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Abstract— Software Product Line (SPL) is one of the well known 

software reusability approaches; it is an advanced concept to 

manage a family of configurable units of software under one 

umbrella using a reconfigurable and reusable software 

architecture. A major problem in SPL is the selection of the 

relevant set of features, in order to configure some product 

throught the configurable units.  Each unit can support a diverse 

set of features. Combining features from each unit is a manual 

activity that requires a large amount of manual deliberation 

between the system designers. This approach is quite 

unsophisticated, in that it leads to a loss of resources (time, 

money etc.). In the current days, there is a strong need to 

automate this process to ensure a streamlined feature selection 

process. In this paper, we present a concrete survey on how 

artificial intelligence techniques have been applied to address the 

feature selection dilemma. We review several state-of-the-art 

papers, which particularly target techniques based on 

knowledge-based and logical reasoning. Our survey reveals a 

dearth of the application of optimization techniques to the 

feature selection problem. Besides genetic algorithms, we propose 

to extend the state of the art through the application of four state-

of-the-art optimization techniques, i.e., Particle Swarm 

Optimization, Artificial Bee Colony, Ant Colony  Optimization 

and Hill Climbing. We are currently running experiments in this 

regard on a pilot SPL. 
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I.  RELEVANT BACKGROUND  

Software Product Line (SPL) is one of the well known 
software reusability approaches; it is an advanced concept to 
manage a family of configurable units of software under one 
umbrella using a reconfigurable and reusable software 
architecture [1, 2, 3]. The SPL strategy for producing 
software-intensive products gives various benefits like 
reduced time to market, customer satisfaction, reusability, 
flexibility, quality and cost-effective software. It has produced 
very promising results for early adopters of the approach. 
Hewlett-Packard, for example, experienced a twenty five-fold 
decrease in defects using a product line approach [4]. 
Cummins, Inc., the world’s largest manufacturer of large 
diesel engines, reduced the effort needed to produce the 
software for a new engine from 250 person-months to three 
person-months or less [5].   

SPL divides into two sub processes: Domain Engineering 

(DE) and Application Engineering (AE). DE is an 

advancement of classical software development, where the 

focus is given to the problem domain instead of a specific 

client problem. Specifically, common and variable 

requirements of an SPL are elicited and documented. The 

typical outcomes are reusable textual and model-based 

requirements [6]. In AE, requirements specifications of an 

individual are entertained and a customer-specific application 

is developed by reusing the artifacts from DE [6].  The 

transition from DE to AE is done through configuration that 

adapts a domain model to define an application product.  

Developing an SPL requires analytical skills to identify, 

model and encode domain and product knowledge into 

artifacts that can be reused across the development lifecycle 

[7]. The success of an SPL is highly dependent on how well 

the domain is modeled along with its variability. A well 

known approach to model variability is feature model or a 

feature design, which is a graphical representation of SPL 

variability that defines a catalog of valid features which can 

produce a valid product [14, 15, 20]. It encompasses the 

inclusion and exclusion of various features and variants to 

produce a valid product. Feature model can be in the form of 

text, but hierarchical tree-like notation is famous and easy to 

understand. Essentially, it provides a base for the 

configuration of the whole system. Typically, feature models 

are developed at beginning of the development / configuration 

process.  

A. Features and Constraints 

The features are the primary distinctive characteristics of a 

product [8]. A typical classification of SPL features is 

“Dependent/Independent” and “Mandatory/Optional”. For 

instance, some features are independent of other features and 

some are dependent. This classification allows a feature-

oriented domain analysis and is used to keep the development 

process under control [9]; a programmer can select a subset of 

all features to generate a variant [1]. 

To ensure that a correct product is produced, it is required 

to build models of the rules for the point of variability [1]. For 

example, home design software can not have a wooden main 

door and a glass main door together. The rules that govern the 

entire configuration process are derived from constraints. We 

list these constraints as follows (they are modified from the 

list in [10], and other additions are also possible): 

 



 
Figure 1.  A typical feature model of the control system [11] 

o Mandatory: The existence of feature “F” in product “P” 

is mandatory. 

o Optional: The existence of feature “F” in product “P” is 

optional. 

o Or: In a product “P”, there is a feature set containing 

{F1, F2, F3, ……, Fn}; one or more than one feature can 

be selected from the set. 

o Alternative: In a product “P”, there is a feature set 

containing {F1, F2, F3, ……, Fn}; one and only one 

feature can be selected from the set. 

