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Conference Chair - Welcome Message

Dear AIDD 2015 Attendees,

It is my great pleasure to express my warmest wedcto all
participants to AIDD’2015, which is organized byettaborato-
ry of research in artificial intelligence (LRIA) &STHB. The &8
aim of this event is to help Ph. D student to kebpeast of the &
latest developments in the area of artificial iijehce and ex-
change ideas about their research work. This y&&DD’'2015 ™=
will focus on High Performance Computing (HPC) Aatificial Intelligence and Data Min-
ing, seeing that in recent years HPC is involvedhamy fields and is perfectly aligned with
artificial intelligence since both technologies aepped to effectively solve the problems of
everyday life. Thanks to the supercomputers thelide thousands of processors to treat tre-
mendous volumes of data. In absence of such sogattex device, the advanced technology
that we are knowing nowadays, would not have entergdificial intelligence also contri-
buted widely in solving complex and hard proble@se important idea to investigate is to
combine these two advanced fields to yield morgss in sciences and technologies. | am
especially grateful to the keynote speakers wheted to give an invited lecture on such up-
to-date subject and to the authors for their vdkighpers.

As usual, let me express my profound gratituden&odrganizing committee for having used
their best endeavors to the success of the evatgolthank the program committee and the
reviewers for their contribution to evaluate thémissions. Thanks also to USTHB leaders
who helped in terms of logistics.

Finally, thank you for joining AIDD’2015, we sinagy hope you will enjoy your stay and
wish you a fruitful scientific meeting.

Prof Habiba DRIAS
AIDD’2015
Conference Chair
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I have a great pleasure to welcome you to the ditioa of Artifi-

cial Intelligence DoctofdaDays (AIDD'2015). This scientific con- "3 -f:!,
ference is organized by the Atrtificial IntelligenResearch Laba- —
tory (LRIA) at the University of Sciences and Teclugy Houar K /
Boumediene.

AIDD'2015 is a means of transferring knowledge ameénse scientific exchange tween
nationals and internationatesearchers in the field of artificial intelligencghis scientific
event gives to PhBtudents the opportunity to present and promote theearch work an
enrich their scientific knowledge by attending @rehces ven by the invited speakers
various topics.

The program of AIDD'15 consists of twelve oral mmemtions cganized into four sessio
and sixplenary talks given by top researchers, each ahthaving an excellent track recc
in his or her own field oresearct | thank them aikincerely for accepting our invitation a
wishthem a pleasant stay in Algie

- Mr Mohamed Hannache, Head of Innovation Divisionnistry of Industry and Mines.

- Prof Lakhdar Sais, GR - CNRS, "Université d'Artois'l.ens, France

- Dr BoualemBouzid, SNIRM, "Faculty of Physics, USTF

- Dr Ahcenelatreche, Director Strategic Projects & Global @t Bull France, Group
Atos.

- Dr RachidGherbi "University Paris X1 Orsay" Franc

- Mrs Karimalbelaidene, Researcher Management Quality Supervisor, Sonatracl-
geria.

| also thank the authors who entrusted us withrtimte and valuable contributiol
My sincere and deep gratitugoes alsdo the program committee members for the rigol
review of the manuscripts.thank also all the participants of the conferenue the orgarz-
ing committee for their valuable support and cdmittion in the preparation of the AIDD'20
conference.

We welcome all to have very rewarding scientifiyslaf interaction and very pleat mo-
ments in Algiers. On behalf of all AIDD'2015 comtei, we wish you very productive de
with fruitful discussions.

Dr Samir KECHID
AIDD’2015
Program Committee Che
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Plenary session 4 : Chair Prof Aicha Mokhtari & Dr Nadjet Kamel

Invited Speaker : Dr Ahcene Latreche, Director Strategic Projects & Global Offers — Bull France,

08:30 | Welcome
09:00 Opening Ceremony
Plenary session 1 : Chair Prof Habiba Drias & Prof Malika Boukala-loualalene
09 :30 | Invited Speaker : Mr Mohamed Hannache, « Chef de Division de I'lnnovation, Ministére de
I'Industrie et des Mines »
« Les TIC, levier numérique de I’innovation »
Plenary session 2 : Chair Prof Thouraya Tebibel & Dr Faiza Khellaf
10 :15 | Invited Speaker : Prof Lakhdar Sais, CRIL — CNRS, « Université d’Artois », Lens, France
« Building Bridges between Data Mining and Artificial Intelligence »
11:15 Coffee Break
Session 1: Chair Prof Slimane Larabi & Prof Amar Aissani
11:45 Meriem Khelifa, A hybrid Method for the Traveling Tournaments Problem
12:15 | Abdelhak Bousbaci, Parallel Sampling-PSO-Multi-Core-K-Means Using Mapreduce
13:00 Lunch
Plenary session 3 : Chair Prof Zaia Alimazighi & Prof Ahmed Guessoum
14:00 Invited Speaker : Dr Boualem Bouzid, SNIRM, «Faculté de Physique, USTHB»
« L’usage du HPC en médecine nucléaire »
15:00 Coffee Break
Session 2: Chair Prof Dalila Boughaci & Dr Samir Kechid
15:30 Karimal belaidene, Reformulation's Optimization of Unleaded Premium Gasoline with Ethanol
16:00 | Yassine Drias, Hybrid ACO and Tabu Search for Web Information Foraging
16:30 | Zakaria Saoud, Improving Source Selection Process using Social Profile
17:00 Hamid Benachour, Contextual Source Selection for Federated Search in Mobile Environment

09:00

Groupe Atos

« Le Calcul Intensif : la fondation des économies de I’innovation »

Plenary session 5 : Chair Prof Djamel Zegour & Dr Feryel Souami

10:00 | |nvited Speaker : Dr Rachid Gherbi « Université Paris X| Orsay », France
« La Réalité Virtuelle au Service du Visual Mining »
11:00 Coffee Break
Session 3: Chair Dr Nadia Baha & Dr Saliha Aouat
11:30 | Asma Bellili, Image Segmentation by Image Analogies
12:00 Izem Hamouchenne, Texture Analysis and Matching
12:30 | Amel Berrachedi, Evaluation of the packet loss in WSN using Deterministic Stochastic Petri Nets
13:00 Lunch

Plenary session 6 : Chair Prof AbdelKader Belkhir & Prof Walid Hidouci
14:00 Invited Speaker : Mrs Karimal belaidene, Researcher & Management Quality Supervisor , Sona-

trach, Algeria

« How can Fuel Productions take the green route »
15:00 Coffee Break
Session 4: Chair Dr Hamid Azzoune & Dr Nacéra Bensaou

15:30 Imene Messaoudi, Bat algorithm for overlapping community detection
16:00 | Abderahmane Khiat, Instance Matching Tools for Linked Data: A Comparative Study
16:30 KamelEddine Heraguemi, Modified Bat Algorithm for Mining Association Rule

17:00 Closing Ceremony
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Plenary Talk 1 : Les TIC, levier numérique de I'innovation

ABSTRACT

L'innovation est désormais unanimement considérée comme
'un des éléments clés de la stratégie et des politiques des
firmes et méme des Etats. Autrement dit, les avantages compa-
rés des nations et des entreprises, notamment industrielles, ne
se limitent plus aux avantages constitués par les ressources
naturelles ou la main-d’ceuvre, mais sont de plus en plus portés
par I'innovation. Mais si tout le monde admet cette nouvelle
réalité, ce qui semble encore moins percu et admis, c’est que la
maitrise de I'innovation est elle-méme de plus en plus dépen-
dante de la maitrise des technologies de I'information et de la
communication (TIC).

C’est pourquoi il est aujourd’hui impératif, aussi bien pour les
chercheurs que pour les industriels, de recourir massivement
aux TIC - et plus encore aux possibilités offertes par le calcul
intensif - pour élargir les limites de leurs connaissances ou pour
développer leurs produits innovants. Ce recours massif aux TIC
sera d’autant plus salutaire aux chercheurs et aux industriels
gu’il leur permettra, a terme, de réduire les colts de leurs dé-
penses ou de leurs investissements tout en augmentant la fiabi-
lité de leurs approches. Le calcul intensif peut s’avérer un puis-
sant et précieux support a la promotion de lI'innovation indus-
trielle, celle-ci constituant, précisément, I'un des axes majeurs

de la nouvelle stratégie industrielle amorcée par I'Algérie.

Mr Mohamed Hannache

Biography

Economiste de formation, Mohammed
Hannache occupe actuellement (2012-2015)
la fonction de Chef de Division de
I'Ilnnovation au ministére de I'lndustrie et des
Mines (MIM). Il a auparavant occupé les
fonctions de Chef de Division de la Promo-
tion de I'Utilisation des TIC (2010-2012) au
ministere de I'Industrie et de la Promotion
de l'lnvestissement (MIPI) et de Directeur
d’études (2002-2010) auprés du méme
ministére. Il a contribué a divers travaux
portant sur le role des TIC comme levier
numérique de l'innovation et de la promotion
de la compétitivité industrielle en Algérie. En
2008, il a représenté le MIPI aux travaux de
la e-Commission, structure chargée de
I'élaboration du document e-Algérie.

De 1986 a 2002, il a occupé les postes de
Responsable d'études principal, puis de
Directeur de I'Information et de la Commu-
nication a [I'Agence Nationale pour
’Aménagement du Territoire (ANAT). Au
sein de I'ANAT, il a contribué a I'élaboration
de diverses études, dont le Schéma Natio-
nal dAménagement du Territoire (SNAT);

la Carte scolaire de la wilaya d’Alger; la

Carte de la formation professionnelles de la

Wilaya d’Alger...

En paralléle, Mohammed Hannache inter-
vient en tant qu’enseignant associé auprés
de PInstitut National de la Poste et des TIC
(INPTIC). Modules enseignés : Manage-
ment de I'lnnovation, Marché et Pratiques
de I'Industrie de I'Information et Manage-

ment de la Qualité.
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Plenary Talk 2 : Building Bridges between Data Mining and Artificial Intelligence ||

ABSTRACT

In this talk, we overview our contribution to data mining and
more generally to the cross-fertilization between data mining,
constraint satisfiability

programming and propositional

(http://www.cril.univ-artois.fr/decMining/). We will focus on

two contributions. First, we show how propositional satisfiabili-
ty can be used to model and solve problems in data mining. As
an illustration, we present a SAT-based declarative approach
for mining sequences. Secondly, we discuss how symmetries
widely investigated in Constraint Programming (CP) and Propo-
sitional Satisfiability (SAT) can be extended to deal with data

mining problems.

Prof Lakhdar Sais

Biography

Prof Lakhdar Sais obtained an engineering
degree in computer science in 1988 from
the National Institute on Computer Science
("Université de Tizi-Ouzou", Algeria), a Ph.D
("Doctorat") in 1993 from the "Université de
Provence" (Marseille) and an "Habilitation a
Diriger des Recherches" from the "Universi-
téd'Artois" in 2000. In 1994, he joined the
"IUT de Lens" as a lecturer ("Maitre de
conférences") at the beginning of the crea-
tion of the CRIL research center ("Centre de
Rechercheenlnformatique de Lens"). Before
his current position as a professor at CRIL-
CNRS "Universitéd'Artois", he spent one
year as a professor at IRIT «Université Paul
Sabatier » (Toulouse, France). He spent two
years as a researcher at INRIA Lille and
CNRS. He is the founding-member and the
leader (from 2002 — 2013) of the inference
and decision process group at CRIL -
CNRS. He is currently the Delegate director
of the CRIL laboratory. His research focuses
on search and representation problems in
Artificial Intelligence. He is especially inter-
ested in propositional satisfiability, quantified
boolean formula, constraint satisfaction and
optimisation problems, knowledge represen-
tation and reasoning, data mining. For

further details on his research activities visit

the web site: http://www.cril fr/~sais.

]
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Plenary Talk 3 : (’usage du HPC en médecine nucléaire

ABSTRACT

L'imagerie nucléaire est une imagerie par émission utilisée en médecine
nucléaire. Elle consiste a déterminer la distribution dans I'organisme d'une
substance radioactive administrée au patient, appelée radiotraceur, en dé-
tectant le rayonnement qu'elle émet au moyen d'un dispositif de détection
adapté a un rayonnement externe. Deux modalités d'imagerie sont cou-
ramment employées en imagerie nucléaire: la tomographie d'émission mo-
nophotonique (SPECT: Single Photon Emission ComputedTomography),
pour laquelle le radiotraceur émet des photons gamma détectés grace a une
gamma caméra, et la tomographie a émission de positons (PET : Positron
Emission Tomography), pour laquelle le radiotraceur émet des positons et
ou l'on détecte les deux photons gamma émis en coincidence aprés annihi-
lation du positon avec un électron. Les données acquises par le détecteur
sont reconstruites a l'aide d'algorithmes de reconstruction afin de fournir
une estimation de la distribution tridimensionnelle du radiotraceur dans
I'organisme. L'imagerie nucléaire permet d'avoir accés a des informations
sur le fonctionnement des organes et d'étudier des processus physiolo-
giques et métaboliques. La fiabilité de la quantification des images obtenues
est affectée a la fois par les limites des performances des détecteurs (résolu-
tion spatiale et en énergie, sensibilité, ...), par les effets physiques tels que
I'atténuation, la diffusion et I'effet de volume partiel (qui perturbent la for-
mation des images), par des effets physiologiques (mouvements respiratoire
et cardiaque) et par des effets liés a la reconstruction tomographique. Ces
effets doivent donc étre corrigés par des méthodes de correction spéci-
fiques afin d'extraire des paramétres quantitatifs fiables.

Dans ce cadre, les simulations Monte-Carlo représentent un outil puissant et
efficace d'aide a I'optimisation des composants des détecteurs (collimateur,
géomeétrie, ...), a la conception de nouveaux détecteurs, au développement
et a I'évaluation des algorithmes de reconstruction et de méthodes de cor-
rections des effets physiques. De nombreux codes de simulation Monte-
Carlo sont actuellement disponibles. Cependant, leur inconvénient principal
est le temps de calcul nécessaire a leur exécution. Actuellement, I'arrivée
d'ordinateurs de plus en plus puissants et les possibilités de partage de ces
calculs sur les clusters et/ou les grilles informatiques permettent de réduire
considérablement ces temps de calcul pour une utilisation efficace en re-
cherche dans le domaine de la médecine nucléaire.

Au cours de ces journées, nous allons vous présenter un retour d’expérience
de notre utilisation du HPC (Cluster SNIRM.PhysUSTHB.dz, Grille Dz e-
Science et Grille VIP /GatelLab) pour réaliser différentes études dans le do-

maine de la médecine nucléaire.

Dr Boualem Bouzid

Biography

Dr Boualem Bouzid est Maitre de Confé-
rences A a la Faculté de Physique de
'USTHB, il a une longue expérience dans
'enseignement et la recherche scientifique
au sein respectivement de la Faculté de
Physique et du laboratoire SNIRM. Il est
titulaire d’'un Doctorat d’Etat en Physique
Nucléaire. Il a contribué a divers thémes de
la physique nucléaire (fission nucléaire,
straggling-pouvoir  d’arrét, astrophysique
nucléaire et physique médicale). Depuis
cing ans, Il s’est consacré a la physique
médicale et particulierement a la modélisa-
tion des systéemes nucléaires d'imagerie
médicale utilisant les techniques de Monte
Carlo, de dosimétrie, de correction d'image,
de reconstruction et de quantification en

SPECT, PET et CT. Ces

tomographie

contributions scientifiques ont fait I'objet de
plusieurs publications et communications.
Actuellement, il s’intéresse comme utilisa-

teur potentiel au techniques HPC.
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Plenary Talk 4 : Le Calcul Intensif : la fondation des économies de I'innovation ||

ABSTRACT

Le Calcul Intensif ( ou HPC : High Performance Computing ) est
au cceur d’une révolution culturelle et d’un changement de
paradigme dans le monde de la recherche et de I'industrie, ou
le duo théorie — expérimentation est remplacé par un trio théo-
rie — simulation/modélisation-expérimentation. Par sa caracté-
ristique d’étre transverse a tous les secteurs de I'’économie, le
Calcul Intensif est devenu indissociable de toute perspective de
croissance, d’innovation, de création d’emplois et de compéti-

tivité.

Le Calcul Intensif est un accélérateur d’innovation permettant a
un pays et aux industries d’exploiter leurs atouts et leurs
moyens pour prendre part a la compétitivité économique des

nations.

Le Calcul intensif est un écosysteme pluridisciplinaire, regrou-
pant les sciences du calcul scientifique, les logiciels de la simu-
lation et de la modélisation, les scientifiques presque de toutes
les disciplines et les infrastructures a tres haute performance.
Cet écosystéme est engagé dans une spirale de la course a la
puissance et a la complexité. Plus grands sont les problemes a
résoudre, plus grande est la puissance de calcul nécessaire aux
besoins. Plus grande est la puissance de calcul disponible, plus
grands sont les problemes qu’on cherche a résoudre. Et cette
spirale a la puissance et a la complexité pose des défis majeurs

aux acteurs du calcul intensif que nous sommes.

Dr Ahcene Latreche

Biography

Ahcene est diplomé d’un Doctorat (PhD) et
d'un Master Exécutif en Management
Général International de TESSEC Business
School Paris.

Ahcene possede plus de 20 ans
d’expérience a différents postes de respon-
sabilité en environnement international dans
les missions de conseil, de management de
projets stratégiques, de management de
lavant-vente et de programmes marketing
stratégie, dans les domaines de la sécurité
et des logiciels de management des infras-
tructures informatiques des entreprises et
de l'industrie des télécommunications.

