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Chapter 1. Synthesis of activities

Chapter 1.

Synthesis of activities

1.1. Curriculum Vitae
1.1.1. Personal Details
Sabeur ELKOSANTINI
Date and place of Birth; 12/09/1979 in Hammamet (Tunisia)
Nationality: French
1.1.2. Education background
2004 - 2007

Ph.D. in Computer Sciences. University of Blaise Pascal, ClermontFerrand, France. Laboratoire d’Informatique, de Modélisation et
d’Optimisation des Systèmes (LIMOS) UMR 6158–CNRS.
Title: Contribution à la modélisation dynamique du comportement
d’opérateurs humains.
PhD defense committee:
Pr. D. Hill. Université Blaise Pascal, Aubière.
Chairman
Pr. A. Bouras. Université Lumière Lyon 2
Rapporteur
Pr. C. Sibertin-Blanc. Université Toulouse 1
Rapporteur
Pr. Denis Gien. IFMA, Aubière
Supervisor
DR/HDR S. Espié. INRETS, Paris.
Examiner
Dr. P.-J. Marescaux. Université Blaise Pascal, Aubière Examiner
Date of defense : 3 December 2007
Mention : Very Honorable

2003 - 2004

Master in “Informatique et Systèmes Coopératifs pour l’Entreprise”.
University Lumière Lyon 2.
Title : Analyse des systèmes de gestion des données techniques du point de
vue du cycle de vie.

2000 - 2003

Engineering degree in Computer Sciences. National School of
Engineering, Sfax (ENIS), Tunisia.

1.2. Synthesis of academic and administrative activities
I started my experience with teaching, as teaching assistant (vacataire) at the University Institute
of Technology at the University of Lyon 2 during my master (2003-2004). I was asked to give
some tutorials and labs in Computer applications (MS Word and Excel) and ORTEMS, an
advanced planning and scheduling software. Since, I have continued my teaching experience in
different universities from different academic systems: Francophone (France, Tunisia), AngloSaxon (Saudi Arabia).
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Since my recruitment as assistant professor in 2008, I have worked mainly on two axes:




Teaching: I taught courses related to Web applications development technologies such as
JEE architectures, web development with Servlet, JSP, and JEE frameworks (such as
Spring, Struts and Hibernates) for undergraduate levels. For post graduate level (Master), I
taught courses related to Artificial Intelligence techniques (Expert Systems, Fuzzy Set
theory, Artificial Neural Network, Case based Reasoning and Artificial Immune Systems);
Administration: in the “Institut Supérieur d’informatique à Mahdia” (ISIMA, Tunisia), I
contributed to the evaluation and updating of one of the two existing bachelor programs (in
French Licence), namely the Bachelor in "Information system and software". I also
contributed to the launching of a new Bachelor program "Computer Science". In college of
Engineering (King Saud University, Saudi Arabia), I was involved in the quality assurance
initiatives established by the Industrial Engineering department and in the preparation of
two accreditations, one American (ABET, www.abet.org) and one local (NCAAA,
www.ncaaa.org.sa).
1.2.1. Professional experience

Depuis 2014

Assistant professor in computer science
College of Engineering, King Saud University, Riyadh, KSA

2008 – 2014

Assistant Professor in Computer Science
Institut Supérieur d’informatique à Mahdia (ISIMA), Unisersity of Monastir
Tunisia

2007 – 2008

Associate Researcher/Teacher (ATER)
Institut Français de Mécanique Avancée (IFMA), Blaise Pascal University,
France

2004 – 2007

Teaching and research assistant (Moniteur)
IUT Lumière, University of Lyon 2, Lyon, France

2003 – 2004

Teaching assistant (Vacataire)
IUT Lumière, University of Lyon 2, Lyon, France

1.2.2. Administrative Experience


Member of the quality committee in IE department KSU (2015- until now). I was in charge
to conduct the following tasks using ITQAN, the KSU e-QMS (Quality Management
System) platform:
◦ Evaluate IE program’s KPI.
◦ Update KPIs
◦ Generate NCAAA different reports
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Member of the ABET and NCAAA accreditation committee in IE department KSU (2015until now). I was in charge to conduct the following tasks:
◦ For ABET:
▪ Write the chapter related to the ABET 3rd criteria: Student outcomes
▪ Direct and indirect assessment evaluation and result analysis
▪ Revise the overall ABET Self Study Report
▪ Insure that the department website fit ABET requirements
◦ For NCAAA:
▪ Update NCAAA KPIs
▪ Answer to some recommendations of the NCAAA reviewers and update some
internal procedures (related to data collection and analysis)
Coordinator of Statistic and IT committee in IE department KSU (2014- until now)
Member of Training, Alumni and employment committee (2014- until now)
Academic dean and vice-director at ISIMa (2011-2014). My main achievements were:
◦ New Bachelor program in Information technology
◦ New Bachelor program in networks and services administration
◦ Preparing a new joint degree program in computer science (involving university of
Monastir, Tunisia, and University of Lyon 1, France)
◦ New evaluation procedure of graduation projects
E-learning coordinator (2009-2013)
President of recruitment commission (2009-2013)
President of the committee of education quality at ISIMa (2011--2014)
Member of the scientific council in ISIMA (S2011--2014)
Coordinator in the department of computer sciences (2009-2011)
Member of the scientific council of the department GOMFi in the Institute of Technology of
the University of Lyon 2, France (2006 – 2007).
1.2.3. Teaching experience

The courses I taught during my experience cover several areas of computer science, starting with
basic skills of computing sciences, such as Microsoft Office suite, to the development of distributed
JEE architectures and Object-oriented programming.
In this section, I detail my teaching experience and the courses I taught for the different levels:
undergraduate levels (see Table 1) or postgraduate levels (see Table 2).
Table 1: Taught courses for undergraduate levels
Year Institute /university

Course
C++ programming
Industrial Information
systems

College of
Engineering, King
Since
Saud University (in Simulation of industrial
2014
systems
English)
Graduation project

1

Tutorial equivalent hours

9

Number of hours1 per
semester
Level
Course Tutorial
Lab
Level 3
30
-

Number of
Projects
-

Level 10

30

14

-

-

Level 9

30

14

-

-

Level 9 et
10

-

-

-
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2008 2014

2010 2012

Institut Supérieur
d'Informatique de
Mahdia
(ISIMA, Tunisia)

National School of
Engineering, Sfax
(ENIS, Tunisia)

Institut Français de
2007 Mécanique Avancée
2008
(IFMA, France)