 
Figure 1 depicts a typical feature model of control system 

that has three mandatory features i.e. sensor, actuator, 
processor, sensor further divides into position (mandatory-or), 
speed sensor and a self test (optional). Likewise actuator 
divides into position actuator (mandatory) and a self test 
(optional). Processor has one mandatory feature i.e. internal 
memory size. 

B. Feature Model Issues and Automated Analysis  

SPL applications are typically large-scaled, i.e., comprising 
many different modules which need to be configured 
individually. Each configuration could be assigned to a set of 
different people or departments, which could employ different 
feature selection strategies. Typically, these different 
strategies lead to complications in designing a homogeneous 
version of the final SPL product. Specifically, each 
department can take a set of manual feature selection 
decisions, or modify existing or standard selection rules 
according to their personal understanding and experience. 
When each team or department adopts this approach, a set of 
conflicts are generated amongst the configuration of the 
different modules, which prevent a homogeneous execution 
flow and functionality of the complete product. Consequently, 
many human decisions are made manually, occasionally 
leading to disagreements and a lot of deliberation, which 
consumes time and company resources. This situation creates 
a need to automate the feature selection process along with 
other feature modeling operations. For instance two 
developers work on the product configuration from the 
feature model shown in Figure 1, and add two different 
sensors (position sensor and speed sensor) to the feature list. 
The addition generates a feature conflict because a valid 
feature configuration could not have both sensors at a time.  
Automated analysis of the feature models can help in 
reducing the decision complexity of features selection. Also, 
for a large scale product line it is almost impossible to  
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Figure 2. Different feature models 

 

identify inconsistencies and analyze them manually. A feature 

model plays a vital role in whole configuration process; an 

error prone feature model could not provide a successful 

product configuration.  

Moroever, a Feature Model (FM) can be void, invalid, 

faulty, or contain dead features etc. Specifically, an FM is 

said to be void if there is no valid product derivation or it is 

not void if it has at least one valid product. For instance, a 

product P {F1, F2} can be produced from the feature model 

in Figure 2 (A), so it is not a void FM. An FM is invalid if it 

produces only one product [16]. In Figure 2 (A), FM is not 

void but an invalid model because no other product except P 

{F1, F2} can be configured. Like an invalid FM, a product 

can also be invalid. For instance, in Figure 2 (A), Product P 

{F1} is not a valid product from FM because a mandatory 

feature F2 is missing.         

Also, an FM is called inconsistent if the included features 

are not consistent with each other. Figure 2 (B) shows an 

inconsistent feature model, because two mandatory features 

F3 and F1 are excluding each other. It represents an error in 

FM and will definitely lead to a faulty product configuration. 

Moreover, like product derivation, variability management 

i.e. the variations in software implementation, is another 

important issue. Figure 2 (C) shows the variability in FM 

along with variants and a variation point F2. In Figure 2 (C), 

feature F3 alone can be selected/de-selected or feature F4 

alone can be selected/de-selected or both F3 and F4 can be 

selected/de-selected. The different valid variants are: P {F1, 

F2}, {F1, F2, F3}, {F1, F2, F4}, {F1, F2, F3, F4}. 

The above discussion shows that the manual selection of 

the relevant feature set could be a very complicated problem, 

and motivates the need to automate this activity. In this 

context, one of the most relevant Computer Science areas is 

Artificial Intelligence (AI). In [12, 13], AI is defined as a 

“field of study that encompasses computational techniques for 

performing tasks that apparently require intelligence when 

performed by humans”.  The aim is to design and employ 

algorithms which can simulate the intelligence behavior of 

human beings. In this paper, we carry out a literature review of 

the applications of AI techniques to the problem of product 

modeling (feature conflicts). We focus on the AI techniques of 

description logic, fuzzy logic, ontology, knowledge base, first 

order logic, genetic algorithms and constraints satisfying 

problem. We describe our survey in Section II and our 

proposed extenstion to this survey in Section III, followed by 

conclusions and future work in Section IV. 
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TABLE 1. Product modeling problems – A Taxonomy 

Research Problem Domain AI  Solution Domain 

Mahdi Noorian et 

al. 