Ahcéne est

Au sein du groupe Atos/Bull,

actuellement en charge de contribuer au
développement du leadership du groupe
Atos/Bull dans les secteurs stratégiques du

Big Data, du HPC et de la Cybersecurité.

g
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Plenary Talk 5 : La Réalité Virtuelle au Service du Visual Mining

ABSTRACT

Le Visual Mining (VM) peut étre défini comme le processus
cognitif qui intégre I'humain dans l'analyse des informations en
utilisant des systémes de visualisation interactifs. La Réalité
Virtuelle (RV) est une simulation informatique interactive im-
mersive, visuelle, sonore et/ou haptique, d'environnements
réels ou imaginaires, dont la finalité est de permettre a une
personne (ou a plusieurs) une activité sensori-motrice et cogni-
tive dans un monde artificiel, et qui peut étre associé au réel.
Par ailleurs, les interfaces humain-machine (IHM) ont vu dans
les deux dernieres décennies un développement majeur de
nouveaux moyens/dispositifs de communication.

Je vais aborder dans cette conférence ces trois sujets, poser les
problématiques et parcourir les solutions, a la fois matérielles
et logicielles, de ces sujets. |l s'agit en premier lieu de montrer
gue l'immersion des utilisateurs dans de tels environnements
virtuels exige une réflexion adaptée et une étude de nouveaux
paradigmes d’interaction humain-environnement. Je présente-
rai au cours de I'exposé les problématiques et les pistes d'étude
et de recherche au croisement de ces différents domaines. Plu-
sieurs champs applicatifs seront présentés pour illustrer tout
I'intérét de la combinaison de la Réalité Virtuelle et du Visual

Mining.

Dr Rachid Gherbi

Biography

Rachid Gherbi est Enseignant-Chercheur en
Informatique a [I'Université Paris-Sud XI|
Orsay, France, depuis 1988. Il est né en
1963 a Alger et a obtenu son diplbme
d'ingénieur d'état en informatique a 'USTHB
(Université de Science et de technologie
Houari Boumediene) en 1987. Regu au
concours national de bourses de post-
graduation, il est parti effectuer un DEA
(Master recherche) en Fondements des
Systemes Informatiques en 1988 et un
Doctorat (Ph. D) en Vision par machine en
1992 a ['Université Paris-Sud. Il a obtenu
son HDR (Habilitation a Diriger les
recherches) en 2001 dans la méme
université sur les thématiques de Ila
représentation et du traitement de données
complexes en IHM. Il a co-fondé et dirigé
plusieurs  groupes de recherche en
communication homme-machine dans les
laboratoires  LIMSI-CNRS a
Genopole a Evry. Il a a encadré une dizaine
de doctorants et a publié une centaine

Orsay et

d'article internationaux. Il a géré plusieurs

projets financés au niveau national et

européen, en partenariat avec des équipes
académiques et des industriels, ainsi que
l'organisation de conférences et de journées
scientifiques. Il a participé activement dans
les différentes instances universitaires de
formation et de recherche. Il a été
Professeur invité a Concordia Université
(Canada) en 2005. Plusieurs formations
universitaires en Licence et en Master ont
été créées et congues par Rachid Gherbi
tout au long des ces vingt derniéres années.
Ses thématiques de recherche vont de la
vision par machine a la réalité virtuelle et
augmentée dans le contexte de l'interaction

homme-machine.
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Plenary Talk 6 : How can Fuel Productions take the green route

ABSTRACT

As part of the improvement of Algerian’s gasoline quality, this
study aims at reformulating unleaded premium gasoline which,
not only preserves the environment but also respects the new
international specifications by introduction of ethanol.

For this purpose, we have prepared gasoline with blending
components used in the premium gasoline formulation by sup-
pressing lead. On the light of this data, we have established a
correlation which enables to predict the octane number value.
In addition, an optimization of different experiments resulted in
determining the proportions that should be mixed so that the
octane number would be maximized. They also gave us an idea

about the catalytic reforming unit’s effectiveness.

Mrs Karima Ibelaidene

Biography

IBELAIDENE, KIROUANI,
undertook her initial degrees in industrial

Karima

Chemistry from the National Institute of
Hydrocarbon and Chemistry of Boumerdes
(Algeria). She worked as an Engineer
Analysis in Research and Development
Center of SONATRACH (1989-2008) before
Joining, in 2008, the Quality Management
Department.

She completed a Post Graduation in

Refining & Petrochemistry and Magister

from Polytechnic School in 2005 and

prepares currently a Doctorate at the

University of Blida.
She has also dealt with several research
themes

relating to petroleum activity,

supervised Master and

engineering thesis projects,.

numerous

he is an internal auditor and technical
appraiser- ALGERAC Expert and presented
different

many communications in

conferences.

]
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Meriem Khelifa, Dalila Boughaci

A hybrid Method for the Traveling Tournaments Problem

Meriem Khelifa and Dalila Boughaci

LRIA, USTHB,
USTHB, BP 32 El Alia, Bab Ezzouar Algiers, Algeria

khelifa.merieme.lImd@gmail.comboughaci@usthb.dz

Abstract. In this work, we propose an original search metfowdhe Traveling
Tournaments Problem (TTP) which is a fundamentaktabling problem in
sports scheduling. The proposed method consistereé phases. In the first
phase, we used the theory graph modeling to cesatritial configuration that
satisfies only the Double Round Robin Tournament (DR&dnhstraint. In the
second phase, we used lterated Local Search (IltByuhehat takes the initial
configuration of phase one as an input, and toefind feasible configurations
with regards to issues of home/away patterns. Tiird phase is a stochastic
local search (SLS) that manipulates feasible condiions and where the main
objective is to find an optimal solution that mima@s the distance traveled by
all teams. The method is evaluated on Benchmariscampared with other
techniques for TTP. The computational results a@mising and show the
effectiveness of the proposed approach.

Keywords: sport scheduling, graph theory, Traveling tournamgroblem,
Iterated Local Search (ILS), Local Search(SLS), CSP.

1 Introduction

Sport schedule is an attractive research aredé#sateceived considerable attention in
recent years. In this paper, we are interestechénttaveling tournament problem

(TTP) which is an interesting problem in both spscheduling and combinatorial

optimization. TTP is the problem of scheduling aulde round-robin tournament,

while satisfying a set of related constraints andimmzing the total distance traveled

by all teams [4].

The problem can be stated as follows: let us clemsh teams (n even and
positive), a double round robin tournament is adfejames in which every team
plays every other team exactly once at home ané amay. A double round robin
tournament has 2*(n-1) slots.

The teams begin in their home city and must retiiene after the tournament. The
TTP is the problem of finding a feasible schedbk iminimizes the distance traveled
by all teams, and satisfies the following constiain
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1.Double Round Robin Tournament constraint (DRRT): each team plays with
every other team exactly twice, once in his Homé ance in the Home of his
opponent.

2. AtMost constraint: each team must play no more thdnand no less thah
consecutive games at home or away. In genkiralset to 1 andll to 3.

3. NoRepeat constraint: A game {, t;) can never be followed in the next round by
the gametf, t;).

The TTP inputs are: the number n of teams and feediBtance matrix. The output
will be a Double Round Robin Tournament on the ante respected the three
constraints AtMost, NoRepeat and DRRT, and thd thtaance traveled by the team
is minimized. Table 1 gives an example of a schedml n equals to 4. The sign (-)
means that the team plays away.

Table 1: Example of Double Round Robin Tournament with 4 Teams

T\R 0 1 2 3 4 5
1 4 -3 -4 -2 3 2
2 -3 -4 3 1 4 -1
3 2 1 -2 4 -1 -4
4 -1 2 1 -3 -2 3

For example the timetabling of team t1 is as folotl plays against the teams: t4
at home, t3 at away, t4 at away, t2 away, t3 ateh@nd t2 at home successively. The
traveled distance by the t1 is equals to the sundfl3 + dis34+ dis42+ dis21.

The traveling tournament problem is very diffictdtsolve. Several methods have
been studied for the TTP. Among these methods,amefind the following works:[7]
used a "Branch and price" approach for solvingTthe. [5] worked on the problem
TTPPV (Traveling Tournament Problem with Predefinduhues), they proposed an
Simulated annealing method. [12] proposed an dyBranch-and-bound method for
TTP. [8] proposed a tabu search approach for TT# weveral neighborhood
structures[9] .proposed an evolutionary approachTfoP. [2]provided a simulated
algorithm that explores feasible and infeasibleedcites using several structures of
neighborhoods and complex movements.

The current work proposes a novel search methothéoT TP. To the best of our
knowledge the proposed heuristic approach is algihhe originality of our idea is
to combine between optimization, graph theory aodstraint programming. More
precisely, we propose a three-phase search metlabdtarts from an initial solution
verifying the DRRT constraint created by using ¢ineph theory modeling. Then this
configuration is passed to the second phase tles#t adterated Local Search(ILS).
The ILS main objective is to find a configuratidmat verifies the three constraints.
Here, we used the CSP (constraint satisfactionlgngbto model the problem and a
cost function to penalize the unfeasible configorat. Finally, the third phase is a
stochastic local search (SLS) that starts fromcthdigurations generated by ILS and
tries to find the optimal solution that minimizd®ettotal distance traveled by all the
teams. SLS used the cost function to verify thesifelity of configurations. It uses
also an objective function to measure the qualftganfigurations. The quality of a
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configuration(a schedule) is measured by the total distancelge\by teams

The rest of this paper is organized as follows: $beond section presents in de
the proposed method for the TTP. Some numericallteesre given in the thir
section. Finally, théourth section concludes the wc

2 Proposed Approach

The proposed search method for TTP consists oéthhases. In the first phase,
created an initial configuration satisfying the DRBbnstraint. In the second pha
we applied a Iterated Local Sch approach to generate feasible configurations.
third phase is the stochastic local search. Théerdiit phases are detailed
following subsections

A. Phase 1: Thelnitial Configuration

To obtain an initial configuration verifying the [ constrent, we have used tt
theory graph modeling (Werra, 198¢

We have n*(nt) / 2 games in rounc-1 when n is even. We numbered the vertice
the graph from 1 to n where n is the number of gaMe put the top n in the cen
and the other vertices incircle around the top n.

» The first day, we organized a game between Teandn, Team 2 ann-1,
Team 3 andn- 2, and so on up to the game betwn/2 andn/2 +1.

* The following day, we reproduce what happenedptie®ious day, making simp
arotation of the coupling in the direction of clooke

Figure 1 depicted the procedure for building aofn = 6 teams.

1 1

—h NSt

First Day Second Day Third Day Fourth Day Fifth Day

We obtain the schedule which is a Single Round R(BRR)

Round: (t1, t6) (ts, &) (t4, t3)

Round: (ts, 1) (tn, t) (te, )

Round! (ta, ts) (tz, ta) ()

Round: (ty, ) (ts, t3) (te, t)

Roundt (s, t) (t, t) (t2, &)
The double round robin is obtained by adding theraniof SRR. The obtained DRF
is as follows:

Round: (t, 1) (ts, 1) (ta 1)

Round: (s, 1) (tu, t3) (te, 1)
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Round3 (1, ts) (tz ) (te, t3)
Round4 ) (ts, t3) (te, 1)
Round5 @, t) (t, ) (ta, t3)
Round6 (te, ) (t2, ts) (ts, t)
Round7 (ts, ts) (ts, ) (t2, to)
Round8 (ts, tr) (ts ) (s, to)
Round9 (to, ) (ts, ts) (ta, to)
Round10 (te, t5) (t4, tl) (t3, tz)

In the initial phase, we have obtained a schecaderespects the double round robin
tournament. This configuration will be used in #ezond phase as an input solution.

B. Phase 2: Iterated local search (ILS)

.In our work, we have used (ILS) in the second pta&fsour method. After having
created a schedule satisfying the DRRT constrai@tcall the second phase in which
we considered the three constraints DRRT, AtMosdtdaoRepeat. We used a iterated
local search to search for configurations satigfytime three constraints. We used the
constraint programming problem (CSP) to modeling groblematic and a cost
function to penalize configurations that violate ttonsidered constraints.

B.1 The CSP Modeling
We used the following notations to formulate theolpem as a constraint
satisfaction problem (CSP):
« R:isasetof roundR||=(n-1}*2
e Tis the set oh teams
e t:teamnumber, t; OT, Ki<|T|
* X(, t) is the planning game between the teams
andt; in Home oft. The values of this variable are of the fofff) ;) indicating
the round planning game
R R, 0<R;< |R|

The set of the variables are:

X={(xt ), I<i<|T|, Kj<[T|, i#}

All the domains are equal:

D={R; 0< R ;< IRl} : Ox[OX, D =D, whereD is the domain of the
variablex.

The set of constraints is:
0 The uniqueness of whole teams in all rounds

For each teant;, t//T, X i<|T|

Round ¢) <! —
((x(6, §) # Xt §)LOXE, §) # X4, &) T(XE, 6) # X §)) 7

10
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(4, 8) # X, ), DG, @) I, [TFi
1#]), aZ],1#a,
0 The constraint “NoRepeat”
For each teams<t;, t>, (ti, §) JTx T, 1 #
NoRepeat<t;, t>) :
(if (x(6, §) > 0 LI(x(h, 1) < (x(t, §) > X, ©) #x(t, §)-1) T

(if (x(ti, §)< IRI-1 (x(Y, t) > (x(4, ) = X(b, t) £X(b, )+1)

o0 The constraint “AtMost” :

For eachteamy T, K i<|T|
tMost:(t):

i ((x(t ) L (X (6 ta2) = X(t, ta)+1) L (x
(ti, tas )= X(t, )2 (X (§ . tas )= X(,

O

if (X(tar, £)£ (X (b2, §) = X(taz, £,)+1) £ (X
(taa t, ) = X(ta, 6)+2 (X (tas § )= X(&,
tar)+3))

\

> (i#])), Oy, &, &, a, i) 0T x T xT xT xT
) atza, K| i#a, (i#4a, iU, 4] j0[1, 4], #], X @) <|R-3)/(X(t t.) < R|

B.2 The Neighborhood

The Iterated Local Search phase used the neighbdrtouctureSwapRoundd.et
considers be a configuration of the search space. The neigiand N : S — 2° of
s is an application such that for a0 S,s'd0 N(s) if and only if s and s' are

different by two rounds. A neighbo8
can be obtained by a simple exchange between twuds

B.3 The cost function
The cost function is separated in two terms. Thst fierm permits to penalize

configurations no satisfying the AtMost constrailhe second term is to penalize
those no satisfying the NoRepeat constraint.

11



AIDD’2015, USTHB — LRIA Meriem Khalifa, Dalila Boughaci

First, we definedocc_hw(s, t, t) the function that verifies, in a current
configurations, if two teamst; andt; played in both Home and away in a Round
successively.

(Rj=Ri+1) O(R, =R;+1)

occ_hw(s, t;, tj) = 1 ifRi=Ri+1) OR,i=R;+1)
0 othvse

The penalty fow(S) will be the total number of times that the gamelsyed
Home and away successively (in the configuragjon

m

frw(S)= 2 2 occ_hw(s, t;, t;)

i=1 j=i+l

Now let considerocc-am(s, i, R) be the occurrence number of tegnn four
rounds from R(R;, R+1, R+2, R+3) successively either home or away.

con(s, i, R) = 1 ifocc-am(s i, R) >3, R<|R|-3
0 otherwise

The penalty f_,,.(S) will be the total number of times the teams playrenthan
three times in four rounds successively.
[T IR|-3
feon(8)= 2 Z con(s i, R)
i=1 Ri=0
The cost function is then defined by the sum ofweghts of the two penalties
constraints NoRepeat (noted NP) and AtMost (hétel):
Cost (S)=weight (NP)* f,  (S) +weight (AM)* f__ (S)
Solving the CSP problem is searching for a configian of zero cost. We Noted
that we do not deal with the penalty constraint ORfecause we started with initial

solution that satisfies the DRRT constraints andcheose a neighborhood structure
(SwapRounds) which guarantees that the space chseaintain this constraint.

B.4 The ILS algorithm for TTP:

The ILS for TTP is sketched in Algorithm 1.

Algorithm 1: The ILS method.

Require: a SC configurations (satisfied DRRT constraint), mais the maximum number
of iterations

12
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Ensure: a feasible configuration CSC(satisfied AtMost, NoR@ead DRRT constraints)
1: sG— a SC configuration
2: s—local search(s0)
3:for | € 0 to max-mowdo
4: if cost (s)#0 then
5 S'— perturbation(g)
$'— local search (5
if ( cost (8") <cost ($)) then
Ske— Sk’
10: edif
12:end if
13:end for
14:Retutn the CSC configuration.

6:
8:

C. Phase 3: Stochastic Local Search for TTP

The stochastic local search is a local search rdettet combines diversification and
intensification strategies to locate a good sofutithe intensification phase consists in
selecting a best neighbor solution. The diverdifica phase consists in selecting a
random neighbor solution. The diversification phissapplied with a fixed probability
wp>0 and the intensification phase with a probabilityyp. The process is repeated
until a certain number of iterations calledxiteris reached.

C.1 The Neighborhood structures :
We make use of three neighborhood relations:

N1: SwapRounds(s, R, R) is a simple move that swaps two rour(& R).
There is O(f) possible movesN2: SwapHomess, t;, t) is a move that swaps the
home/away roles of teamisandt;. That means if team plays home against team
at roundR,, and away againgtat roundR,, SwapHomess, t;, t;) is the same schedule
ass, except that now teainplays away against teatrat roundR,, and home against
t; at roundRN3: SwapTeamd(s, t, t; ) is a move that swap the plan of two tedms
andt; (except the round whetgplays against.

C.2The SLS algorithm for TTP

The SLS for TTP is sketched in Algorithm 2.

Algorithm 2: The SLS method.

Require: a TTP instancanaxiter, wp
Ensure: an optimal schedule S for TTP

1: Create an initial configuratiol©§) verifying the DRRT constraint;
2: Apply lterated Local Search on CS to obtain &Q@®8nfiguration verifying the three
constraints
S¢ solution returned by the lterated Local Searchhioet
3: Create the totality of the neighborhoods ofl{$rpplying thenspirationtechnique (N1
structure);

13
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/I Generate an initial configuration for SLS with RK

4: create a listligt) of movementgR;, R) where the cos§) is equals to zero

5: Generate a random initial solution (CSC) accordigcode RK , (R, R)€¢ RK (list);
s¢& Swap Rounds, R, R).