IUT Lumière 2004 Université Lumière
2007
Lyon 2

2003 2004

2nd year
Bachelor
Architecture J2EE
(Licence)
2nd year
Object oriented
Bachelor
programming C++/C#
(Licence)
2nd year
Object oriented
Bachelor
programming Java
(Licence)
2nd year
Advanced Algorithms
Bachelor
and Complexity
(Licence)
C2i
1st year
Bachelor
(IT and Internet
(Licence)
certificate)
3rd year
Bachelor
Graduation project
(Licence)
3rd year
Development of
Bachelor
Distributed Applications
(ingénieur
(JEE)
)
rd
3 year
Bachelor
Graduation project
(ingénieur
)
1st year
Bachelor
C++ programming
(ingénieur
)
1st year
Bachelor
Projects in IT
(ingénieur
)
2nd year
Bachelor
Graduation project
(ingénieur
)
rd
3 year
Object oriented
Bachelor
programming Java
(Licence)
3rd year
Advanced web
Bachelor
programming
(Licence)
1st year
Visual Basic
Bachelor
(Licence)
1st year
Documents editing
Bachelor
(Microsoft Office)
(Licence)
3rd year
Bachelor
Visual Basic
(Licence)

10

28

-

-

-

28

-

-

-

28

-

-

-

28

-

-

-

-

-

14

-

-

-

-

14

42

-

-

-

-

-

-

1

-

12

44

-

-

7

-

-

1

14

-

-

8

20

-

-

15

17

-

-

38

-

-

-

-

15
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1st year
Bachelor
IUT Lumière (Licence)
Université Lumière
2nd year
Production management
Lyon 2
Bachelor
tools (ORTEMS)
(Licence)
Documents editing
(Microsoft Office)

-

-

56

-

-

-

18

-

Table 2: Taught courses for postgraduate levels
Year
2009 2012
2009 2012

Institute /university

Course

Number
of hours

M sc. title

Institut Supérieur de
Master. in Transport and Logistics
Gestion Industrielle de Artificial Intelligence
Systems
Sfax (Tunisia)
Faculté des sciences
Master Operations Research and
économiques et de
Artificial Intelligence
Production Management
gestion de Sfax (Tunisia)

15

24

Table 3 summarizes the teaching load since 2008.
Table 3: Teachning load
Year

2016 – 2017
2015 - 2016
2014 - 2015
2012 - 2014
2010 – 2012
2009 - 2010
2008 - 2009

Diploma

Bachelor (« 1e / 5e Ingéniorat »)
Bachelor («5e Ingéniorat »)
Bachelor (« 5e Ingéniorat »)
Bachelor (« 2e/3e Licence »)
Bachelor (« 2e/3e Licence »)
Engineering diploma (« 3e Ingéniorat »)
Master
Bachelor (« 2e/3e Licence »)
Master
Bachelor (« 2e/3e Licence »)

Average teaching
load
(H2/year)

196
252
252
270
270
42
39
270
42
251

1.2.4. Teaching statement
Furthermore, I am fully experienced with many modes of classroom instructions including the use
of workshops and interactive teaching and technologies such as MS PowerPoint and data
projectors. The large majority of the classes that I taught at University of Lyon 2, at the French
Institute for Advanced Mechanical Engineering, at Higher Institute of Computer Science of Mahdia
or King Saud University involve weekly group discussions and home-works.
In my courses, I try always to design and develop solutions for some real use cases (particularly
for the courses simulation and industrial information systems) or also for the university or institute

2

Tutorial equivalent hours
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where I taught. For the course “Artificial Intelligence” I taught for master level, I tried to show
some examples of use of fuzzy logic and fuzzy set theory taken form my research, particularly
those done during my PhD.
From technology perspective, I have the opportunity in my current position in King Saud
University to have an access to classrooms equipped by interactive whiteboards, data projectors
and digital podiums. In this context, and for the continuous improvement of teaching, I intend to
submit a proposal for the “Excellence in Learning and Teaching Grants” (http://vrea.ksu.edu.sa/en),
a grant offered by the university (King Saud University). The proposal will aim to equip some
classrooms in our department with “Audience response systems” such as the system “Clickers”.
The system will allow instructors to ask questions to students, immediately collect their responses,
and view the responses. Such system requires the adaptation for my course materials (slides,
tutorials and labs) to be easily integrated in the new platform.
Moreover, I have submitted a research project proposal to King Abdulaziz City for Science and
Technology (K.S.A) in June 2017 which is closely related to the improvement of teachning
environment. The project focuses on developing a comprehensive framework and transformation
methodology to support universities to achieve smartness. Particularly, the project will support the
university in developing a best practices methodological guide that details implementation,
migration and best practices of deployment of smartness in universities. As a case study, the project
will suggest a documented and budgeted transformation plan towards smartness for King Saud
University.
1.3. Synthesis of research activities
1.3.1. Research projects
[PR1] AAMEN: toward a new AdvAnced systeM for drivEr assistaNce (15-INF4119-02)
o
o
o
o

Role: Principal investigator
Budget : 1 800 000 SAR (450 000€)
Funding : King Abdulaziz City for Science and Technology (Saudi Arabia)
Date: Accepted in 2017, not yet started

[PR2] AI-SOS: Artificial Intelligence for Self-Organization Systems (RG-1438-056)
o
o
o
o
o

Role: Principal investigator, supervising of two PhD students and one master student
Budget : 150 000 SAR (38 000€)
Funding : King Saud University
Date: started in September 2016
Publication: Three ISI journal articles (Louati et al., 2017)(Louati et al., 2018) (Darmoul
et al., 2017), three conference articles (Mnif et al., 2017 ; Rekik et al., 2017a ; 2017b)

[PR3] SAFE-TRACS: Developing an artificial immune system to control roadway traffic signals
and regulate traffic flow in case of emergencies (12-INF2820-02)
o Role: Co-investigator, co-supervising of three PhD students
o Budget : 1 500 000 SAR (375 000€)
o Funding : King Abdulaziz City for Science and Technology (Saudi Arabia)
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o Date: ended in December 2016
o Publication: Two ISI journal articles (Elkosantini and Frikha, 2015) and (Gheriani et al.,
2016), five conference articles (Mnif et al., 2015; 2016a; 2016b; Louati et al., 2016 ;
Gheriani et al., 2015)
[PR4] Vers une meilleure prise en compte des aptitudes des opérateurs pour améliorer l’efficience
des systèmes de production (Code CMCU 14G1412, Code Campus France: 0633TC)
o Role: Member, co-supervising two PhD students
o Budget: 20700€ + 18000 Tunisian Dinars
o Funding: PHC-UTIQUE, Tunisian Ministry of Higher Education and Scientific Research
and French Ministries of Foreign Affairs and International Development and of National
Education, Higher Education and Research
o Date: ended in December 2016
o Publication: One ISI journal articles (Ferjani et al., 2017) and five conference articles
(Ammar et al., 2013a ; 2013b ; 2014 ; 2015) (Ferjani et al., 2015)
[PR5] Optimisation multicritère pour la réduction des impacts environnementaux dans les
entreprises de sous-traitance
o
o
o
o
o

Role: Member, co-supervising of one Master student
Budget : 8200€ + 18000 Tunisian Dinars
Funding: CNRS and Tunisian Ministry of Higher Education and Scientific Research.
Date: ended in December 2015
Publication: Two conference articles (Al-Qasser et al., 2016a; 2016b)