Inconsistencies & Error 

Detection 
Description Logic 

Shaofeng Fan et 

al. 2006 

Inconsistencies & Error 

Detection 
Description Logic 

H Guoheng et al. 
2011 

Inconsistencies & Error 
Detection 

Constraints Satisfying 
Problem 

Osman Elfaki et 

al. 2009 
Variability Management First Order Logic 

K Mohan et al.  
2003 

Variability Management Ontologies 

P Trinidad et al. 

2009 
Root cause Analysis Knowledge Based 

Osman et al. 
2008 

Root cause Analysis Knowledge Based 

Silva Robak et al. 

2003 
Priority Management Fuzzy Logic 

S  Segura et al. 
2010 

Testing Knowledge Based 

V Sugumaran    

1994 
Product Derivation Knowledge Based 

J Guo et al 

2011 
Optimization Genetic Algorithms 

 

method and finally we summarize the conclusion and future 

work in final section.  

II. RESEARCH SURVEY 

In this section, we present a survey on AI techniques that are 

being used currently for SPL modeling. AI is a large field with 

different problem-solving techniques. Here, we mention only 

those techniques which have been previouslyemployed for our 

given problem. We divide the following sections according to 

the different SPL modeling problem domains. Each section 

discusses the problem(s) mentioned in the title along with the 

solutions. We also develop a taxonomy of these problem 

domains and the AI area that provides the solution; this is 

summarizes in Table 1.   

A. Incocnsistency and Error Detection 

In [14], the authors provide a tool-based framework to 

identify and fix feature inconsistencies. They use description 

logic, which is a subset of first order logic, which performs an 

effective reasoning over a knowledge base (KB). The 

framework, shown in Figure 3, has a Feature Model (FM) 

editor that helps analysts to develop FMs graphically using 

FM repository and a FM debugger (for debugging pruposes). 

The domain analyst develops a FM using a FM editor that has 

a features repository at backend,  simultaneously generating 

the corresponding SXFM file (XML standard for FM 

representation). The transformation component transforms 

SXFM into description logic and OWL-DL initializes a 

feature class (FC) for each feature.  All initialized classes are 

considered mutually disjoint. After that a rule class (RC) is 

defined for each and every FC. For application level a product 

class (PC) containing the selected feature is defined.  

These classes are further useful in inconsistencies 

resolution. Inconsistency identification unit applies DL-

Reasoning to OWL-DL transformed FM and identifies the all 

possible inconsistencies using the above-mentioned supportive 

 
Figure 3. A tool-based framework [14] 

 

 
Figure 4. Feature model of an academic Course 

 

classes. Inconsistency resolution resolves these inconsistencies 

and returns a minimal subset of axioms that is required to 

make a consistent FM.  To test the framework, four test cases 

feature models were developed. 27-35 features along with 14-

16 constraints are used to design the test FMs. Results shows 

the identification and debugging of the inconsistencies and 

consistent FMs recommendations. The debugging time varies 

from 2:21 to 5:10 depending upon the number of discovered 

inconsistencies. These results show that it works well with 

small FMs but would it provide the same result on a large 

scale FM, is debatable and questionable. 

Moreover, in [17], the authors formalize the FM with 

description language and translate the consistency of FM to 

the consistency of knowledge base. Translation rules have 

been defined to formalize the feature model. In the very first 

step, every node V of the feature model (FM) translates into a 

concept C. Edges can be converted to rules R, and edge 

decoration formalizes to terminological axioms. Consistency 

reasoning checking needs a logical reasoner Racer over the 

above formalized knowledge base to decide whether a given 

feature model is consistent or not.  NIL result represents FM 

satisfaction/consistent with all concepts. Figure 4 illustrates 

the formalization of a fabricated feature model (FM). Course 

has four sub features, kind, ID, Teacher and Orientation.  