6: for 1< 0 to maxiterdo

7: I « random number between 0 and 1;

8: if (r <wp) then

9: Create thdlovr [R;, R]. by neighborhood structure N1
10: random selection of a mo(, R) ( where the cossJ is equals to zero.)
11: & SwapRounds$s, R, R)

12: else

13: Create th&lBgames lisby neighborhood structure N2
14: Select the best mo t); s¢ SwapHomets, i, t)

15 : Create th&lovr [t;, §]. by neighborhood structure N3
14: Select the best mof t)); s¢ SwapTeam¢s, {, t) ;

17: end if.

18: end for.

19: Return the best solution found

3 Experiment

This section gives some experimental results. Thece code is written in Java and
runs on a Core 2 Duo (1.60 GHz) with 2 GB of RAM.

A. Benchmarks

The proposed method is evaluated on various bermghpnablems commonly used
in experimental tests taken from the web site Ndtance, circular distance instance,
Super Instance and Galaxi Instance. The datasset includes 17 instances which
are: CON4, CON6, CON8, CON10, CON12, CON14, CON4B4, NL10, NL12,
NL14, CIRC4, CIRC6, CIRCS8, CIRC10, Galaxy 4 and HR4. Table 1 gives the
numerical results found by our approach. We give @U time in second, the best
and the average solution found by our method. We tie best know solution for
each instance.

B. Parameter Tuning
The adjustment of parameters of the proposed dhgosi is fixed by an
experimental study. The fixed values are thoseviich a good compromise between
the quality of the solution obtained by the aldarit and the running time of the
algorithm is found. The SLS parameters are: theimmam number of iterations=
10000, wp =0.3. The ILS the maximum number of tieres= 20000.

C. Numerical results
In this section, we give the numerical results fbly the proposed approach.
First, we give in Table 2 the results find by the&l The first column gives the
number of teams |T|, the second column the nundferecessary moves to obtain a

14
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feasible cafiguration verifying the three constraints Therdhcolumn gives the CP
time in second to obtain the feasible configura

Table 2. Results found bILS

IT| #Mov Time (s)

6 5 0,096

8 9 0,2

10 11 8,00

12 92 38,53

14 87 78,210

16 201 201,66

18 28t 252,35

20 3401 301,29

22 382¢ 283,60

24 385¢ 1008,11

26 411¢F 2563,20

28 711z 1899,22

30 752z 2144,74

32 8001 4055,96

34 8977t 5062,45

Table 3. Results found by Sl
. Best Result found
Instances Time(s) Known SLS Gap%
Best Average

CON4 0,1C 17 17 17 0%
CON6 19,8( 43 43 43 0%
CON8 30,22 80 80 80 0%
CON10 89,2¢ 124 124 125 0%
CON12 104;7¢ 182 182 184 0%
CON14 2144« 252 252 254 0%
CON16 411,9¢ 327 336 338 2,67%

NL4 53,28 8276 8276 8276 0%

NL6 145,2: 23916 23916 24122 0%

NL8 524,1! 39947 40621 42234 1,65%

NL10 984,7: 59583 61193 62711 2,63%

NL12 1635,6( 111248 120655 127856 7,79%

NL14 24529 188728 206274 231785 8,50%

NL16 5316,3- 261687 308413 322394 15,15%
CIRC4 94,6t 20 20 20 0%
CIRC6 201,3: 64 64 64 0%
CIRCS8 431,9¢ 130 140 144 7,69%
CIRC10 866,1: 242 272 287 11,02%
Galaxy 4 1245;6( 416 416 416 0%
Galaxy 6 108,1¢ 1365 1365 1394 0%
SUPER4 897,8¢ 63405 63405 63405 0%

4  Conclusion

In this paper, we proposed a tr-phase search method for solving the trave
tournaments problem (TTP) in sport scheduling. Tiethod is implemented ai

15
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evaluated on several benchmark problems with vargizes, and compared with the
best known solutions and other techniques for TTH experimental results are very
promising. The proposed approach provides competiisults and finds solutions of
a higher quality. We aim in future to implementigag evolutionary approach for TTP
that handles only feasible configurations.
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Abstract.Clustering is partitioning data into groups, sucht ttiata in the same
group are similar. K-means is the most used clirgealgorithm because of its
implementation simplicity and efficiency. Many desng algorithms are based
on the K-means algorithm aiming to improve exeauttome or clustering
quality or both of them. Improving clustering giyalcan be done by an optimal
selection of the initial centroids using for exampheta-heuristics. Improving
execution time can be performed using parallelisnthis paper, we propose a
parallel hybrid K-means based on Google's MapRedtar@ework for the
parallelism and the PSO meta-heuristic for the @haif the initial centroids.
The results proved that using a network of machingsrocess data improves
the execution time and the clustering quality.

Keywords:K-means; PSO; Sampling; Shared memory; MapReduce.

1 Introduction

Clustering is partitioning data into clusters sticht the similarity between objects of
the same cluster is high and the similarity betwalgiects of different clusters is low.

The main problem of clustering is obtaining theimpd configuration of clusters
and keeping a good execution time.

In the literature, many clustering algorithms hde=n proposed using different
techniques [1], [2], [3]. [4]-

The k-means algorithm [5] is the most used forsitaplicity and efficiency. Its
complexity isO(n * K * | * d) wheren is the number of data points,the number of
clusterdl, the number of iterations ands the data dimension.

To improve the clustering quality of K-means altjum various works have been
proposed to hybridize it with meta-heuristics, genalgorithm, particles swarm algo-
rithm... etc. such as in [6], [7], [8], or usingngaling process [9] or both such as in
[10].

To improve the execution time of K-means, many tiohs were proposed, from
the optimization of the algorithm itself to the usiethe parallelism. The parallelism
can be done using two major methods. The first atkth the use of a network with
many connected machines (master-slave architecftdd) [12], where clustering

17



AIDD’2015, USTHB — LRIA Abdelhak Bousbaci, Nadjetrteh

algorithms are processed on a cluster of computérs.second method is the use of
shared memory parallelism [13], [14].

To improve clustering quality and execution time propose in this paper, to par-
allelize the Sampling-PSO-K-means algorithm presgbim [10].

We propose to parallelize this algorithm using awoek of machines managed by
MapReduce framework [15]. Using many machines meaitgy many CPUs, and, as
we know, nowadays all computers are equipped at lg#h Dual-core CPUs. If we
use a simple clustering algorithm, only one physicee per machine will be used.
Therefore, the solution is to avail all cores ofCRU resorting to parallelize the
process on each machine.

This paper is presented as follows: Section 2 ¢htees all the works related to our
proposition. Section 3 explains our proposed metlkackally, section 4 is about the
implementation and evaluation of our algorithm.the last section we present our
conclusion and perspectives.

2 Related work

2.1 Parallel clustering

Parallelism using shared memory

Many works have been proposed in this class usiifereiht approaches [13], [14],
[16], [17]. In [13], the authors proposed a solntlmased on messaging communica-
tion between the processes. Other works in thigl figoposed to use multi-agent
systems instead of simple threads like in [17].

In [16] the authors propose an approach basedeongd of multi-cores processors
and their cores to parallelize clustering algorighfhey parallelized K-means and K-
nodes algorithms to cluster gene expressions. Tttoes chose shared memory par-
allelism to avoid network communication and to lideao simulate a master-slave
architecture. However, the inconvenient of thisdkof parallelism is the concurrence
in data access. To avoid this problem, using datksl is necessary, but at the same
time it can create deadlock problems. The authowpgsed McK-means, which is a
parallelization of K-means based on shared membhng. proposed solution avoids
deadlocks problems over of achieving an improvezgtetion time.

In McK-means algorithm, K-means is parallelized dajculating simultaneously
the minimum distance and the centroids update.

Thus, in this approach the initial data set istdpto subsets, and nearest centroid
search is performed in an individual thread forhesiebset. This is the parallelization
of minimum distance search. On the other hand remtraids calculation is done by a
thread for each one. This is the parallelizatiothefcentroids update.

For the minimum distance search, the number ofathis equal to the number of
available physical cores, but for new centroidswation, the number of threads is
equal to K, where K is the number of clusters.
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Parallelism using machines' network

This is based on using many machines to implemeatparallelism when the
processes use a large amount of data. Several dsetvere proposed for this, such in
[18] and [19]. The common factor between these waskhat authors proposed their
own approach of how the machines communicate amdthe parallelism is defined.
This requires advanced network programming skKills. avoid this, many authors,
such as [11] and [12], opted for the MapReduce éwaaork [15].

In its simplest form, MapReduce is a two-step pssc@& Map step and a Reduce
step. In the Map step a master node divides a @nmoliito a number of independent
parts that are assigned to map tasks. Each maptas&sses its part of the problem
and outputs results as key-value pairs. The Redtege receives the outputs of the
maps, where a particular reducer will receive anBp outputs with a particular key
and process them. Since map tasks are indepefdgntan be run in parallel similar-
ly to reduce tasks, which can be completed afeenthp tasks are completed.

In [20], authors used many connected machines poawe the execution of the K-
mean algorithm. They proposed ParC Algorithm whieln be summarized in three
main steps:

1. Partitioning the initial Data on machines set.

2. Apply a clustering algorithm on each machine usiaglata partition to find local
clustersg-clusters.

3. Merge the clusters found in the previous step dvatlap together to get the final
clusters configuration.

2.2 A Sampling-PSO-K-means algorithm

The Sampling PSO-K-means algorithm [10] is basedhybrid PSO-K-means al-
gorithm [7]. Authors propose to improve it by samglthe initial data set before
being processed by PSO algorithm. It is realizedlividing data into S subsets and
applying K-means on each subset. After that, eatiset is represented by only its
centroids. This step will reduce the global amooihtlata and keep only the most
representative data samples. This process ensubester execution time and im-
proves the efficiency of the PSO algorithm, meardmgupswing of the entire ap-
proach.

This algorithm can be summarized into the followfogr steps:

1. Select S sub-samples in the initial data.
2. Apply K-means on each sub-sample until convergence.
3. Use the resulted centroids from precedent step R&D algorithm consi-
dering them as swarm particle3garticles).
4. Apply K-means on the whole data using the initahfiguration obtained
from the PSO algorithm.
In this work, authors proposed to use samplingetiuce the amount of data because
of the sensitivity of PSO algorithm to large dadtss
We aim to propose an approach to parallelize tmep8ag-PSO-K- means algorithm.
Our proposal is based on the approaches presenf&6]iand [20].
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3 Proposed approach: Parallel Sampling-PSO-Multi-CoreK-
means Using MapReduce

In this section, we present our contribution: pgatatampling-PSO-McK-means
Using Mapreduce.

Our initial objective was to use many machines Ifelize the Sampling-PSO-K-
means algorithm. On the other hand, as mentionedliqusly, we aim to exploit
CPUs cores. Local parallelism is applied to the @am-PSO-K-means algorithm
and transform it into Sampling-PSO-Multi-Core-K-msaalgorithm. Before giving
the details of the approach, we give an overviewa@n it works.

We can describe this process into the three foligwsteps:

1. Distribute data on the cluster nodes.

2. Apply sampling-PSO-McK-means.

3. Merge results from the network machines.
The larger the data set is, the more the PSO #hgomeeds iterations to get an op-
timal solution. With the sampling method in [10ktkize of the data set is reduced
and PSO can reach an optimal solution with a smallenber of iterations, which
means a shorter execution time. Therefore, we @@gpdo reduce the initial data set
in our approach by dividing it on several machibe$ore starting to apply the Sam-
pling-PSO-K-means algorithm. After that, the résalre merged.

Sequential processes are executed on many maéhipagallel. Since the used CPUs
have many cores, using a sequential program on tiees not exploit all their poten-
tial. So, we propose to use local parallelism iadtef the global network parallelism.
In Sample-PSO-k-means, K-means algorithm is uséktvit the first time, it is used
in the sample step, and then in the final clustesiep. Thus the local parallelism will
be focused of K-means. This parallelism is doneubh the following steps:
1. Data instances are separated on P partitions d@ngotd the number of
available physical cores. and a thread is createddch part (P threads).
2. Each of the P threads is charged to calculate thamal distance of its parti-
tion.
3. Other K threads are created and assigned to thiedtec, K is equal to the
number of centroids.
4. Each of the K threads is responsible of calculatimg centroid of its own
cluster after each update.

This approach avoids the deadlock problem by uaisgftware transactional memo-
ry.
The process of our approach can be defined asisllo
1. Initial data is divided on the set of machines.
2. On each machine the following steps are appliedguiss own data partition:
a. Data is divided again on S sub-partitions.
b. A sampling algorithm is applied on each data partiusing McK-
means.
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c. Results from sampling algorithm are used as inité&th of the PSO
algorithm.
d. Apply McK-means algorithm using the results obegirfrom PSO
algorithm as initial centroids.
3. Results from all the network are sent to a singbkeimne, where cluster of
each configuration that overlap in data space amed together to get the
final configuration.

4 Implementation

We implemented our approach, and we tested it ensymthetics numerical mul-
tidimensional data sets [21], where data valuesrattge interval [0.0 , 1.0].

4.1 Data codification

There are three main data components: data sahoest, centroids, clusters for k-
means algorithms, the particles and the swarm & Blgorithm.

Each data instance is represented by a multidimensional vector:
li=(ai1,a2,8, --.,am) Wherei thei™ data instance.

Eachcluster is a set of data instances with a variant sizis.riépresented by a vec-
tor of many instances:

G = (Iig,lig,liz, ... ) with i €1,2,3,...,K}whereK is the number of clusters.

A particle is represented by a vector Kfcentroids wher& is the chosen number
of clusters and a centroid is a data instance filvendata set. It is represented by a
vector ofK centroids:

P=(Ci1,Gy,Ci,-..,G) with i € {1,2,3,...,n} wheren is the size of the swarm. A
swarm is represented by a vectongfarticles.

For the sampling step, the data set is split inemynsub-sets, and each one is
represented by a vector as follows:

E = (lip,li2,lis; .- kw) whereM is the sub-set size ang{ 1,2,3,...,n}.

5 Evaluation

Evaluating clustering results means determining bompact the clusters are. To do
this, we use the same formula(1) to calculate ighafitness in PSO algorithm [7].

This formula allows calculating the average distabetween the instances of a
cluster and its centroid. The smaller this valu¢his better is the clustering quality.
This formula is defined as follows:

21ty d(oviy)

k J

F =
K
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Wherei; represents the' data instance of thé cluster;o, is the centroid of thé"
cluster;d(o,i;) is the distance between the data instapead the centroid;; n; is the
number of data instances in the clugeandK is the number of clusters.

Distance between two instances is calculated USirgdidean distance.

6 Experimentation

To evaluate the improvement of the hybrid algorghsre implemented the K-
means algorithms. We implemented the Sampling-RS@eans algorithm to com-
pare it with our proposed algorithm, the Samplirg@=EPMulti-core-K-means algo-
rithm to prove the efficiency of using threads dhe gain in the execution time, the
Sampling-PSO-K-means using MapReduce algorithmemahstrate the improve-
ment brought by using machine's network without tittwkading and finally our
approach the Sampling-PSO-Multi-core-K-means ubiagReduce.

To evaluate our approach we used a cluster of himas. Each node is equipped
with a Dual Core CPU and a 2 GB RAM. The cluster on Linux Ubuntu 10.04. For
the framework MapReduce implementation, we usedodpdl.2.1 an open source
distribution of MapReduce.

The experiments were done on two synthetics dasq[2#], DataSet 1 which con-
tains 1400 rows of 8 dimensions and DataSet 2 twbantains 10125 rows of 15
dimensions.

The two data sets contain synthetic numerical ddtdahe values are in the range
[0.0,1.0].

6.1 Parameters

Many parameters must be defined for each algorithhe parameters of the Sam-
pling-PSO algorithm are: Inertia factor, confideoefficient at its best position, con-
fident coefficient at its neighboring, number afriitions of PSO, number of particles
and number of stamps. We fixed them as mention¢tOjp The other parameters are
the ones of Multi-Core K-means. We cite the numiferiusters, the number of itera-
tions and the number of used threads. The lattsrfixad in our case to two because
we use a Dual-Core CPU. The best number of thieadual to the number of physi-
cal cores [16]. For the number of iterations anchber of clusters, we used and tested
different values according to the used data setstlte two data sets we tried many
values of the number of clusters using K-meansrdlgo until getting the best val-
ues:k=3 for the first data set anki=5 for the second one. The number of iterations
was defined for each algorithm apart by doing miasys. Finally we get the maximal
number of iterations which i85 and we apply it on all the algorithms for the fina
tests.

The parameters cited above are summarized in Table

22



AIDD’2015, USTHB — LRIA Abdelhak Bousbaci, Nadjetrteh

Table 1 Algorithm parameters

Parameters Value

Number of clusters 3-5

Number of iterations in K-means 5-25

Number of threads 2 (dynamic according to the (&ed)
6.2 Results

To analyse the obtained results we chose the dlogtguality and the execution
time.

Clustering quality

To evaluate the clustering quality we use the fdamuto calculate the fitness val-
ue of each algorithm. Table 2 shows the resultainbtl on two different data sets
using the parameters presented in Table 1.

Table 2 Algorithms performances

K-means Sample-PSO-K-means Parallel Sample-PSQ
Sample-PSO-MC-K-means| MC-K-means  using

mapreduce
DataSetl 0.3537 0.2193 0.2101
DataSet2 0.4592 0.2691 0.2451

As we can see in the Table 2, the test of the @ling quality was done only for
one of the Sample-PSO-K-means algorithm and Sa®$@-MultiCore-K-means,
because both of them give the same results andriyedifference between them is
the use of threads to improve execution time.

