold or will be released to the market in the near future. For
each of the 96 features, we created a test case that included
the set of product models where that feature was used and
a feature description; this information was obtained from the
documentation of the features in the oracle.

For this case study, we executed 30 independent runs (as
suggested by [10]) for each of the 96 test cases for each of
the five algorithms (i.e., 96 (features) x 5 (algorithms) x 30
repetitions = 14400 independent runs).

2) The CAF case study: The second case study where
we applied our approach was CAF, a worldwide provider
of railway solutions. Their trains can be seen all over the
world and in different forms (regular trains, subway, light
rail, monorail, etc.). A train unit is furnished with multiple
pieces of equipment through its vehicles and cabins. These
pieces of equipment are often designed and manufactured
by different providers, and their aim is to carry out specific
tasks for the train. Some examples of these devices are: the
traction equipment, the compressors that feed the brakes, the
pantograph that harvests power from the overhead wires, or the
circuit breaker that isolates or connects the electrical circuits
of the train. The control software of the train unit is in charge
of making all the equipment cooperate to achieve the train
functionality while guaranteeing compliance with the specific
regulations of each country.

The DSL of our industrial partner has the required expres-
siveness to describe the interaction between the main pieces of
equipment installed in a train unit. Moreover, this DSL also has
the required expressiveness to specify non-functional aspects
related to regulation, such as the quality of signals from the
equipment or the different levels of installed redundancy.

For instance, the high voltage connection sequence can be
described using the DSL. This connection sequence is initiated
when the train driver requests its start by using interface
devices fitted inside the cabin. The control software is in
charge of raising the pantograph to harvest power from the
overhead wire and of closing the circuit breaker so the energy
can get to converters that adapt the voltage to charge batteries,
which, in turn, power the traction equipment.

Again, we extracted an oracle that is composed of 23
trains where, on average, each product model is composed

of around 1200 elements. The product models are built using
121 different features that can be part of a specific product
model. For each of the 121 features, we created a test case
that included the set of product models where that feature was
used and a feature description.

For this case study, we executed 30 independent runs for
each of the 121 test cases for each of the five algorithms
(i.e., 121 (features) x 5 (algorithms) x 30 repetitions = 18150
independent runs). The sum for the two case studies presented
is a total of 32550 independent runs.

3) Parameters and Budget: In general, there are two atomic
performance measures for search algorithms: one regarding
solution quality and one regarding algorithm speed or search
effort. In this paper, we focus on the solution quality, trying
to determine which algorithm provides solutions that are more
similar to the one extracted from the oracle in terms of
precision and recall.

Since we allocated a fixed amount of wall clock time for
each of the runs of the algorithms, each algorithm has the
same amount of time to traverse the search space and so the
comparison is fair. First, we run some prior tests to determine
the time needed to converge for each of the algorithms, and
then we selected the budget time based on those tests.

Then, we use the allocated time to determine the
StopCondition of the algorithms (see Table VI and Algo-
rithms in the Appendix). The allocated budget time was 80
seconds (adding a margin to ensure convergence). Although
the focus of this paper is the solution quality and not the
performance of each algorithm in terms of time, we include the
times required by each algorithm to converge as an indication
to practitioners when choosing which algorithm to use (see
Table I).

As suggested by Arcuri and Fraser [32] and confirmed in
Kotelysanskii and Kapfhammer [33], tuned parameters can
outperform default values generally, but they are far from
optimal in individual problem instances. The focus of this
paper is not to tune the values to improve the performance of
the algorithms when applied to a specific problem, but rather to
compare the performance of the algorithms in terms of solution
quality (precision and recall).

Therefore, we will use default parameter values that are
commonly used in the literature [34] for the algorithms as
described in the literature [32] (see Table VI available on
the Appendix). The crossover operation is applied with a
probability (pc) of 0.75. The mutation operation is applied with
a probability (mutation probability) of 1/n where n is the size
of the individual (the number of bits needed to encode that
product model). The population size size for the algorithms
based on a population will be 100 individuals. Given our
crossover operation, the crossover will act over 2 parents (µ)
and produce 1 offspring (λ).
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TABLE II
MEAN VALUES AND STANDARD DEVIATIONS FOR PRECISION, RECALL, F-MEASURE AND MCC FOR EACH SEARCH ALGORITHM AND EACH CASE

STUDY

BSH CAF

Precision ± (σ) Recall ± (σ) F-measure ± (σ) MCC ± (σ) Precision ± (σ) Recall ± (σ) F-measure ± (σ) MCC ± (σ)

EA 70.68 ± 14.91 67.32 ± 14.32 67.34 ± 11.01 0.58 ± 0.16 68.80 ± 14.97 65.81 ± 14.35 65.91 ± 11.29 0.59 ± 0.16
RS 38.33 ± 16.61 28.12 ± 14.82 29.21 ± 13.64 0.20 ± 0.20 34.18 ± 14.39 38.91 ± 15.16 33.74 ± 12.09 0.28 ± 0.30
HC 47.07 ± 15.46 39.48 ± 13.06 40.26 ± 10.50 0.28 ± 0.17 51.99 ± 14.18 56.61 ± 16.38 51.97 ± 11.07 0.45 ± 0.15
ILS 60.90 ± 14.76 59.92 ± 14.07 58.91 ± 11.16 0.47 ± 0.19 58.86 ± 16.89 61.81 ± 16.57 58.23 ± 13.75 0.48 ± 0.22
EHC 76.47 ± 13.39 72.41 ± 13.79 72.99 ± 9.35 0.67 ± 0.13 71.75 ± 12.54 67.96 ± 15.07 68.34 ± 10.24 0.62 ± 0.13

B. Statistical Analysis

To properly compare the five algorithms, all of the data
resulting from the empirical analysis was analyzed using
statistical methods following the guidelines in [10].

In order to answer RQ2, we performed statistical analysis
to: (1) provide formal and quantitative evidence (statistical
significance) that the five search-based techniques do in fact
have an impact on the comparison metrics (i.e., that the
differences in the results were not obtained by mere chance);
and (2) show that those differences are significant in practice
(effect size).

1) Statistical significance: To enable statistical analysis,
all of the algorithms should be run a large enough number
of times (in an independent way) to collect information on
the probability distribution for each algorithm. A statistical
test should then be run to assess whether there is enough
empirical evidence to claim (with a high level of confidence)
that there is a difference between the two algorithms (e.g., A
is better than B). In order to do this, two hypotheses, the null
hypothesis H0 and the alternative hypothesis H1, are defined.
The null hypothesis H0 is typically defined to state that there
is no difference among the algorithms, whereas the alternative
hypothesis H1 states that at least one algorithm differs from
another. In such a case, a statistical test aims to verify whether
the null hypothesis H0 should be rejected.

The statistical tests provide a probability value, p− value.
The p− value receives values ranging between 0 and 1. The
lower the p − value of a test, the more likely that the null
hypothesis is false. It is accepted by the research community
that a p− value under 0.05 is statistically significant [10], so
the hypothesis H0 can be considered false.

The test that we must follow depends on the properties of
the data. Since our data does not follow a normal distribution
in general, our analysis requires the use of non-parametric
techniques. There are several tests for analyzing this kind of
data; however, the Quade test is more powerful than the rest
when working with real data [35]. In addition, according to
Conover [36], the Quade test has shown better results than the
others when the number of algorithms is low, (no more than
4 or 5 algorithms).

However, it is not possible to answer the following question
with the Quade test: Which of the algorithms gives the best
performance?. In this case, the performance of each algorithm
should be individually compared against all of the other
alternatives. In order to do this, we perform an additional
post hoc analysis. This kind of analysis performs a pair-wise
comparison among the results of each algorithm, determining

whether statistically significant differences exist among the
results of a specific pair of algorithms. Specifically, we apply
the Holm Post Hoc procedure, as suggested by Garcia et. al.
[35].

2) Effect size: When comparing algorithms with a large
enough number of runs, statistically significant differences can
be obtained even if they are so small as to be of no practical
value [10]. Then it is important to assess if an algorithm is
statistically better than another and to assess the magnitude
of the improvement. Effect size measures are used to analyze
this.

For a non-parametric effect size measure, we use Vargha
and Delaney’s Â12 [37], [38]. Â12 measures the probability
that running one algorithm yields higher performance values
than running another algorithm. If the two algorithms are
equivalent, then Â12 will be 0.5.

For example, Â12 = 0.7 means that we would obtain better
results 70% of the times with the first of the two algorithms
compared, and Â12 = 0.4 means that we would obtain better
results 60% of the times with the second of the two algorithms.
Thus, we have an Â12 value for every pair of algorithms.

C. Results
Fig. 8 presents the mean values of precision, recall, the F-

measure and the MCC for each feature located for the two
case studies and the five algorithms. The first column of the
charts (see Fig. 8a ,Fig. 8c, Fig. 8e, 8g, 8i) shows the results
for the BSH case study, and the second column of the charts
shows the results for the CAF case study (see Fig. 8b, 8d,
8f, 8h, 8j). The first row shows the results for EA-MFL, the
second row shows the results for RS-FML, the third row shows
the results for HC-MFL, the fourth row shows the results for
ILS-MFL, and the fifth row shows the results for EHC-MFL.
Each point in the charts represents the mean value (between
the 30 independent runs) of the two performance indicators
(precision on the x axis and recall on the y axis) for one of
the features located for that case study and algorithm.

In Table II, we outline the results aggregated for each
algorithm and case study. We also show the F-measure and
the MCC performance indicators. The EHC-MFL algorithm
achieves the best results for all the performance indicators,
providing a precision value of 76.47% in the BSH case study
and a precision value of 71.75% in the CAF case study. The
Recall achieved is 72.41% for BSH and 67.96% for CAF. The
combined F-measure is 72.99% for BSH and 68.34% for CAF.
Finally, the MCC achieved is 0.67 for BSH and 0.62 for CAF.

The EA-MFL algorithm follows EHC-MFL and is the
second best option, providing values around 10% lower than
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Fig. 8. Mean Precision, Recall, and the F-measure for the two case studies and the five algorithms

EHC-MFL. Then, ILS-MFL is the third option, with values
around 20% lower than EHC-MFL. Finally, HC-MFL and RS-
MFL are the fourth and fifth options, with values between 25%
and 50% lower than the best option.

In response to RQ1, the search algorithms driven by LSA
and applied to models from our industrial partners’ scenarios

have been capable of locating features, giving precision values
of up to 76.47% and recall values of up to 72.41%.

1) Statistical significance: The p − V alues and statistics
of this test are shown in Table III. Since the p − V alues
shown in this table are smaller than 2x10−16 in all cases, we
reject the null hypothesis. Consequently, we can state that there
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TABLE III
QUADE TEST STATISTIC AND p− V alues

BSH CAF

Precision Recall F-measure MCC Precision Recall F-measure MCC

p− V alue � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16

Statistic 72.319 100.27 132.15 84.132 70.181 50.389 99.646 57.504

TABLE IV
HOLM’S POST HOC p− V alues

BSH CAF

Precision Recall F-measure MCC Precision Recall F-measure MCC

EA vs HC 1.0x10−14 � 2x10−16 � 2x10−16 � 2x10−16 2.7x10−12 4.9x10−5 1.2x10−15 1.3x10−10

EA vs RS � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16

EA vs ILS 0.0056 0.0017 4.2x10−5 0.00014 7.7x10−5 0.3453 9.9x10−5 6.0x10−5

EA vs EHC 0.0056 0.1274 0.004 0.00975 0.466 0.3453 0.11 0.060
HC vs RS 0.0020 1.3x10−5 4.2x10−5 0.00975 3.9x10−9 1.2x10−10 4.9x10−12 1.7x10−5

HC vs ILS 7.7x10−7 3.9x10−11 6.6x10−13 9.5x10−8 0.003 0.0081 3.5x10−5 0.023
HC vs EHC � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 1.9x10−14 1.9x10−7 � 2x10−16 3.2x10−16

RS vs ILS 5.3x10−16 � 2x10−16 � 2x10−16 2.4x10−15 � 2x10−16 � 2x10−16 � 2x10−16 1.7x10−11

RS vs EHC � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16 � 2x10−16

ILS vs EHC 2.2x10−8 5.8x10−6 6.9x10−12 8.0x10−11 3.6x10−6 0.0359 7.6x10−8 6.3x10−9

TABLE V
Â12 STATISTIC FOR EACH PAIR OF ALGORITHMS

BSH CAF

Precision Recall F-measure MCC Precision Recall F-measure MCC

EA vs HC 0.867241 0.917806 0.962674 0.894640 0.791408 0.657674 0.812649 0.751383
EA vs RS 0.92551 0.965061 0.984809 0.886393 0.947067 0.898094 0.971553 0.898777
EA vs ILS 0.676595 0.655653 0.701931 0.685981 0.668602 0.568540 0.655727 0.637457
EA vs EHC 0.388129 0.410862 0.352431 0.336914 0.446418 0.464244 0.446896 0.447715
HC vs RS 0.663466 0.713487 0.743001 0.601129 0.811591 0.780445 0.864832 0.754457
HC vs ILS 0.254178 0.142687 0.111599 0.217665 0.366949 0.414692 0.348064 0.404003
HC vs EHC 0.072103 0.043240 0.009657 0.034722 0.151083 0.313401 0.140291 0.192268
RS vs ILS 0.153103 0.064290 0.050456 0.197917 0.130524 0.159996 0.095144 0.219589
RS vs EHC 0.041829 0.012967 0.003147 0.069119 0.027013 0.086060 0.014343 0.057646
ILS vs EHC 0.222277 0.272461 0.166721 0.168945 0.272625 0.400792 0.291374 0.308790

are differences in the algorithms for all of the performance
indicators evaluated.

Table IV shows the p−V alues of Holm’s post hoc analysis
for each pair of algorithms, case study, and performance
indicator. The majority of the p−V alues shown in this table
are smaller than their corresponding significance threshold
value (0.05), indicating that the differences of performance
between those algorithms are significant. However, when com-
paring EA-MFL and EHC-MFL (fourth row), the values for
some performance indicators are greater than the threshold,
indicating that the differences between those algorithms could
be due to the stochastic nature of the algorithms and are not
significant.

2) Effect size: Table V shows the values of the effect size
statistics. In general, the largest differences were obtained
between the EHC-MFL and RS-MFL algorithms (where EHC-
MFL achieves better precision than RS-MFL 95% of the times,
better recall 98% of the times, better F-measure 99% of the
times and better MCC 93% of the times). When comparing
EA-MFL and EHC-MFL, the differences are not so big, and
the EHC-MFL outperforms EA-MFL around 55% of the times.

In response to RQ2, the EHC-FML algorithm obtained the
best performance results among the five algorithms evaluated

(see Table II). The statistical analysis performed indicated
that EHC-FML will outperform the rest of the algorithms in
terms of the metrics analyzed (around 60% of the times when
compared to EA-MFL, 78% of the times when compared to
ILS, 92% of the times when compared to HC-MFL, and almost
all of the times when compared to RS-MFL).

D. Threats to validity

In this section, we present some of the threats to validity.
We follow the guidelines suggested by De Oliveira et. al [39]
to identify those are applicable to this work.

Conclusion validity threats. We identify four threats of
validity of this type. The first threat is the not accounting for
random variation. To address this threat, we considered 30
independent runs for each feature with each algorithm. The
second threat is the lack of meaningful comparison baseline.
Because we used random search as a standard comparison
baseline, this threat is addressed. The third threat is the
lack of formal hypothesis and statistical tests. In this paper,
we employed standard statistical analysis following accepted
guidelines [32] to avoid this threat. The fourth threat is the
lack of good descriptive analysis. In this work, we have
used precision, recall, the F-measure and the MCC metrics to
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analyze the confusion matrix obtained from the experiments;
however, other metrics could be applied. In addition, some
works argue that the use of the Vargha and Delaney A12
metrics can be miss-representative [40] and that the data
should be pre-transformed before applying them. We did not
find any use case for data pre-transformation that applies to
our case study.