Course kind is required or arbitrary, teacher can be a 

professor, associate professor or teaching assistant 

(Alternative constraint), orientation can be an undergraduate, 

Master or doctor (Alternative constraints). The trace from the 

translated knowledge base is shown in the following box. 

 

 



Moreover the reasoner replies NIL showing that given 

feature model is consistent. Some other feature model related 

errors are features redundancies, inappropriate cardinalities, 

dead and false variable features. Dead and false variable 

features are the most crucial among them. Dead features are 

defined in feature model (FM) but can never be a part of valid 

product configuration. False variable features are those that 

are labeled as optional in FM but have a must-select constraint 

incase of parent feature selection. Existence of dead features 

and/or false variable features prevent(s) a feature model to 

configure a valid product.  

To reduce the adverse effects of these errors, [16] proposes 

algorithms that are an extension of Constraint satisfaction 

problem (CSP). CSP translates features into variables and 

dependencies into constraints. CSP uses a CSP solver to 

analyze and solve the dead features problem. The proposed 

algorithm is recursive in nature and uses the concept of 

constraints propagations (addition and removal of features on 

the basis of their relationship and dependencies). It is also 

called feature – relation propagation. Initially, for dead 

features analysis algorithm, suppose feature “F” as non-dead 

and insert it into the product features list. Along with the 

inclusion of “F”, its related features are also included or 

excluded depending upon the relations of other features with 

“F”. The inclusion/exclusion phenomenon on the basis of 

features relation and dependencies is called feature 

relationship propagation. If the inclusion and exclusion of 

feature “F” yields different results than the original 

assumption, “Feature is not dead” is incorrect and proves F as 

a dead feature. Likewise to analyze a false variable feature F, 

initial assumption is made that F is false variable and remove 

it from the product features list. Different inclusion /exclusion 

outcomes prove the initial assumption incorrect and F is 

actually a false variable.  

To evaluate the algorithm, authors used FAMA one of the 

widely used approaches to analyze feature models. Ten 

random feature models are given as inputs to the proposed 

algorithm implementation and FAMA. Both approaches 

caught the same number of errors for feature model (FM) 1 to 

7. For FM 8 to 10 FAMA did not work and gave “Out of heap 

memory” error. The reason behind “out of memory” is due to 

the fact that FAMA uses constraint propagation for errors 

identification and needs checking of 2
n
 
 
solution where n is the 

number of features in a feature model; however their proposed 

algorithm requires only n
2
 steps. 

B. Variability Management 

In [15], authors propose a method to model product 

variability. It is a two-layered method i.e. upper layer and 

lower layer. The upper layer deals with the graphical 

representation of the model and lower layer is responsible for 

variants, variation points and variability management. Feature 

Model (FM) and Orthogonal Variability Method (OVM) are 

two well known notations to model the product variability and 

the upper layer uses their combination to facilitate 

visualization and of course variability modeling. It models 

optional and mandatory constraints by using FM notation and 

dependency rules using OVM notation. First Order logic is 

used to initialize the lower layer knowledge base for 

variability, variants, and dependency rules. The box below 

represents a trace from the KB. 

 

 

 

 

 

Variants (N1, N2) defines the variants and their variant 

points, N1 is the variant name and N2 is the specific variation 

point. {Common(N1,N/Y) common(N2,N/Y)} defines the 

variants commonality, N1 and N2 are the variants names and 

yes/No decides that whether these variants are same or not. 

Requires_v_v (N1, N2), defines that variant N1 requires N2. 

Exclude_v_v (N1, N2), identifies that variant N1 excludes 

variant N2. Both layers are well defined and used in variability 

management. The problem with this approach is its non- 

validity on any real case studies. 

Another approach to manage variability is through 

ontologies. In [18], authors use ontologies and propose a 

solution to the product variability Ontology is an analytical 

philosophy that has a good research impact on software 

product line. .They used ontologies to acquire product 

variability knowledge and focused the importance of 

knowledge conceptualization of variability and suitable 

modeling method selection. Further on, a knowledge 

management system has been proposed to govern variability 

of source knowledge .they used the methontology 

methodology. It is the choice of many developers because of 

its simplicity and usability. Methontology keeps an eye on 

intermediate representation of variability. Conceptual models 

have been evaluated using interviews with domain experts. 