The results show that the Parallel Sample-PSO-M@d&ns using MapReduce
algorithm give the better fithess value. Both ofdflal Sample-PSO-MC-K-means
using MapReduce and Sample-PSO-MC-K-means algasithea sampling and PSO
algorithm to get a better starting centroids camfégion, but the fithess value is better
when we use Parallel Sample-PSO-MC-K-means with Réaluce with a similar
number of iterations for the both algorithms. Tisislue to the data partitioning. By
dividing the data on the network nodes, we decréassize on each one. Therefore,
PSO algorithm can reach an optimal solution aftgiven number of iterations. On
the other hand, in [22] authors showed that a la@a set needs more iterations to
converge than a small one does. Our results cortfiah We can see that the im-
provement of the fithess value is more importantten DataSet2 than on DataSet1,
because DataSet? is larger than DataSets1 sceitake benefits from our approach
than DataSetl does.
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In the following, we discuss the convergence ofRheallel Sampling-PSO-MC-K-
means using MapReduce and Sampling-PSO-MC-K-melgiagitams. In this test,
we focus on the observation obtained from the DettaSResults are presented in
figure 1.

0,5000

% ——Sample+P50+McKmeans+Mapreduce

0,4500 \

——Sample+P50+McKmeans

0,3000 \
0,3500 \
0,2000 i —~ \

Fitness

10,2500 T |

0,2000
L 10 15 20 25 30
Number of iterations

Fig. 1. Convergence graph

We notice that the Sampling-PSO-MC-K-means algoritiet a better fitness after
5 iterations.

Before reaching th&0" iteration, the Parallel Sampling-PSO-MC-K-mealgpa
rithm using MapReduce gives a better solution timenSampling-PSO-MC-K-means
algorithm.

After the 10" iteration, the Sampling-PSO-MC-K-means algoritheeps almost
the same fitness value and converges definitivelthe 15" iteration. On the other
side, Parallel Sampling-PSO-MC-K-means algorithrmgidMapReduce keeps con-
verging after tha. 0" iteration until the25" one.

At the end, we can highlight that the Parallel SkmgpPSO-MC-K-means algo-
rithm using MapReduce algorithm converges to aebeatblution than the Sampling-
PSO-MC-K-means algorithm does.

Execution time

We aim to demonstrate the efficiency of the proposelution on the execution
time parameter. We implemented four algorithms: |garg PSO K-means, Sampling
PSO McK-means, Sampling PSO K-means using MapRealddhe Sampling PSO
McK-means using MapReduce algorithm. In this experitation we used the same
parameters in Table 1.

The results are presented in Table 3.
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Table 3Execution time for the implemented algorithms

Algorithm Execution time (seconds)
Sampling PSO K-means 70,87

Sampling PSO McK-means 52,94

Sampling PSO K-means using MapRe24,16

duce

Sampling PSO McK-means using Ma21,98

pReduce

The results show that the Sampling PSO K-meansittigohas the longest execu-
tion time. By applying multi-threading to it (Sarmg-PSO-McK-means), we get an
important improvement in the execution time.

We observe that with Sampling PSO K-means algorittsimg MapReduce, the
execution time is faster relatively to the firsg@alithm. This is do to the fact that the
dataset size is reduced by distributing it on thester's machines. Thus, every ma-
chine will process a smaller amount of data in alEntime.

Finally, the Sampling PSO McK-means algorithm udit@pReduce gives the best
execution time by benefiting from the use of margchines and fully exploiting their
CPUs.

7 Conclusion

In this paper, we proposed an approach to imprbeeatgorithm presented in [10].
We proposed to distribute the data on many machanesprocess it in parallel. Af-
terward, to exploit network nodes, we used multedding on each machine to entire-
ly exploit their CPUs.

This approach improved the results of the work gmésd in [10]. Partitioning data
on many machines reduced its amount, and allowdS© algorithm to get a solu-
tion in a lower number of iterations. At the sarimeet K-means needed less iterations
to converge to its best solution due to the datawtreduction.

Instead of clustering quality improvement, we iasteonsiderably improve the re-
sponse time.
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Abstract. To improve the quality of Algerian gasoline by prgssing lead, this
study is conducted for reformulating, via ethani@nid, an unleaded premium
gasoline to reach international specifications, @ to preserve environment.
For this purpose, gasoline with blending stocksduse refinery has been
prepared. Furthermore, the optimization of differeblending stocks’
contributions in the mix leads us to maximize thtane number.

On the observation of the reformate quality (lowtane number), the final
reformulated gasoline did not reach the octane mumés dictated by
international specifications (RON > 95). These newlihgs based principally
on octane number property, give us the possiltiitgvaluate the performance
of catalytic reforming units of the refinery

Key words Gasoline — reformulation - environment — ethanoptimization-
Research Octane bemm

NOTATIONS

Cco carbon monoxide

d density

Er relative error in percentage
RON Research Octane Number
NOy nitrogen oxide

NO, nitrogen dioxide

R2 coefficient of determination
RVP Reid Vapor Pressure
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1 Introduction

The most required fraction issued from crude ogasoline, mainly with the advance
of auto industry which requires more and more dqualllowing, thus, to obtain the
best performances of the vehicle.

The improvement of vehicle efficiency is due to tinereasing of the octane
number of our fuels. It is the most important cleggestic which measures fuels
quality. To increase the octane number of fuelléebadditives are used. This type of
fuel is called “leaded high grade petrol”.

Vehicles provided with leaded gasoline releaseupatits. The main ones are: the
carbon monoxide (CO) which, exposed to oxygen, quiekly transformed into
nitrogen dioxide (N@. NO, combined with water’'s atmosphere forms acid rains.
Under ecological pressure, fuel industries mustifgddel formulations to produce
cleaner high grade petrol. Producing unleaded gesdlecomes a necessity which
leads refiners to make big efforts to keep thereetaumber at a satisfactory level. A
biased solution has been found: adding oxygenateatlupts to reduce the
concentrations of polluting components and to iaseethe octane number. This
study aims to determine a mathematical model irclvlictane number varies with
different blend stocks composition of gasoline.sThiodel enables us to: 1) find the
factor which influences strongly the octane numéed 2) determine the blending
stocks proportions to be mixed in order to maximitbe octane number. An
experimental validation of the model has been edrout.

2 Experimental Results

2.1 Characteristics of Blending Stocks

First, gasoline marketed by Algiers refinery usesl a reference, has been
characterized. The blend stocks used in the reflation are:

- SR, Straight Run gasoline, obtained from atmospldstillation of crude oil;
- Reformate, obtained from catalytic reforming;
- Light solvent, obtained from atmospheric distiltettiof crude oil.

The main characteristics of premium gasoline maxkdty Algiers refinery as well
as used blending stocks are shown in table 1.
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Table 1: Characteristics of premium gasoline (reference)l@dadding stocks

Characteristics Reformate SR Gasoline Light premium

solvent gasoline
Density at 15°C 0,7574 0,6387 0,7180 0,7548
RVP (kPa) 35,9 1447 25,9 66,3
RON 90 60 72 96
Refractive index at 20°C 1,4340 1,3645 1,4026 1,4365
Aniline point (°C) <26 53 58 19
Sulfur content (ppm) <20 <20 <20 0,1
Boiling range (°C) 41,7-1855| 20,3-95,7 | 66,2-129,5/ 40-190,4
Residue in (vol. %) 11 0,5 1 1
Losses in (vol. %) 14 4.1 33,2 15
n-paraffins (wt %) 16,535 53,8 38,2 19,1
Iso paraffins (wt %) 44,575 40,4 25,7 41,2
Naphthenes (wt %) 7,904 4,9 29 12,2
Aromatics (wt %) 29,866 0,9 0 27,9
Lead content (g/l) 0 0 0 0,4
2.2 Gasoline reformulation:

At a start, we have prepared mixtures by usingouarifeed stocks proportions after
calculation of the most important characteristioshsas: density (d), Reid Vapor
Pressure (RVP), Research Octane Number (RON) cenrsidthese characteristics as
additive properties.

Gasoline preparation is the most important stefhis work: five mixtures have
been carried out by the use of various bases gébem Algiers refinery. To these
bases, we added ethanol, the concentrations ofhwaie used in the different
reformulations. The results are shown in table 2.

According to the obtained results, it has beencedtithat not only does ethanol
presents a better value of octane number, butzaalégher vapour pressure.

Once we added ethanol to reformulated gasolineret@ined five mixtures of
composition. They are shown in table 3. The maiaratteristics of reformulated
gasoline are shown in table 4.

Table 2 Characteristics of ethanol

Characteristics Values
Density at 15°C 0,7931
RVP (kPa) 155
Refractive index at 20°C 1,3678
RON 106
Purity (wt %) 98,8
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Table 3: Composition of the Reformulated Gasoline (Vol%).

Blend stocks | Gasoline 1 Gasoling2 Gasoline3 @usdl| Gasoline 5
Reformate 80 73 70 71 75
SR Gasoline 13 20 17 23 10
Light Solvent 2 2 8 1 10
Ethanol 5 5 5 5 5

Table 4: Physicochemical Characteristics of the Reformul&eadoline

Characteristics Gasoline 1 Gasoline 2 Gasoling 3 solBm 4 Gasoline 5
Density at 15°C 0,7434 0,7350 0,7367 0,7368 0,7433
RVP (kpa) 56,7 67,2 61,4 61,7 53,9
RON 87 85,6 84,2 84 84
Refractive index at 20°C 1,4479 1,4260 1,4281 1,4228 1,4488
Aniline point (°C) <26 <26 <26 <28 <28
Sulfur content (ppm) <20 <20 <20 <20 <20
Boiling range (°C) 35,5-183,2| 36,9-180,6 | 345-181,4| 37-181,1 | 38,3-181,3
Residue in (vol. %) 1 1,1 1,1 1 1,1
Losses in (vol. %) 0.7 1,2 15 1,2 1,9
Hydrocarbon types:
n-paraffin hydrocarbons (wt. %) 20,830 18,454 21,617 22,893 19,967
Isoparaffin hydrocarbons (wt. %) 37,978 53,050 40,109 41,037 40,384
Naphthenic hydrocarbons (wt. % 4,608 10,582 10,820 10,114 11,128
Aromatic hydrocarbons (wt. %) 28,355 15,681 25,425 23,497 26,432

3 Calculation Part

3.1

Suggested Correlation:

In order to estimate the octane number of refortedlagasoline, a mathematical
model is suggested. It is based on the use of phaltinear regressions. Octane

number is an affine function of the composition ({olumetric fraction) of the

different blending stocks. It leads to the follogimodel:

RON = 94,85% 70,64 X%+ 57,60 %+11,74 X, .

J = 1 (Reformate)

J =2 (SR Gasoline)
J = 3 (light Solvent)

J = 4 (Ethanol)
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To determine the various constants accuracy with ¢brrelation, we associate the
value of the relative error by cuts with determimatcoefficient K; both are defined
by the following formula:

Er (%) = 100(_CRON,,, — RON,[/ RON,,)/n . @)

R? 2 (RONp — €)72( RONep—€)? 3

Where,

RON.,p, is the experimental or the measured value of RRAN;, is the estimated
value of RON,

n, is experimental number of points

&, is given by the formula 4:

E=(Z RoNaxp)/n- (4)

Values of calculated statistical parameters (Er £4).604% and R= (0.998) show
that the suggested model is characterized by a gty accuracy. This allows the
adjustment of the octane number value accordirtganixture compositions.

3.2 Optimization of the Reformulation:

According to all encountered difficulties in pragtj the linear programming provides
a vast framework to treat a large variety of tmedir optimization problems, where
linear programs are undoubtedly the most frequent.

Refinery produces premium fuels. They are composktd mixture of several
blending stocks with different quality. Their cheteristics are previously mentioned
in table 1.

Produced fuel must have a high octane number. Tdrereour goal is to maximize
this characteristic. The gasoline properties mespects standards as defined by
industrials. The mains are:

- RVP should not exceed, in summer, 60kPa;

- density at 15°C varies from 0,735 to 0,785;

- Aromatics contained in gasoline mixture should exateed 35%;
- And RON> 95

The sum of all contents must be equal to 14X, + X3+ X;=1)
with X; >0, X,> 0, X3>0 and %> 0.
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We seek to maximize the function RON = f;(X,, X5, X,) by solving the following
linear system:

3595X, +1447X, + 259X, +155X, < 60

07574X, + 0p387X, + 07180X, + 07931X, > 0735
07574X, + 06387X, + 07180X, + 07931X, < 0785
29866X, + 09X, + 29X, <35

X+ X, + X+ X, =1

X, =005

X, 20, X,20,X,20

The resolution of the optimization program showe tfiwe mix the blending stocks

with the proportions: 78,3% of reformate; 16,6%56 gasoline and 5% ethanol, we
get a maximum value of octane number equal to 86[65check these results, we
proceed by experiments. We mix the selected blgnsliocks by using the preceding
proportions. The measured octane number of thisligashas the value of RONexp =
86.

3.3 Evaluation of the Results

In this work, it has been found a correlation adowy to which the octane number
varies in function of used blending stocks’ promors. The mathematical method
used has enabled us to determine gasoline congos@orresponding to the
maximum value of octane number of gasoline. Theaiobtl results are not
satisfactory since we could not reach the requietdne number (min 95) as defined
by standards.

In view of the experimental checking, it has bedisesved that the experimental
value of the octane number (RQN= 86) is closed to the one found through
optimization (RON, =86,65), with a relative error of 0,76%.

4 Conclusion

This work is regarded as an ambitious project wtaahs at the reformulation of
premium unleaded gasoline with respect of the matonal specifications so as to
take part in the international market as well &sgfotection of the environment.
Since lead is classified as a major pollutanttdtgcity is much more important than
that of benzene and aromatics. In our study, we hiwed bases of Algiers refinery by
introducing ethanol as a new base.

To conclude, we can summarize this work as follows:

Reformulated gasoline presents an octane numbaivedy far from the required
norms. This is mainly caused by bad quality of mefy reformate with an octane
number value of 90. This problem is justified bg #igeing and poisoning of catalyst
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reforming unit. We have also tried to find a coat&n with a mathematical method
setting the variation of octane number in termgasoline compositions blend.

The optimization results have successfully beeteteand can be improved by

using other bases available in our refineries.

In future research, we suggest two solutions torawe octane number value

which is caused by reformate quality: either, thatglitate the reforming unit or to
dope the pool gasoline with weak concentrationeafly aromatics (10 to 12%).
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Abstract.In this paper, we propose two ACO algorithms fdoimation forag-
ing (IF) on large-scale data sets. The first ngvigltthis work is the design of a
model to adapt ACO approaches and even other meatésties to IF. The
second one resides in the hybridization of ACO apgines with taboo search in
order to achieve more efficiency. The designed rittyms were implemented
for comparison purposes. Experiments were conduotedMedlinePlus, a
benchmark dedicated for research in the domain edltd. The results are
promising either for those related to some Web legdies and for the response
time, which is very short and hence complies wligh teal time constraint.

Keywords: Information Foraging, Web intelligence, ACO, Tabua®h, Med-
linePlus.

1 I ntroduction

Nowadays, Web intelligence tends to evolve in penae. A major concern is the
development of the Information Foraging (IF) pagadi It consists in surfing the
Web to get useful information under a time constral his issue may appear at first
glance simple and with no major interest. Howewr,importance is stimulating
nowadays the Web users as the latter is in ansaoégrowing and the human ability
to explore the astronomical amount of data on thb 8 relatively very limited. Be-
sides, tackling such issue is very welcomed in dosnbike business, finance, health
and science. The potential users not only will spleiss time getting the localization
of the needed information but they can even gatri¢éal time.

1.1 Information foraging background
Web mining is the analysis and discovery of dataudnents and multimedia infor-

mation existing on the Web. It includes studiede#tures such as the structure of
hyperlinks, Web usage statistics and search ofAtkb sites contents. Studies on the
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structure including hyperlinks allow the detectmfinthe pages that have authority on
a certain topic. Web Usage statistics used teclsiqa discover patterns in the log
files of users. Meanwhile searching the Web costais at getting the closest poss-
ible information needs for users by presentingniost appropriate Web pages.

The concept of information foraging (IF) shares shene goal as Information Re-
trieval (IR), which is information search. While Uges a complex process (indexing
and matching), IF consists in navigating from oageto another for the same pur-
pose.

The present study deals with simulating IF by tgkimto consideration the com-
plex structure of the Web. We designed a systeniHand a tool for helping users to
undertake IF with efficiency.

1.2  Ant Colony Optimization

As we know, real ants apply a stigmergetic way @ihmunication by the use of a

hormonal secretion called pheromone. In fact, thts deposit on ground pheromone
when moving and tend to choose the path which hagyteatest amount of phero-
mone. To search food, ants take different direstidnut those choosing the shortest
path will reach the food more quickly. When theture, the pheromone on the short-
est path will be stronger and will attract the sgsive ants to take this path [1].

In ACO algorithms, artificial ants imitate this way communication by using ar-
tificial pheromone, which is some numerical infotioa saved on the states of the
search space of the problem to solve. The first AQfarithm known in the literature
is the ant system AS. It has been proposed by Ddfifj and has various extended
versions like the Max-Min AS called MMAS, the rablsed version [3] (ASrank)
and the Ant Colony System ACSJ[4]. The approachdssed a large reputation since
it has solved with success many combinatorial ogtition problems.

The recent work that addresses IF with meta-héesiggt BSO-IF, with bee swarm
approach [2]. We think that ant system is more appate for foraging, this is why
we are interested by ACO for Web navigation.

Motivated by the success and the power of this +hetaistic and knowing that
very few if none of heuristic search techniquesehbgen devoted to investigate in-
formation foraging problem, we designed two ACOoaaiighms, namely AS-IF and
ACS-IF for exploring this domain.