Internal validity threats. We identify two threats of validity
of this type. The first threat is the poor parameter settings.
In this paper, we used standard values for the algorithms.
As suggested by Arcuri and Fraser [32], default values are
good enough to measure the performance of search-based tech-
niques in the context of testing. These values have been tested
in similar algorithms for feature location [41]. In addition, the
choice of the k value in the application of SVD can produce
sub-optimal accuracy when using LSA for software artifacts
[42]. Nevertheless, we plan to evaluate all of the parameters
of our algorithms in a future work. The second threat is the
lack of real problem instances. The evaluation of this paper
was applied to two industrial case studies from two of our
partners, BSH and CAF.

Construct validity threats. We identify one threat of validity
of this type. The threat is the lack of assessing the validity of
cost measures. To address this threat, we performed a fair
comparison among the algorithms by generating the same
number of model fragments and using the same number of
fitness evaluations.

External validity threats. We identify two threats of validity
of this type. The first threat is the lack of a clear object selec-
tion strategy, and the second threat is the lack of evaluations
for instances of growing size and complexity. Both threats are
addressed by using two industrial case studies from two of our
partners, BSH and CAF. Our instances are collected from real-
world problems. In addition, we have two different domains
(induction hobs and trains) with different sizes and complexity.

VIII. RELATED WORK

Some works report their industrial experiences transforming
legacy products into Product Line assets in a wide range of
fields [43], [44], [45]. They focus on capturing guidelines
and techniques for manual transformations. In contrast, our
approach performs search-based software engineering while
taking advantage of the knowledge of the domain experts.

Some works focus on the location of features over models
by comparing the models with each other to formalize the
variability among them in the form of a Software Product
Line:

Wille et al. [46] present an approach where the similarity
between models is measured following an exchangeable met-
ric, taking into account different attributes of the models. Then
the approach is further refined [47] to reduce the number of
comparisons needed to mine the family model.

The authors in [48] propose a generic approach to auto-
matically compare products and locate the feature realizations
in terms of a CVL model. In [49], the approach is refined to
automatically formalize the feature realizations of new product
models that are added to the system. A similar approach

is proposed in [50] where the feature location results are
validated in an industrial environment.

Martinez et al. [51] propose an extensible approach that
is based on comparisons to extract the feature formalization
over a family of models. In addition, they provide the means
to extend the approach to locate features over any kind of
asset based on comparisons. The MoVaPL approach [52]
considers the identification of variability and commonality in
model variants as well as the extraction of a Model-based
Software Product Line (MSPL) from the features identified in
these variants. MoVaPL builds on a generic representation of
models, making it suitable for any MOF-based models.

However, all of these approaches are based on mechanical
comparisons among the models, classifying the elements based
on their similarity and identifying the dissimilar elements as
the features realizations. In contrast, our work does not rely on
model similarity to locate the features; it relies on comparisons
with a textual description of the target feature. Specifically,
humans are involved in the search by means of the fitness
function. Domain experts and application engineers become
part of the process, contributing their knowledge of the domain
in order to tailor the approach with the feature description.
Model fragments that are obtained mechanically are less
recognizable by software engineers than those obtained with
the participation of software engineers [6].

Lopez-Herrejon et al. [41] evaluate three standard search-
based techniques with three objective functions in order to
calculate the relationships of a feature model. Their results
are slightly better for hill climbing than for the evolutionary
algorithm, but they are not statistically significant when the
first two objective functions are applied. The authors do not
address how each feature is materialized. Our work focuses on
the extraction of model fragments that correspond to a feature.
Therefore, both works are complimentary: [41] calculates
the feature relationships of the feature specification layer,
while our work locates the model fragments of the product
realization layer (see Fig. 1).

Harman et al. [53] performed a survey on the topic of
search-based software engineering applied to SPLs. They
present an overview of recent articles that are classified accord-
ing to themes such as configuration, testing, or architectural
improvement. Lopez-Herrejon et al. [54] performed a prelim-
inary systematic mapping study at the connection of search-
based software engineering and SPL. They categorized the
articles using a known framework for SPL development. These
two surveys indicate that search-based software engineering is
being applied to SPLs. However, these surveys do not identify
works that focus on finding model fragments that materialize
the features of the SPL, as our work does.

Font et al. [6] propose a generic approach to locate features
among a family of product models based on a human-in-
the-loop process. The features are located by the comparison
of models and the interaction of engineers that provide their
knowledge of the domain. The approach is further refined in
[55] and generalized through the use of a genetic algorithm to
create the model fragments. They introduce a genetic operator
for mutation that can work with a single model fragment and a
crossover operator that combines two different product models.
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The results show that the use of a genetic algorithm allows the
approach to provide accurate location of features in spite of
inaccurate information on the part of the user.

However, since the work in [55] is designed to locate
features by comparisons among the members of a family, the
participation of the software engineers is limited and the resul-
tant model fragments are less recognizable to them. In contrast,
in this paper, we present five algorithms (EA-MFL, HC-MFL,
RS-MFL, ILS-MFL, and EHC-MFL), which are addressed by
a feature description given in natural language. Our fitness
function makes use of LSA to measure the similarity with the
description provided and to store the model fragments.

IX. CONCLUSIONS

This work proposes and compares five search algorithms to
locate features over a family of models (MFL): Evolutionary
Algorithm (EA-MFL), Random Search (RS-MFL) used as a
sanity check, steepest Hill Climbing (HC-MFL), Iterated Local
Search with random restarts (ILS-MFL), and a hybrid between
Evolutionary and Hill Climbing (EHC-MFL). We apply Latent
Semantic Analysis (LSA) as the fitness function.

In this work, we address two research questions: (RQ1)
Can SBSE techniques driven by LSA be applied to locate
features in product models from real industrial scenarios?;
(RQ2) If so, which evolutionary algorithm produces the best
results in terms of solution quality? To do so, we conducted
an evaluation in BSH (the manufacturer of home appliances)
and in CAF (the manufacturer of rolling stock). We report our
evaluation, including the experimental setup, the results, the
statistical analysis, and the threats to validity identified.

The results show that SBSE techniques can be applied to
locate features in product models. Specifically, the use of
genetic operations for models in combination with the EHC-
MFL algorithm provided the best results in our study. This
demonstrates that SBSE for feature location at the model level
can be applied in real world environments.
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APPENDIX
ALGORITHMS PSEUDOCODES AND PARAMETERS

TABLE VI
PARAMETERS FOR THE ALGORITHMS

Parameter Description Value
Size Size of the population 100
StopCondition Budget allocated to run the algorithm (s) 80
µ Number of parents for the crossover 2
λ Number of offspring from µ parents 1
pc Probability of crossover 0.75

pm
Probability of mutation, where n is the
length of the chromosome being mutated 1/n

Algorithm 1 Evolutionary Algorithm
1: P ← initPopulation(inputData, size)
2: while (!StopCondition) do
3: Bestevaluatefitness(P )
4: P ← breedPopulation(P )
5: end while
6: return Best

7: function initPopulation(inputData,size)
8: P ← [] . Initial population empty
9: for i = 1 to size do

10: F ← randomFragment(inputData)
11: P ← P + F . Add the new individual
12: end for
13: return P
14: end function

15: function breedPopulation(P,size)
16: P0 ← [] . empty population
17: for i = 1 to size do
18: parents← selectionParents(P )
19: offspring ← crossover(parents, pc)
20: offspring ← mutation(offspring, pm)
21: P0 ← P0 + offspring . Add the new offspring
22: end for
23: return P0

24: end function

Algorithm 2 Random Search
1: Best← randomFragment(inputData)
2: I ← 0
3: while (!StopCondition)) do
4: S ← randomFragment(inputData)
5: if (fitness(S) > fitness(Best)) then
6: Best← S
7: end if
8: I ← I + 1
9: end while

10: return Best

Algorithm 3 Steepest Ascent Hill Climbing with Replacement
1: S ← randomFragment(inputData)
2: NSize← number of neighbors desired
3: I ← 0
4: Best← S
5: while (!StopCondition) do
6: X ← 0
7: while X < NSize do
8: S′ ← tweak(Best)
9: if (fitness(S′) > fitness(S)) then

10: S ← S′

11: end if
12: X ← X + 1
13: end while
14: if (fitness(S) > fitness(Best)) then
15: Best← S
16: end if
17: I ← I + 1
18: end while
19: return Best

Algorithm 4 Iterated Local Search (ILS) with Random
Restarts

1: Current← randomFragment(inputData)
2: Times← distribution of time intervals
3: Home← Current
4: Best← Current
5: while (!StopCondition) do
6: time← random time chosen from Times
7: while (!StopCondition && time 6= 0) do
8: Aux← tweak(Current)
9: if (fitness(Aux) > fitness(Current) then

10: Current← Aux
11: end if
12: end while
13: if (fitness(Current) > fitness(Best) then
14: Best← Current
15: end if
16: Home← newHomeBase(Home,Current)
17: Current← perturb(Home)
18: end while
19: return Best

Algorithm 5 Hybrid between Evolutionary and Hill-Climbing
1: HCIter ← number of iterations to Hill-Climb
2: P ← initPopulation(InputDataSize)
3: while (!StopCondition) do
4: fitness(P )
5: for Pi in P do
6: Pi ← Hill − Climb(Pi)forHCIter
7: if (fitness(Pi) > fitness(Best)) then
8: Best← Pi

9: end if
10: end for
11: P ← breedPopulation(P )
12: end while
13: return Best
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Abstract
Metamodels evolve over time, which can break the conformance
between the models and the metamodel. Model migration strategies
aim to co-evolve models and metamodels together, but their appli-
cation is not fully automatizable and is thus cumbersome and error
prone. We introduce the Variable MetaModel (VMM) strategy to
address the evolution of the reusable model assets of a model-based
Software Product Line. The VMM strategy applies variability mod-
eling ideas to express the evolution of the metamodel in terms of
commonalities and variabilities. When the metamodel evolves, the
models continue to conform to the VMM, avoiding the need for
migration. We have applied both the traditional migration strategy
and the VMM strategy to a retrospective case study that includes
13 years of evolution of our industrial partner, an induction hobs
manufacturer. The comparison between the two strategies shows
better results for the VMM strategy in terms of model indirection,
automation, and trust leak.

Categories and Subject Descriptors D.2.13 [Software Engineer-
ing]: Reusable Software—Reuse Models

Keywords Model-based Software Product Lines, Variability Mod-
eling, Model and Metamodel Co-evolution

1. Introduction
Model-Driven Development aims to shift the focus of software
development from coding to modeling. Metamodels are used to
formalize a set of concepts and the relationships among those
concepts. A model conforms to a metamodel if it is expressed by
the terms that are encoded in the metamodel.

Model-based Software Product Lines enable a planned reuse of
software components in products that are within the same scope
[14]. Commonalities and variabilities among the products are for-

∗ Project carried out by the Research Group SVIT T92 (Consolidated Group
for Applied Research). Partially supported by the Aragonian Government
and the European Social Fund “Building Europe from Aragon”.

malized into a set of models (and metamodels) using a variabil-
ity language; either feature models [2] (the de facto standard for
variability modeling) or Common Variability Language (CVL) [8],
(recommended for adoption as a standard by the Architectural
Board of the Object Management Group). Although the details are
different, all share the idea of modeling commonalities and vari-
abilities among the different products.

Similar to other software components, metamodels evolve over
time [7]; however, changes that are introduced in the evolved meta-
model can invalidate the models that conform to the previous ver-
sion of the metamodel. To address this issue, migration strategies
[3, 10, 12, 15, 17] propose co-evolving models and metamodels
together to maintain consistency.

However, even though migration strategies have proven to be
successful in model-based approaches, their application is not fully
automatizable and can be cumbersome and error prone in large
systems. Evolution is particularly critical for a successful adoption
of model-based Software Product Lines (SPLs) [16].

We believe that the ideas of variability modeling can also be ap-
plied at the metamodel level to address the evolution of SPLs and
at the same time avoid the issues involved with migration strate-
gies. Our contribution is the Variable MetaModel (VMM) strategy,
which enables the evolution of the metamodel without breaking
conformance. In VMM, each metamodel evolution is expressed in
terms of metamodel commonalities and variabilities. As a result,
already existing models continue to conform to the created VMM,
avoiding the need for migration and its related issues.

First, we build a retrospective case study of the evolution under-
gone by our industrial partner (BSH) over the last 13 years regard-
ing the evolution of their models and metamodels. BSH is the lead-
ing manufacturer of home appliances in Europe and its induction
department produces induction hobs (under the brands of Bosch
and Siemens) following an MDD approach [9].

We then apply a migration strategy to the case study, migrating
the models whenever a metamodel change that breaks the confor-
mance between models and metamodels arises. Migration strate-
gies involve the following three issues: 1) model migration intro-
duces indirection to the models; 2) some of the steps of the migra-
tion strategy need human assistance; 3) the trust gained by models
(over years of use) is lost when they are migrated.

Finally, we also apply the VMM strategy to the retrospective
case study and compare both strategies (VMM and migration). The
comparisons shows that the VMM strategy achieves better results
than migration in terms of the three issues related to migration:
1) VMM avoids the need for migration (and the indirection in-
troduced); 2) some of the steps of the migration strategy require
human assistance while in the VMM strategy those steps are auto-
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Figure 1. CVL applied to IH-DSL

matic; 3) the trust gained by models remains the same in the VMM
strategy (since the model does not need to change).

2. The Induction Hobs Domain and CVL
Induction hobs use electromagnetism to generate heat that is trans-
ferred to the cookware. Traditionally, stoves feature four rounded
areas that become hot when turned on. Therefore, the first Induction
Hobs (IHs) created provided similar capabilities. However, the in-
duction hob domain is constantly evolving due to the possibilities
provided by the induction phenomena and the electronic compo-
nents that are present.

For instance, the newest IHs feature full cooking surfaces,
where dynamic heating areas are automatically calculated and ac-
tivated or deactivated depending on the shape, size, and position of
the cookware placed on top. There has been an increase in the type
of feedback provided to the user while cooking, such as the exact
temperature of the cookware, the temperature of the food being
cooked, or real-time measurements of the consumption of the IH.

The Domain Specific Language used by our industrial partner
to specify the Induction Hobs (IHDSL) is composed of 46 meta-
classes, 74 references among the meta-classes and more than 180

properties. However, in order to gain legibility and due to intel-
lectual property rights concerns, in this paper we use a simplified
subset of the IHDSL (top-left corner of Figure 2).

The bottom-right corner of Figure 1 shows an Induction Hob
with the graphical representation of the IHDSL. It is composed of
two power modules (vertical rectangles on both sides of the IH).
Each of them holds two inverters (squares), which are in charge of
providing the electrical supply required to generate the magnetic
field. Inverters are connected to the inductors (circles), which are
the elements where the magnetic field is generated. The number
inside each inductor represents the diameter of the inductor. The
line that connects inverters and inductors represents the channel,
which transfers energy from the inverter to the inductor. The user
interface of an IH has controllers to configure the power level of
each inductor (the horizontal rectangle at the bottom of the IH).

The Common Variability Language (CVL) is a DSL for mod-
eling variability in any model of any DSL based on Meta-Object
Facility (MOF), which is an OMG specification to define a uni-
versal metamodel for describing modeling languages. CVL defines
variants of the base model by replacing parts of the base model with
model replacements that are found in a library.