These domain concepts were used to generate a domain 

independent variability ontology of the product. A supportive 

tool has been developed to save the ontology with its inner 

representation. They also suggested a knowledge management 

system (KMS) to entertain knowledge reuse involving 

variability management among different product members. 

The acquired knowledge then plays an important role in 

identifying the variability source.  

Figure 5 shows the integration of ontology development 

with knowledge management system to manage the 

variability. Meta model generation process uses ontology 

concepts and provides a blue print for knowledge construction 

process. Developers develop a meta model by 

selecting/deselecting the ontology concepts to identify 

knowledge attributes, this meta model is further used to 

construct knowledge elements .once the knowledge repository 

initializes , queries apply to it utilizing the association defined 

in ontology through knowledge retrieval process. The 

knowledge base searches for the direct match of query first. In 

case it does not find a direct match, ontology is used to 

construct similar queries. Knowledge transfer process transfers 

the knowledge among different processes and knowledge 

application process uses it. The proposed method is good in 

managing product variabilities but still needs more expansion 

and concepts to manage variability. Ontology formalization  

Variants (N1, N2) 

Common (N1, Y) common (N2, N) 
Variants_v_v(N1,N2) 

Exclude_v_v(N1,N2) 



 

 

 

 

 

 

 

 

 
Figure 5.Knowledge Processes of KMS 

 
Figure 6.  The link between abductive and deductive reasoning 

 

with automated inference assistance can improve the overall 

system. 

C. Root Cause Analysis 

To design code or models, information has to be acquired 

from the automated analysis of feature models. Ideally, feature 

models transform into logics and a query applies to the logic 

base finding the relation among the features through a 

deductive mechanism called deductive reasoning. It helps in 

decision makings of features inclusion or exclusion. It is a 

logic-based technique in which assumptions are made on the 

basis of general principles. It is well enough if the 

identification of conflicts is the only concerned, for instance 

two feature can not be existed in a single product or addition 

of the specific feature can lead to an unstable product 

configuration, it is unable to specify the reason of that 

particular query result, for instance if feature A and feature B 

can not be configured in a single product then what could be 

the reason behind that. Abductive reasoning, a type of logical 

inference is helpful in the scenario i.e. explanation of the 

conflicts.   

In [19] authors use the concepts of abductive and deductive 

reasoning and present an operation catalog that uses these 

reasoning and return the details of features conflicts along 

with the explained reason. Figure 6 shows a link between 

abductive and deductive reasoning. It is a two-step process to 

analyze a feature model. First step is deduction: i.e. extraction 

of the specific conclusion. Second step is abduction: i.e. 

acquire the conclusion’s explanation. It provides flexibility to 

the decision maker on the concrete base. Most of the logical 

based applications use deduction which is the 

conceptualization of the corresponding world into a 

knowledge base (KB). It consists of facts and rules or 

hypothesis. Fact is the knowledge that we certainly know to be 

true and rules or hypothesis are assumed to be true if they are 

consistent with facts. We can have multiple scenarios 

(explanations to an observation) with a valid subset of 

hypothesis. Abduction with the objective of scenarios 

searching provides explanations of an observed situation and it 

is non deterministic because of multiple explanations. A 

criterion is needed to select the best suitable explanation; 

usually succinctest explanation is used to get minimal 

explanation. For instance if we have two explanations {E1, 

E2} and {E3} and if neither {E1} nor {E2} are sufficient 

enough to detail the observation then {E1, E2, E3} may be an 

explanation. 