The algorithms we designed were tested on MedlirePan online benchmark
about health.

2 Related works

Liu in his talk at IJCAI'03 [5], suggests new ditens for research in the new field of
Web Intelligence (WI) that has emerged a decadefrago artificial intelligence and
information technology. The main goal of WI is tevélop theories and technologies
towards using optimally the connectivity of the Web
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In [6] and [7], the authors proposed an agent-basedel for IF and validated it
using empirical Web log datasets. They consider Wpblogy, information distribu-
tion and interest profile in building a Wisdom Igemt. They found out that the
unique distribution of agent interest leads forulagties in Web surfing and that Web
regularities are interrelated. They also undert@olknteresting study on three catego-
ries of users according to their interest and feamiiy with the Web: A random user
with no intention in surfing, a rational one with abjective but with no familiarity on
surfing and a recurrent user who is familiar witle tWeb and who has a goal for
surfing. The result is that independently from Kieds of users, the regularities of
user surfing are the same, which means that thealdiity for predicting the surfing
chain is predominant.

Strong regularities in Web surfing were also stddiy Huberman et al. [8] from
the theoretical point of view. They proposed a mddestudying surfing behaviours
and the experiments they held showed common subfativiours. The study con-
ducted by Huberman et al. in [9] shows that the \Wabes are distributed over the
sites according to a universal power law, whichrisexample among the other strong
regularities.

In [10], Ibekwe-SanJuan describes in a clear and mianner the recent concepts,
methods and applications of text mining. The chapteWeb mining contains a rich
documentation on notions that concern the new dewe¢nts of the Web technolo-
gies such as Web topology, sites popularity, sae&ing and propagation of metada-
ta to co-links.

Chi and Pirolli in [11] introduce the concept ofc&d information foraging and its
understanding. They explored models for socialriét focused on the importance of
the benefits of cooperative foraging.

Bees Swarm Optimization for Web Information Foragimas developed in [2].
The authors simulate the human behaviour whilecb#ag for information using
artificial bees.

From the above literature review, we remark thatréire existing papers related to
IF offer new ideas on how to develop theories agchiologies about IF, which
means that the area is still in an early stage.thbery developed by Pirolli et al. is
an important advancement and can stimulate futunkswvin the field. On the other
hand, the agent-based model proposed by Liu aetaal.be considered as the com-
mencement of future IF technologies.

The original contribution of the present paper ¢stssin developing an approach
based on Ant Colony Optimization (ACO) for IF.

3 AuthoritiesMining using Aunt Colony Optimization

A colony of artificial ants is launched to seekhautties according to their behaviour
that guarantees finding the richest places of déinget. The authorities mining takes
into account the Web topology and the user intgresfile. The group of ants works
for one user, which is different from simulatingyeup of usersbehaviour. The latter
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issue was studied in [11]. Whereas in our casectloperative feature is handled in
the implementation by the ants.

The search starts from the website’s homepage, ghéted by their senses, the
ants are directed to the goal and after severaérgéions, they find the right out-
comes.

4  Algorithm ASIF

In this section, we present the ant system algorithlled AS-IF designed for infor-
mation foraging. Let us first start with the deption of the problem modelling.
Based on the natural antsbehaviour for finding féraen a very large geographical
space, the Ant System (AS) algorithm simulates phisess for finding optimal solu-
tions from a huge set of potential solutions. Thesanove from the hive to a food
source and when reaching the latter, they aleit tomgeners by means of a stigmer-
getic communication asking them for help to tramsgwe food to the hive. According
to animal psychology, this communication is perfedhthanks to the pheromone that
the ants deposit on ground to orient the congeteetise place containing an impor-
tant amount of food.

41  Solutionsencoding

The search space for the colony of ants will beMleellinePlus database. In AS, ants
encapsulate solutions and a solution for our appitio is a surfing path. So ants will
seek Web surfing paths that end with authoritidee @adaptation of AS to IF is called
AS-IF and is outlined in Algorithm 1.

4.2  Pheromonetable and probabilistic decision rules

The ant algorithm includes several ant generatieash generation is composed of
NbAntsants. Two structures are needed to compute thalgatithm, a table named
Pheroto store the pheromone amount yielded by the @t time it builds a solu-
tion and a table callesol to save the best solution found by each phero[k] cor-
responds to the pheromone amount associated tdodwement found by ark and
sol[K] is the best solution determined by ant k. Ant$ edghstruct new solutions using
these structures, which represent a means of comatiom between the artificial
ants. The tables are updated at each generatamt&fBesides, two variables namely
bestandbestsolare used to save respectively the best solutionda@uring one gen-
eration and the best solution computed since tlginbing of the process. Each ant
starts building a solution from an initial solutisrgenerated randomly. It then con-
structs a solution using a stochastic process. diitechooses a solution from its
neighborhood, with a probability computed as fokbow

pherolk]
j=NbAnts
D

P(k) = &)

pherolj]
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Algorithm 1 AS-TF

Input: INM: MedlinePlus databaze; user interest;
Output: bastsol: A surfing path ending with an authority,;
1: procedure A5 1R

=5 for k=1 to WNhints do pherol[k]= 0.1; = pheromone initialization
3: end for
4 zelect at random a solution = from MV, = a surfing path namely s
5 best (= bestzol 1= g
& for i=1 to MMaxTter do
7 for k=1 to HbiAnt: do
g generate a random initial solution s;
o zol[k] = =;
10: g’ := build_AS (=) ;
11: sollk] = =; = update the best solution of k
12 update the online pheromone pherolk] using formulas (2) and (2);
13 if f(s'f) = fibest) then then best = &7 = f iz the similarity function
14: end if
15: end for
16: if flbest) > f(besteol) then bestsol (= best;
17: end if
18: apply online-updats of pheromons;
1% end for
20: return (bestsol);

21: end procedure

The neighbourhooN;of a document is the set of documents attachedterm;in
the inverted file as shown in Figure 4. All thesmcdgiments are neighbours beca
they share at least oterm between them. One neighbourhood contains a hum-
ber of documents where the AS algorithm is launc

The pheromone information is initialized with a $hvalue equal to 0.1 in order
simulate the fact that initially the real ants dgipa verysmall amount of pheromot
on the ground when starting their space exploratiduring the search, the plo-
mone amount, which represents the importance o$uhféng path, will be compute
and associated to each surfing path found by the ahe A%-IF framework cond-
ers one sulzollection of the website pages corresponding te vser interest. It i
outlined in procedure A-IF().

4.3  Updating the pheromone

The strategies of updating pheromone simulate ¥hparation of natural pheromo
followed by aproduction of this chemical substance. The evapwrgthenomeno
gives rise to rule (2) where the empirical parampbelongs to the interval [0, 1] al
simulates the evaporation rate. For online updatdopmed at each generation
ants, the pheromenadded is calculated according to rule (3) whefeathe offline
update rule (4) is applied. Recall ttbestsolis the best solution found during t
previous iterations arbestis the best solution of the current iteration.

phero[k] = (1 — p) * phero[k] (2)
phero[k] = phero[k] + p * f(s) 3)
phero[k] = phero[k] + p * f (bestsol)/f (best) (4)
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4.4  Building and improving a solution

Each ant performs the task of exploring the bedtrgupath in a su-collection. The
method designed for this aim is described throlghprocedure called build_AS.
merely chooses a solution from its neighbourhooith ywrobabilityp defined in far-
mula (1).

Algorithm 2 Build_AS

Input: M. surfing path =;
Output: best_z ; a surfing path with a better authority;
1: procedure BUILD_AS(var =)

draw at random a page i from Ng,
cempute p = F({k) using fermula (1);
generate at random a number ¢ from [0, 1];
if » > p then & =%,
end if
best_s = tabu-search(s);
return(best_g)

end procedure

P@Nomkbw

After its construction, each solution undergoesiraprovement of its quality b
applying the procedure ta-search (Algorithm 3). In the tabu search procedtive
considered neighborhood is the one previously desitr The intensification phe
starts when the number of iterations without imjmgvthe solution quality reach
some limit. After applying the intensification stegy, a diversification technique
launched by choosing the less recently used mondstaus directing the search
new regions of the space. We use the variables fyesthich is the best solutic
found by the tabu process. And in order to setstiop condition we need also t
variable, namely némprove, which informs about t number of successive ia-
tions withou improvement obest_s The variablemax-no-improves the maximun
number of iterations without improvement beforatstg the intensification proces
The procedurgabu-searct outlined below calls both the procedureighbor(s that
returns the best nearest neighbors which is not tabu nor satisfies the aspiral
criterion and the proceduupdate-t-length()which updates the tabu list leng
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Algorithm 3 Tabu-search

Input: V.. the surfing path;

COutput: Best_s: the best surfing path;
1: procedure TAEU-SEARCH(var 5]

= beast_s = s;

2 no-improve = 0;

4 while (not stop condition) do

& gz := neighbor{s);

5 update-t-length);

T if (Fis) = Fibest_2)) then no-improve = no-improve + 1;
=2 end if

=] if (no-improve = max-no-improve) then
10 no-improve (= 0,

11: best_s = Intensification (s);

12 if fis) = fibesi_s) then best_=z := g
13: end if

14: bast_s = diversification (best_z),;

1s: end if

16: end while

17 return (best_s);

18: end procedure

5  Algorithm ACS-IF

The second designed ACO algorithm is the ant cokysyem ACS) version. Its mail
difference with the previous one resides in theigiesf the probabilistic decisic
rules and the procedure of building solutions whiglgalled build_ACS (Algorithn
4).

qoiS a tunable parameter and the ps~random-proportionatules are compute

using respectively the probability of (5) or

P(k) = {1 if #(k) = argmas;ev, .y, (phero[k]*heur[§]F) fork = 1. NbAnts
0 else

phero[k]®heur[j]#
P(k) = z,]_':NbAnts

J=1

6
phero[j]*heur[j]P 6)

The probability P(k) in (6) is computed using theqtity of pheromone and au-
ristic function. eand@are empirical parameters and control respectiviety impcr-
tance of these two components. The heuristic paraliculated as follow

heur[k] = maxjev,, ., f () (7)

In other words, the ant decides stochasticallyonsider the best solution found
the neighborhoods of the solutions being treatednduthe current iteration whe
q < goand a document drawn at random otherwise, unlessdmputed probabilit
of formula (6) is greater than a generated randomberr.
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Algorithm 4 Build_AC3

Input: N.: surfing path =;
COutput: best_z ;. a surfing path with a better authority;

1: procedure BUILD_ACS(var s solution)

2 eenerate a random variable o;

=% if (g = go) then

4 let 8 be the surfing path with the best authority;
5 put = in the taboo list;

G else

T chooge a non taboo surfing path & randomly;
= compute probability P (&) by rule (8);

j=H gensrate a random wvalue v < [0, 1];
10 if (k) > » then & 1= argmae;sve S (7))
11: end if
12 put = in the taboo list;
13: end if
14: best_= = tabu-searchis),;
15: return (best_s)

146: end procedure

6 Experimental Results

6.1 Description of thereal-world Benchmark

Extensive experiments were performed on a-line medical database provided
the U.S. National library of Medicine calliMedlinePlus It provides information o
over 900 diseases, health conditions and wellressges. Our experiments deal o
with health topics described in an XML file thatindes pages describing medi
topics. The data is available http://www.nIm.nih.gov/medlineplus/xml.ht. We
worked on the version of the 1st January 2015 witieenumber of nodes was eq
to 1905 with a total volume of 27 MB. Each topicsjgecified by a tle and contain
the following elements: an URL, an identifier, aguage of the topic (English
Spanish), the date of its creation, eventually &gecifying among others, topicn-
onyms, translation to other languages, a full sumnralated topic, which are intr-
nal links to similar topics and external si

Only links to related topics are exploited becathsy belong to the databasex-
ternal sites are ignored as they direct to pagesdmuthe databa:

6.2 Experimentationsand Results

Our work was implemented in Java Eclipse help SysteneBassion 2.0.2 on a F
with an Intel core I33317U Processor (1.70 GH) with 4 GB RAM. Figurd-igure 2
and Table 1 exhibit the results of the experimeftselecting the the optimal pare-
ters, whichare shown in Table
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Average time Average score
2000 12
£ oo 1
2 100 s
E 1000 § 0,6
E 2% Avrg 0,4 Avrg score
g 400 0,2
= 200
o o
: n Nuri!sher ofzzms ® * Number of ants
Fig.1.Number of ants vs. tir Fig. 2. Number of ants vs. scc
Table 1. Choosingo andp parameters Table 2.The parameters thaields the best
results
o] p Score Number of ants 30
11 1.41 . .
Maximum number of generatic | 35
1]2 0.5 L 30
21 4.94 2
(LS ¢
2| 2]|343 5 1

The results we focused on are: the authority palge gurfing page with the highe
score), itdJRL, its score, the surfing depth and the surfingetin nanoseconds. They ¢
shown in Table 3.

7 Conclusion

In this work, we proposed a hybrid ACO and tabuaeapproach for Web informatic
foraging. Unlike previous works, our approach ispined frem nature and biologic:
psychology and adopts an analogy with animals grdumting, which simulates r-
world surfing. The second originality of the presstudy is in the use of a r-word site
server MedlinePlus for the experiments insteadchddrificial one.

We implemented the system using Ant Colony Optitiira(ACO) on MedlinePlus
This idea is inspired from nature where animalst hogether in a group and rarely alo
The results are promisir

The perspectives for this study are numerFor the short term, we are thinking ab
integrating the user preferences in the user istgm@file in the surfing mode
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Table 3. Experimental Results for different user interestfibes

TTzer interest Felewvant Page Soore|Burfing[Surfing
Title TTEL depth tirme
FPain, Abdominal |[Abdominal Fain #fabdominalpain. htrml 1.0 ] 120
HETT1 Eird Flu */birdfAu.html 1.0 ] 140
Heart, Iriscsassas Heart Dissases */haartdisaasss. html 1.0 & 185
Ty persensitivity Ellerey * Fallergy. html 10 1 o8
Tlancer Tlancer */cancer.html 1.0 ] 13
Foor, Blood, Iron Ansmia *anamia. html 1.0 2 152
High, Blood High Blood F highbloodpressure. html [P =} izl
Prassure, IMedicines Praessurs
Skin, Allergies Skin Conditions *+/ekinconditions. html 0.5 2 EEEN
T lild Clognitive [*/mildcognitiveimpairment. html| 1.0 ES 212
Impairment
FAnorexia Tody WWeight FGodywelght. html o158 =0 BG4l
Fecovery, surgery | &After Surgery * faftersurgery. html 10 = 150G
Pimplss Acne * facns. html 1.0 1 201

F . http:/ /www . nlm. nih gov/medlineplus
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Abstract. In this paper we present a new personalized appribet integrates

a social profile in distributed search system. Phevious distributed informa-

tion retrieval research based on the textual in&ion defined new measures to
improve the different process in the distributetbimation system, but neg-
lected the use of the social information. From thisént, we propose an ap-
proach which exploits the different social entittes (i) make a query expan-
sion, and (ii) personalize and improve the souetecsion process in distributed
information retrieval.

Keywords :Social information retrieval , Source selectionetgrofile

1 I ntroduction

With the increase of the web size, the amount foffmation covered by a centralized
search engine decreases [6].Thus, the centraliiedmation retrieval is no longer
sufficient to satisfy the needs of users. To séhesproblems of centralized Informa-
tion Retrieval, distributed Information Retrievabpeared, which consist of using
meta-search engines to increase the research gevaral by combining the results
from several centralized search engines. Unlikida¢ocentralized information retriev-
al, the big potential, in which the distributedanhation retrieval can achieve it, is
the possibility of getting the information from féifent sources [21].The distributed
information retrieval gave birth to two major prebis: (1) the source selection and
(2) the result merging. In this paper, we are gdtrd in the source selection prob-
lems. The large amount of results returned by metach engines is a great disad-
vantage, and from there the custom meta-searcimengiave emerged. Personalized
meta-search engines use profiles of users to fifterresults and return the relevant
documents that better meets to user's needs. Madyg &f personal data can be used
for the construction of the user profile such asrusanually selected interests [19],
search engine history[20],etc. Internet growth treladvent of web2.0gave birth to
different types of social networks on a large scaleich are now recognized as an
important means for information dissemination [&any social networks are consi-
dered associal tagging systems; these systems Hilowsers to provide annotations
(tags) to resources, to give their opinionsabogbueces.Severalsocial bookmark-
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ing services, such as Flickand Deliciou$ are considered an online folksonomy
services, and their social tagging data, also knaw folksonomies [2]. The set of
tags can be used as a source of personal datéddahmiuser profile. In this work we
propose new personalization approaches that expkisocial relations among items
and tags through the use of user profile definethiwia social tagging system to
make a query expansion and to improve the souleetsm process, in order to im-
prove the quality of searching of a meta-searchnend@ he rest of the paper is orga-
nized as follows: Section 2 describes the relaterkwSection 3 details our personali-
zation approach, and we describe the experimeatapsand results in section 4. Fi-
nally, we conclude our work and list some futurekva Section 5.

2 Related Work

2.1 Social information retrieval

Social tagging systems are web-based systems ltbat iaternet users to add, edit,
and share bookmarks of web documents. In sociakmadking services, such as
Delicious and Flickr, the users can annotate theogkmarks with arbitrary keywords
called tags. The collection of a user's tags ctutes their personomy, and the collec-
tion of all users' personomy constitutes the fatksay. A folksonomy is a tuple
F:= (U,T,D,Y) wherd] = {u,, ...., uy} is the set of usefB= {t,,....,t.} is the set
of tags, andD = {d,, ....,dy} is the set of resources or web documents, Yaisl a
ternary relation betweetd andT and, i. e.,Y € U X T x D, whose elements are
called tag assignments[2][11].In our case, the eldm oDrepresentsthe different
web resources and are identified by a URL. Usersdamntified by a user ID. In social
information retrieval, many studies have proposethe context of search personali-
zation. Most of these studies are based on thedalkmy structure.