The variability specification in CVL is divided across two dif-
ferent layers: the feature specification layer (where variability is
specified following a feature model syntax [2]); and the product re-
alization layer (where the variability specified in terms of features
is linked to the actual models in terms of placements, replacements,
and substitutions).

The base model is a model described by a given DSL (here,
IHDSL) that serves as the base for different variants defined over
it. The top-left corner of Figure 1 shows the Base Model, which is a
complete IH model with four inductors and a slider user interface.

The elements of the base model subject to variations are the
placement fragments (hereinafter placements). In the top-left cor-
ner of Figure 1 there are two placements defined over the Base
Model: P1, which is defined over the top-left inductor; and P2,
which is defined over the user interface.

To define alternatives for a placement, we use a replacement
library, which is a model described in the same DSL as the Base
Model. Each alternative for a placement in the Base Model is a
replacement fragment (hereinafter replacement). In the top-right
corner of Figure 1 there are four replacements that are defined over
the library model: three inductor replacements (R1, R2 and R4) and
a user interface replacement (R3).

CVL defines variants of the base model by means of fragment
substitutions (i.e. the substitution of placements by replacements).
The middle part of Figure 1 shows the Feature specification layer
with the substitutions. P2 can be substituted by R3 (this substitution
is optional) and P1 can be substituted by R1, R2, or R4. The
materialization operation of CVL executes the substitutions that
are selected and produces a variation of the base model where the
placements have been substituted by the replacements selected. The
bottom part of Figure 1 shows an example of configuration (over
the feature specification) and materialization where P1 has been
substituted by R1 and P2 has been substituted by R3.

For simplicity throughout the rest of the paper, we will show the
placements superimposed on the base model, even though they are
defined in a separate model. Likewise, the replacements defined in
the replacements library will be shown separately from the rest of
the model where they are defined.

3. SPL Evolution Formalized by CVL
This section presents the retrospective case study that was extracted
from the evolution of our industrial partner’s models and metamod-
els over the last 13 years. Although the evolution data provided in-
volves all the elements present in the initial DSL, for simplicity and
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due to intellectual property rights concerns, we are going to focus
on the evolution related to the inductor concept.

Let MM be the set of all models that conform to the MOF
language (i.e., the set of all metamodels). Let M be the set of all
models. If mi is in M and mmi is in MM then C(mi,mmi)
means that mi conforms to mmi. Let CV LSPL be the set of
all CVL-based product lines. One such product line, cvlspli, is
denoted as follows:

CV LSPL= MM×M×M
cvlspli =<mmi , bi , li >

(1)

where mmi is the metamodel of the DSL (conforming to MOF), bi
is the base model (over which placements for the variable parts are
defined), li is the library of replacements for those placements, and
the conformance between models C(bi,mmi) and C(li,mmi) is
fulfilled. In addition, let i be a consecutive index that is assigned
based on when models and metamodels are created. That is, we will
refer to the Generation i of the base model, the Generation i of the
metamodel, the Generation i of the library, and the Generation i of
the CVLSPL.

We perform a CV LSPL evolution (shift from one cvlspli
generation to the next generation, cvlspli+1) whenever there is a
breaking and unresolvable change (hereinafter breaking change)
[3] in the metamodel. Breaking changes break the conformance
of models and metamodel in a way that cannot be resolved by
automatic means [3] (e.g., the addition of a mandatory meta-
class or a restriction in the multiplicities). There are other meta-

model changes that do not break the conformance of models and
metamodel (e.g., the addition of an optional class) or metamodel
changes that can be resolved automatically by existing approaches
[3, 10, 12, 15, 17] (e.g., eliminating a property). However, in this
work we will focus on the evolution triggered by breaking changes.

Figure 2 shows a summary of the CVLSPL generations and the
evolutions performed. Specifically, we present three CVLSPL gen-
erations: the first row shows cvlspl1, which includes the concept of
inductor; the second row shows cvlspl2, which includes the con-
cept of Hotplate; the third row shows cvlspl3, which includes the
concept of cooking zone. The figure shows the breaking changes
that were overcome by our industrial partner, such as the addition
or removal of meta-elements.

Evolution 1 (from cvlspl1 to cvlspl2) is triggered by a new
concept called Hotplate (see the first and second rows of Figure 2).
A Hotplate consists of a group of inductors that can work together.
There is a hierarchy (next relationship) among the inductors; some
must be turned on before their subordinates are turned on. There-
fore, we need to control the whole Hotplate (two inductors) with
just one user interface controller, so the controller will now act over
hotplates instead of inductors. This is reflected in the metamodel
mm2 (see the second row, first column).

There are also modifications at the model level. A new place-
ment is created over the base model b2 to enable substitutions of
the new hotplate replacements. In addition, new replacements (l2)
that instantiate the hotplate concept are created; for example, the
split hotplate (formed by two inductors, one main and one auxil-
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iary) or the double hotplate (formed by two inductors, requiring
twice the space and power as the rest of hotplates).

Evolution 2 (from cvlspl2 to cvlspl3) is triggered by a new
concept called cooking zone (see the second and third rows of Fig-
ure 2). Cooking zones improve the hotplate by introducing the abil-
ity to heat two different pieces of cookware at the same time and
with different power levels. Now each hotplate will have cooking
zones, which will be controlled by the user interface controller. As
the number of combinations of inductors that are working at the
same time increases, the power table is now aggregated by the hot-
plate, and the cooking zones use it. By means of this modification,
several hotplates will share the same power tables (when the induc-
tor configurations are equivalent). Furthermore, the hierarchy that
is present among inductors is now controlled by the cooking zone
(one cooking zone having the main inductor and another cooking
zone having both inductors); therefore, the relationship next is re-
moved from the metamodel (mm3).

A new placement to include hotplates on both sides is created
over the base model b3. Similarly, new replacements that exercise
the new concept of cooking zone are created (l3). For instance, the
pool hotplate has four inductors that are divided into two different
cooking zones, which are controlled by two different buttons.

4. Motivation of the Approach
The evolution presented in Section 3 needs to be properly sup-
ported by the metamodels that are used by our industrial partner
to formalize their SPL. Some of the changes presented can be ad-
dressed without breaking the conformance between the models and
the metamodel, such as the creation of new model fragments or
the addition of new optional elements to the metamodel. However,
when we perform a breaking change to the metamodel (e.g., the
hotplate and cooking zone concepts), the conformance between the
models and the metamodel is lost.

Traditional migration strategies [3, 10, 12, 15, 17] propose mi-
grating all of the models to conform to the new version of the meta-
model. The migration of the SPL can be achieved by the following
steps: Given a metamodel change, 1) the metamodel is upgraded to
a new version introducing the new concept; 2) a model-to-model
(M2M) transformation that migrates models from one version to
another is created (by means of one of the existing approaches in
the literature: manual specification [15], operator-based [12, 17]
or metamodel matching [3, 10]); 3) existing replacements are mi-
grated (by executing the M2M transformation obtained from step
2) to conform to the new generation of the metamodel; 4) if some
common parts that are present in the Base Model have become vari-
able, the user creates placements over the base model and extracts
the model fragments as replacements; 5) new replacements are cre-

ated to instantiate the new concepts that have been incorporated
into the metamodel.

Let Emig be the operation used to evolve a cvlspli from a given
generation i to the next generation (i+ 1) following the migration
strategy. The operation is defined as follows:

Emig : CV LSPL −→ CV LSPL
Emig (< mmi, bi, li >) = < mmi+1, bi+1, li+1 >

where M2M(Li) = Li+1

(2)

Figure 3 presents the evolution of a model fragment following
a migration strategy. Each column shows the same fragment (In-
ductor 15) for each of the cvlspli generations. Although its func-
tionality remains the same, the model is augmented to conform to
each generation metamodel. In Generation 1, the replacement of
an inductor of size 15 is represented by 2 metamodel classes (In-
ductor and Power Table) and can be connected to a channel and
controlled by a button. In Generation 2, the model fragment is mi-
grated to conform to mm2. Hotplate 1 now aggregates the inductor
and is the one controlled by the button. In this generation we need
3 classes (we add the Hotplate) to model the same functionality. In
Generation 3, we need to include a cooking zone (enabling groups
inside the same hotplate), so the model is now composed of four
model elements. The three versions of the model fragment repre-
sent the same functionality: a heating element of size 15 that is
connected with a channel and controlled from a button. However,
there is an increase in model complexity.

Specifically, the migration of models from our industrial part-
ner involves three related issues: indirection, where there is an in-
crease in the number of elements used to model the same element
of the induction hob (as in this example); automation, since the mi-
gration of the models cannot be performed automatically, an engi-
neer needs to generate the M2M transformation and make decisions
when applying it; trust leak, the modification of the model frag-
ments (through the migrations) decreases the trust gained by those
models during that generation. The fragments need to be modified
to be adapted to the new metamodel, not to improve its functional-
ity, and the modification is regarded as unnecessary and error prone.
The domain of our industrial partner is constantly evolving, but the
original elements are still present in new IHs. New kinds of heating
elements or strategies may appear, but the simplest inductors (e.g.,
the inductor of size 15) are still an important part of modern IHs.

5. The Variable MetaModel Strategy Applied to
the Case Study

In order to avoid the need for migration when a new generation
is created, we want to build a new metamodel that supports both
generations: the Variable MetaModel (VMM). For instance, mod-
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els that conform to Generation 1 and models that conform to Gen-
eration 2 will also conform to this VMM. A model that contains
replacements from both generations will conform to the VMM.

The VMM is the result of applying CVL at the metamodel
level; we have a base model in a given DSL (in this case, MOF)
with placements defined over it and a library of replacements.
VMM is defined as follows:

VMM= MM ×MM
vmmi=< mmbi , mmli >

(3)

where mmbi is the base model at the metamodel level and
mmli is the library of replacements at metamodel level.

Similarly to CVL at the model level, we can materialize models
that conform to the given DSL (in this case, MOF). Let G be the
set of all generations and let P(G) be its power set. We define the
VMMmat (VMM Materialization) operation as follows:

VMMmat : VMM ×P(G)−→MM
VMMmat(< mmbi,mmli > , g) = mmg

where g 6= ∅
(4)

That is, given a vmmi where i generation is included in G and
selecting a non-empty generation set g, VMMmat retrieves the
mmg for the cvlsplg of the given generation set g.

Figure 4 (left) shows an example of VMM , the vmm2 for gen-
eration 2. The top-left corner shows the base model (mmb2). It is
the metamodel from cvlspl1, with a placement (P1) defined over
the inductor. In addition, the bottom-left corner of Figure 4 shows
the replacements library (mml2), which contains two different re-
placements: R1 (in dashed lines) defined over the cvlspl1 meta-
model; R2 (in dotted lines) defined over the cvlspl2 metamodel.

Figure 4 (right) shows the models produced with the vmm2

presented. The materialization of CVL produces models that con-
form to the same language that the base model and replacements
conform to; therefore, in this case the produced models will con-
form to MOF. With the library that is available (two replacements),
we can produce three different models: 1) mm1 (the metamodel
of cvlspl1) with a substitution of P1 by R1; 2) mm2 (the meta-
model of cvlspl2) with a substitution of P1 by R2; 3) mm1&2 (a

new metamodel with the concepts from the mm1 and the mm2

metamodels) with the substitution of P1 by R1 and P1 by R2.
The cardinality property of placements in CVL enables the

creation of mm1&2. In other words, a placement can be substituted
more than once. The first time that a placement is substituted, the
existing references of the placement are replaced. The second time
that the same placement is substituted, new references that are
analogous to the existing ones need to be created. For instance,
the aggregation of Inductors reference in mmi is duplicated into
an aggregation of Inductor Gen1 (in dashed lines) and aggregation
of Hotplate (in dotted lines) in the mm1&2.

The mm1&2 metamodels contains concepts from both cvlspl1
and cvlspl2 at the same time. To achieve this, VMM renames the
elements that conflict (e.g., Inductor from mm1 and from mm2).
The advantages of this mm1&2 is that any model that conforms to
mm1 also conforms to mm1&2 and any model that conforms to
mm2 also conforms to mm1&2. In other words, mm1&2 is used
when materializing IH models that contain replacements from both
libraries (l1 and l2) and the resulting model conforms to mm1&2.

The vmm2 enables the materialization of mm1 and mm2 that
are used directly by the engineers to create new replacements.
By doing so, the replacements created will conform to a specific
generation, and will not include unnecessary indirection. If the
functionality required for a particular replacement can be achieved
with the expressiveness of a previous generation, that metamodel
will be used.

Furthermore, if the engineers try to create new replacements
using the mm1&2 directly, they could end up creating models that
do not conform to either mm1 or to mm2. Therefore, we need to
keep the original metamodels (mm1 and mm2) in order to enable
the creation of new replacements.

5.1 Steps of the VMM Strategy
The evolution of a cvlspli following the VMM-strategy is denoted
as follows:

EV MM : CV LSPL −→ VMM
< mmi, bi, li >−→< mmbi+1,mmli+1 >

(5)

VMMmat is used with the generated vmmi to retrieve the differ-
ent CVLSPL generations needed by the company.
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Figure 5 shows the method to perform the Evolution 1 from
cvlspl1 to cvlspl2. Each of the columns of the tables represent one
step in the application of the VMM strategy. The top part shows
the cvlspl1 with its base model b1 (depicted as a diamond), its
metamodel mm1 (depicted as a rectangle), and its fragment library
li (depicted as a circle). The bottom part shows the cvlspl2, the first
row shows vmm2, and the second row shows the cvlspl2.

Step 1 shows the edition of the metamodel by the user. The
mm1 metamodel is edited to include the new concepts of the next
generation (Hotplate), resulting in the mm2 metamodel.

Step 2 shows our Diff2CVL operation, which is used to spot the
differences between the two metamodels and to describe them in
terms of a base model and replacements. Diff2CVL is built upon
EMFCompare1. This is an eclipse plugin that provides generic sup-
port for any kind of metamodel in order to compare and merge
models. The common parts of the two metamodels (mm1 and
mm2) are included in the mmb2 and placements are created over
it for the differences between mm1 and mm2. Furthermore, re-
placements that contain these differences are created and included
in the mml2. The VMMmat operation can be applied to vmmi

to obtain mm1, mm2, and mm1&2.
In Step 3, the l1 and b1 from cvlspl1 are copied without any

modification to be used in cvlspl2. Both conform to the material-
ized mm1, and they also conform to the materialized mm1&2.

In Step 4, some common parts of the base model (b1) may be-
come variable because of the new concepts introduced in Genera-
tion 2. In that case, the engineer edits the base model b1 (that has
been copied in the previous step) from the cvlspl2 to extract the
variable parts as replacements.

In Step 5, the engineer creates new replacements that instantiate
the new concepts of this generation (Hotplate) and includes them

1 https://www.eclipse.org/emf/compare/

in l2. These new replacements conform to mm2, and they also
conform to mm1&2.

Following the above steps, we can evolve the SPL from one gen-
eration to the next, while avoiding the need for migrating existing
fragments. Then, when the engineer wants to create new replace-
ments, the engineer will be able to use the metamodel of just one
generation and not the mm1&2. As a result, the engineer can cre-
ate replacements for the most recent generation (using mm2) to
instantiate the new concepts of that generation. In contrast, the en-
gineer can use the previous generation metamodel (mm1) to create
replacements that do not exercise the expressiveness provided by
the new generation, avoiding the overcharge of the model (as the
case of the motivating example, see Section 4). When materializ-
ing an IH model containing replacements from both generations (l1
and l2), the resulting IH model will conform to mm1&2.