 Moreover, [20] presents a knowledge base approach for 

root cause analysis but the root cause is its secondary 

operation the main focus is on validation and error detection 

(dead feature error and feature inconsistencies error). Dead 

features are those features that can never be selected for any 

legal products and inconsistencies errors describe the 

inconsistency among features for instance feature x excludes y 

etc. it also provides an automated support for propagation 

(propagate automatic selection of features) and optimization 

(generate feature model according to the well-defined 

criteria).it uses orthogonal variability model (OVM) to model 

the product variability. OVM is very useful variability 

representation method that gives a cross sectional 

representation of variability through software artifacts in the 

forms of views. Rules have been defined to validate the 

feature model and recommend the inclusion or exclusion of 

the features. Knowledge base provides an explanation along 

with the recommended corrective action (Root cause analysis) 

incase a feature excludes from the list. Some instances from 

rules repository are listed: 

 

 
 

These two rules are variants related. Rule one says if “X” 

needs “Y” and users selects “x” then “Y” should also be 

selected. Rule 2 says if “x” excludes “Y” and user selects “X” 

then “Y” should be excluded from the feature model. Practical 

application of the case studies is still debatable and the 

approach still needs incorporating constraints handling rules to 

calculate all products and product variability. 

D. Priority Management 

The need of a particular market or customer decides that 

what possible set of features should be the parts of a product, 

moreover, it helps deciding the product commonality and 

product variability. Selected feature set may be prioritize 

(assign a weight) in different ways depending upon the 

prioritization criteria including project goals, market need, 

customer demand etc. Priorities introduction to feature model 

gives developer a helping hand in certain complex situations. 

For instance in case of features conflicts developer has to 

decide that which feature has a priority over others. Features 

with the greater weights may be recommended in the first 

place choice. [21] Proposes a method assigning weights to the 

features in feature model (FM) using fuzzy logic. Fuzzy logic 

is a type of reasoning based on fuzzy set theory in which true 

value can not be exactly zero or one but rather can be any 

value in between or it is a probability based logic that deals  
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Figure 7.  An annotated feature model with weights. 

 

with approximate reasoning. Two basic assumptions are 

required to annotate the feature model (FM) with assigned 

weights: (1) Membership function type (trapezoidal, 

triangular, Gaussian etc). (2) Number and distribution kinds of 

fuzzy sets. The right choice of membership function has a 

great importance on fuzzy inference. Figure 7 shows an 

annotated FM of a car system. Engine power, body, engine 

(electric or gasoline) and transmission mechanism (manual or 

automatic) are the mandatory features. Pulls trailer and AC are 

the optional features. One triangular and two trapezoidal 

member functions are used in the fuzzification of that model 

along with three types of fuzzy sets (low, normal and high). 

Let: 

( ) 1
H

i L

fi F i fi


    

 

Using the equation fuzziness can be calculated and FM can 

be annotated with the calculated value that shows a priority of 

a given feature. Fuzzification of car model describes that: 

 

Car needs body & Transmission & Engine or Pulls trailer 

with Certainty Factor=0.1 or Air Conditioning with Certainty 

Factor=0.2; 

It may help deciding which feature to be developed in first 

place or which feature has a greater priority over others. 

E. Testing 

Appropriate testing of feature models (FM) depends on the 

experience and skills of tester because using current FM 

testing methods tester has to decide about the correctness of 

output.  It is very complex and time consuming process; 

moreover the combination complexity also introduces an 

oracle problem (i.e. infeasible process). Metamorphic testing 

is used to solve the problem. It generates new test cases based 

on existing test data. Moreover, [22] uses metamorphic 

relation to test the FM by generating automated test cases. 

Thee result of the test cases can be verified by using 

metamorphic relations that are already known relations 

between input data and output. For example a program which 

can calculate Cos -0.39 with input 42 radian. We know that 

cos (x) = cos (-x) so a new test can be generated for -42, by 

comparing them we can decide that output is correct or not.   

They relate feature models using neighborhood relation. FM’ 

is the neighborhood for FM if FM` can be derived from FM. 

Figure 8 shows the model and added feature to clarify 

neighborhood. 

 

 
Figure 8. A Neighbor Model 

 

FM has a root feature A and an optional feature B and a 

mandatory feature C. so the products that can derive P1 {A, 

C}, P2 {A, B, C}. Now FM extends by adding another 

mandatory feature D (neighbor) the metamorphic relation is 

now P’1{A, C, D}, P’2 {A, B, C, D}.To apply metamorphism 

in testing, sets of metamorphic relations have been defined. 