Schenkel et al.[9]developed a framework for harimgssuch social relations for
search and recommendation. They created a scormginthat exploits social rela-
tions and semantic/statistical relations among stamd tags; this scoring model gives
a great importance to users who have a high scbfgendship strength with the
query initiator. The score offriend ship strengthailinear combination of the spiritual
friendship strength, the social strength friendshipd the global friendship strength.
Rather than item recommendation, our personalieédeval models, applicable to
meta-search engine, is composed of several webtseagines to re-rank the lists of
search results according to the user profile.

Bender et al. [1] exploited the different entitiessocial networks (users, docu-
ments, tags) and social relations between thedesnto make a query expansion by
adding the similar tags to the query keywords, nchake a social expansion to give
an advantage to documents tagged by the userssfriesds.

YFlickr - Photo sharing, http ://www.flickr.com/
2Delicious - Social bookmarking, http ://deliciousn/
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Hochul et al.[3] developed an approach which ukeslinks and similarities be-
tween the user profiles in the filtering algoritmesults. This approach is called colla-
borative filtering. The principal advantage of thigproach is the enlargement of the
coverage of research using similar profiles. F@meple, in the case where P does not
obtain satisfactory results for a query, we cam thee the most similar profiles to P to
enlarge the search and retrieve more relevanttsesul

Vallet et al. [11] presented a personalization nhéloat exploits folksonomy struc-
ture. For this two measures were developed to lzdkthe relevance between a user
profile and a document to re-rank the list of restéturned by a search engine.

2.2 Source selection approach

Source selection is a decisive step in the metelsiay process [14]; it aims to reduce
the number of selected sources for a given quargrder to not lose the search time
when there are many sources of information, bycsielg only the relevant sources to
the user’s query.

Several source selection methods have been dewklapd they can be classified
into two main categories: manual selection methaasl automatic selection me-
thods. In automatic selection, several approaches heen defined.

Si and Callan [22] proposed an approach called C@Rllection Retrieval Inference
network), which consider a collection as a metaudoents, and the selection is made
according the similarity between the user querytaedsource.

Savoy and Rasolofo[13] used a learning methodHerselection of servers, which is
based on a decision tree. The learning processhemfor each server and each query
a set of pairs (attribute, value) and the decissdmased on the selection or not of the
server.

Si and Callan[12] proposed another source seleapproach called UUM (Unified
Utility Maximization Framework for Resource Selectj, where they are based on
the estimation of the size of the source, to esérttze number of relevant documents
can be contained in the source. The estimated nuaflrelevant documents used for
the selection of sources.

Kechid and Drias[4][5] calculated a score for eaohrce. This score combines three
measures: 1- The source similarity according touber interest, 2- The source simi-
larity according to the user query, and 3- The eaxy degree between the source
features and the user preferences. Arguello ell3] presented a source selection
approach that combines multiple sources of evidémdeform the selection decision,
and they derive evidence from three different sesircollection documents, the topic
of the query, and query click-through data.

Hong et al [16] proposed a novel probabilistic nmidide resource selection process,
through combining the evidence of individual sosresd the relationship between
the sources, to estimates the probability of releeaof information sources.
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3  Social Personalization approach

The previous distributed information retrieval amgches based on the textual in-
formation, to define new measures for the perspedlsearch, however they neglect
the use of the social information, and they diérjploit the social information to im-
prove the different process in distributed inforimatretrieval. Hence we decided to
define a social profile and exploiting it for pensdizing and improving the source
selection process in distributed information refaie

Similar to the studies of Hochul et al [3] and Bendt al. [1], we exploit the folk-
sonomy structure, and we use both the friendsleipsure and the similarity between
two tags to make a query expansion rather thangbeof the friendship and the simi-
larity measure directly in the scoring model.

Similar to the studies of Vallet et al [11], welél the same personalization mod-
el but we exploit other relations between the golkomy entities (users, documents,
tags),such as the relation between user and udghamelation between tag and tagto
expand the research coverage and to improve threhsgaality of a distributed in-
formation system, particularly, to improve the smuselection process.

3.1 User profiledefinition

The user profile is defined by the user's set gétave suppose that unlike the rarely
used tags, the most frequently used tags are mteeant and significant to describe
the user's interests, hence, we use just the tegshave frequency greater than or
equal to the average of user's tags. We note:

profile(uy,) = {(ti, tfu,, (ti)) |tfum (t;) = avgtags,, andie€ [1..L] }
where:

L: is the number of tags used by the user

tfum (t;):is the User-based tag frequency, which mean shawyntimes the
eru,, use the tag.

avgtags ., : represents the average of all tags used by theyliswe calculate
this average using the following proposed formula:

fatfy, ()
tags_number,

avgtags ., =

wheretags_numberum: represent the number of tags used by thewser
The user profile in our approach is used to:
1) Work a query expansion by adding similar tagghtokeywords that appear in the-
query.
2) Select the most suitable sources accordinggaiser profile.
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3.2 Query expansion process

According to Barry Smyth [10], 66% of our new resdeis similar to those made by
our colleagues. Thus we can say that it is importariake into account the social
factor, in information retrieval. Based on thisadéor our query expansion process,
we propose the use of the profiles of the usedsecfriends, to find the list of tags
that are similar to the query terms. The user gigrgformulated by adding the simi-
lar tags of the query terms, according to the qumitiator’'s close friends. The new
query is weighted by the following formula inspired Rocchio[7].

b .
qnew (um) = 2a. qold + — Z t
|IT| &t
teT
With gq"®" is the expanded quenyf!? is the old query given by the usarandb
are constantsy,b € [0,1].For example if we want to expand the query “cogkiid-
eo” according to user “1423”, we add the similag td the term "cooking" and the
similar tag of the term “video”, which are respeely the tag “food” and the tag
“youtube”, so we obtain the new query “cooking videod youtube”.
T : represents the list of similar tags, which Wil added to the old query. This lis-
tis established by the following proposed formula:

T = U t,t = {t € sim(t;)|TagSim(, t;) = max gim;)}

tiquld

*sim(t;): refers to the list of tags that are similar te tjuery ternt;, which be-
longs to the list of bookmarks of the user closenfils. This list is generated as fol-
lows proposed formula:

sim(t;) = {t|TagSim(f,t;) > 0 and t € bookmarks(friends¢jgse (Um))}

To calculate the similarity between two tags;, we use the Dice coefficient measure
defined as follows:

2 X dff,ti

TagSim(t, t;) = af; + df,

where:

- dff,ti: is the number of documents which belongs to idtériends(u,,), and that
have been tagged by both tdgad t;.

- dfg, dfy;: are the number of documents which belongs tolighériends (uy,),
and that have been tagged wiiéind t;, respectively.

In our approach, two tags are similar, if they haveigh probability to appear to-
gether in the same documents. For example, thdasityidegree between the tag
“technology” and the tag “science” according tord@611” is calculated as follows:
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2X%X4
TagSim(technology, science) = 4130 0.108

To get the close friends list of the query imitatwe use our following formula:

friends jpse (Um) = U y, friendship(u,y) = avg_friendship(uy,)
yefriends(uy,)

where:

- friends pse (U, ): refers the list of close friends of the quentiator uy,, the
close friend of useu,,, must have a friendship score greater than or eéquak aver-
age score of friendship.

- avg_friendship(u,,): the average friendship score of the usgr which calcu-
lated using the following proposed formula:

Zyefriends(um) friendShip (um: Y)
|friends(u,,)|

avg_friendship(uy,) =
*Max gjm(y;): represent the tag that has the high similarity in the list sim(t;).

3.3  Source selection process

Source selection process aims to select the miestarg sources for a given user’s
query[18]. In our approach we aim to integrate @aqrofile in the source selection
step, and for that we define a scStereSource,(uy, )for each source associated to
the usen,,, and based on this score, we select and soretbeant sources for each
user.

The scoreScoreSourceg(u,,) is calculated by combination of both measures

. . t:
SimSourcel*™s (u,, )JandsimSource &* (u,,)as follows:

ScoreSourceg(up, q) = (1 — a).SimSourcel®™s(q) + o. SimSource;ragS(um, qQ

wheren € [0,1]

The parametetis used to control the influence of the two measuref

ty SimSource!®™s (u,, JandsimSource. #* (u,,,). For example i is height, the se-
lected sources will have a heights degrees of aiityilwith the adapted social profile
of the query initiatar,andif a=0these sources will be selected according theegegr
of similarity with the user's query. The other ititilof the parametesis tonormalize

the global scor8coreSource(uy,), in order to not exceed the interval [0, 1].
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SimSourcel®™™s(q): represent the degree of similarity between thecss and
the user's quety according to the set of terms of the source dwrds. This similar-
ity is calculated as follows:

Z;F:1 t * qj
G, 62)* (2, q2)

SimSourcel™s(q) =

With,

s:isthe sourcey is the user's query ;

t;:is the weight of the termin the source (the set of the first k documentsrned
by the source);

gi: is the weight of the teriiin the query;

T:is the number of terms used in the source. Inapproach, the content of a
source is represented by the set of its first irretd documents.

SimSourcezags (uy,): represent the degree of similarity between thecms and
the query initiatoru,,, According to the set of tags of the source doaumerThis
similarity is calculated using the measure of Nwitl Meinel[17] as follows:

K
SimSourcey ® (uy, q) = Z tf(um, dj)
j=1
withK is the number of returned documents .
d;j : is the documerjtof the sourca.

tf(upy, dj): is the similarity measure of Noll and Meinel, whiis defined as fol-
lows:

i=L
tf(um, d;) = Z tfy, (t:)
i=1

iEd]'
where:

tf,, (ti):is the number of times the usephasused the tag.

4 Experiments

The evaluation of personalized information retriey@proaches difficult task, because
of the absence of personalized relevance judgméihistefore we have decided to
construct a test collection using a social bookimgrklataset and a set of documents
downloaded from several search engines to simalateal distributed environment
and to provide the social information.
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4.1  Experimental Setup

For our experiments, we used a dataset from thé&deis social bookmarking sys-
tem; this dataset is released in the frameworkefnd International Workshop onin-
formation Heterogeneity and Fusion in Recommendgstedns (HetRec 201%)This
dataset contains social networking, bookmarking, @yging information from sets
of 1867 users from Delicious social bookmarkingtegs It contains 69,226 URLs
(resources), 1,867 users, and 53,388 distinct tags.

To evaluate our approach in a distributed envirammee considered the 8 following
search engines : GOOGLE, YAHOO, BING, BLEKKO, YANRE WOW,
ASK,AOL. Each search engine represents a sourcafofmation, and for each
source we have downloaded the top 30 retrievedrdents, and each result list re-
turned by a source is used to create the sour@eiplisn.

To examine the benefit of our approach for indigdusers, we allowed 12 partici-
pants to evaluate the returned documents by tleetsel sources, and each user ran 6
gueries. In total, we have tested 72 different ipgeMhese queries are made using the
most popular tags in the dataset, in order to asmethe proportion of obtaining
tagged documents from the search engines to betakd@ply our personalization
approach, across the most returned documents. Ve 8w problem of subjectively
assessing (relevance judgment) [1], wefollow th¢hoe of Bender et al [1], and that
by selecting a fictitious profile for each queritigttor. In our test, the fictitious profile
is extracted from the set of profiles of the sotiabkmarking dataset del.ico.us, and
this profile must contain the greatest sum of fagguency of the query.

4.2  Experimental results

42.1 Results of personalization approach

In this section, we analyze the performance ofpmrsonalization approach whenonly
the personalization scores are used to selectffieeetht sources of information.

For each query we considered the result in variases, by varying the parametars
and in the interval [0, 1]. We vary the parametdrsevaluate the influence of the use
of the social profile, and to evaluate the impoctbetween the two measures of the
source selection score. To evaluate our seleetgmmoach without using a merging
algorithm, we follow the method of Arguelloet &@]1 This method consider that the

sources is relevant with a query,if the sources contain more thamelevant docu-
ments which are preset in tdjf the full-dataset result.The full-dataset is Hed of
the different documents returned by the whole sssjrevhich indexed by a function
into a centralized indexed list. In our evaluativa select between 1-6 sources, and
we combine the returned documents byktselected sources into a single list, then
we select the top 30 relevant documents accordiribet users’ judgments. We allow
each participant to judges the relevance of th2,3,4,5 and the 6 selected sources.
A precision value is computed for each retrievassan according to the following
formula:

%http ://grouplens.org/datasets/hetrec-2011/

51



AIDD'2015, USTHB — LRIA Zakaria Saoud, Samir Kechid

number of relevent documents in the k selected sources

recision =
P number of returned documents by the k selected sources

The various cases obtained by varying the parametar the interval [0, 1] are
described as follows:

e casel:x=0:
This case means that the social profile is not yse relevance of the result is
related just to the user query.

e case2: 0 <x<0.5:
In this case, the relevance of the result is rdladehe user profile and the user
query, but the user query is more significant tthensocial profile.

e case3:x=0.5:
In this case, the relevance of the result is rdladehe user profile and the user
query, in an equitable way.

e case4: 1>a>05:
In this case, the relevance of the result is rdladehe user profile and the user
query, but the social profile is more significalmam the user query.

e case5:x=1:
This case means that the user query is not usedetevance of the result is re-
lated just to the social profile.

In each case we computed an average precisiohdarliole queries .Table 1 shows
the average precision (B@{1,2,3,4,5,6} ) values of the personalization approaches
for each case.

Table 1.Average precision values of the personalizatiorr@ggh.

k Case 1l Case 2 Case 3 Case 4 Case 5

1 0.133 0.230 0.230 0.133 0.166
2 0.116 0.200 0.183 0.133 0.133
3 0.155 0.188 0.177 0.177 0.155
4 0.150 0.166 0.175 0.166 0.158
5 0.140 0.160 0.153 0.146 0.144
6 0.127 0.144 0.138 0.133 0.122
Average 0.136 0.181 0.176 0.148 0.146

From this table we can see that the second anthifiecase, give better results than
the first case, which uses the user query and cisgthe social profile, and better
results than the last case, which uses just thalqmofile and neglects the user query.
Thus we can see the advantage and the utilitynwhe integrate the social profile
who presents the social information with the usegrgy who presents the text infor-
mation.

The second case gives better results than thehfazase, w ho gives more importance
to the social profile than the user query, andebegsults than the third case, whi-
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chuses the social profile and the user query ir@uitable way. Therefore we can
deduce that the user queryis more significant thansocial profile for the relevance
of theirsearch results. As a result, we can sayttitacombination of the social profile
with the user querycan improve the source selegtioness, and gives the best results
of the retrieval process when we give more impagaio the user query.

422 Results of query expansion

In this section, we study the performance of thesqaalization approaches when we
apply our query expansion method for each queryrekdize that we preferred the
use of the popular tags to made the queries, wtociain just a single tag, to avoid
the changing of the meaning of the queries. Afiter ¢ollection of the new queries,
we apply our personalization approachas the pusvigection. For each query, we
have computed the precision values for the 5 andiréDselected sources. Table4
shows the averages precisions obtained in each case

Table 2.Averageprecision values of the query expansion method.

k without query expansion with query expansion
1 0.174 0.181

2 0.153 0.158

3 0.162 0.175

4 0.165 0.169

5 0.149 0.153

6 0.132 0.148
Average 0.155 0.164

From this table we can remark that the query expansethod can improve the
personalized approach results. We mention thattleey expansion result can vary,
depending on the user profile. For example if watwta expand the query “android”
for the user "8691", we obtain the query “androidbife”, but if we expand the same
query for the user "6585", we obtain the query ‘famtlipod” because of the differ-
ence between the users’ profiles, which forms &indison between the users’ inter-
ests, and can affect the query expansion results.

5 Conclusion and future work

In this paper we have defined a new social usefilproased on the folksonomy
structure. We have also defined a new approachy ukim social user profile for per-
sonalizing and improving the retrieval processisirtbuted information retrieval. The
results obtained shows that the integration ofdbeial profile, in source selection
process, improved the relevance of the distribuéamation retrieval. In addition,
the second evaluation indicates that the use ofjtleey expansion process with the
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social profile gave good results for the sourcec@n process. In our future work we
plan to adapt the user profile according to thegue make the search more specific.
We would like also to evaluate our approach usidgrge dataset to obtain reliable
results.
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Abstract. The emergence of new communication technologies3i&, 4G and
the latest generation of smart-phone devices, alltve user to continuously
access the Web, at any time and from any locatidim avfferent devices. The
introduction of the user and his environment ingearch process is intended
to solve the information overload problem and toréase the accuracy of the
retrieval system. In this paper, we present a nppraach to select the best
sources from different heterogeneous sources blpi¢ing a multidimensional
contextual user profile in a mobile environmentattiincludes the research
situation "time, location ...", the device and tmer preferences. We present
also our approach to define users and sourcedgmofising external ontologies
and a learning algorithm supervised by users resalisfaction score.

Keywords: federated search, mobile environment, contexiugice selection

1 Introduction

Today the user is facing an extraordinary flowrddérmation on the web; the system
used for guiding the user becomes important togedlie complexity and diversity of
the received information. Indeed the informatiotriezal systems "IRS" selects from
a collection of documents, relevant informatiomteet the user needs expressed gen-
erally by a query. Classical search engine use pegjes crawlers and save data in a
centralized index but, In fact several studies[Rl]show that the size of unindexed
deep web is estimated to 70 %. That's why feders¢edch emerges.In order to better
meet user informational needs, current works defam@&ontextual profile in addition
to the initial request, incorporating supplementditpensions depending on the na-
ture of the problem, in fact the great evolutionnadbile technologies need to take
account several new contextual factors.