In addition, the recursion capabilities of CVL enable us to
create placements inside a replacement and hence apply the VMM
strategy to further generations. That is, when creating the next
generation, the step 2 of the process could end up in the creation
of a new replacement that includes previously defined placements
(if the replacement is not common for both metamodels).

5.2 Resulting Models after Applying VMM Strategy
Figure 6 shows an overview of our industrial partner’s CV LSPL
models (rows) after applying the VMM strategy to manage Evolu-
tion 1 and Evolution 2 (columns).

In Evolution 1 a new concept (hotplate) is introduced (see the
first and second columns). This concept affects the inductor, which
is now aggregated by the hotplate; therefore, we apply the method
explained above to perform Evolution 1. Diff2CVL produces a base
model (mmb2) that contains a placement (P1) with cardinality 2
(i.e., it can be replaced up to two times). Diff2CVL also produces
mml2, which contains two replacements: R1 (which holds the
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Figure 6. IHDSL Metamodel level for each generation of the CVLSPL

particularities of Gen1) and R2 (which holds the particularities of
Gen2). VMMmat operation can be applied to those models to
produce three different metamodels: 1) the substitution of P1 by R1
produces mm1; 2) the substitution of P1 by R2 produces mm2; 3)
the substitution of P1 twice, by R1 and by R2 produces mm1&2.

When creating new fragments, the engineer must stick to only
one generation in order to create a valid fragment. In other words,
fragments must conform to a specific metamodel generation, ei-
ther mm1 or mm2. As a result the engineer can create replace-
ments only using concepts from mm1, avoiding the indirection in-
troduced by the migration strategy ( see Section 4).

When materializing an IH model that contains replacements
from both generations (l1 and l2), the resulting IH model conforms
to mm1&2. Overall, vmm2 enables the materialization of IH mod-
els with replacements from both generations (l1 and l2), while at
the same time allowing the creation of fragments pertaining to one
generation (either conforming to mm1 or to mm2).

In Evolution 2 a new breaking change that introduces the con-
cept of cooking zones occurs (see the second and third columns).
Similarly to Evolution 1, we apply the method to perform Evolution
2 (from Generation 2 to Generation 3).

The CVL capabilities of recursion (placements inside replace-
ments) and cardinalities over the placements applied to the meta-
model level have proven to provide enough expressiveness to over-
come all of the evolution situations of our industrial partner over
13 years. In addition, the VMM strategy of this work enables our
industrial partner’s engineers to derive products by means of re-
placements from any generation, while avoiding the disadvantages
of migrating the replacements after each evolution.

5.3 Derivation of SPL Products after Applying VMM
The VMM strategy has been tooled within the Eclipse environment
and integrated into our industrial partner’s SPL. The resulting tool
is used by our industrial partner (BSH, the leading manufacturer
of home appliances in Europe) to generate the firmware of their
Induction Hobs (sold under the brands of Bosh and Siemens). An
example of the resulting tool in action can be seen here 2. This
section present an example of using the SPL evolved with the
VMM strategy: an engineer of our industrial partner deriving a new
product.

2 http://www.carloscetina.com/variablemetamodel.htm
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The engineer will act at the model level, choosing which re-
placements should be substituted in the base model and building
the Induction Hob model; in the meantime, at the metamodel level,
the metamodel is built up automatically reflecting those model level
substitutions. Each time a replacement is chosen by the engineer (at
model level), the replacement (at metamodel level) corresponding
to the replacement chosen by the engineer at the model level will
be automatically substituted in the base model metamodel (only if
it is the first occurrence of that generation).

Figure 7 show an example of the derivation when the SPL is in
Generation 3. At the model level (the first and second columns),
the engineer chooses the replacements (the first column) for the
placements of the base model (the second column), while at the
metamodel level (the third and fourth columns), the metamodel
replacements (the third column) are automatically substituted for
the placements of the Base Model (the fourth column). Note that
the metamodel level elements presented in Figure 7 (the third and
fourth columns) and the metamodel level elements presented in
Figure 6 (the third column) are the same.

The first row in Figure 7 shows the first substitution of the
product derivation: the engineer can use replacements from the
three different generations available. In this case, the engineer is
going to use replacements from the second generation (the first
column). The base model of the current generation (the second
column) is used. The metamodel level has the replacements R2 and
R3 (third column) that correspond to the model level replacements,
and the metamodel base B2 (fourth column) with all the common
elements from all of the generations.

The second row in Figure 7 shows the result of the first frag-
ment substitution. The fragments chosen by the engineer have

been substituted at the model level (the second column). At meta-
model level, corresponding fragments have been automatically sub-
stituted (the fourth column), resulting in the Generation 2 meta-
model (Gen2). Now, if more model level replacements from Gen-
eration 2 are added, the metamodel does not vary (it only varies the
first time that a generation is used). We repeat the operation with
more replacements: this time they belong to Generation 1. At the
metamodel level, the corresponding metamodel level replacements
R1 and R3 are used.

The third row shows the results of the second fragment sub-
stitution. The model now has elements from two SPL generations;
therefore, the metamodel has automatically been increased to be the
combination of those two generations (Gen1&Gen2) maintaining
the conformance between the model (the second column) and the
metamodel (the fourth column). The engineer then performs more
fragment substitutions until all the placements of the IH model are
substituted; the metamodel is automatically increased as necessary.

The VMM strategy of this work enables our industrial partner’s
engineers to derive products by means of replacements from any
generation, while avoiding the disadvantages of migrating the re-
placements after each evolution. The following Section discusses
the advantages and disadvantages of each of the strategies, taking
into account the experience acquired from our industrial partner.

6. Discussion
We have applied both strategies to the retrospective of 13 years of
our industrial partner’s SPL models. In this paper, we only show a
simplification of the evolution related to the inductor concept even
though we have applied it to all of the concepts. This involves about
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32 different IH models composed of approximately 72 different
model replacements (each of them composed of multiple model
elements). The average number of model elements of a fragment
replacement is 43, while the average number of elements of an IH
model is about 470. Figure 8 shows a summary of the comparison
obtained from the collaboration with our industrial partner of both,
the migration strategy and the VMM strategy, in terms of three
dimensions: (a) indirection, (b) automation and, (c) trust leak.

6.1 Indirection
Indirection refers to an increase in model elements in order to con-
form to an evolved metamodel while keeping the same functional-
ity. For instance, the inductor that migrates into a hotplate and then
into a cooking zone (see Section 4).

Figure 8 (a) shows the comparison of both strategies in terms of
the indirection that is present in the replacements. The graph shows
the number of model elements (classes and structural properties)
used in each generation to represent an inductor. In the migration
strategy (solid lines), the inductor grows from a total of 11 elements
in Gen 1 to a total of 29 elements in Gen 3. This growth trend is
common for all of the concepts studied in this work. Although it
is out of the scope of this paper, there are transformations based
on the metamodel to transform IHDSL models into code, and
this indirection requires modifications and produces an increase in
the complexity of the transformations and the code generated. In
contrast, the VMM strategy (dashed lines) avoids the migration of
replacements, and the number of elements needed to represent the
inductor concept (11) remains the same over all of the generations.

6.2 Automation
Depending on the degree of involvement of the user, the execution
of the steps of both strategies can be either manual, assisted, or
automatic. A step is automatic when it is done without user inter-
vention; it is assisted when user must help in the process; and it is
manual when the whole process is performed by the user.

Figure 8 (b) shows the comparison of the two strategies in terms
of automation for each of the steps of the strategies. Step 1 (Edit

Metamodel) is the same for both strategies and must be performed
manually. Step 2 is different; the migration strategy requires the
definition of a M2M transformation. With the options that are avail-
able (manual [15], operator-based [12, 17] or metamodel matching
[3, 10]), the process is, at best, assisted [3, 11]. In contrast, in the
VMM Strategy Step 2 (Diff2CVL) is fully automatizable, (CVL
applied to the model and the metamodel level enabled us to resolve
all kind of changes presented by [3] in an automatic way). Step
3 in the migration strategy is the execution of the M2M transfor-
mation. Breaking changes (e.g., the addition of obligatory proper-
ties) are not automatically resolvable ([3, 11]), so the step needs
to be assisted. In contrast, in the VMM strategy replacements are
used “as is”: no migration is required and only an automatic copy is
performed. Finally Steps 4 (Adapt base model) and 5 (Create new
replacements) are performed manually in both strategies.

6.3 Trust Leak
Models are used to produce code: once they have been used re-
peatedly on many IHs, they gain the trust of our industrial partner’s
engineers. However, when the replacements are modified, there is
a loss in this trust on the part of the engineers, which has been re-
ported as trust leak.

Figure 8 (c) shows a comparison of both strategies in terms
of trust leak. The graph shows the weight of the replacements of
each generation in relation to the total number of products created
with the SPL (i.e., average percentage of replacements from each
generation present in the induction hobs taking into account all
the IHs derived from the SPL). For instance, using the migration
strategy for Evolution 2 (from Gen2 to Gen3), the replacements that
represent 83% of the total products built need to be migrated (58%
of them twice, from Gen1 to Gen2 and then to Gen3). It turns out
that the replacements from Generation 1 are the ones that are most
frequently used to build IHs (in all generations), and they are also
the ones that require more migrations when following the migration
strategy. Therefore, they are the replacements that have the highest
level of trust leak. In contrast, when using the VMM strategy there
is no need to migrate replacements, thus avoiding the trust leak.

169

237



7. Related Work
To the best of our knowledge, there are no works that address the
evolution of SPLs using variability modeling ideas at the meta-
model level; However, there are research efforts on SPL evolution
that can complement model-based SPL evolution.

In [1] Batory et al. present the AHEAD model, based on the
step-wise refinement paradigm, enables the synthesization of mul-
tiple complex programs from a simple program. In AHEAD the
software is expresed as nested sets of equations describing feature
refinements. The composition function (specific for each kind of
asset) is used to stack the refinements applied to the base program
to produce the different variants. However we do not focus on how
to specify variants of the base product, the main focus in our ap-
proach is to avoid the migration of the models from one generation
to the next by applying variability at the metamodel level.

Dhungana et al. [6] present an approach that is based on model
fragments applied at the model level. They provide tool support for
the automated detection of changes, facilitating metamodel evo-
lution and propagating changes in the domain to already existing
variability models. However, in contrast to our approach, they do
not use fragments at the metamodel level having to update their
fragments when changes occur at the metamodel level.

Deng et al. [5] argue that adding new requirements to a model-
based Product Line Architecture (PLA) often causes invasive mod-
ifications to the PLA‘s component frameworks and DSLs. To ad-
dress these modifications, they show how structural-based model
transformations help maintain the stability of domain evolution by
automatically transforming domain models. Although the details
are different, their approach is similar to the migration strategy with
support of model transformations. However, our work shows that,
in the case of a CVLSPL, the VMM strategy offers the best results.

Creff et al. [4] propose an incremental evolution by extension of
the product line. They aim to benefit from the investments supplied
during the product derivation and re-invest them into the SPL
models. Specifically, they introduce an assisted feedback algorithm
to extend the SPL to emerging product derivation requirements. We
believe that their feedback algorithm could be tailored to help in
the detection for the need of new metamodel changes (new SPL
Generations) when product derivations occur, triggering our VMM
strategy to address the evolution at the metamodel level.

Passos et al. [13] developed a vision of software evolution that
is based on a feature-oriented perspective. They provided a feature-
oriented project management and system development platform
that supports traceability and analyses. In our work, the SPL is
specified by means of base models, fragment substitution and meta-
model expressiveness. However, we can represent the variability
model of our industrial partner’s SPL by means of a feature model,
therefore strategy can benefit from the analysis and traceability of
the work of Passos et al. [13].

8. Conclusions
The CVL capabilities of recursion (placements inside replace-
ments) and cardinalities over the placements applied to the meta-
model level have proven to provide enough expressiveness to over-
come all the evolution situations of our industrial partner over 13
years. In addition, the VMM strategy of this work enables our
industrial partner’s engineers to derive products by means of re-
placements from any generation, while avoiding the disadvantages
of migrating the replacements after each evolution.

This work indicates that the VMM achieves better results than
the migration strategy in domains like the domain of our industrial
partner in terms of indirection, automation, and trust leak. Further-
more, using already existing variability management approaches
(like CVL) enables us to bring efforts from the variability research

community to address the evolution challenge. Nevertheless, there
are still open issues (e.g., evolutions that turn variabilities into com-
monalities) that will be addressed in our work in the future.
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a b s t r a c t

Metamodels evolve over time, which can break the conformance between the models and
the metamodel. Model migration strategies aim to co-evolve models and metamodels
together, but their application is currently not fully automatizable and is thus cumber-
some and error prone. We introduce the Variable MetaModel (VMM) strategy to address
the evolution of the reusable model assets of a model-based Software Product Line. The
VMM strategy applies variability modeling ideas to express the evolution of the meta-
model in terms of commonalities and variabilities. When the metamodel evolves, changes
are automatically formalized into the VMM and models that conform to previous versions
of the metamodel continue to conform to the VMM, thus eliminating the need for
migration. We have applied both the traditional migration strategy and the VMM strategy
to a retrospective case study that includes 13 years of evolution of our industrial partner,
an induction hobs manufacturer. The comparison between the two strategies shows better
results for the VMM strategy in terms of model indirection, automation, and trust leak.

& 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Model-Driven Development aims to shift the focus of software development from coding to modeling. Metamodels are
used to formalize a set of concepts and the relationships among those concepts. A model conforms to a metamodel if it is
expressed by the terms that are encoded in the metamodel.

Model-based Software Product Lines enable a planned reuse of software components in products that are within the
same scope [1]. Commonalities and variabilities among the products are formalized into a set of models (and metamodels)
using a variability language: either feature models [2,3] (the de facto standard for variability modeling) or Common
Variability Language (CVL) [4], (recommended for adoption as a standard by the Architectural Board of the Object Man-
agement Group). Although the details are different, all share the idea of modeling commonalities and variabilities among
the different products.
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Similar to other software components, metamodels evolve over time [5]; however, changes that are introduced in the
new metamodel revision can invalidate the models that conform to the previous revision of the metamodel. To address this
issue, migration strategies [6–10] propose co-evolving models and metamodels together in order to maintain consistency.

However, even though migration strategies have proven to be successful in model-based approaches, their application is
not fully automatizable and can be cumbersome and error prone in large systems. Evolution is particularly critical for a
successful adoption of model-based Software Product Lines (SPLs) [11].

We believe that the ideas of variability modeling can also be applied at the metamodel level to address the evolution of
SPLs and at the same time avoid the issues involved with migration strategies. Our contribution is the Variable MetaModel
(VMM) strategy, which enables the evolution of the metamodel without breaking model conformance. In VMM, each
metamodel evolution is expressed in terms of metamodel commonalities and variabilities. As a result, already existing
models continue to conform to the created VMM, thus eliminating the need for migration and its related issues.

First, we build a retrospective case study of the evolution undergone by our industrial partner (BSH) over the last
13 years regarding the evolution of their models and metamodels. BSH is the leading manufacturer of home appliances in
Europe and its induction department produces induction hobs (explained in Section 2) following an MDD approach [12].

We then apply a migration strategy to the case study, manually migrating the models (as described in Section 4)
whenever a metamodel change that breaks the conformance between models and metamodels arises. Migration strategies
involve the following three issues: (1) model migration introduces indirection to the models; (2) some of the steps of the
migration strategy need human assistance; and (3) the trust gained by models (over years of use) is lost when they are
migrated.