1.3.2. PhD and Master supervising activities
1.3.2.1. PhD supervising
1.3.2.1.1. Defended PhD thesis


Achraf Ammar: Affectation dynamique d'opérateurs polyvalents et dimensionnement des
équipes dans les systèmes de production
o Co-supervising: Henri Pierreval (50%), Sabeur Elkosantini (40%), Habib Chabchoub
(10%)
o

Date of defense: 19 November 2015

o Context : PHC-UTIQUE project ([PR4], see section 1.3.1)
o Publication : 4 international conference papers
o PhD defense committee:
-

Valérie Botta Genoulaz, INSA de Lyon, Rapporteur

-

Ouajdi Korbaa, Institut Supérieur d’Informatique et des Techniques de
Communication (Sousse – Tunisie), Rapporteur

-

Sylvie Norre, l’IUT d'Allier Montluçon, Examiner
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-

Diala Dhouib, Institut Supérieur de Gestion Industrielle (Sfax – Tunisie),
Examiner

-

Henri Pierreval, IFMA, Co-supervisor

-

Sabeur Elkosantini, King Saud University, Co-supervisor

-

Habib Chabchoub, International School of Business (Sfax – Tunisie), Cosupervisor

Ines Rekik : Développement d’un système à base de connaissance décentralisé pour le stockage
de containers dans les terminaux portuaires
o Co-supervising: Sabeur Elkosantini (70%), Habib Chabchoub (30%)
o Date of defense: 28 June 2017
o Context: AI-SOS project ([PR2], see section 1.3.1)
o Publication: 5 international conference papers, 1 article submitted journal paper.
o PhD defense committee:



-

Adel Alimi, National School of Engineering, Sfax (Tunisia), Rapporteur

-

Slim Kanoun, National School of Engineering, Sfax (Tunisia), Rapporteur

-

Chokri Ben Amar, National School of Engineering, Sfax (Tunisia), Examiner

-

Souheil Dhouib, Institut Superieur de Gestion Industrielle; Sfax (Tunisia),
Examiner

-

Habib Chabchoub, International School of Business (Sfax – Tunisie), Cosupervisor

-

Sabeur Elkosantini, King Saud University, Co-supervisor

Ali Louati: Development of an artificial immune system to control roadway traffic signals and
regulate traffic flow in case of emergencies
o Co-supervising: Sabeur Elkosantini (40%), Saber Darmoul (40%), Lamjed Ben Said
(20%)
o Date of defense: 18 January 2018
o Context : AI-SOS and SAFE TRACS projects ([PR2] and [PR3], see section 1.3.1)
o Publication : 2 ISI journal articles, 1 international conference paper, 1 ISI journal
article under revision
o PhD defense committee:
-

Zied Elouedi, Institut Supérieur de Gestion (Tunisia), Rapporteur

-

Sonia Hajri-Gabbouj, Institut National Supérieur des Sciences Appliquees et
Technologiques (Tunisia), Rapporteur

-

Nahla Ben Amor, Institut Supérieur de Gestion (Tunisia), Examiner

-

Slim Bechikh, Faculte des sciences économique et de gestion de Nabeul
(Tunisia), Examiner

-

Lamjed Ben Said, Institut Supérieur de Gestion, Tunisia, Co-supervisor

-

Sabeur Elkosantini, King Saud University, Co-supervisor
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-

Saber Darmoul, Ecole Centrale, Casablanca, Morocco, Co-supervisor

1.3.2.1.2. Ongoing PhD thesis


Salima Mnif: Development of an artificial immune system for the control of public
transportation systems
o Co-supervising: Sabeur Elkosantini (40%), Saber Darmoul (40%), Lamjed Ben Said
(20%)
o

Started date : September 2014

o Context : AI-SOS and SAFE TRACS projects ([PR2] and [PR3], see section 1.3.1)
o Publication : 4 international conference papers, 2 submitted ISI journal articles


Nesrine Gheriani: Proposition d’un environnement d’évaluation des systèmes de régulation des
réseaux de transport public
o Co-supervising: Sabeur Elkosantini (40%), Saber Darmoul (40%), Habib Chabchoub
(20%)
o

Started date : September 2013

o Context : SAFE TRACS project ([PR3], see section 1.3.1)
o Publication : 1 ISI journal article and 1 international conference article


Aicha Ferjani: Affectation d'opérateurs polyvalents dans les systèmes de production en tenant
compte de la fatigue.
o Co-supervising: Henri Pierreval (70%), Sabeur Elkosantini (30%)
o

Started date : September 2015

o Context : PHC-UTIQUE project [PR4]
o Publication : 1 international conference paper and 1 ISI journal article
1.3.2.2. Master supervision


Sarra Galoui : Evaluation des systèmes de transport en commun à base d’ontologie
o Date de Defense : September 2014
o Master: Mastère Informatique Décisionnelle et de Gestion (Institut Supérieur de
Gestion de Gabes, Tunisia)
o Publication : 1 international conference paper



Dorra Moalla: Un système immunitaire artificiel pour la régulation du trafic routier au niveau
des carrefours à feux
o Date de Defense : July 2013
o Master: Mastère Recherche Opérationnelle et Gestion de la Production (Faculté des
Sciences Economiques et de Gestion de Sfax, Tunisia)
o Publication : 1 international conference paper
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Achraf Ammar: Résolution d’un problème d’affectation des opérateurs comme un problème
d’ordonnancement des machines parallèles : étude d’un cas réel
o Date de Defense : July 2012
o Master: Mastère Recherche Opérationnelle et Gestion de la Production (Faculté des
Sciences Economiques et de Gestion de Sfax, Tunisia)
o Publication : 1 international conference paper



Hamdi Kchaou: Un système multi-agent pour la gestion de tournées dynamiques de véhicules
o Date de Defense : July 2012
o Master: Mastère Recherche Opérationnelle et Gestion de la Production (Faculté des
Sciences Economiques et de Gestion de Sfax, Tunisia)



Nesrine Gheriani: Système multi-agent pour l’affectation et la réaffectation des tâches aux
opérateurs polyvalents
o Date de Defense : September 2011
o Master: Mastère Recherche Opérationnelle et Gestion de la Production (Faculté des
Sciences Economiques et de Gestion de Sfax, Tunisia)
o Publication : 1 international conference paper



Arij Mkaouar: Un système immunitaire artificiel pour l’aide à la régulation des réseaux de
transport en commun
o Date de Defense : September 2011
o Master: Mastère Nouvelles Technologies des Systèmes Informatiques Dédiés (Ecole
Nationale d’Ingénieur de Sfax, Tunisia)
o Publication : 1 international conference paper



Boutheina Trabelsi: Régulation du trafic routier au niveau des carrefours à feux : optimisation
du trafic par l’approche immunitaire
o Date de Defense : July 2011
o Master: Mastère Recherche Opérationnelle et Gestion de la Production (Faculté des
Sciences Economiques et de Gestion de Sfax, Tunisia)
o Publication : 1 international conference paper



Salima Mnif: Nouvelle approche inspirée de la biologie immunitaire pour la régulation du
trafic routier au niveau des carrefours
o Date de Defense : July 2010
o Master: Mastère Nouvelles Technologies des Systèmes Informatiques Dédiés (Ecole
Nationale d’Ingénieur de Sfax, Tunisia)
o Publication : 2 international conference papers and one journal article (SCOPUS)
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1.3.3. Publications
1.3.3.1. Indexed journal articles
Published articles


Louati, A., Darmoul, S., Elkosantini, S., Ben Said, L., An artificial immune network to control
Interrupted Flow at Signalized Intersections, Information Sciences, 2018 (ISI, under press).