Most works define a federated search also knowdistebuted information retrieval
systems "SRID" [4], as three sub-processes, theseptation and the selection of the
sources , and merging results into one list. Thiggp aims to build a profile which
include the user situation and context in a re#fiénformation process over various
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sources. More precisely, we are interested by theces selection phase, for such
needs we have enriched the context of the usehéyspatio-temporal and events
aspect as well as devices characteristics to d#imeiser situation when he querying
the retrieval information system.This new mobileviemnment has upset the
traditional research practices, [4, 5] show tharips are shorter and ambiguous, and
users informational needs depends more on conbelxéavironment according to [6].
With this complexity, our primary focus in this gapis to include the user and her
current situation in the source selection process.

This paper is organized as follows: the secondaegresents the problems related to
the sources selection of federated search in alenebvironment and a state of the art
of related work. The third section presents ourraggh to define the context of a
mobile user. The fourth section presents our soymwdile definition. The fifth
section presents our source selection approacls. diticle ends with a conclusion
that summarizes our contributions and presentsem@arch perspectives.

2 State of the art and related work

Distributed retrieval information in mobile envinment is across between several
research axes

Sources selectiohere are a considerable work dedicated to diggtinformation
retrieval system "SRID" in the literature, More @eely, to the three sub-problems,
known as sources representation and selectionmanging the results in one list [7].
The main purpose of the sources selection is taceedhe cost of research by
reducing the number of servers to query. Most exjstelection methods adopt a
ranking sources method, according to their degfeelevance. The first approaches
like CORI (Collection Retrieval Inference NetwoifkP],LWP [13] treat each sources
as one big document. Some of these algorithms ysel® request to got additional
information used to calculate the final score afheserver.Another sources selection
algorithms was developed, such as [12] based obapilistic model, or [14] where
the authors have exploited the language modeldtuate the divergence between the
language model of the query and the sources. AsithorDTF [15], CRCS [16]
represent documents individually and use their saakd relevance to scoring
sources, CRCS use a centralized sample index daoturaed exploit the k best
sample documents to calculate final sources sc@vbge DTF takes into account the
quality and cost of servers retrieval informatigistem RSI.Another works category
based on a learning algorithms as [17], which uske@sion tree to learn a source
selection model. in [18] authors use a requestxycaites obtained by a classification
of ODFP* directory results, while in [19] the authors explaser feedback to made a
classifier that estimates relevant sources.Recenk Was suggested other selection
method in various research area. In Taily [20]dhéhors use a cooperative selection
method based on a language model, the query's saagresented by Gamma

! http://www.dmoz.org/
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distribution in each sources and documents witthtgbly scores are selected. In [21]
the authors use a decision tree learned usingstousiebsite to exploiting it as a post-
filtering in federated contextual suggestion systém[3] the authors use a sample
index weighted according to [10], a set of docuniemécovered using the user query,
all documents are referenced to their originalemlbn, each collection is shown as a
graph where each document is a point with a scodeaarank, the final documents
scores represents the area between the plot andatkis.

Retrieval information in mobile environment. A first category of work focused on
the adaptability of research systems on mobileagsvconsidering their constraints.
Several approaches propose adaptive methods &seanch results visualisation [22],
and geographic search interfaces usability [8]. theo category of work addressed
the facilitate entering queries [23] and exploitisgiggestion, [24] and auto-
completion [25] to help the user to express hisrim@ational needs. Other work has
exploited the user context to adapt and improve rétdeval search system in a
mobile environment. In [26] the authors propose w@tidimensional profile for a
mobile user, which includes the location and timeaddition to user’'s cognitive
context, a case-based reasoning "CBR" approactioigted to select the appropriate
profile and reorder search results. In [27] theharg propose a personalised system
that alternates between two states moving or si@tjoaccording to user’s activity,
each state has kinds of content information andiapeterface corresponds to the
time, location, and a set of personal informatitied before.In [11] the authors use
available information on social networks to setfgmences and user interest, as in
[26] the authors in [9] propose a concepts reptesen of the interests and
preferences of the user based on an ontology, aidéd) by mining search results and
their click through as validation method, SVM igthused to re-ranking future search
results.

3 Defining the contextual user’s profiles for a fedeaited search
in mobile environment

Our user’s situation model use a high-level infaiorabased on external ontologies
to better reflect the users needs in a semantie,saad to annotate the data crawled
form different mobile sensors with a concepts. éshown in Figure 1. our context
model can be represented by a set of situafithsand a range of domains interest
Ul, and a set of preferences devitle and as wall as a set of user preferaite We
can distinguish global profile that includes "ussituationUS, device preferences
DP" and local profile that represents "user intefgst user document preferences
UP", where each global user profiles contains oneany local profiles.
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Figure 1: User profile of our approach

3.1 Global user profile

The global profile instance represented by veofdwo dimension "users situation,
device preferences" notedUS, DP >

User research situationWe describe the user situational context by a vemtdour
dimensions<Time, Location, Event, Move speedwhich we define a¥/Si =<
Til Li' Ei' MSL >

TimeFor a good representation we have reused the gyt@®L Timée, and extend
it with classes that defining more closely the rgadation of the user. Day time can
be represented by morning, noon, afternoon, evewmind night, each one are
represented by work or rest time periods. Week tisieepresented by work or rest
days.

LocationWe have reused LinkedGeoDd&tahat uses a spatial data collection
OpenStreetMahto create a large spatial knowledge base. Thislagy consists of
more than 1 billion nodes and the resulting RDFadatludes about 20 billion
triples.The data is available according to the ethiData principles and interlinked
with DBpedi& and Geo Nam&sThis allowed us to move from the physical locatio
of the user "gps coordinates" to a semanticallymimegdul location.

Move speedThe informational needs depends on user activitg, exploit the
instantaneous speed based on Doppler shift, andepreesent it with two states
moving or stationary.

EventsWe have exploited an external ontology linkedeventsish have extended
with temporal and spatial classes LinkedGeoData@wWd_ ontologies-time and the
concepts of general ontology DBpedia to expressapie of the event.

% http://www.w3.org/TR/owl-time/
® http://linkedgeodata.org

* http://www.openstreetmap.org/
> http://dbpedia.org

® http://www.geonames.org/

7 http://linkedevents.org/ontology/

59



AIDD’2015, USTHB — LRIA Hamid Benachour, Samir Kechid

DBP : Node

illustrate|
|

atPlace o i atTime
LGD:Place | | LE:Event | | OWIT:Time

Figure 2: Graph of the event ontology

Device preference®\ mobile user can use several types of device sich pc at
work, a laptop at home, a tablet in the garden. déwce preferences can influence
the situation and the informational needs, user n@tyconsult an result not suitable
to his device interface. We represent the deviefepences by the following vectors:

— <Device resolution, Format compatibility, Connectgpeed-

The vectors instances are automatically updateah @poval of a new non existing
instance. For the same situation we calculate tieeage of preference devices used
in the research process, so for each vector instaRt we calculate the moving
average ol similar past situation8S that included the preferences, by the follow-
ing formula:

P(DP!) = () Th,sj UST (1)

Where,DP; is then instance of device preferencéshe depth of the average to fix
in implementationlJS* user situation that include tiedevice preferences

3.2 Local user profile

The local profile instance represented by vecform dimension "Users interests,
document preferences" notedUI, UP >

Users interestdOn the same research situation the user may haitgleunterests,
for that we represent them with a set of vectocheane is defined by bags of user
interest that scored according to the vectorialekadion space moddlFIDF ,
extracted form a set of documents deemed relewarhd user. This word bags is
projected on the general ontology DBpedia for sdibarepresentation "set of
concepts”. The general approach of the users sigerepresentation :

1. Extracting a set ofK relevant document notedKp, for every research situation,
any documents wish exceeds a threshold definedngluiinplementation is
considered as relevant, and scored using the foipfermula:

Interest(Kp;) = a/Na € [1,N] (2)
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With, a is a value assigned by the user todmcumentN allowable valueskp;
represents thedocument of all documents annotated by the useerest(Kp;) the
interest of the, document in th&p set.

2. Extracting a set of term "T;" weighted bytf * idf schema, from th&p sub-
collection of relevant document using the followfiogmula :

P(T;) = I(Kpq) * freqia * log(IKp|/n:) @)

With, freq;, is the occurrence frequency of the téfnin the document, I(Kp,)
the weight of document interestin Kp collection,n; is the number of documents in
the collectionKp containing the termy,.

3. Projection on the general ontology DBpediaising an approximation algorithm
on the titles of the concepts. For better undediten and representation of
information need, we move from keyword to a sentantincept representation.
Each termT; is compared to theDbpedia concepts and represented by a
corresponding "end point" concefjt We usewikipidia encyclopedia infobox to
got title of concepts. and for disambiguation of ttoncepts we use the cosine
measurement vector similarity between descriptiohghe concepDC on the
ontology and the word bdg.The concept with the lowest score will be retained
using the following formula:

C; = min(cos(DC,, T})) (4)
With, DC,, description of the ambiguous concepts.

4. Calculates the degree of overlap with existing intests concepts with the
cosine formula. If the degree of similarity doeg eaceed a thresholdnega
defined on implementation, we add a new instanceitosituation otherwise we
merge the two vectors and we update the scoreseptsaising an exponential
moving average. The formula :

PWCHy =aP(VCH)+1—aP(VCH)e_q (5)

Wheregq = ﬁ a constant smoothing factor between 0 and 1, septs the degree of

weighting decrease for every situations involvethim average, anl a value used to
increase the accuracy of the smoothing constant.

User preferenceWe have presented the preferences by :

— The formats of documents, images, video, Languages

We use the frequency of each vector values irséteof user’s relevant results. As
preferences may depend on situations and devicescaiculate the frequency
depending, on users situations using the folloviargula.

P(UP!) = freq(Kp®)/|US;| (6)
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This formula represent thigpreference UP" in a situationyj, which is defined by the
frequency of document that include a preferenéen all documents deemed interest
for a user, compared to all relevant documents {§; situationj.

4 Defining the source profiles

The source profiles describe the document consamdsinformation about the source
and additional information correlate with a mobdevironment, we use additional
parameters that correspond better to mobile devices

4.1 Interest concepts of the source

We adopt a concepts representation based on oddfie scoring schema. Interest
concepts is represented by a vector of conceptoteethat V" from all documents
deemed relevant for all users queres Over the same document are well noted by
different users over scores of correspondent cdricepease in the same souts;e
The learning process is presented by the followsiegs:

1. Extraction a set of terrfiS; , weighted bytf * idf schema from of all
relevant documents selected by a uéer

2. Linking extracted vectors of words with their origl sources.

3. Projection on the general ontology DBpedia ,usimg $ame methods ex-
plained in 3.2.1

4. Update scores of conceptsin the sources; with the new vector concept
V¢ for each user situation by the following formula:

Axscore(VC) + (1 —A) *score(VCF) si i €VC®

Score(VCi)={ Axscore(VC)) si i@VCS ")

Where A = al _ andi € dandd € Kp . With |uj]| : frequency of different user who

max|uy|
select a document from the soufceontaining the term, max|uj| : max frequency
of users who selected documdnfrom the sourcé& containing the term. This for-
mula increases the weight of the most recurringnéeon one sources™ consulted by
different user.

4.2  Source criteria

We define sources criteria by :

Documents Weight®M. We consider the average weight of selected docisriant
KB, compared to the total number of documents @owrce %;", computed as fol-
lows:
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; d
|S;| poids(S;")

pOidSm(Si) = Zj:o Isil (8)

With |S;| the number of document in a sou:epoids(S{*) weight of a document
"d" by kilobyte. To normalize weight, we consider tpossible states low and height
calculated from the average weight of all sourttes formula described as follows:

1 sipoids,,(s;)) < PM*)
P(PM{) = {1 . 9)
- sinon

with: PM; the weight of document in the source®M* represents the average of
average weight of all sources.

Source adaptabilitylt's the ability to view the source through a widange of
devices note®DV. We use the frequency of the responsiveness afdhece relative
to the number of possible resolution. we use tbeifig formula to calculate the
source adaptability:
P(RDVS) = ﬁ YL Adaptable(SY) (10)

With RL: the vector of all sources resolutifRl|: cardinality of resolution vector
the Score of Adaptable is 1 if the source is respen otherwise O for a given
resolution. To detect if the document is responaive adaptable we use some indices
like scrolling bar and touch-friendly sliders.

Document criteria.These criteria allow us to represent the sourcesrding to their
degree of compatibility with the documentary regments and multimedia formats.

— The formats of documents, images, video, Languages

The compatible formats over sources, which we sEpreby a vecto€D;, each
instance is weighted by the uses frequency offdrimat on this source throughout
the trial sources scored document, the formula igoav:

d
P(CD;) = i+ T SE (11)

i=0

For each sources we use this formula to calctiteteatio ofi formats in a sourc@-‘?

the documents having tlidormat in sources and|S¢| the set of all document scored
inS.

5 Sources selection

In this section we present our iterative modesadrces selection for a personalized
access to multiple sources of information, basedusar feedbacks to evaluate
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previous results and improve the future requests.cahsider two profile parts global
"situation, device preferences" , and local "usgerest, document preferences”, our
approach includes four steps :

5.1 Select the nearest global situation

We define a user situation by a vecfor=<T;, L;, E;, MS; > that we extend by
device preference®DP;". finally the global situation is represented byector
SG; =<T,L; E;,MS;,DP; >, the current best similar global situatiSG¢ is that
which maximizes the sum of all dimensions similast We calculate the similarity
between the user status and all situations S.

1sGjl
SGf = MAX(X,_] SIM(SG;,SG *))SG; € SG (12)

[SGj| number of dimensions on a global situatim,set of all global situation,
SIM(SGj,SG *) similarity between two dimension of current glolséétus and each
instance of situations set and we have definesl fitoav:

« For temporal, geographical, event dimensionsve use a similarity of semantic
affiliation in the ontologies as flow:

, ___ 2prof(©
Sim(Cr, 62) = porcorprorin (13)

With, prof (C) the common generalizer concept.

e For move speed dimensiontwo states moving or stationary considered , we
calculate similarity using a flowing formula:

sim(MSy, MS,) = { 0 sinot

(14)

« For Device preferences dimensionve use a set of vector weighted by a moving
average, the similarity is calculated using cosmeasureos(DP,,DP,).
5.2  Select the nearest local situation

The local situation represented by a user intemest preferences, the current best
similar local situation depend on user interest,use a cosine similarity measure
between the local situations and query uss(Q, LS™)

5.3 Select the best sources

Similarity between interest concept of the source and concept interest of the current
situation of the user.Supposel/C* is the current interest center abid* the
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conceptual vector of the source, we have used measmilarity measure, the
formula is as follows:

ZIiVCI score(VC{)score(Ve)

Score_ci = (15)

el J((score(VCis))z(score(VCiu))z)

Similarity between interest concept of the source and concept interest of the current
query user.Supposé&/C" is the current interest center dn@* conceptual vector of
the query, we use a cosine similarity measure.

The degree of consistency between the device preferences and the sources
criteriaWe use the devices preferences to choose the bestes that meet the
device characteristics. We represent the prefeserdrvice DP by a vector{
resolution,connection_speed and the sources criteria b§C a vector of
{adaptability,document_weightTo calculate the consistency between the dimession
of each vector we use the following formula:

Cons,f(DP,SC) = ﬁz@”' o,Cons(DP,, SC;) (16)

With : |D| vector cardinality of DP or SC , o; a discrimination weight,
Cons(DP;, SC;) consistency between two dimensidi® andSC represented with a
normalized cartesian distance, the formula is :

1

|DP;| 2
1+ Z] (DPij—SCij)

The degree of consistency between the documentary user preferences and docu-
mentary requirements of the source We use documentaries preferences to represent
the interest of the user on a specific documene typ language, we calculate the
degree of consistency using i documentary criteria and sources documentary
criteriaCs.

Cons(DP;, SC;) =

(17)

Cons,f(CU,CS) = ﬁ Yl g, cons(CU,, CS;) (18)

With: |D| vector cardinality of’U or CS, g; a discrimination weightCons(CU;, CS;)
consistency between two dimensiofi§ and CS represented with a normalized
cartesian distance.
The final sources SCOCORE (s) is calculated by the combination of the fourths
measures:

SCORE(s) = ngmeasuml o;measure; (19)

Where, o¢; a  control variable that respect0<g; <1 and
measure = {Scoreci,Scoreqn, Conspf, Consyc}
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Conclusion

This paper presents a contribution to the sourleeten in a mobile environment, we
have defined user profiles and sources that incatpalimensions to better meet the
informational needs of the user as we exploit g#search results to improve learning
profiles.

Our research perspectives focus primarily on thpegmental validation of our
approach, Secondly, solving the faced problemsestehding our approach with the
detection of spatial and linguistic temporality amhce-time fuzzy queries as well as
the diversification of search results.
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Abstract. In this paper we propose a new technique for imsegmentation
based on contour detection using image analogiesiple. A set of artificial
patterns are used to locate contours of any queageé. Each pattern allow the
location of contours corresponding to specific istgnvariation. Boundaries
are extracted based on the properties of locatastouss. In addition,
elementary regions derived from the motion of cargan images are located
and combined jointly with the boundaries for imaggmentation. Experiments
are conducted and the obtained results are presantediscussed.

Keywords: Image Segmentation, Analogies, Contour DetectioritiMsicale .