Finally, we also apply the VMM strategy to the retrospective case study and compare both strategies (VMM and
migration). The comparison shows that the VMM strategy achieves better results than migration in terms of the three issues
related to migration: (1) VMM eliminates the need for migration (and the indirections introduced); (2) some of the steps of
the migration strategy require human assistance while in the VMM strategy those steps are automatic; (3) the trust gained
by models remains the same in the VMM strategy (since the model does not need to change).

This paper is an extended and revised version of our paper published at GPCE 2015 [13]. Apart from revisions throughout
the article, in this version we have improved the motivation of the approach and included details about the core operations
of the VMM approach (InitVMM and addGen). We have also added some lessons learned from the application of the
approach to our industrial partner, informationwhich may be valuable for practitioners that want to apply the ideas of VMM
to manage metamodel revisions.

2. Background

This section presents the Domain Specific Language (DSL) used by our industrial partner to formalize their products, the
IHDSL. It will be used throughout the rest of the paper to present a running example. Then, the Common Variability

Fig. 1. CVL applied to IH-DSL.
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Language (CVL) is presented. CVL is the language used by our VMM approach to formalize the differences between
metamodel revisions.

2.1. The induction hobs domain

Induction cookers or hobs use electromagnetism to generate heat that is transferred to the cookware. Traditionally,
stoves feature four rounded areas that become hot when turned on. Therefore, the first Induction Hobs (IHs) created
provided similar capabilities. However, the induction hob domain is constantly evolving due to the possibilities provided by
the induction phenomena and the programmable microcontrollers that are present in the IHs.

For instance, the newest IHs feature full cooking surfaces, where dynamic heating areas are automatically calculated and
activated or deactivated depending on the shape, size, and position of the cookware placed on top. There has been an
increase in the type of feedback provided to the user while cooking, such as the exact temperature of the cookware, the
temperature of the food being cooked, or real-time measurements of the consumption of the IH.

The Domain Specific Language used by our industrial partner to specify the Induction Hobs (IHDSL) is composed of 46
meta-classes, 74 references among the meta-classes, and more than 180 properties. However, in order to gain legibility and
due to intellectual property rights, in this paper we use a simplified subset of the IHDSL (the top-left corner of Fig. 2 shows
the metamodel for this DSL).

The bottom-right corner of Fig. 1 shows an Induction Hob (Resolved Induction Hob) with the graphical repre-
sentation of the IHDSL. It is composed of two power modules (vertical rectangles on both sides of the IH). Each of them
holds two inverters (squares), which are in charge of providing the electrical supply required to generate the magnetic
field. Inverters are connected to the inductors (circles), which are the elements where the magnetic field is generated.
The number inside each inductor represents the diameter of the inductor. The line that connects inverters and
inductors represents the power channel, which transfers energy from the inverter to the inductor. The user interface
of an IH has controllers to configure the power level of each inductor (the horizontal rectangle at the bottom of
the IH).

2.2. The Common Variability Language (CVL)

The Common Variability Language (CVL) is a DSL for modeling variability in any model of any DSL based on Meta-Object
Facility (MOF, the OMG specification to define a universal metamodel for describing modeling languages). CVL defines
variants of the base model by replacing parts of the base model with model replacements that are found in a library of
models. The base model and the library of models must be specified using the same DSL.

Despite the fact that CVL is currently frozen by intellectual property rights issues, the proposed ideas have been
recommended for adoption by the architectural board of the OMG and we decided to use it for technical reasons (given its
expressiveness for realizing the variability specification over models). However, any other variability specification
mechanism with capabilities similar to the ones of CVL could be used to materialize our approach.

The variability specification in CVL is divided across two different levels:1 the feature specification level (where varia-
bility is specified following a feature model syntax [2,3]) and the product realization level (where the variability specified in
terms of features is linked to the actual models in the form of variation points, replacements, and substitutions). Finally, the
materialization operation takes a configuration of the feature specification and executes the substitutions defined by the
product realization level to obtain a new variant.

Fig. 1 shows an example of specification of variability through CVL applied to the induction hobs models. Fig. 1(a) shows
the feature specification level, Fig. 1(b) shows the product realization level, and Fig. 1(c) shows the materialization
operation.

In Fig. 1(a), the bubbles represent features which are organized hierarchically. Some features can be optional (denoted by
the range [0..1] like the User Interface). In addition, an OR operation between multiple choices of features can be defined
(denoted by the triangle above the three inductors features, which are children of the upper-left inductor feature). Some
features are only used to improve the readability and structure of the tree (e.g., the upper-left inductor) while others are
linked with the substitutions (defined in the product realization level) that must be performed when materializing those
products.

In Fig. 1(b), the substitutions of variation points by replacements are defined. The base model is a model described by a
given DSL (here, IHDSL) that serves as the base for different model variants defined over it. The elements of the base model
that are subject to variations are the placement fragments in CVL; however, we will refer to them with the more common
term variation points (hereinafter VPs). It is important to remark that the term VP is also used in CVL and its definition
includes not only the part of the model subject to variations but also the set of elements that can be used to substitute them.
Therefore, the reader used to CVL terminology needs to be aware of the use of VP instead of placement in the context of
this paper.

1 Layers in the CVL terminology.
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In the base model, there are two VPs defined over it: P1, which includes the top-left inductor; and P2, which includes the
user interface. To define replacements for a VP, CVL uses a library of models described in the same DSL as the Base Model.
Each alternative for a VP in the Base Model is a replacement fragment (hereinafter replacement). In the library model, there
are four replacements defined: three inductor replacements (R1, R2, and R4) and a user interface replacement (R3).

Notice the correspondence between the substitutions linked to the features from the feature specification level in Fig. 1
(a) and the VP and replacements defined in the product realization level in Fig. 1(b).

CVL defines variants of the base model by means of fragment substitutions (i.e., the substitution of VPs by replacements).
Fig. 1(a) shows the Feature specification level with the substitutions linked to some features. First, the Induction Hob feature
is the root and must be present in all IHs. Then, we can have buttons for the User Interface substituting P2 by R3 (this
substitution is optional). We also have different alternatives for the upper-left inductor (sizes 23, 15, or 21) substituting P1 by
R1, R2, or R4.

In order to specify a product model from the set of models described by the feature specification model, a configuration2

of the feature specification model is used. In other words, the choices about the features that will or will not be included in
the product are resolved by the user. Fig. 1(c) shows the materialization operation of CVL, which executes the substitutions
that are linked to the features present in a configuration and produces a variant of the base model where the VPs have been
substituted by the replacements selected. As a result of the materialization operation, a resolved induction hob is produced
where P1 has been substituted by R1 and P2 has been substituted by R3 (following features from the configuration and the
linked substitutions).

When VPs are defined through CVL, there are two characteristics that make the language really flexible: recursion and
cardinality. Recursion enables the definition of VPs inside other VPs in a recursive manner. The cardinality enables the
substitution of one VP by several replacements at the same time. CVL is currently frozen by non-technical reasons, the
recursion and cardinality capabilities when defining VPs are leveraged by our approach, and, therefore, CVL is used by our
approach as the variability specification language.

For simplicity throughout the rest of the paper, we will show the VPs superimposed on the base model, even though they
are defined in a separate model. Also, the replacements defined in the library models will be shown separately from the rest
of the model where they are defined.

Fig. 2. Model generations of the CVLSPL.

2 Resolution model in the CVL terminology.
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3. SPL evolution formalized by CVL

This section presents the retrospective case study that was extracted from the evolution of our industrial partner's
models and metamodels over the last 13 years. Although the evolution data provided involves all the elements present in
the initial DSL, for simplicity and due to intellectual property rights, we are going to focus on the evolution related to the
inductor concept.

Let MM be the set of all models that conform to the MOF language (i.e., the set of all metamodels) and let M be the set of
all models. Let mi be in M and let mmi be in MM. Then, we say that a model (mi) conforms to a metamodel (mmi) if it is
expressed by the terms that are encoded in the metamodel; this conformance is denoted as Cðmi;mmiÞ.

Let CVLSPL be the set of all CVL-based product lines. One such product line, cvlspli, is denoted as follows:

CVLSPL¼MM �M �M

cvlspli ¼ 〈mmi; bi; li〉 ð1Þ

wheremmi is the metamodel of the DSL (conforming to MOF), bi is the base model (over which VPs for the variable parts are
defined), li is the library of replacements for those VPs, and the conformance between models Cðbi;mmiÞ and Cðli;mmiÞ is
fulfilled. In addition, let i be a consecutive index that is assigned based on when models and metamodels are created, i.e., we
will refer to the generation i of the base model, the generation i of the metamodel, the generation i of the library, and the
generation i of the CVLSPL. The use of the index i is only as an annotation to identify the generation. For each generation
there may be several base models and libraries adhering to the same metamodel.

We perform a CVLSPL evolution (a shift from one cvlspli generation to the next generation, cvlspliþ1) whenever there is a
breaking and unresolvable change (hereinafter breaking change) [9] in the metamodel. Breaking changes break the con-
formance of models and the metamodel in a way that cannot be resolved by automatic means [9] (e.g., the addition of a
mandatory meta-class or a restriction in the multiplicities). There are other metamodel changes that do not break the
conformance of models and the metamodel (e.g., the addition of an optional class) or metamodel changes that can be
resolved automatically by existing approaches [6–10] (e.g., eliminating a property). However, in this work we will focus on
the evolution triggered by breaking changes.

Fig. 2 shows a summary of the CVLSPL generations and the evolutions performed. Specifically, we present three CVLSPL
generations: the first row shows cvlspl1, which includes the concept of inductor; the second row shows cvlspl2, which
includes the concept of Hotplate; and the third row shows cvlspl3, which includes the concept of cooking zone. This figure
shows the breaking changes that were overcome by our industrial partner, such as the addition or removal of meta-
elements. The first column shows the metamodel for each generation, the second column shows the base model, and the
third column shows the replacements library. The full variability specification is not shown, but the shape of each VP in the
base model and shape of each replacement in the replacements library are indicators of what VPs can be substituted by
what replacements.

Evolution 1 (from cvlspl1 to cvlspl2) is triggered by a new concept called Hotplate (see the first and second rows of Fig. 2).
A Hotplate consists of a group of inductors that can work together. There is a hierarchy (next relationship) among the
inductors; some must be turned on before their subordinates are turned on. Since we need to control the whole Hotplate
(two inductors) with just one user interface controller, the controller will now act over hotplates instead of inductors. This is
reflected in the metamodel mm2 (see the second row, first column).

There are also modifications at the model level. A new VP is created over the base model b2 to enable substitutions of the
new hotplate replacements. In addition, new replacements (l2) that instantiate the hotplate concept are created; for
example, the split hotplate (formed by two inductors, one main and one auxiliary) or the double hotplate (formed by two
inductors, requiring twice the space and power as the rest of hotplates).

Evolution 2 (from cvlspl2 to cvlspl3) is triggered by a new concept called cooking zone (see the second and third rows of
Fig. 2). Cooking zones improve the hotplate by introducing the ability to heat two different pieces of cookware at the same
time and with different power levels. Now each hotplate will have cooking zones, which will be controlled by the user
interface controller. Since the number of combinations of inductors that are working at the same time increases, the power
table is now aggregated by the hotplate, and the cooking zones use it. By means of this modification, several hotplates will
share the same power tables (when the inductor configurations are equivalent). Furthermore, the hierarchy that is present
among inductors is now controlled by the cooking zone (one cooking zone having the main inductor and another cooking
zone having both inductors); therefore, the relationship next is removed from the metamodel (mm3).

A new VP to include hotplates on both sides is created over the base model b3. Similarly, new replacements that exercise
the new concept of cooking zone are created (l3). For instance, the pool hotplate has four inductors that are divided into two
different cooking zones, which are controlled by two different buttons.

As any other model change, the evolutions presented so far can be seen as graph transformations. For instance, the
changes could be expressed as extensions and derivations like it is done in the work of Gonçalves et al. [14]. Although the
presented changes could be formalized using graph transformations, the changes come from pragmatic development, and
graph rewrites have not been the basis for the developments.

Sections 4 and 5 show the application of both Migration and VMM strategies to address the evolution presented in this
section.
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4. Motivation of the approach

The evolution presented in Section 3 needs to be properly supported by the metamodels that are used by our industrial
partner to formalize their SPL. Some of the changes presented can be addressed without breaking the conformance between
the models and the metamodel, such as the creation of new model fragments or the addition of new optional elements to
the metamodel. However, when we perform a breaking change to the metamodel (e.g., the hotplate and cooking zone
concepts), the conformance between the models and the metamodel is lost.

Traditional migration strategies [6–10] propose migrating all of the models to conform to the new version of the
metamodel. Given a metamodel change, the migration of the SPL can be achieved by the following steps: (1) the metamodel
is upgraded to a new version introducing the new concept; (2) a model-to-model (M2M) transformation that migrates
models from one version to another is created (manual specification [6], operator-based [7,8], or metamodel matching
[9,10]); (3) existing replacements are migrated (by executing the M2M transformation obtained from Step 2) to conform to
the new generation of the metamodel; (4) if some common parts that are present in the base model have become variable,
the user creates VPs over the base model and extracts the model fragments as replacements; and (5) new replacements are
created to instantiate the new concepts that have been incorporated into the metamodel.

Let Emig be the operation used to evolve a cvlspli from a given generation i to the next generation (iþ1) following the
migration strategy. The operation is defined as follows:

Emig:CVLSPL⟶CVLSPL
Emigð〈mmi; bi; li〉Þ ¼ 〈mmiþ1; biþ1; liþ1〉

where M2MðLiÞ ¼ Liþ1 ð2Þ
Fig. 3 shows three CVLSPL generations that are managed using the migration strategy. We start from cvlspl1, which is

shown in the first column. The square depicts the metamodel (mm1) (which includes the inductor concept), the diamond
depicts the base model (b1), and the circle depicts the library of replacements (l1). Both b1 and l1 conform to mm1.

Given a breaking change (hotplate concept), we perform the five steps of the migration strategy. In Step 1 (Fig. 3, column
one), we modify the metamodel to include the new concept. Then, in Step 2, we define the M2M1 transformation, which
migrates models that conform tomm1 into models that conform tomm2. In Step 3, we apply theM2M1 transformation to the
library of replacements l1 (8 replacements). This step requires assistance on the part of the user to apply the transformation
associated to breaking changes. Step 4 consists of the extraction of common parts from the base model b1 that have turned
into variables parts (as required by the new generation). Since the changes of cvlspl2 include bigger hotplates in the form of
new replacements that cannot be placed in existing VPs, we create new VPs and substitutions over the base model b2. In
addition, we extract those old VPs from the base model and include them in new replacements (three new replacements
in l2). Finally, in Step 5, nine new replacements that instantiate the new concept are created in l2.

We have created the cvlspl2 of the SPL by following the above steps. We follow the same steps to create the cvlspl3 with
this strategy. This time, when the metamodel is edited (Step 1), the relationship next, (created in generation 2), is eliminated
since its functionality is now provided by the cooking zone. Note that this time we need to migrate both replacement
libraries, the library previously migrated from cvlspl1 (8 migrated replacements) and the library created during cvlspl2
generation (9 þ 3 new replacements).

Fig. 4 presents the evolution of a model fragment following a migration strategy. Each column shows the same fragment
(Inductor 15) for each of the cvlspli generations. Although its functionality remains the same, the model is augmented to
conform to each generation metamodel. In generation 1, the replacement of an inductor of size 15 is represented by
2 metamodel classes (Inductor and Power Table) and can be connected to a channel and controlled by a button. In generation
2, the model fragment is migrated to conform to mm2. Hotplate 1 now aggregates the inductor and is the one controlled by
the button. In this generation, we need 3 classes (we add the Hotplate) to model the same functionality. In generation 3, we

Fig. 3. The steps of the migration strategy.
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need to include a cooking zone (enabling groups inside the same hotplate), so the model is now composed of four model
elements. The three versions of the model fragment represent the same functionality: a heating element of size 15 that is
connected with a channel and controlled from a button. However, there is an increase in model complexity.