Elkosantini S, Darmoul S., A new framework for the computer modelling and simulation of car
driver behavior, SIMULATION: Transactions of The Society for Modeling and Simulation
International, 2018 (accepted, under press ISI).



Louati, A., Elkosantini, S., Darmoul, S., Ben Said, L., An Immune Memory Inspired CaseBased Reasoning System to Control Interrupted Flow at Signalized Intersections, Artificial
Intelligence Review, 2017 (ISI, under press)



Darmoul, S., Elkosantini S., Louati A., Ben Said, L., An Artificial Immune Network Based
Multi-Agent System to Control Interrupted Flow at Signalized Intersections. Transportation
Research Part C, Volume 82, 2017, Pages 290-313 (ISI).



Ferjani A., Pierreval H., Ammar A., Elkosantini S., A simulation-Optimization Based Heuristic
to Assign Online Workers Affected by Fatigue in Manufacturing Systems, Computers &
Industrial Engineering journal, Volume 112, 2017, Pages 663-674 (ISI).



Ben Ayed M., S. Elkosantini, An accelerated architecture based on GPU and Multi-Processor
design for fingerprint recognition, International Journal of Advanced Computer Science and
Applications, Volume 7 Issue 3, 2016 (indexed in the Thomson Reuters Emerging Sources
Citation Index 3).



Gheriani N., Elkosantini S., Darmoul S., Ben Said L., Assessment of public transport control
systems: a comparative analysis of platforms and a new platform architecture, International
Journal of Shipping and Transport Logistics, Vol. 8, No. 5, 2016, pp. 509-530 (ISI).



Elkosantini S., Toward a new generic behavior model for human centered system simulation,
Simulation Modelling Practice and Theory, volume 52, pp. 108–122, 2015 (ISI).



Elkosantini S., Frikha A., Decision fusion for signalized intersection control, Kybernetes,
volume 44, issue 1, 2015, pp. 57 - 76 (ISI).



Darmoul S., Elkosantini S., Artificial Immunity to Control Disturbances in Public
Transportation Systems: Concepts, Mechanisms and a Prototype Implementation of a
Knowledge Based Decision Support System, International Journal on Knowledge-Based
Systems, volume (58), pp. 58-76, 2014 (ISI).



Elkosantini S., Mnif S., Chabchoub H., An Adaptive System for Signposted INtersection
Control: ASSINC, Journal of Artificial Intelligence and Soft Computing Research, Vol 2, No.
1, 2012, pp. 21-29 9 (SCOPUS).

According to the journal website, “…IJACSA has been accepted for indexing in the Thomson Reuters Emerging
Sources Citation Index, a new edition of Web of Science launching in 2015…” (http://thesai.org/Publications/IJACSA)
3
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Submitted articles


Rekik, S. Elkosantini and H. Chabchoub, A case based heuristic for container stacking in
seaport terminals, submitted to Advanced Engineering Informatics, 2016 (ISI).



Mnif, S., Elkosantini, S., Darmoul, S., Ben Said, L. An artificial immune network algorithm to
control public transportation systems, submitted to Computational Intelligence (ISI)



Mnif, S., Darmoul S., Elkosantini, S., Ben Said, L. An immune network based distributed
architecture to control public bus transportation systems, submitted to Knowledge based
Systems (ISI)

1.3.3.2. International conferences


S. Mnif, S. Darmoul, S. Elkosantini, L. Ben Said, Integration of immune features into a BeliefDesire-Intention model for multi-agent control of public transportation systems, 12th
International Conference on Hybrid Artificial Intelligent Systems (HAIS 2017), Spain, 2017.



I. Rekik, S. Elkosantini and H. Chabchoub, Integration of case based reasoning in multi-agent
system for the real-time container stacking in seaport terminals, 12th International Conference
on Hybrid Artificial Intelligent Systems (HAIS 2017), Spain, 2017



I. Rekik, S. Elkosantini and H. Chabchoub, A case based reasoning based multi-agent system
for the reactive container stacking in seaport terminals, The International Conference on
Computational Science, Switzerland, 2017.



A. Ferjani, H. Pierreval, A. Ammar, S. Elkosantini, Taking Into Account Workers' Fatigue in
Production Tasks: a Combined Simulation Framework, The 9th Eurosim Congress on
Modelling and Simulation, Finland, 2016



Al-Qasser, F., Louati, L., Gien, D., Elkosantini, S., Fuzzy Nonlinear Optimization multi
objectives Job shop Energy Consumption, The 6th International Conference on Sustainable
Energy Information Technology, Madrid, Spain, 2016.



I. Rekik, S. Elkosantini and H. Chabchoub, Toward a knowledge based multi-agent architecture
for the reactive Container Stacking in Seaport terminals: Application to the port of Sfax in
Tunisia, the 15th International Conference on Artificial Intelligence and Soft Computing,
Poland, 2016.



S. Mnif, S. Elkosantini, S. Darmoul, L. Ben Said, An Immune Memory and Negative Selection
based Decision Support System for the Monitoring and Control of Public Transportation
Systems, 4th IFAC International Conference on Intelligent Control and Automation Sciences
(ICONS 2016), France, 2016.



A. Louati, S. Elkosantini, S. Darmoul, L.B. Said, A Case-Based Reasoning System to Control
Traffic at Signalized Intersections, 4th IFAC International Conference on Intelligent Control
and Automation Sciences (ICONS 2016), France, 2016.



S. Mnif, S. Elkosantini, S. Darmoul, L. Ben Said, An immune Multi-Agent Based Decision
Support System for the Control of Public Transportation Systems, 14th International
Conference on Practical Applications of Agents and Multi-Agent Systems (PAAMS 2016),
Spain, 2016.
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Al-Qasser, F., Louati, L., Gien, D., Elkosantini, S., Nonlinear Programming CPLEX/ILOG
Optimisation Job shop Energy Consumption, 3rd International Conference on Automation,
Control Engineering & Computer Science, Hammamet, Tunisia, 2016.



Ammar, A., Pierreval, H. and Elkosantini, S, A multiobjective simulation optimization
approach to define teams of workers in stochastic production systems, International conference
on Industrial engineering and systems management, Spain, 2015.