For instance for mandatory features the relation is: 

 
Where f is mandatory feature with parent pf and prods 

(FM) is a function that returns the set of products and # sign 

shows the cardinality. Like mandatory, metamorphic relations 

have been defined for optional, alternative, OR, requires and 

exclude FM operations. Using these metamorphic relations 

FM along with its products would be generated and used as an 

input for the analysis. The approach measured using the 

mutation testing that is a fault based testing technique. Faults 

or mutants are introduced forcefully to develop a faulty 

version. Besides, the effectiveness of metamorphic testing to 

detect faults, some issues like dead features, redundancy are 

still left. 

F. Optimization 

The optimization problem addresses to find the best 

solution from the possible potential candidates [30]. Here, the 

ultimate product derivation objective is to find the best feature 

set that fulfills the customer’s wish list and requirements. It is 

a complex and time consuming task, and the possibility of 

valid solutions is exponential in nature. Additionally, the 

selected optimal feature set also requires a conformance to non 

functional requirements like budgets etc. In [24], authors 

propose a genetic algorithm-based technique to optimize the 

feature selection with resource and other constraints. Genetic 

algorithm is a search heuristic that copies the natural 

evaluation process like mutation, cross over etc. It is widely 

used in optimization problems and useful in search problems 

too. It scans a large number of potential candidates products 

and helps find the best among them. In [24], a technique 

named GAFES is proposed, which is a collection of 

algorithms that derives an optimized feature model.  

Chromosomes have been used representing the possible 

combination of features or feature set. Genes are used to 

Where: fj fj feature with index j 
F set of applied features, 

U membership function, 

L, N, H Low, Normal, High. 



represent the individual features. An algorithm is designed to 

generate the possible product populations, and different 

chromosomes are the representatives of different feature sets 

within a domain model. A transform algorithm has been 

developed and used to convert feature selection into valid 

feature combinations. Two more algorithms are used to decide 

the inclusion and exclusion of feature on the basis of 

constraints including the other non-functional attributes. In the 

next step, selection of the best solution is being made from the 

initially generated population. Fitness metric is used for the 

purpose. The main idea behind the optimal selection is that the 

optimal solution generates high value per unit of resource 

consumption. To cross check the optimal solution, an 

optimality metric is introduced that evaluates the selected 

candidate and measures the correctness of the algorithm. 

Results show that GAFES can derive an optimal feature set 

45-95% faster than other approaches. 

 

III. A PROPOSED EXTENSION TO STATE OF THE ART 

A major conclusion of our literature review is that 

several AI techniques have been repeatedly used in different 

ways to solve the feature selection problem, e.g., knowledge-

based and logic-based techniques. However, there is an acute 

dearth in the application of state-of-the-art optimization 

algorithms. We believe that the process of feature selection is 

best suited to be solved through optimization [30]. The reason 

is that many different types of constraints, which could be also 

large in number, need to be resolved, e.g., every system 

designer having his own sets of constraints. Combing these 

constraints together creates a complicated problem; resolution 

of these combined constraints is best suited to the approach of 

optimization as every designer is looking to either minimize 

(development time) or maximize (sales) some measures 

related to the product being configured. Hence, we propose the 

application of four optimization algorithms to the problem of 

feature selction, i.e., Particle Swarm Optimization [26], 

Artificial Bee Colony  [27], Ant Colony Optimization [28] and 

Hill Climbing [29]. Particle Swarm Optimization (PSO) [26] 

optimizes a problem by recursively trying to ameliorate the 

potential candidate solution with the focus on quality. It scans 

a possible candidate population or swarm  (single candidate is 

called particle) with regard to a quality measure and then 

moves these particles around the search space. It has an 

advantage of being a metaheuristic approach; can start search 

with few or no initial assumptions but does not guarantee an 

optimized solution.  