1 Introduction

Image segmentation is a preprocessing step whoakigdo express an image in
meaningful way and to divide it into spacial regionaving some common char-
acteristics. This task which change the representaf an image into something that
is easier to analyse is a fundamental process ity rmamputer vision ap- plications.
There are many image segmentation methods propodéé literature. Many states
of the art have been done and published [6] [18] [1A review of the literature in
image segmentation indicates that natural imaggseetation algorithms can be
divided into two categories : Region based and Huged approaches. Region based
approaches aim to regroup pixels having similaribattes, and the edges-based
methods aim to separate regions having dissimitebates. This problem remains an
attractive topic for two reasons: the first onehist tthe results of proposed techniques
are still far from what can do the human. The sdoame is that the segmentation is a
critical step for all applications. Image analogy a new technique for image
processing by example which consist in two stepsthe first one consist on
designating two images (A,A0) such that AO is ttensformation of A applying a
filter. - Assuming that the transformation betweApAQ) is learned, the second step
consist to apply to any given image B the samesfoamation (A : AO) giving the
image BO [7] [10].
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Image analogies has been largely used fifedint applications such as super
resolution [8], texture [2] [3] [5], curves syntlieg11], image colorization, image
enhancement and artistic filters [16], [17]. An atege of image analogies tech-
nique is the possibility to learn very complex amsh linear image filters such as
artistic filters in witch various drawing and pangistyles are synthesized based on
scanned real world examples [10].

Few works have been devoted for the use of imagdogies in image pro-
cessing. A method for supervised segmentation alicaé images is proposed by
Lackey and Colagrosso [12] applying directly andvely the algorithm of Hertz-
mann [10]. This method is applied only to find byalmgies the same coloured
regions in medical images as those processed bgxghert. We notice here that the
application of naive way to image segmentation likemade in [12] requires
numerous pairs of learned images (A,A0) where Anisal image and AO is the
segmented image. This is due to the requiremeatl difjhting conditions in learned
images. S. Larabi and N. M. Robertson proposed thadebased on the learning of
the expertise of hand draw contours to locate mesliof a query image in the same
way that is done for the reference [13]. The resfiltheir approach was a set of
images which contains several contours, each omieeisesult of using of artificial
pattern instead of hand drawn contours. In [4]harg proposed a method based on
these contours in order to define and locate thknestof objects. In this work, we
propose a method to extract boundaries of objectsthen to segment image in
regions. The next section is devoted to a briefergwof contour detection by image
analogies and the inferred properties. Our metkaarésented in section 3 followed
by the results of experiments conducted on Weizndata set [1] presented section
4,

2 Contour detection by image analogies and properties. A brief
review

The idea is to start from a pair of images (A,AB)is an initial image and the second
one AQ, identical to A, in addition, contours aent drawn. The aim was to localize
the contours of any other query image B using tkgedise learned from the pair
(A,A0) (see figure 1)[13]. A set of artificial patter are proposed instead of hand
drawn contours in images as learning images (saesfig). The use of these patterns
allow locating fourteen images of contours. Eache ois obtained by the
corresponding pattern (A,A0). In [4], authors destoated that contours in the 14
images of contours lo- cated by image analogiehnigoe are moving from one
image to another and are more steady around thedodes of regions. However, for
others parts of the image, they are moving faste (figure of table 1).
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Fig. 2. Artificial patterns used as training images
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Table.1. Contours located using a selection of the 14 &#ifjfzatterns

3 Image segmentation

31 Energy map of pixels

The stability of a contour is measured from itsimoin all images of contours. More
the motion of the contour is slow, more it will bensidered as the region boundaries
[4] (see figure 3).

In this section, we propose firstly an algorithm rie@asuring the stability of a pixel
among all images of contours. A map of energy isatad from the images of
contours and used to locate regions. Also, depgnalinthe energies of pixels, multi-
scale segmentation is presented.

1 2 3
(b)

Fig. 3. (a)Slow motion of contours located using five sssoe
patterns and reported in the same part in imagek-gbt motion of
contours located using three successive patterhsegorted in the
same part in image
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Let pki,j be the pixel (i,j) in image IMk of contosl obtained using the pairs of
patterns Pk,k = 1..14. There are 14 images IMkiarghch one the pixel pki,j may be
or not a contour pixel. Our aim is to compute aergyp map of pixels starting from
the set of images of contours. Each pixel p(i,j) b& associated a value measuring its
appertaining to a border of region or to insideagfion. As explained above, around
the pixel p(i,j) in the image, pixels of contourfsall images IMk,k = 1..14 are moving
from the darkest part to the clearest one (seesfigur

B

Fig. 4. Appearance of the same pixel (i,j) foffdrent images IMk of
contours

To evaluate the evolution of the contour aroundj)piin all images of con- tours
IMk,k = 1..14, we consider an area of ((2N+1)x(2)N+dixels. For each pixel p, and
for each IMK, we search the nearest pixels of amstg following the n directions in
the defined area. Four directions are consideredizéigal, vertical and two
diagonals directions. The energy of the pixel pdmputed using the distances dk of
the nearest contour pixel gk i,j to p in the imadlgk. The energy E of p is defined by
the following equation : k14

E=) 2N
k=1

k=2 j

HEERN

k=4 k=6
k=

k=3 5
Fig. 5. Search area of contour pixels for all 14 imagegidédhe presence of
five contours located using five successive pattemng..6, two of them pass

by p(i.j)
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More there are pixels q nearest to p(i,j) founcsuccessive images IMk,k = 1..14,
more the energy E is highest. However, when thezefew (one or zero) pixels q
found, this implies that the energy E is very Id&vr example, E = 2 is associated to
p(i,j) in case where there is only one pixel contlmecated at distance (N — 1) from
the central pixel (i,j). However, when there are foontours pixels located (such that
illustrated by figure 5), corresponding to the dises N - 1, 1, 0, O, 1 (moving from
the left to right), the energy E is then equal tg E1 + 2N-1 + 2N + 2N + 2N-1, for
N =5, E = 98. This energy is then synonymous efappertaining of the pixel p(i,j)
to the inside or to the border of region. The valoéenergy computed have similar
significance like the result of merging of all imagef contours giving largest
contours at borders of regions and thinnest elsexsee figure 6).

Fig. 6. Result of merging all 14 images of contours

32 From map of energiesto multi-scale ssgmentation

The diferent values of energy associated to each pixeieléie map of energies end
noted Im. We used this map to locate the boundafiesgions at dferent scales:
(high, intermediates and low) which corresponchfour intervals of energy:
[46,56][, [56,64], [64,128], [128]. For each value of energy, there are pixels of
boundaries which are selected, where strong boigsdare associated to high values
of energy. Figures of table 2 illustrate for eattage the located boundaries at low,
intermediate and high scale.

73



AIDD’2015, USTHB — LRIA Asma Bellili, Slimane Larabi

=

Table 2. For some images of Weizmann data set, boundaraseld at
low (second row), intermediate (third row) and h{furth row) scales

Once the boundaries are located, an additionalegedeg is required in
order to achieve the segmentation. Elementary nsgdefined as the
areas between contours located using two succegatterns are firstly
located and combined jointly with the located boanes in order to
locate regions in image. Figure 7 illustrates thelsmentary regions
where 14 colors are associated to elementary regibtained using the
14 artificial patterns.
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Fl F1 F3.

Fig. 7. At the left: the diferent colours associated to elementary regionsddca
using each one of the 14 patterns. At the riglatrésult obtained for image from

Weizmann data set.

4 Results

In this section we present results obtained byyapglour method on Weizmann
data set. Figures of table 3 show the boundariectien of images at high scale,
the elementary regions located using the 14 patt@nd the result of fusion with
computed boundaries. Compared to the ground traitdh, dve achieved a good
values of recall and precision (see figure 8).

Prwravian

Fig. 8. Evaluation of the obtained results on Weizmana dat
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Table 3. For some images of Weizmann data set, boundamasdd
at high scale, the located elementary regions;abelt of fusion
process.
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Abstract. Texture matching is an important field of imageqassing at pattern
recognition. This task consists of finding a pande texture into an image that
contains several texture. Matching is a difficulbllem to solve and remains
an attractive area for research. However, severecent approach have been
proposed for texture matching. Inspired by the $astlies, we proposed a new
architecture for texture matching. This architeetus called the Dynamic
Decomposition Architecture (DDA). The main ideatbis method is to fix a
converging point.. After that, decomposing the image in the directid this
point. In this work, a main window starting fronethonverging point. to the
bottom-right corner of the image is consideredeAfhat, the size of the main
window is reduced and other windows with the saime sf the main window
are generated. The Local Binary Pattern (LBP) tephai which is invariant to
monotonic grey level changes, is applied of théragted windows to describe
the texture. Synthetic images are used in the @wpatations using the
proposed architecture and some obtained resuliieteate.

Keywords: Texture matching, texture analysis, features etitmactexture segmentation,
decomposition architecture, LBP.

1 Introduction

The automatic content based image processing hea@nte a dynamic research area
since 1990. Segmentation, matching and indexingtlegemost important tasks of

image processing. These tasks analyze automatitiadlyimage based on visual

contents. Image processing is subdivided into thuategories: Color, Shape and
Texture. Texture is present in most of real lifg§ests in nature. This makes it

fundamental and essential to analyze images. Tsie clategory (Texture) is the

studied category in this work. Texture can be swiddd into coarse, micro, macro,

regular, periodic, aperiodic, random and stochagfie [1].
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Texture analyses has been introduced by HaralickJ@ferent approaches have been
presented : structural, statistical and transformée transformed approach transform the
original image into another domain such as frequelwmain (Gabor [3, 4] or wavelets).

These approaches have been used in different apphs, especially in texture
matching; the principle is to have a texture redzgghin an image which contains several
different textures.

Texture matching consists of recognizing and segimgra particular texture on an
image that contain several texture. Most proposesthods to solve this problem
(matching) requires adjustment of parameters. Hugistment are crucial and more
parameters are adjusted, the better the resultbevillThese methods use a decomposition
architecture to localize the researched texturee Toal of this architecture is to
decompose the image into blocks. After that, feaduare extracted from each block.
Finally, a similarity measure are calculated betweach block and the researched texture
in order to decide if this block is accepted or. i@be most disadvantage of this classical
architecture is the fixed size of the blocks. Irdjgéthe size of one block is too big, one
block may contain different texture. In the othemd, if the size on the blocks is too
small, the researched texture may not be recognikbe size of the decomposition is
crucial and affect the quality of the recognitiogstem. However, the problem of the
decomposition size is a difficult problem to resolv

In this study, we have proposed a new decompositiohitecture for texture analysis.
The focus of this work is on the decomposition sd¢alorder to solve the fixed size of the
generated blocks. For the feature extraction stap,feature extraction method can be
applied. In this work, we have chosen the LBP (L&inary Pattern) method which is an
adapted method for texture analysis and it is imgariant to rotation [5].

This paper is organized as follows: The next sactie explain the Local Binary
Pattern (LBP). In section 3 we present our propaksmbmposition architecture. Section 4
illustrates experimental results using the propasgttem and the last section conclude
the paper.

2 TheLBP method

The Local Binary Pattern (LBP) is a simple andaiint feature extraction method [5].
This method was presented by Ojala and Pietik'ajiéen7]. This method unify the
statistical and structural approaches. The LBP atktis a monotonic gray-scale
transformation invariance and rotation invariant®, [13]. This method has been applied
in various and recent works [8, 9, 10, 11].

The idea of the LBP is to thresholding the 3x3 hbmrhood of each pixel. Then,
consider the result as a binary number. Thus, qaxél of the analysis window is
thresholder by the value of the central pixel. Tiegghbor is encoded by the value 1 if its
value is greater than the central pixel and O ettser The obtained binary code is
converted into a decimal number and represent ¢he value of the central pixel on the
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output LBP image. This process is illustrated iguFre 1.

Multiply
Example Thresholded Weights
8 1 2 1 0 0 1 2 4
6 5 3 1 0 128 8
8|19 0 1] 1] 0 64 | 32| 16

Pattern = 11100001
LBP = 1+32+64+128 = 225
Value of the central pixel =5

Fig. 1. Calculation of the binary pattern

Figure 1 illustrates the calculation of the LBP rngm The analysis window (3x3) are
extracted from the image. Each neighbor is encddedhe value 1 or 0. Finally, the
binary code is converted into a decimal number J2R&t represent the value of the
central pixel on the LBP image.

In order to describe the output LBP image, a histog(of the 256 possible patterns)
is created to collect up the occurrences of eadtenpa[l4]. This histogram ,which
represents the statistical occurrence of the logato patterns, is normalized and
considered as a feature descriptor of the texfthis. process is illustrated in Figure 2.

Fia. 2. Feature extraction usina LBP metl
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3 Proposed decomposition method for texture analysis

In this section, we will explain the proposed deposition architecture. Some examples
will be illustrated to explain the proposed process

The proposed decomposing architecture follows eseaf steps. First, a converging
point a is fixed. This point represent the directaf analyze. After that, a Main analysis
Window (MW) is considered from a to the button tighthe image. The main window is
extracted and its LBP histogram is calculated. Thiee similarity measure between the
LBP histogram of the MW and the researched texisirealculated. If this measure is
above the threshold, this window is consideredemtiment. After that, the size of the MW
is reduced and as many Windows with the same dizheoMW are extracted. This
process is repeated until the MW’s size reach urimmim size. The algorithm of the pro-
posed Dynamic Decomposition Architecture (DDA)liigstrated in algorithm 1.

Algorithm 1 Square dynamic decomposition system

1. Choose the converging poismt

2. Consider the main window MW (fromto the button right of the image)
3. Generate as many windows as possible, with the saeef MW

4. for each windowdo

(a) Apply the LBP method
(b) Extract the LBP histogram
(c) Calculate the similarity Sim between the extrastéttow’s histogram
and the sought texture histogram
if Sim is above the threshaiden
Save the window’s coordinates and its histograanwector V
end if

end for
5. Reduce the size of MW by the distance d
if the size of MW is below the minimum sizehen
Color the saved windows and terminate the prodess e
Goto step 3
end if

The point a (0, 0) is fixed into the top left ofettimage (Figure 3). The similarity
measure between the MW and the researched testaedculated using formula 1.

Sim(His\,His2) = E™=imin{His\[i\, K2[i\) 1)
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Where his is the window’s histogram and hist2 is sought texture’s histogram.If
this similarity (Sim) is above the threshold, tsdow is considered as pertinent. The
coordinates and histogram of this window are sawedne vector Vi=[X, Y, Height,
Width, Histogram]. This process is illustrated iglre 3.

o (0,0

7, (0. 0,92, 80, Hist,)

Height: 92

Histg

Fig. 3. Feature Extraction from the main window

After that, the size of the MW is reduced. Thisqass is repeated and many windows
with the same size of MW are generated. This poisetustrated in Figure 4.

Original image Feature extraction Matching and decision

Tteration 2 Tteration 1

Iteration n

LBP Histogram

————— Ignored
LBP Histogram |———> Accepted

Generated window

Fig. 4. Iterations of the decomposition process
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Figure 4 illustrates the different extracted windom different iterations. Each
iteration, the main window (red) and other winddg=een) are generated.

This process is terminated when the main windovwe eaches a minimum size y, it
means the height or the width of the main windovess then .

Graphic illustration of the proposed dynamic decosition architecture is illustrated
in Figure 5.
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Fig. 5. lllustration of the decomposition process

Figure 5 summarize the proposed architecture. Boh déteration, the main window
and other window with the same size of the MW agmegated. A similarity measure is
applied and only the pertinent windows are savathlly, the stored windows are plotted.

The most important advantage of this architectuweto analyze windows with
different size. Thus, a rich and various set ofdeiws are extracted and compared with
the researched texture. Another improvement canapeglied is to use a different
converging points. Therefore, different configusas can be studied. Using this
architecture, there are no constraints in the featxtraction step, so any features
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extraction method can be used to describe therxiihus, the more adapted method to
the researched texture should be used, which mpesanother advantage of our
technique.

4  Performance and evaluation

In order to evaluate the proposed architectureapyied the proposed system on six
synthetic images that are composed of differerttites (see Figure 6)

Fig. 6. Synthesis images used in the experiments

In our study, the distance of the recusing siz¢hef MW is fixed to 10 pixels. The
converging point was assigned to (0,0). And theimmim size is limited to 5 pixels. The
threshold was fixed to 0.9. The evaluation proogas as follow: First, one window is
extracted from the test image. This window contaie texture (researched texture). After
that, the proposed system is applied to recogtieesbuth texture. So, the output image
contains the most similar texture to the researdeeture (the most similar texture is
colored with red). This process is illustratedigufe 7.

The figure 7 illustrates an application examplee Tuery is extracted from the test
image and detected as shown in the resulted im&gesan notice that this system gives
a better recognition when the researched textuaes & square shape.

In order to compare the proposed architecture théhclassical one, we applied the
classical decomposition architecture. The test anasgdecomposed into 32x32 blocks.
The LBP method is applied on each block to exttiaetfeature. The obtained results are
illustrated in Figure 8.

We can notice that this architecture localize agipnately the sought texture but some
textures are not well recognized, some images ttevproblem of border detection, other
scale problem (fixed 32 pixels may not be the beate).

We can notice that the obtained results using ttopgsed system (Figure 9) are
remarkably better than the classical method. In, fite weakness of the classical
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architecture (border detection, fixed scale) arprovied using the proposed architecture.
This This is due to the dynamic size of the considavindows This allows us to analyze
the image with different scales. This represents itain advantage of the proposed

architecture.

Fig. 8. Experimental results using the classical architec
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Fig. 9. Experimental results using the dynamic decomjosdrchitecture.

5 Conclusion

In this study, we presented a new decompositiohit@ature for texture analysis. This
architecture generates windows with different sirdike the traditional method. The
Local Binary Pattern (LBP) is applied to describe texture of each extracted window.
Finally, a similarity measure is calculated betwesch LBP histogram extracted from
windows and the researched texture. If the sintylarieasure is above the threshold, the
window is considered as pertinent and colored ki ta the experimental part, we
applied the proposed system on synthetic test imagée proposed system has
recognized better the researched texture comparéukttraditional architecture. This is
due to the different size of the extracted windolsaddition, there are no constraints in
the feature extraction step, so any feature extrachethod can be used to describe the
texture. This architecture can be also used to satation or indexing images. In future
studies, we will study the application of differesfitape of the analysis window. We will
also study robustness of the proposed architeappbed on real textured images.
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