I. Rekik, S. Elkosantini and H. Chabchoub, Container stacking problem: a survey, The 45th
International Conference on Computers & Industrial Engineering CIE45, France 2015.



S. Mnif, S. Galoui, S. Elkosantini, S. Darmoul, L. Ben Said, Ontology based performance
evaluation of public transport systems, IEEE International Conference on Advanced Logistics
and Transport (ICALT’2015), France, 2015



N. Gheriani, S. Elkosantini, S. Darmoul, L. Ben Said, An Ontology Based Benchmarking
Platform for the Assessment of Public Transportation Control Systems, IFAC Symposium on
Information Control in Manufacturing (INCOM 2015), Canada, 2015



I. Rekik, S. Elkosantini, H. Chabchoub, Real-Time Stacking System for dangerous containers
in seaport terminals, IFAC Symposium on Information Control in Manufacturing (INCOM
2015), Canada, 2015



Ammar, A., Pierreval, H. and Elkosantini, S., Une Approche d’Affectation Dynamique des
Opérateurs dans un Contexte de Demande Stochastique et Changeante, Basée Sur TOPSIS et
l’Optimisation Via Simulation, proc. 10ème Conférence Francophone de Modélisation,
Optimisation et Simulation, MOSIM 14, 5 au 7 novembre 2014 - Nancy –France,



N. Gheriani, S. Elkosantini, S. Darmoul, L. Ben Said, A survey of simulation platforms for the
assessment of public transport control systems, IEEE International Conference on Advanced
Logistics and Transport (ICALT’2014), Hammamet, Tunisia



A. Ammar, S. Elkosantini, H. Pierreval, 'Serious Game Based on Visual Interactive Simulation
for Dynamic Workers Assignment, 8th Congress on Modelling and Simulation (EUROSIM
2013), 2013, Cardiff, Wales.



Ammar, A., Pierreval H., Elkosantini, S., Worker Assignment Problems in Manufacturing
Systems: a Literature Analysis, International conference on Industrial engineering and systems
management, Morocco, pages 637 -- 643, 2013.



Moalla, D., Elkosantini, S., Darmoul S., (2013), An artificial immune network to control traffic
at a single intersection, International conference on Industrial engineering and systems
management, Morocco, pages 842 – 848, 2013



S. Elkosantini, S. Darmoul, (2013), Intelligent Public Transportation Systems: A Review of
Architectures and Enabling Technologies, IEEE International Conference on Advanced
Logistics and Transport (ICALT’2013), 2013, Sousse, Tunisia.



N. Gheriani, S. Elkosantini, H. Pierreval, (2012), An Agent Based System for Tasks
Assignment and Reassignment of Multi-Skilled Operators, IEEE Logistics Operations
Management, 2012, LeHavre, France



A. Masmoudi, S. Elkosantini, S. Darmoul and H. Chabchoub (2012). An artificial immune
system for public transport regulation, 9th International Conference of Modeling and
Simulation – MOSIM2012, 2012, Bordeaux, France.
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B. Trabelsi and S Elkosantini, S. Darmoul, (2012), Traffic control at intersections using
artificial immune systems, 9th International Conference of Modeling and Simulation –
MOSIM2012, 2012, Bordeaux, France.



A. Ammar, S. Elkosantini, H. Pierreval, (2012), Resolution of Multi-Skilled Workers
Assignment Problem Using Simulation Optimization: a Case Study, 2nd IEEE International
conference on Computer Science and Automation Engineering – CSAE2012, 2012, China, pp.
748- 754.



S. Elkosantini, S. MNIF, H. Chabchoub, (2011), An urban traffic controller for signposted roadrail intersections, 4th IEEE International Conference on Logistics- LOGISTIQUA’11, 2011,
Tunisia.



S. Elkosantini, S. MNIF, H. Chabchoub, (2011) A system for the traffic control in signposted
junctions, SSCI 2011 - IEEE Symposium Series on Computational Intelligence, 2011, France.



N. Abdallah, S. Elkosantini, M.A. Allouche, T. Loukil, (2010), Fuzzy NEH Algorithms for
Flow Shop Scheduling Problems, the 9th international conference on Multiple Objective
programming and Goal programming, 2010, Tunisia.
1.3.3.3. Projects final reports

December 2016 Developing an artificial immune system to control roadway traffic signals and
regulate traffic flow in case of emergencies, rapport technique final [PR3]
March 2016

Vers une meilleure prise en compte des aptitudes des opérateurs pour améliorer
l’efficience des systèmes de production [PR4]

January 2016

Optimisation multicritère pour la réduction des impacts environnementaux dans
les entreprises de sous-traitance [PR5]

1.3.3.4. Synthesis of publications
Type / year
Journals
International
conferences
Project final
reports
Total

Table 4: Synthesis of publications
2010 2011 2012 2013 2014 2015 2016 2017 Total
1
1
2
2
4
10
1

2

4

4

2

5

7

3

3
1

2

5

4

3

7

12

28
3

6
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1.3.4. Animation and organization of Seminars and conferences
1.3.4.1. Members of International Program Committees


International Conference on Simulation and Modeling Methodologies, Technologies and
Applications – SIMULTECH: 2018 (Porto – Portugal), 2017 (Madrid– Spain), 2016 (Lisbon
– Portugal), 2015 (Colmar – France), 2014 (Vienne – Austria), 2013 (Reykjavik – Iceland),
2012 (Rome – Italy).
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International Conference on Advances in System Simulation – SIMUL: 2017 (Athens –
Greece), 2016 (Rome – Italy), 2015 (Barcelona – Spain), 2014 (Nice –France), 2013 (Rome –
Italy).



IEEE International Conference on Advanced Logistics and Transports – ICALT: 2017
(Bali – Indonesia), 2016 (Kraków – Poland), 2015 (Valenciennes – France), 2014 (Hammamet
– Tunisia), 2013 (Sousse – Tunisia)



International Conference on Logistics Operations Management – GOL: 2014 (Rabat –
Morocco), 2012 (Le Havre - France)



International Conference on Internet of Things and Cloud Computing – ICC: 2017
(Cambridge - United Kingdom).



International conference on Intelligent Information Processing, Security and Advanced
Communication – IPAC: 2016 (Prague - Czech republic).



IEEE International Conference on Logistics LOGISTIQUA: 2011 (Hammamet - Tunisia).



Multi-Conference on Sciences and Technology GS-MICST: 2014 (Dubai, United Arab
Emirates).



International Conference on Control, Systems & Industrial Informatics ICCSII: 2012
(Bandung - Indonesia)

1.3.4.2. Special sessions and organization of conferences


Member of the organizing committee of “IEEE International Conference on Advanced
Logistics and Transports ICALT’13”, Tunisia.