Like PSO, Artificial Bee Colony (ABC) [27] is another 

iterative optimization algorithm that mimics the behavior of 

honey bee swarm. ABC has three bees groups; onlookers, 

employed and scouts and, an assumption that there is an 

employed bee per food source so the possibility of possible 

food source in a hive is equal to the total numbers of 

employed bees. An employed bee  modifies the source 

position in  memory and discovers a new source position. If 

the food amount of the new one is higher than that of the 

previous source, the bee memorizes the new source  and 

forgets the old one. Otherwise she memorizes the position of 

the one in her memory. Bees also switch the roles. An 

employed bee with no source food become scout and starts 

searching the food. An employed bee goes to the source and 

dances in the area when comes back.  

The Ant Colony Optimization algorithm (ACO) [28] is 

another optimization  probabilistic technique for solving 

optimization problems to reduce finding good paths 

using graphs. Ants  wander randomly, and upon finding food 

return to the colony If other ants find such a path, they follow 

the trail, returning and reinforcing incase food is found. Over 

time the pheromone trail evaporates, thus reducing its 

attractive strength, depending on the time it takes for an ant to 

travel down the path and back again.  It has an  advantage of 

avoiding the convergence to a locally optimal solution.  when 

one ant finds a good path , other ants are more likely to follow 

it. Ants communicates through the environment. They share 

information by depositing pheromones, all detailing the work 

status. The problem solve mechanism  is  too complex to 

address and based on positive feedback and if the pheromone 

quantity remained the same on all edges, no route would be 

chosen. 

Finally, Hill Climbing [29] is an optimization technique for 

performing local search. It is recursive algorithm that initiates 

with an arbitrary solution then starts finding a better solution 

by incrementally changing an element of the solution. If the 

change gives a better solution, this is made to the new 

solution. It is good for finding a local optimum but  does not 

guarantee the best possible solution. Hill climbing produces a 

better result  if there is limited amount of available  time to 

perform a search. It has many variations like simple hill 

climbing, stochastic hill climbing etc. [29].  

Our aim is to employ the aforementioned four algorithms 

to the feature selection problem. To the best of our knowledge, 

this has not been done previously and based on the application 

and robustness of these algorithms, we can expect results that 

are comparable with other approaches (See Table 1). For this, 

we are currently implementing a pilot Software Product Line 

(SPL), based on the data from a real-time mobile product SPL. 

In this context, we will initially determine the application 

process of each algorithm to our feature selection problem. 

For instance, concerning the PSO algorithm, the swarm could 

be the set of all possible valid feature models (FM) that can be 

generated from the primary feature model, an individual entry 

of FM is called particle. The method is iterative in nature and 

repeats until it gets the optimal FM. Optimized functions of 

PSO can be written in many ways such as grow the FM by 

adding the best possible feature with the objective of minimize 

features conflicts or maximize model consistency.  

We will hence apply all algorithms on our pilot SPL 

(including genetic algorithms) to solve the feature selection 

problem. We will compare the performance of these 

algorithms through a set of selected performance measures. 

We are currently running experiments in this regard. 



IV. CONCLUSIONS AND FUTURE WORK 

     In this paper, we carry out a survey on the application of 

Artificial Intelligence (AI) techniques to the problem of 

feature selection in Software Product Lines (SPL). 

Specifically, an SPL comprises different modules, each of 

which offers a set of features for configuring a product. When 

a product needs to be configured over different modules, the 

selection of the relevant features from each unit, and the 

integration of these features, can become a cumbersome task. 

Much time and money needs to be spent in order to agree on 

the best feature set. In this regard, AI has been employed as a 

possible solution. We present here a survey of all these 

possible solutions, which are quite limited in number. A 

primary result of our survey is that  the process of feature 

selection is best adapted to the problem of optimization, i.e., 

finding the optimal set of features for any given product 

configuration. Currently, only one work exists which employs 

genetic algorithms to complete this task. We propose the 

application of four other state-of-the-art optimization 

algorithms, i.e., Particle Swarm Optimization, Artificial Bee 

Colony, Ant Colony Optimization and Hill Climbing. To this 

end, we are currently developing a prototype SPL based on the 

model of a real-life SPL for configuring mobile products. We 

plan to test the proposed algorithms on our prototype SPL.  
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