Specifically, the migration of models from our industrial partner involves three related issues: (1) indirection, where there
is an increase in the number of elements used to model the same element of the induction hob (as in this example); (2)
automation, since the migration of the models cannot be performed automatically, an engineer needs to generate the M2M
transformation and make decisions when applying it; and (3) trust leak, the modification of the model fragments (through
the migrations) decreases the trust gained by those models during that generation. The fragments need to be modified to be
adapted to the new metamodel (not to improve its functionality), and the modification is regarded as unnecessary and error
prone. The domain of our industrial partner is constantly evolving, but the original elements are still present in new IHs.
New kinds of heating elements or strategies may appear, but the simplest inductors (e.g., the inductor of size 15) are still an
important part of modern IHs.

5. The Variable MetaModel (VMM)

In order to eliminate the need for migration when a new generation (metamodel revision) is created by the engineers, a
newmetamodel that supports both generations is automatically built: the Variable MetaModel (VMM). For instance, models
that conform to generation 1 and models that conform to generation 2 will also conform to this VMM. A model that contains
replacements from both generations will conform to the VMM. Since the VMMwill be enhanced each time a new generation
is created, a single VMM that includes all the generations of the CVLSPL will exist.

The VMM is the result of applying CVL at the metamodel level; we have a base model in a given DSL (in this case, MOF)
with VPs defined over it and a library of replacements. VMM is defined as follows:

VMM¼MM �MM

vmmi ¼ 〈mmbi;mmli〉 ð3Þ

where mmbi is the base model at the metamodel level and mmli is the library of replacements at the metamodel level.

Fig. 4. Evolution of model fragment through migrations.

Fig. 5. VMM and VMM-materialize.
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The vmmi holds all metamodel variations from starting generation (generation 1) to generation i. Similar to CVL at the
model level, we can materialize models that conform to the given DSL (in this case, MOF). Let G be the set of all generations
and let PðGÞ be its power set. We define the VMMmat (VMM Materialization) operation as follows:

VMMmat: VMM � PðGÞ⟶MM
VMMmatð〈mmbi;mmli〉; gÞ ¼mmg

where ga∅ ð4Þ
That is, given a vmmi where i generation is included in G and selecting a non-empty generation set g, VMMmat retrieves

the mmg for the cvlsplg of the given generation set g.
Fig. 5 (left) shows an example of VMM, the vmm2 for generation 2. The top-left corner shows the base model (mmb2). It is

the metamodel from cvlspl1, with a VP (P1) defined over the inductor. The bottom-left corner of Fig. 5 shows the repla-
cement library (mml2), which contains two different replacements: R1 (in dashed lines) defined over the cvlspl1 metamodel
and R2 (in dotted lines) defined over the cvlspl2 metamodel.

Fig. 5 (right) shows the models produced with the vmm2 presented. The materialization of CVL produces models that
conform to the same language that the base model and replacements conform to; therefore, in this case the models pro-
duced will conform to MOF. With the library that is available (two replacements), we can produce three different models:
(1)mm1 (the metamodel of cvlspl1) with a substitution of P1 by R1; (2)mm2 (the metamodel of cvlspl2) with a substitution of
P1 by R2; and (3) mm1&2 (a new metamodel with the concepts from the mm1 and the mm2 metamodels) with the sub-
stitution of P1 by R1 and P1 by R2.

The cardinality property of VPs in CVL enables the creation of mm1&2. In other words, one VP can be substituted more
than one time (the number of times can be specified). The first time that a VP is substituted, the existing references of the VP
are replaced. The second time that the same VP is substituted, new references that are analogous to the existing ones need
to be created. In Fig. 5, the aggregation of Inductors in vmm2 is duplicated into an aggregation of Inductor Gen1 (in dashed
lines), and an aggregation of Hotplate (in dotted lines) in the mm1&2. We have limited the substitution of the same repla-
cement several times as the result will be the same as replacing it only once (mm1&1 produces the same metamodel asmm1).

The mm1&2 metamodel contains concepts from both cvlspl1 and cvlspl2 at the same time. To achieve this, VMM renames
the elements that conflict (e.g., Inductor from mm1 and from mm2). The advantages of this mm1&2 are that any model that
conforms to mm1 also conforms to mm1&2 and any model that conforms to mm2 also conforms to mm1&2. In other words,
mm1&2 is used when materializing IH models that contain replacements from both libraries (l1 and l2), and the resulting
model conforms to mm1&2. When combining replacements from different generations into the same product, unexpected
interactions between them might arise. However, dealing with feature interactions is not straightforward and there are
several works focusing on this topic (such as [15]); thus, feature interactions will be left out of the scope of this paper.

The vmm2 enables the materialization of mm1 and mm2 that are used directly by the engineers to create new replace-
ments. By doing so, the replacements created will conform to a specific generation and will not include unnecessary
indirection. If the functionality required for a particular replacement can be achieved with the expressiveness of a previous
generation, that metamodel will be used.

Furthermore, if the engineers try to create new replacements using the mm1&2 directly, they could end up creating
models that do not conform to either mm1 or to mm2. Therefore, we need to keep the original metamodels (mm1 and mm2)
in order to enable the creation of new replacements.

6. VMM operations

There are two main operations in relation to the VMM: the initialization of the VMM and the addition of newmetamodel
revisions. Both operations are capable of spotting the commonalities and variabilities among metamodels and formalizing
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Fig. 6. InitVMM operation.
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them in terms of CVL. The initialization is executed only one time, to generate the initial VMM. Then, the addition of new
metamodel revisions is performed each time a new revision is created. The following subsections present both operations in
detail.

6.1. InitVMM operation

Fig. 6 shows an example of the initVMM operation. InitVMM receives two metamodel revisions (e.g., Metamodel A and
Metamodel B) as an input and produces a VMM that includes both generations as an output. Either of the two metamodels
can be used as the base model and will lead to valid CVL specification of the metamodels provided. Different base models
result in different model fragments, which are used to specify the variability. This can be highly relevant when there are
users that interact directly with the model fragments [12], but it is not important for the VMM approach since those model
fragments will be managed automatically. Therefore, one revision is randomly selected as the base model (in this example,
Metamodel A); we will refer to the other metamodel revision as the new revision (in this example, Metamodel B).

Then, the operation follows a five-step process to generate the VMM. The aim of this process is to formalize the com-
monalities and particularities of each metamodel revision in terms of CVL (VPs, replacements, substitutions, and config-
urations). To do this, the operation will perform comparisons between the Base Model (Metamodel A) and the new revision
provided as input (Metamodel B):

1. Compare: Metamodel B is automatically compared with the base model. The result is a list of differences between the two
revisions. Each difference is composed of two elements (the differing element from the base model and the differing
element from the new revision (Metamodel B)). Then, each of the differences is processed and formalized as CVL ele-
ments as follows:

(a) Variation Point: A VP is created over the base model (if that VP does not previously exist). Using the information from
the comparison, the boundaries of the VP are generated accordingly.

(b) Replacement: A replacement that formalizes the differences between the base model and the new revision must be
created. A replacement holding the particularities of Metamodel B is created; this replacement will turn the base model
into the Metamodel B. As with the VP, we use the information from the comparison to determine the boundaries of the
replacement.

(c) Substitution: Once a VP and a replacement have been created the process generates a substitution. That is, the
boundaries of the VP and the replacement are mapped accordingly, so the VP can be substituted by the replacement.

2. Configuration: The process is repeated for all of the differences obtained in Step 1. Finally, a configuration is defined,
specifying what substitutions need to be executed to turn the base model (Metamodel A) into the new metamodel
(Metamodel B).

As a result of this process, the commonalities and variabilities among the new revision (Metamodel B) and the base model
(Metamodel A) are formalized in terms of CVL and thus, there are replacements holding the particularities of the new
revision. However, the VMM also needs to capture the particularities of the metamodel revision that is used as the base
model in separate fragments. Therefore, each time a new VP is generated over the base model, Steps 1.(b), 1.(c) and 2. will be
replicated to generate the CVL specification for the metamodel revision that is used as the base model:

(b) Base replacement: The process needs a replacement that formalizes the particularities of the base model. Therefore, all
the elements included in the VP will be included in a new replacement. This replacement holds the particularities of
Metamodel A and will be necessary to generate combined metamodels (joining two revisions).

(c) Base substitution: As previously, we need to map the VP and the replacement boundaries so that the substitution can be
properly executed. The execution of this substitution might seem unnecessary since the result would be the same base
model (in this example, Metamodel A); however, the replacement and substitutions generated will be necessary when
generating metamodel revisions that make use of different generations.

2. Base configuration: Finally, a new configuration describing the substitutions needed to generate that revision from the
base model is generated. Again, this may seem redundant, but it is done this way to keep the consistency and explicitly
formalize which replacements and substitutions belong to that particular revision (in spite of whether or not that revision
is used as the base model).

In summary, the initVMM operation formalizes a metamodel revision in terms of CVL, generating VPs, replacements,
substitutions, and configurations as needed. The first time it is executed, it also formalizes the base model in terms of CVL, so
all of the metamodel revisions are formalized in terms of CVL independently of the revision used as the base model.

Fig. 5 (left) shows an example of the result of initVMM applied to the induction hobs. Two different revisions, mm1 and
mm2, were used as input. Then, mm1 was selected as the base model (mmb2), a new VP was created (P1), and then two
replacements (mml2) were generated to formalize the particularities of each revision (R1 to formalize mm1 and R2 to for-
malize mm2). In addition, the cardinality of the VP was updated accordingly as there were two substitutions using that VP
(the configurations do not have a graphical representation in the figure).
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6.2. AddGen operation

Once the VMM has been created, following the initVMM operation, it is necessary to have an operation to include new
metamodel revisions in this VMM. This is accomplished by the addGen operation. The operation receives a VMM and a new
metamodel revision as input and returns an extended VMM that includes the new revision.

The operation proceeds similarly to the initVMM operation; however, this time there is only one metamodel that will be
compared with the base model (it is not necessary to capture the base model as separate fragments). Furthermore, the
addition of new metamodel revisions can result in the reutilization of already existing VPs. In other words, when creating a
new VP as part of Step 1.(b) Variation Point, the VP may already exist and there is no need to create a new one. The same VP
will be used and its multiplicity will be increased. By doing so, we will enable the materialization of models that combine
several generations.

As a result of this operation, new VPs, replacements, substitutions, and configurations are automatically created to
formalize the new metamodel revision. The resulting VMM will now include the new metamodel and it will be possible to
materialize it as a single generation metamodel or as part of a metamodel that combines several generations.

Both operations (InitVMM and AddGen) are automatic processes and there is no need for human assistance to run them.
The first time that a new metamodel revision is generated, initVMM will be executed and the following times, addGen will
be executed. The comparisons performed by the operations have been implemented based on the EMF Compare Framework
[16]. This framework provides functionality to compare EMF (the implementation of MOF within the Eclipse environment)
models and can be customized to perform the comparisons based on different criteria. In our case, we compared models at
the finest level of granularity capturing any change from one revision to the next (e.g., the addition of a property or even a
change in the name of a class).

7. Application of the VMM approach

The previous sections have presented the VMM approach and the operations needed to materialize it. In this section, we
describe how to apply the VMM strategy to manage the metamodel revisions of a model-based SPL. Section 7.1 presents the
steps necessary to build new generations. Section 7.2 shows the resulting VMM when applied to our case study. Finally,
Section 7.3 shows the usage of the resulting SPL to derive new products from the SPL.

7.1. The steps of the VMM strategy

This section presents the steps performed to include a new CVLSPL generation into the VMM. Some steps need to be
manually performed by the engineer while others are performed automatically by applying the operations described
previously. In this example we show the inclusion of the first generation of CVLSPL, so the initVMM operation will be used

Fig. 7. The steps of the VMM strategy.
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(the addition of further generations follows the same steps). The evolution of a cvlspli following the VMM-strategy is
denoted as follows:

EVMM: CVLSPL⟶VMM

〈mmi; bi; li〉⟶〈mmbiþ1;mmliþ1〉 ð5Þ

VMMmat is used with the generated vmmi to retrieve different CVLSPL generations needed by the company.
Fig. 7 shows the method for performing Evolution 1 from cvlspl1 to cvlspl2. Each of the columns of the tables represents

one step in the application of the VMM strategy. The top part shows cvlspl1 with its base model b1 (depicted as a diamond),
its metamodel mm1 (depicted as a rectangle), and its fragment library li (depicted as a circle). The bottom part shows cvlspl2:
the first row shows vmm2, and the second row shows cvlspl2.

Step 1 shows the edition of the metamodel by the user. The mm1 metamodel is edited to include the new concepts of the
next generation, resulting in the mm2 metamodel. In this example the engineer has modified the mm1 (see first row first
column of Fig. 2) into the mm2 (see second row first column of Fig. 2), including the concept of Hotplate.

Step 2 shows our initVMM operation, which is used to spot the differences between the two metamodels, to describe
them in terms of a base model and replacements, and to initialize the VMM. The common parts of the two metamodels
(mm1 and mm2) are included in the mmb2 and VPs are created over it for the differences between mm1 and mm2. Fur-
thermore, replacements that contain these differences are created and included in the mml2. This operation has been
explained in detail in Section 6.1. Then, the VMMmat operation can be applied to vmmi to obtain mm1, mm2, and mm1&2 as
explained in Section 5.

In Step 3, the l1 and b1 from cvlspl1 are copied without any modification to be used in cvlspl2. Both conform to the
materialized mm1, and they also conform to the materialized mm1&2. That is, model replacements from cvlspl1 (see first row
third column of Fig. 2) are copied to cvlspl2.

In Step 4, some common parts of the base model (b1) may become variable because of the new concepts introduced in
generation 2. In that case, the engineer edits the base model b1 (that has been copied in the previous step) from the cvlspl2 to
extract the variable parts as replacements. Notice the modifications performed to b1 (see first row second column of Fig. 2)
in order to obtain b2 (see second row second column of Fig. 2)

Fig. 8. The IHDSL metamodel level for each generation of the CVLSPL.
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In Step 5, the engineer creates new replacements that instantiate the new concepts of this generation (see second row
third column of Fig. 2) and includes them in l2. These new replacements conform to mm2, and they also conform to mm1&2.

Following the above steps, we can evolve the SPL from one generation to the next, while eliminating the need for
migrating existing fragments. Then, when the engineer wants to create new replacements, the engineer will be able to use
the metamodel of just one generation and not the mm1&2. As a result, the engineer can create replacements for the most
recent generation (using mm2) to instantiate the new concepts of that generation. In contrast, the engineer can use the
previous generation metamodel (mm1) to create replacements that do not exercise the expressiveness provided by the new
generation, thus avoiding the overcharge of the model (as in the case of the motivating example, see Section 4). When
materializing an IH model containing replacements from both generations (l1 and l2), the resulting IH model will conform to
mm1&2.

In addition, the recursion capabilities of CVL enable us to create VPs inside a replacement and hence apply the VMM
strategy to further generations. In other words, when creating the next generation, Step 2 of the process could end up in the
creation of a new replacement that includes previously defined VPs (if the replacement is not common for both
metamodels).