Organizer and chair of a Track titled "Modeling, simulation and optimization in
transportation systems", MOSIM – 2010



Organizer and chair of a special session titled "Traffic control in transportation systems",
MOSIM – 2012



Member of the organizing committee of the “international conference on multiple objective
and goal programming, MOPGP’10”, Sousse, Tunisia.
1.3.5. Reviewing activity

Since 2008, I was asked to review at least one article received from conferences in which I was a
member of the international program committee. In addition, I was asked to review articles
submitted to journals and conferences (without being member of their program committee).
1.3.5.1. Research proposal
In 2017, I was invited to review a research proposal submitted to the Chilean National Science
Technology Commission (CONICYT - Chile).
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1.3.5.2. Journals









International Journal of Services and Operations Management: 1 article
Computing in science and engineering (ISI): 1 article
IEEE Transactions on Intelligent Transportation Systems (ISI): 1 article
Kybernetes (ISI): 2 articles
International Journal of Production Research – IJPR (ISI): 3 articles
Simulation Modelling Practice and Theory journal – SIMPAT (ISI): 1 article
International Journal of Business Performance and Supply Chain Modelling – IJBPSCM: 1
article
Journal of Intelligent Transportation and Urban Planning: 1 article

1.3.5.3. Conferences






The 45th International Conference on Computers & Industrial Engineering CIE45, France
2015: 1 article
International Conference on Networked Systems NETYS 2014, morocco: 1 article
The International Conference on Modeling, Simulation and Applied Optimization
(ICMSAO’13) – Tunisia 2013: 1 article
Conception et Production Intégrée 2013, Algeria: 4 articles.
IEEE international Conference on Control, Systems & Industrial Informatics ICCSII 2012,
Indonesia: 1 article

1.3.6. Scientific association membership





Member of the IEEE Intelligent Transportation System Society.
Member of the International Institute for Innovation, Industrial Engineering and
Entrepreneurship (i4e2).
General secretary and founder member of the Tunisian association of decision engineering
(from 2012 until 2014)
General Secretary and founder member of the Tunisian Operation Research Society
(TORS) (from 2012 until 2014).

1.3.7. Certification, grants and awards





Award of Scientific Excellence for the paper titled “An immune Multi-Agent Based
Decision Support System for the Control of Public Transportation Systems” presented in
the 14th International Conference on Practical Applications of Agents and Multi-Agent
Systems (PAAMS 2016) in Spain, 2016.
Certification of appreciation from the industrial engineering department (KSU) for
excellence in research during 2015-2016.
Distinguished Researcher Award for the academic year 2014-2015, College of Engineering,
King Saud University.
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Visiting professor, University Lumiere, Lyon 2 (June –July 2015),
Oracle Certified Professional, Java SE 6 Programmer, 2013
Travel Grant from the French Institute of Cooperation in 2010, 2012 and 2013.

1.4. Conclusion
In this chapter, I have presented a synthesis of my academic, administrative and research activities.
Since 2008, indeed, I served in several administrative positions, particularly in ISIMa (Tunisia,
from 2008 until 2013) in which I was involved in many committees and tasks. Since 2013, I was
involved in some research projects and participated in the co-supervision of many master and PhD
students. These research activities resulted in articles published or submitted in journals and
international conferences. Regarding the link between research and teaching, I had the opportunity
to teach a course about Artificial Intelligence in two different masters (see table 2). In this course,
I tried to show to students, not only basic AI techniques such as expert systems or fuzzy logic, but
also bio-inspired techniques, mainly those I use in my research (Artificial Immune techniques).
Moreover, I tried to show them an example of implementation of these techniques in transportation
and logistics systems which are considered in my research activities.
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Chapter 2.

Context of research interests

2.1. Context and Motivations
Nowadays, monitoring and making decisions in complex systems (such as transportation, logistics,
agriculture, military, manufacturing, etc.) has drawn the attention of many researchers and
scientists. Indeed, with the globalization, systems become bigger, exchange a big quantity of data
(from different type) and are both decentralized and heterogeneous. Many systems become more
complex, dynamic and their behavior may be affected by unpredictable events or disturbances. A
complex system is defined by Bar-yam (1997) as a system in which many independent components
can interact leading to emergent behavior which cannot be simply inferred from the behavior of its
components. The behavior of such systems may evolve, change and adapt. Bar-yam noted that the
amount of information necessary to describe the behavior of such systems is a measure of its
complexity. Another measure of complexity of systems can be related to the occurrence of
disturbances and their variation. In this document, a disturbance is defined as an event or a situation
that may occur in a complex system and challenge its “good” execution (with respect to expected
behavior, performance and/or quality of service).
To maintain the performance (or the quality of services) at an acceptable level, advanced Decision
Support Systems (DSS) are developed in order to support decision makers in their decision making.
DSS can be designed as a specific class of computerized information systems that support decision
making activities (Sokolova et al., 2010). DSS should be reactive to allow the detection of possible
disturbances, which can affect the "normal" behavior of a complex system, and build appropriate
reaction strategies. According to Leitão and Restivo (2004), disturbance management mechanisms
are purely reactive, as the DSS should build corrective actions as soon as disturbances occur. In
complex systems, the DSS must not only react to each disturbance but also analyze the available
data to decide if it was really unpredictable or the result of some unlearned patterns (Sokolova et
al., 2010).
Additionally, a reactive DSS should be interactive to help decision makers in compiling useful
information to identify and solve problems and make decisions. Moreover, reactive DSS should
integrate the decision making in the decision loop for a better integration of its expertise and
knowledge. With respect to the integration of decision makers in the loop, Rasmussen et al., (1990)
identify two types of cooperation between decision makers and decision support systems:
horizontal and vertical. In the horizontal cooperation, decision makers and DSS dynamically share
the tasks to be performed. In such architectures, collected data provided by sensors are only
analyzed by the DSS that generates the best decision. This kind of cooperation is used in
autonomous systems in which the only task of decision makers consists in supervising the decision
making process. However, in a vertical cooperation, DSS can be considered as a guide to support
the decision making process. In such cooperation, decision makers assist the system. Decision
makers can interact with the system in each step of the information processing or the decision
making procedure.
In my research works, I have considered both transportation and logistics systems as complex
systems. Indeed, these two systems has known an important growth and their management requires
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advanced methods and techniques. In (Rekik et al., 2015a, 2015b; Darmoul and Elkosantini, 2014),
some DSS were developed for the management of disturbances in these two types of systems and
have noted that there is still limitations with regards of generic, decentralized and intelligent
approaches for reactive decision making able to deal simultaneously with several disturbances.
Indeed, many DSS were developed, particularly decentralized, for the management of traffic in
urban cities or for the manageme0nt of production and logistic systems. These DSS were developed
by PhD or master students I have (co-)supervised and conducted in the context of research projects.

2.2. Research objectives
The research works which I have conducted after my PhD, since 2008, were centered on the
identification of new innovative models and approaches for reactive decision making able to
capture, store and (re-)use knowledge related to several type of disturbances. In this context,
different contexts (transportation and logistic systems) were considered in the PhD or M. S.c
students works. As illustrated in Figure 1, decision making in DSS should be able to manage
disturbances and build appropriate reaction strategies. Accordingly, my research works can be
classified into two research axis:



Research axis 1: development of new models for disturbance management
Research axis 2: development of new approaches for reactive decision making

Modifications

Suggestions

Decision maker

Objectives of
performance and quality
of services (QoS)

Reactive decision support system

Decision process

Disturbances

Control
action

Disturbances
identification
Fused data
Data
analysis
process

Reaction
strategies

Control
decisions

Real time status of the
system
Complex system

Real-time
status of the
system

Detectors and sensors

Figure 1: Reactive decision making in DSS.
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2.2.1. Research axis 1
The first research axis deals with the development of both new models for the representation of
knowledge related to disturbances and new approaches for the identification and detection of
disturbances. The suggested approaches are based on generic disturbance models that should be
able to structure knowledge. As discussed in Chapter 3, disturbance management is a complex task
due to the complexity of information flow to be analyzed. In this axis, the challenge was the
development of generic models of knowledge. Indeed, the model should be enough generic in order
to be applied to different complex systems and able to represent all knowledge related to
disturbances. Moreover, capturing such knowledge would allow reusing it, for example by
retrieving stored control strategies and adapting them to new occurrences of similar disturbances
that were managed in the past.

2.2.2. Research axis 2
The second research axis concerns the development of new approaches for building reactive
decisions making. As noted in Chapter 4, there is still lack of generic approaches, able to deal,
simultaneously, with a variety of disturbance types and causes, while at the same time not requiring
great customization each time a new disturbance type or cause is considered. In this axis, different
paradigms were investigated, particularly those issued from the artificial intelligence. Conducted
works were the object of many conferences and journal articles and conducted mainly by PhD
students whom I have co-supervised (see Chapter 1 and Chapter 6).

2.3. Research methodology
To achieve the objectives and goals presented in the previous section, which are knowledge
management and reactive decision making, PhD students and me have investigated different
approaches for decision making and knowledge reuse such as the biological immunity (Trabelsi et
al., 2012; Masmoudi et al., 2012; Moalla et al., 2013; Darmoul and Elkosantini, 2014), multi agent
systems (Gheriani et al., 2012; Kchaou, 2012; Elkosantini, 2015) and case based reasoning (Mnif,
2010; Elkosantini et al., 2011a; 2011b; 2012). Our suggestions were implemented and integrated
into reactive decision support systems applied on transportation and logistics systems. Figure 2
illustrates the different problems, approaches and systems considered during my research.

Figure 2: Considered problems, approaches and applications.
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The research methodology which I have followed during my research to achieve objectives consists
of three phases:




Phase 1: development of generic approaches for disturbance modeling, detection and
identification of consequences.
Phase 2: development of innovative approaches for reactive decision making.
Phase 3: integration of suggested approaches and models into decision support systems

The first phase focus on the development of a generic approach for disturbance modeling and
structuring of knowledge, disturbance detection and identification. We have investigated mainly
the biological immunity for the knowledge structuring (Trabelsi et al., 2012; Masmoudi et al., 2012;
Moalla et al., 2013; Darmoul and Elkosantini, 2014), belief function theory for data analysis
(Elkosantini and Frikha, 20105) and finally ontology for disturbance detection and identification
(Gheriani et al., 2015a; 2015b; Mnif et al., 2015). The next phase is the development of approaches
for the reactive decision making. As it will be discussed in Chapter 4, different approaches were
investigated such as multi agent systems (Gheriani et al., 2012; Kchaou, 2012; Elkosantini, 2015),
case based reasoning (Mnif, 2010; Elkosantini et al., 2011a; 2011b; 2012) and also biological
immune systems structuring (Trabelsi et al., 2012; Masmoudi et al., 2012; Moalla et al., 2013;
Darmoul and Elkosantini, 2014). The final phase consists on the integration of our suggestions in
a reactive decision support systems and the assessment of their performance on different contexts
such as transportation and logistics systems.
Figure 3 provides an overview of the research methodology.

Figure 3: Overview of the research methodology.
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2.4. Document structure
The remainder of this document is structured as follow. In chapter 3, titled "New approaches for
disturbance, modeling, analysis and detection", the ability of developed decision support systems
developed for transportation and logistics systems to manage disturbances are discussed. Some
limitations are identified and discussed. Based on this discussion, this chapter presents my research
works conducted in this field. Indeed, a new knowledge model for disturbances, a belief function
theory based approach for data analysis and finally an ontology based approach for disturbance
detection and identification are presented.
The Chapter 4, titled "New approaches for reactive decision making", focuses on the development
of new innovative approaches for decision making. Developed approaches are also discussed with
respect to their ability to deal with several type of disturbances simultaneously and develop a
control strategy to tackle these disturbances. In this chapter, suggested approaches are introduced.
A special focus is devoted to decentralized approaches using multi-agent systems. New approaches
for reactive decision making which are inspired from biological immune systems were investigated
and presented in this chapter.
The Chapter 5 is devoted to the presentation of the integration of suggested models and approaches
within decision support systems. These DSS were developed for the management of some
examples of transportation (public and urban) and logistics (manufacturing and seaports) systems.
The performance of developed systems is also assessed with respect to a variety of performance
indicators.
Finally, this document ends by Chapter 6 titled "Conclusion and future works" in which a general
conclusion is provided as well as futures research directions and projects are presented. These
research directions are classified to short and long term perspectives.
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3.1. Introduction
This chapter introduces our research works conducted in the field of the first research axis
devoted to the development of new approaches and models for the representation and
structuring of knowledge related to disturbances and unpredictable events in complex systems.
In this research axis, I have investigated different approaches and techniques issues from the
artificial intelligence paradigm such as those inspired from the biological immunity. In this
chapter, the limitations of exiting works to develop generic knowledge models able to address
simultaneously detection of disturbances, identification of their consequences, reaction and
evaluation of residual effects are discussed.