7.2. The resulting models after applying the VMM strategy

Fig. 8 shows an overview of our industrial partner's CVLSPL models (rows) after applying the VMM strategy to manage
Evolution 1 and Evolution 2 (columns).

In Evolution 1, a new concept (hotplate) is introduced (see the first and second columns). This concept affects the
inductor, which is now aggregated by the hotplate; therefore, we apply the method explained above to perform Evolution 1.
InitVMM produces a base model (mmb2) that contains a VP (P1) with cardinality 2 (i.e., it can be replaced up to two times).
InitVMM also produces mml2, which contains two replacements: R1 (which holds the particularities of Gen1) and R2 (which
holds the particularities of Gen2). The VMMmat operation can be applied to those models to produce three different
metamodels: (1) the substitution of P1 by R1 produces mm1; (2) the substitution of P1 by R2 produces mm2; and (3) the
substitution of P1 twice (by R1 and by R2) produces mm1&2.

When creating new fragments, the engineer must stick to only one generation in order to create a valid fragment. In
other words, fragments must conform to a specific metamodel generation, either mm1 or mm2. As a result, the engineer can
create replacements using only concepts from mm1, thereby eliminating the indirection introduced by the migration
strategy (see Section 4).

When materializing an IH model that contains replacements from both generations (l1 and l2), the resulting IH model
conforms to mm1&2. Overall, vmm2 enables the materialization of IH models with replacements from both generations (l1
and l2), while at the same time allowing the creation of fragments pertaining to one generation (either conforming to mm1

or to mm2).
In Evolution 2, a new breaking change that introduces the concept of cooking zones occurs (see the second and third

columns). Similar to Evolution 1, we apply the method to perform Evolution 2 (from generation 2 to generation 3).
The CVL capabilities of recursion (placements inside replacements) and cardinalities over the VPs applied to the

metamodel level have proven to provide enough expressiveness to overcome all of the evolution situations of our industrial
partner over 13 years.

7.3. The derivation of SPL products after applying VMM

The VMM strategy has been tooled within the Eclipse environment and integrated into our industrial partner's SPL. The
resulting tool is used by our industrial partner (BSH, the leading manufacturer of home appliances in Europe) to generate
the firmware of their Induction Hobs (sold under the brands of Bosh and Siemens). An example of the resulting tool in action
can be seen here3. This section presents an example of using the SPL evolved with the VMM strategy: an engineer of our
industrial partner deriving a new product.

The engineer will act at the model level, choosing which replacements should be substituted in the base model and
building the Induction Hob model; in the meantime, at the metamodel level, the metamodel is built up automatically
reflecting those model level substitutions. Each time a replacement is chosen by the engineer (at the model level), the
replacement (at the metamodel level) corresponding to the replacement chosen by the engineer at the model level will be
automatically substituted in the base model metamodel (only if it is the first occurrence of that generation).

Fig. 9 shows an example of the derivation when the SPL is in generation 3. At the model level (the first and second
columns), the engineer chooses the replacements (the first column) for the VPs of the base model (the second column); at
the same time, at the metamodel level (the third and fourth columns), the metamodel replacements (the third column) are
automatically substituted for the VPs of the base model (the fourth column). Note that the metamodel level elements
presented in Fig. 9 (the third and fourth columns) and the metamodel level elements presented in Fig. 8 (the third column)
are the same.

3 http://www.carloscetina.com/variablemetamodel.htm
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The first row in Fig. 9 shows the first substitution of the product derivation: the engineer can use replacements from
three different generations available. In this case, the engineer is going to use replacements from the second generation (the
first column). The base model of the current generation (the second column) is used. The metamodel level has the repla-
cements R2 and R3 (third column) that correspond to the model level replacements, and the metamodel base B2 (fourth
column) with all the common elements from all of the generations.

The second row in Fig. 9 shows the result of the first fragment substitution. The fragments chosen by the engineer have
been substituted at the model level (the second column). At the metamodel level, corresponding fragments have been
automatically substituted (the fourth column), resulting in the generation 2 metamodel (Gen2). Now, if more model level
replacements from generation 2 are added, the metamodel does not vary (it only varies the first time that a generation is

Fig. 10. Comparison between migration and VMM strategy.

Fig. 9. Fragment substitutions for deriving SPL products.
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used). We repeat the operation with more replacements: this time they belong to generation 1. At the metamodel level, the
corresponding metamodel level replacements R1 and R3 are used.

The third row shows the results of the second fragment substitution. The model now has elements from two SPL
generations; therefore, the metamodel has automatically been increased to be the combination of those two generations
(Gen1&Gen2) maintaining the conformance between the model (the second column) and the metamodel (the fourth col-
umn). The engineer then performs more fragment substitutions until all the VPs of the IH model are substituted; the
metamodel is automatically increased as necessary.

The VMM strategy of this work enables our industrial partner's engineers to derive products by means of replacements
from any generation, while avoiding the disadvantages of migrating the replacements after each evolution. Section 8 dis-
cusses the advantages and disadvantages of each of the strategies, taking into account the experience acquired from our
industrial partner.

8. Discussion

We have applied both strategies to the retrospective of 13 years of our industrial partner's SPL models. In this paper, we
only show a simplification of the evolution related to the inductor concept even though we have applied it to all of the
concepts. This involves about 32 different IH models composed of approximately 72 different model replacements (each of
which is composed of multiple model elements). The average number of model elements of a fragment replacement is 43,
while the average number of elements of an IH model is about 470. Fig. 10 shows a summary of the comparison obtained
from the collaboration with our industrial partner of both the migration strategy and the VMM strategy in terms of three
dimensions: (a) indirection, (b) automation, and (c) trust leak.

8.1. Indirection

Indirection refers to an increase in model elements in order to conform to an evolved metamodel while keeping the
same functionality, for instance, the inductor that migrates into a hotplate and then into a cooking zone (see Section 4).

Fig. 10(a) shows the comparison of both strategies in terms of the indirection that is present in the replacements. The
graph shows the number of model elements (classes and structural properties) used in each generation to represent an
inductor. In the migration strategy (solid lines), the inductor grows from a total of 11 elements in Gen 1 to a total of 29
elements in Gen 3. This growth trend is common for all of the concepts studied in this work. Although it is out of the scope
of this paper, there are transformations based on the metamodel to transform IHDSL models into code, and this indirection
requires modifications and produces an increase in the complexity of the transformations and the code generated. In
contrast, the VMM strategy (dashed lines) avoids the migration of replacements, and the number of elements needed to
represent the inductor concept (11) remains the same over all of the generations.

8.2. Automation

Depending on the degree of involvement of the user, the execution of the steps of both strategies can be either manual,
assisted, or automatic. A step is automatic when it is done without user intervention; it is assisted when the user must help
in the process; and it is manual when the whole process is performed by the user.

Fig. 10(b) shows the comparison of the two strategies in terms of automation for each of the steps of the strategies. Step 1
(Edit Metamodel) is the same for both strategies and must be performed manually. Step 2 is different; the migration strategy
requires the definition of a M2M transformation. With the options that are available (manual [6], operator-based [7,8], or
metamodel matching [9,10]), the process is, at best, assisted [17,9]. In contrast, in the VMM Strategy Step 2 (InitVMM and
addGen) is fully automatizable (CVL applied to the model and the metamodel level enabled us to resolve all kinds of changes
presented by [9] in an automatic way). Step 3 in the migration strategy is the execution of the M2M transformation.
Breaking changes (e.g., the addition of obligatory properties) are not automatically resolvable [17,9], so the step needs to be
assisted. In contrast, in the VMM strategy replacements are used “as is” (i.e., no migration is required and only an automatic
copy is performed). Finally Steps 4 (Adapt base model) and 5 (Create new replacements) are performed manually in both
strategies.

8.3. Trust leak

Models are used to produce code; once they have been used repeatedly on many IHs, they gain the trust of our industrial
partner's engineers. However, when the replacements are modified, there is a loss of this trust on the part of the engineers,
which has been reported as trust leak.

Fig. 10(c) shows the evolution of the replacements being used in each generation, regarding the generation when they
were created. That is, the graph shows the weight of the replacements originated in each generation in relation to the total
number of products created with the SPL (i.e., the average percentage of replacements originating from each generation
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present in the induction hobs taking into account all of the IHs derived from the SPL for that generation). This is highly
relevant for the trust leak phenomena, as it is related to the number of migrations that the replacements overcome.

In generation 1, all the fragments used to build the products were originated in that generation. However, only 22% of the
replacements used by products in generation 2 are originated in that generation. The rest 78% of replacements were created
in generation 1 and if not using the VMM strategy need to be migrated to conform to generation 2 metamodel (resulting in a
decrease in the trust, as the model elements are modified). In generation 3 the effect is increased, as only a 17% of the
replacements are created in that generation. The rest of the fragments have been created in previous generation but are still
being used by products of generation 3. Therefore, if we apply a migration strategy 83% of the fragments needed by products
of that generation will need to be migrated from previous generations (58% of them twice, from Gen1 to Gen2 and then
to Gen3).

It turns out that the replacements from generation 1 are the ones that are most frequently used to build IHs (in all
generations), and they are also the ones that require more migrations when following the migration strategy. Therefore,
those are the replacements that have the highest level of trust leak as the trust is reduced each time that the replacement
needs to be modified.

9. Lessons learned

This section presents three lessons learned from the adoption of the presented VMM approach as part of the SPL of our
industrial partner. After a period of usage of the approach by our industrial partner, we reviewed the VMM created to
determine whether it was working properly. As part of this review process, we learned some lessons that enabled us to
improve the approach. The first lesson id related to the creation of false revisions, the second lesson is related to the folding
of revisions, and the third lesson is related to isolated revisions.

9.1. False revisions

We designed the presented VMM to automatically include new metamodel revisions. In other words, each time a new
metamodel was created, the addGen operation was triggered and the new revision was formalized in terms of CVL (when
needed due to a breaking and unresolvable change). However, when reviewing the VMM generated by our industrial
partner after the period of usage, we realized that some false revisions were being created in the VMM.

R1 R2 R3 R4 R5 R6 R7

R1 R2 R5 R7
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Product 
Set 3

Fig. 11. False revisions.
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Fig. 12. Revision folding.
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Fig. 11 shows an example of false revisions. The horizontal arrows represent the VMM before and after addressing the
false revision issue. The VMM before shows 7 different revisions (circles). The number of model fragments generated for each
revision is represented by the size of the circle. In addition, there are some products that were built based on the model
fragments from the revisions. For instance, Product Set 1 is composed of model fragments from three different revisions
(R1, R2, and R5). However, there are some revisions that were not used to build any of the products (R3, R4, and R6). We
discussed this situation with our industrial partner. It turns out that those revisions where tests that were discarded and not
used to build real products.

Therefore, we decided to remove those revisions from the VMM (as in the VMM after) and thereby reduce the complexity
of the VMM. It turns out that what defines a new generation is not just the creation of a new metamodel revision or the
creation of new model fragments for that revision. Those tasks (the creation of a revision and the addition of model
fragments) are common for testing purposes. What defines the creation of a new generation is the usage of model fragments
(that belong to the new revisions) to build new products. Therefore, we decided to postpone the addition of newmetamodel
revisions until they are used for the creation of new products (as in Section 7.3).

However, the false revisions (R1, R2, and R5) are not deleted as they might be used to create products in the future.
Therefore, we store them into an auxiliary VMM, a copy of the ’main’ VMM that is used only for storing purposes (not to
build new products). Then, the user can create new replacements using those metamodel revisions in the auxiliary VMM.
When the user uses a replacement created with one of those revisions to build a product, the revision (that is stored into an
auxiliary VMM) is added to the ‘main’ VMM and is not considered anymore a false revision.

9.2. Revision folding

Some situations also suggested the need for removing a particular revision from the VMM even though they are not false
revisions (i.e., being used by some products). In other words, a new metamodel revision that includes a concept is created,
model fragments for that revision are developed, and products using those model fragments are created. Then, an issue with
the revision is found and a new revision (fix revision) that properly represents the concept and addresses the issue dis-
covered needs to be created. After the fix revision is created, the old revision is not used anymore, but it is not possible to
remove it directly (as there are products using it). To manage situations of this kind, we introduced revision folding.

Fig. 12 shows an example of revision folding. In the VMM before, an issue is discovered in R2 after some products from
Product Set 1 have already been created. Then, our industrial partner created revision R3 to address the issues discovered in
R2 and started using it. R2 is no longer needed, but some of the model fragments (which were not affected by the issue
discovered) are still in use. To address this kind of situation, we propose migrating the model fragments from R2 to R3 and
folding both revisions into a single one. The VMM after shows how the R2 and R3 revisions have been folded (into R3). The
same situation occurs with R6 and R7.

As a result, the products previously using model fragments from R2 now are using the migrated fragments from R3. This
migration usually only affects a small set of fragments, and the lifespan of those fragments is short. Therefore, the dis-
advantages of migration are outweighed by having a clearer and smaller set of revisions under the VMM. In other words,
when the engineer considers that two metamodel revisions are mutually exclusive and the later revision is a direct fix of the
previous one, the engineer can fold both revisions, migrating the fragments that belong to the unused metamodel revision.

When the engineer decides to fold two revisions, the traditional migration strategy is followed. That is, the steps pre-
sented in Section 4 are followed to migrate the fragments from the fault revision to the fix revision. The engineer is guided
through the process that can be fully automated if there are not breaking changes among the two revisions.

9.3. Isolated revisions

When reviewing the VMM generated by our industrial partner, we also discovered some isolated revisions (i.e., some
revisions are only used to build products that do not include other revisions). Therefore, the products conform to that
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Fig. 13. Isolated revisions.
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particular metamodel revision and it is not necessary to combine it with other metamodel revisions. As a result, that
revision can be extracted from the VMM, decreasing the number of revisions managed and the complexity.

Fig. 13 shows an example of an isolated revision. The VMM before shows four products sets built with model fragments
from six different revisions. However, Product Set 3 is built only with model fragments from R4. In addition, R4 model
fragments are not used to build any other product. As a result, R4 can be extracted from the VMM since it is not used in
combination with any other revision. Product Set 2 is also built only with model fragments from a single revision (R3).
However, R3 model fragments are also used to build Product Set 1, where R3 is combined with R1 and R2. Therefore it is not
possible to extract R3 from the VMM. Only revisions that are not combined with other revisions can be extracted from
the VMM.

When isolated revisions are extracted from the ’main’ VMM, they are stored into an auxiliary VMM. It is important to
notice that, although at that point in time the revision is isolated, it could stop being isolated if the engineer creates a
product that combines replacements from the isolated revision and other revisions. Therefore, in that event, the isolated
revision that is stored into the auxiliary VMM is moved to the ‘main’ VMM.

The VMM strategy eliminates the need for migration and properly manages different metamodel revisions. However, the
inclusion of the VMM strategy also entails the need to properly manage the generations. As indicated by these lessons, in
order to reduce the complexity of the VMM, the creation of false revisions must be avoided, the means for folding revisions
must be provided, and isolated revisions must be properly extracted.

10. Related work

To the best of our knowledge, there are no works that address the evolution of SPLs using variability modeling ideas at
the metamodel level. However, there are research efforts on SPL evolution that can complement model-based SPL evolution.

There are some approaches that rely on model comparisons to formalize the variability that exists among a set of models
[18–21]. However, those operations are applied at the model level (not at the metamodel level) and the aim of the
operations is to be capable of recreating the products used as input. In other words, they produce the fragments necessary to
recreate the models, but they do not capture each model's particularities in separate fragments. In contrast, the initVMM
operation from our approach is designed to capture the particularities of each metamodel revision provided as input in
separate fragments, thus enabling the possibility of materializing metamodels that combine several generations.

In [22], Batory et al. present the AHEAD model, which is based on the step-wise refinement paradigm and enables the
synthesization of multiple complex programs from a simple program. In AHEAD, the software is expressed as nested sets of
equations that describe feature refinements. The composition function (which is specific for each kind of asset) is used to
stack the refinements applied to the base program to produce the different variants. However, we do not focus on how to
specify variants of the base product; the main focus in our approach is to avoid the migration of the models from one
generation to the next by applying variability at the metamodel level.

Dhungana et al. [23] present an approach that is based on model fragments that are applied at the model level. The tool
support for the automated detection of changes facilitates metamodel evolution and the propagation of changes in the
domain to already existing variability models. However, in contrast to our approach, they do not use fragments at the
metamodel level, requiring their fragments to be updated when changes occur at the metamodel level.

Deng et al. [24] argue that adding new requirements to a model-based Product Line Architecture (PLA) often causes
invasive modifications to the PLA‘s component frameworks and DSLs. To address these modifications, they show how
structural-based model transformations help maintain the stability of domain evolution by automatically transforming
domain models. Although the details are different, their approach is similar to the migration strategy with the support of
model transformations. However, our work shows that, in the case of a CVLSPL, the VMM strategy offers better results.

Creff et al. [25] propose an incremental evolution by extension of the product line. They aim to benefit from the
investments made during the product derivation and reinvest them into the SPL models. Specifically, they introduce an
assisted feedback algorithm to extend the SPL to emerging product derivation requirements. We believe that their feedback
algorithm could be tailored to help in the detection of the need for new metamodel changes (new SPL generations) when
product derivations occur, triggering our VMM strategy to address the evolution at the metamodel level.

All of these works are based on address the evolution of a software. However, these approaches do not take into account
the problems that can arise from the migration of the deprecated software of the system (in our case model fragments). We
focus our work on the evolution that incorporates new versions of products without damaging the rest of the product that
are already developed and in use. Anyway, all of them are using different strategies and, although we base our evolution
strategy in the ideas of CVL, we can adapt their ideas to use them with our evolution strategy.

There are much more research efforts in categorization and analysis of changes that can trigger the need of evolving a
system. These works combine empirical studies and analysis in order to obtain a better understanding of the changes that
occur in the software life cycle.

Lotufo et al. [26] provide empirical evidence of how a large real-world variability model evolves. They present their study
using 21 versions of the Linux kernel over five years. Their entire development process is feature driven. They analyze how a
number of characteristics, such as number of features, height of the tree and depth of the leaves, using the feature models of
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those versions. Based on this investigation, they identify six categories of reasons for changes. Although we do not use
feature models, we can consider their categories to categorize the changes that occur in the evolution of our CVLSPL.

Passos et al. [27] developed a vision of software evolution that is based on a feature-oriented perspective. They provided
a feature-oriented project management and system development platform that supports traceability and analyses. In our
work, the SPL is specified by means of base models, fragment substitution, and metamodel expressiveness. However, since
we can represent the variability model of our industrial partner's SPL by means of a feature model, our strategy can benefit
from the analysis and traceability of the work of Passos et al. [27].

Similar to us, they are focus on software evolution in the real-world. Although they studies are based on different
techniques, some of the ideas and categorizations could be applied to the evolution of our CVLSPL to obtain a more accurate
evolution strategy.

11. Conclusions

The CVL capabilities of recursion (placements inside replacements) and cardinalities over the VPs applied to the
metamodel level have proven to provide enough expressiveness to overcome all the evolution situations of our industrial
partner over 13 years. In addition, the VMM strategy of this work enables our industrial partner's engineers to derive
products by means of replacements from any generation, while avoiding the disadvantages of migrating the replacements
after each evolution.

This work indicates that the VMM achieves better results than the migration strategy in domains like the domain of our
industrial partner in terms of indirection, automation, and trust leak. Furthermore, using already existing variability
management approaches (like CVL) enables us to bring efforts from the variability research community to address the
evolution challenge. Nevertheless, there are still open issues (e.g., evolutions that turn variabilities into commonalities) that
will be addressed in our work in the future.

The VMM strategy avoids the need for migration of model fragments when new metamodel revisions arise, but at the
expense of introducing the need of managing the VMM. Such management is needed to avoid creation of false revisions,
provides means for folding revisions and properly extracts isolated revisions to reduce the complexity of the VMM. How-
ever, the management of the VMM is performed at a higher abstraction level than the migration tasks that have been
replaced.

References

[1] Pohl K, Böckle G, Van Der Linden F. Software product line engineering: foundations, principles, and techniques. Springer, Springer-Verlag New York,
Inc. Secaucus, NJ, USA ©2005; 2005.

[2] Kang KC, Cohen SG, Hess JA, Novak WE, Peterson AS. Feature-oriented domain analysis (foda) feasibility study. Technical report. DTIC Document; 1990.
[3] Benavtides D, Segura S, Ruiz-Cortés A. Automated analysis of feature models 20 years later: a literature review. Inf Syst 2010;35(6):

615–36, http://dx.doi.org/10.1016/j.is.2010.01.001, URL 〈http://www.sciencedirect.com/science/article/pii/S0306437910000025〉.
[4] Fleurey F, Haugen Ø, Møller-Pedersen B, Olsen GK, Svendsen A, Zhang X. A generic language and tool for variability modeling. Technical report SINTEF

A13505, 2009.
[5] Favre J-M. Meta-model and model co-evolution within the 3d software space. In: Proceedings of the international workshop on evolution of large-

scale industrial software applications (ELISA) at ICSM. Amsterdam, Netherlands; 2003. p. 98–109.
[6] Rose LM, Paige RF, Kolovos DS, Polack FA. An analysis of approaches to model migration. In: Proceedings of the joint MoDSE-MCCMworkshop; 2009. p. 6–15.
[7] Herrmannsdoerfer M, Benz S, Juergens E. Cope - automating coupled evolution of metamodels and models. In: Drossopoulou S, editor, ECOOP 2009

object-oriented programming. Lecture notes in computer science, vol. 5653. Berlin, Heidelberg: Springer; 2009. p. 52–76. http://dx.doi.org/10.1007/
978-3-642-03013-0_4.

[8] Wachsmuth G. Metamodel adaptation and model co-adaptation. In: Ernst E, editor, ECOOP 2007 object-oriented programming. Lecture notes in
computer science, vol. 4609. Berlin, Heidelberg: Springer; 2007. p. 600–624. http://dx.doi.org/10.1007/978-3-540-73589-2_28.

[9] Cicchetti A, Di Ruscio D, Eramo R, Pierantonio A. Automating co-evolution in model-driven engineering. In: Enterprise distributed object computing
conference, 2008. EDOC'08. 12th International IEEE; 2008. p. 222–31. http://dx.doi.org/10.1109/EDOC.2008.44.

[10] Garcés K, Jouault F, Cointe P, Bézivin J. Managing model adaptation by precise detection of metamodel changes. In: Paige RF, Hartman A, Rensink A,
editors, Model driven architecture–foundations and applications. Lecture notes in computer science, vol. 5562. Berlin, Heidelberg: Springer; 2009. p.
34–49. http://dx.doi.org/10.1007/978-3-642-02674-4_4.

[11] Svahnberg M, Bosch J. Evolution in software product lines: two cases. J Softw Maint 1999;11(6):391–422.
[12] Font J, Arcega L, Haugen Ø, Cetina C. Building software product lines from conceptualized model patterns. In: proceedings of the 19th international

conference on software product line, SPLC 2015, Nashville, TN, USA; July 20–24, 2015. p. 46–55. http://dx.doi.org/10.1145/2791060.2791085.
[13] Font J, Arcega L, Haugen Ø, Cetina C. Addressing metamodel revisions in model-based software product lines. In: Proceedings of the 2015 ACM

SIGPLAN international conference on generative programming: concepts and experiences, GPCE 2015, Pittsburgh, PA, USA; October 26–27, 2015. p.
161–70. http://dx.doi.org/10.1145/2814204.2814214.

[14] Gonçalves RC, Batory D, Sobral JL, Riché TL. From software extensions to product lines of dataflow programs. Softw Syst Model 2015:
1–19, http://dx.doi.org/10.1007/s10270-015-0495-8.

[15] Apel S, Kolesnikov S, Siegmund N, Kästner C, Garvin B. Exploring feature interactions in the wild: the new feature-interaction challenge. In: Pro-
ceedings of the 5th international workshop on feature-oriented software development, FOSD'13. New York, NY, USA: ACM; 2013. p. 1–8. http://dx.doi.
org/10.1145/2528265.2528267.

[16] Foundation E. Eclipse modeling framework compare (emfcompare) website. 〈http://wiki.eclipse.org/index.php/EMFCompare〉; 2008.
[17] Gruschko B, Kolovos D, Paige R. Towards synchronizing models with evolving metamodels. In: Proceedings of the international workshop on model-

driven software evolution; 2007.

J. Font et al. / Computer Languages, Systems & Structures 48 (2017) 20–38 37

257



[18] Zhang X, Haugen Ø, Moller-Pedersen B. Model comparison to synthesize a model-driven software product line. In: Proceedings of the 2011 15th
international software product line conference, SPLC'11. Washington, DC, USA: IEEE Computer Society; 2011. p. 90–99. http://dx.doi.org/10.1109/SPLC.
2011.24.

[19] Martinez J, Ziadi T, Bissyandé TF, Klein J, Traon YL. Bottom-up adoption of software product lines: a generic and extensible approach. In: Proceedings of
the 19th international conference on software product line, SPLC 2015, Nashville, TN, USA; July 20–24, 2015. p. 101–110. http://dx.doi.org/10.1145/
2791060.2791086.

[20] Font J, Ballarín M, Haugen Ø, Cetina C. Automating the variability formalization of a model family by means of common variability language. In:
Proceedings of the 19th international conference on software product line, SPLC 2015, Nashville, TN, USA; July 20–24, 2015. p. 411–18. http://dx.doi.
org/10.1145/2791060.2793678.

[21] Rubin J, Chechik M. Combining related products into product lines. in: de Lara J, Zisman A, editors, Fundamental approaches to software engineering.
Lecture notes in computer science, vol. 7212. Berlin, Heidelberg: Springer; 2012. p. 285–300. http://dx.doi.org/10.1007/978-3-642-28872-2_20.

[22] Batory D, Sarvela JN, Rauschmayer A. Scaling step-wise refinement. In: Proceedings of the 25th international conference on software engineering,
ICSE'03. Washington, DC, USA: IEEE Computer Society; 2003. p. 187–97. URL 〈http://dl.acm.org/citation.cfm?id¼776816.776839〉.

[23] Dhungana D, Grünbacher P, Rabiser R, Neumayer T. Structuring the modeling space and supporting evolution in software product line engineering. J Syst
Softw 2010;83(7):1108–22, http://dx.doi.org/10.1016/j.jss.2010.02.018, URL 〈http://www.sciencedirect.com/science/article/pii/S0164121210000506〉.

[24] Deng G, Schmidt DC, Gokhale A, Gray J, Lin Y, Lenz G. Evolution in model-driven software product-line architectures. In: Designing software-intensive
systems: methods and principles. http://dx.doi.org/10.4018/978-1-59904-699-0.ch005, http://www.igi-global.com/chapter/evolution-model-driven-
software-product/8235.

[25] Creff S, Champeau J, Jézéquel J-M, Monégier A. Model-based product line evolution: an incremental growing by extension. In: 16th international
software product line conference, SPLC'12. New York, USA: ACM; 2012. http://dx.doi.org/10.1145/2364412.2364430.

[26] Lotufo R, She S, Berger T, Czarnecki K, Wasowski A. Evolution of the linux kernel variability model. In: Proceedings of the 14th international conference
on software product lines: going beyond, SPLC'10. Berlin, Heidelberg: Springer-Verlag; 2010. p. 136–50. URL 〈http://dl.acm.org/citation.cfm?
id¼1885639.1885653〉.

[27] Passos L, Czarnecki K, Apel S, Wasowski A, Kästner C, Guo J, et al. Feature-oriented software evolution. In: 7th international workshop on variability
modelling of Software-intensive Systems. Italy: ACM; 2013.

J. Font et al. / Computer Languages, Systems & Structures 48 (2017) 20–3838

258


	Abstract
	Acknowledgements
	Contents
	List of Figures
	I Introduction
	Introduction
	Motivation of the Dissertation
	Problem Statement
	Contribution
	Overview of the Work
	Research Methodology
	Quick Reference
	Structure of the dissertation

	Background
	Overview of the Chapter
	Model Driven Development
	Definition
	Model Driven Software Development Initiatives
	Domain Specific Languages

	Software Product Lines
	Definition
	Software Product Line Processes

	Running Example
	The Induction Hobs Domain
	The Common Variability Language applied to Induction Hobs


	State of the Art
	Overview of the Chapter
	Feature Location in Models
	Feature Location
	Search Based Software Engineering
	Model Driven Engineering
	Motivation of our Feature Location in Models Approach

	Evolution of Model Fragments
	Model & Metamodel Co-evolution
	Traditional Software Evolution
	Software Product Line Evolution
	Motivation of our Model and Language Co-Evolution Approach



	II Feature Location in Models
	Feature Location in Models by an Evolutionary Algorithm (FLiMEA)
	Overview of the Chapter
	Model Artifact
	Feature Knowledge
	Evolutionary Algorithm
	Encoding
	Assessment
	Genetic Manipulation

	Ranking of feature realizations

	FLiMEA as Model Fragments
	Overview of the Chapter
	Encoding: Binary
	Fitness: Text-based similarity
	Latent Semantic Analysis
	Formal Concept Analysis

	Genetic Operations for Model Fragments
	Parent Selection: Model Fragment selection
	Crossover: Mask-based
	Mutation: Random

	Variability in FLiMEA as Model Fragments 

	FLiMEA as Variation Points
	Overview of the chapter
	Encoding: Boundary-based
	Fitness: Conceptual Model Patterns
	Placement Signature Abstraction
	Placement Signature Matching
	Fitness computation

	Genetic Operations for Variation Points
	Parent Selection: Different Parents
	Crossover: Parent change
	Mutation: Sequential mutation

	Variability in FliMEA as Variation Points

	Evaluation of FLiMEA
	Overview of the Chapter
	Oracle
	Induction Hob Domain
	Train Control and Management Domain

	Test Cases
	Approach under Evaluation
	Comparison and Measure
	Measurements
	Results
	Evaluation 1 (SPLC'15)
	Evaluation 2 (ICSR'16)
	Evaluation 3 (MODELS'16)



	III Evolution of Model Fragments
	Variable MetaModel (VMM)
	Overview of the Chapter
	Retrospective Case Study
	The Variable MetaModel (VMM)
	VMM operations
	InitVMM operation
	AddGen operation


	Evaluation of VMM
	Overview of the Chapter
	Migration Issues in VMM
	Overhead
	Automation
	Trust Leak

	Lessons Learned
	False Revisions
	Revision Folding
	Isolated Revisions



	IV Conclusion
	Conclusion
	Overview of the Chapter
	Research Questions
	Ongoing Research
	Parameter values of the Evolutionary algorithm
	Multi-Objective Evolutionary Algorithms
	Bug Location
	Machine Learning Fitness
	Trust Leak

	Concluding Remark


	Bibliography
	V Publications
	Feature Location in Models
	REVE'15 Paper
	SPLC'15 Paper
	ICSR'16 Paper
	MODELS'16 Paper
	TEVC'17 Paper

	Evolution of Model Fragments
	GPCE'15 Paper
	COMLAN'17 Paper