3.2. Disturbance management in decision support systems: A review
Disturbance management is a complex engineering task. As outlined in (Papageorgiou, 2007),
disturbances cannot be directly manipulated, but can be detectable (e.g., incident) or predictable
over a future time horizon with appropriate algorithms. Decision makers have to analyze
complex flows of information (with respect to information sources, type, size, frequency, and
processing requirements) concerning the state of the system in order to detect any disturbances
and assess their severity. Also, very often, decision makers have to rely only on their own
experience, expertise and knowledge to select critical information and make control decisions
taking into account requirements of quality of service and operational constraints (Balbo and
Pinson, 2010). Several authors (Borne et al., 2003; Bouamrane et al., 2005) emphasize that
decision makers are still loosely assisted by computerized decision support systems in
performing control/regulation tasks. Generally, decision makers control the global behavior of
the system by processing themselves the raw information provided by sensors and information
and communication technologies. The management of complexity of some systems particularly
increases if multiple disturbances appear and need to be managed simultaneously.
Few works have been conducted in the field of modeling and representation of knowledge
related to disturbances, and the development of new approaches for the detection of
disturbances, analysis and identification of consequences, and reaction capabilities. During my
research, I have studied the ability of developed DSS to manage disturbance in different type
of systems such as urban transportation systems (Masmoudi et al., 2012; Moalla et al., 2013),
public transportation system (Darmoul and Elkosantini, 2014), container storage management
systems (Rekik et al., 2015b, 2017), manufacturing systems (Ammar et al, 2015; Gheriani et al,
2012; Kchaou, 2012) and in project management systems (Zakhama et al, 2014).
In this section, the ability of developed DSS in different fields to manage disturbances is
discussed. In public transportation systems, disturbances can be either unexpected events – such
as accidents, vehicle failures, or absence of personnel – or deviations to expected behavior and
performance due to traffic congestion in situations such as rush hours, bad weather conditions,
or major events (e.g. sport competitions, shows, conferences, etc.). They can affect the expected
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execution of pre-established timetables causing them either to be delayed or to become obsolete
(Krasemann, 2012). In the scientific literature, disturbances of public transportation systems
were addressed by only a few researchers. Ezzedine et al. (2008) suggest a simulation based
approach that considers some kinds of disturbances related to vehicle delays, early arrivals, and
unscheduled stops. “Network perturbations” are introduced to describe the inability to access
subsets of a transportation system (unavailability of some stations on the vehicle routes).
Daganzo (2009) considers only some particular types of disturbances, including heavy traffic
or bad weather conditions. The author suggests a mathematical model in which these
disturbances are taken into account as a random noise. This mathematical model is used to
avoid congestion of buses due to cumulative delays. Unfortunately, the model developed by
Daganzo (2009) suffers limitations with regard to genericity, because not all kinds of
disturbances in a transportation system can be modeled as random noise. Also, both models
proposed by Ezzedine et al. (2008) and Daganzo (2009) are unable to achieve detection of
disturbances. Balbo and Pinson (2010) suggest a transportation regulation support system
which integrates a “disturbance model” that detects only one kind of disturbances, namely
delays of vehicles. The disturbance model evaluates the seriousness of a delay by considering
its consequences on the activity of the network. These delays are reported to decision makers
as disturbances only if they have severe consequences on the transportation system. The authors
define two indicators to assess this severity, but they do not provide details about possible
interactions between decision makers and the “disturbance assessment” process. Also, the
authors do not describe what a decision maker can do once a disturbance is reported to him/her.
Melki et al. (2010) model a disturbance using two types of attributes: static and dynamic. Static
attributes include the maximum capacity of a disturbed vehicle, the number of stations of the
line where the disturbance occurred, the beat (break duration between two services of a vehicle),
etc. Dynamic attributes include the value of the delay, the transportation line, vehicle direction
and the time of the day when the disturbance occurred, a description of weather conditions, the
estimated duration of the disturbance, the number of available vehicles that can substitute for a
disturbed one (also called vehicles of reserve), the number of available drivers and finally the
presence of a vehicle following the disturbed vehicle.
In urban transportation systems, disturbance management, especially at intersections, were
addressed by only few researchers. Developed DSSs for the control of urban transportation
systems suffer limitations with respect to several functions related to disturbance management.
For example, the system presented in (Kosonen, 2003) does not consider disturbances
management. It only tries to minimize the overall delay of vehicles. Other proposed system as
TRANSYT-7F (Wallace et al., 1988) or SCOOT (Robertson and Bretherton, 1991) have
restricted ability to take into account different types of disturbances, and to suggest appropriate
reaction strategies in a way that should be generic enough so that no, or at least little,
customization is required when a new type of disturbance is considered. SCOOT (Robertson
and Bretherton, 1991) is able to detect only disturbances associated to traffic congestion and
buses priority. It suffers limitations with regard to genericity, because not all kinds of
disturbances can be taken into account
In container storage management systems, the assignment of incoming containers to specific
positions in a seaport terminal can’t be sometimes pre-planned due to the high uncertainties and
the unexpected (disruptive) events that may occur. It is very difficult or even impractical to plan
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all the details of handling activities in advance. Thus, the storage location for inbound
containers is made on real-time basis.
There are a lot of works in the literature implementing approaches for planning and scheduling
of containers in a terminal yard, but disturbance management is still a problem to be solved. A
disruptive event here is defined as a significant change in the allocation plan and that can lead
to deadlock or failure situations. Examples are equipment (blocks, bays, stacks) breakdown,
breakage of materials (yard cranes), and a fault in a container placing (Meydanoglu, 2009;
Masing, 2003; Knickle and Kemmeler, 2002). Such other unexpected events include retrieval
events since the retrieval requests are issued in a random order by randomly arriving road trucks
(Sauri and Martin 2011). To overcome these undesirable situations that can affect the overall
performance of the allocation process, disruptive events are recognized and allocation decisions
are essentially made in response to these events that has occurred at that moment or modified
and updated during the implementation if the decisions are included in the allocation plans
(Kim, 2007). The goal is to enable the storage system to respond to these disturbances in order
to minimize their impact, thus to avoid the need of re-planning.
For managing the different perturbations that can affect a storage system, the need of a realtime control function and also a reactive system became a critical issue with the increasing trend
toward automation in advanced container terminals. The reactivity of a stacking system is
defined as the ability of this system to react in a time required to the changes of internal or
external environment (Dauzère-Pérès et al., 2005).
Finally, in manufacturing systems, Leitão and Restivo (2004) define a manufacturing
disturbance as "an unexpected disruption that affects the production". Chong et al. in (1999)
distinguish three types of disturbances: (1) those related to resource capacities, (2) disturbances
related to commands and (3) and those related to data measurements. Frizelle et al. (1998)
classify disturbances in manufacturing systems into: upstream, internal and downstream
disturbances. Upstream disturbances are those related to suppliers such as materials quality
problems or materials delivery delays. Internal disturbances are related to the production
process. Downstream disturbances are related to the delivery of the product. Leitão and Restivo
(2004) suggest another classification: internal and external disturbances. In internal class,
disturbances are related to computational failures, operator errors, machine breakdowns while
at the external level, the disturbances are usually related to delays by suppliers in the delivery
of raw materials or semi-finished parts, rush orders, cancellation or changes in existing orders,
forecasting errors and demand variations. Different systems were developed for disturbance
management. For example, Bellgrana and Aresu (2003) considere a disturbance classification
system for the identification. Authors consider disturbances during early phases and those
during production.
It is worth noting that in all preceding systems, no classification of disturbances is achieved.
Despite the important number of developed DSS in the field of transportation and
manufacturing systems, only a small proportion of works focuses on the issue of disturbance
management. In this field, more research and development efforts need to be spent on several
aspects, including dealing with detection of occurrences and classification of several different
types of disturbances, modeling and representation of disturbances, determination of control
decisions, suggestion of reaction/regulation strategies, and evaluation of residual effects. There
is still a lack of integrated approaches, able to address simultaneously detection of disturbances,
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identification of their consequences, reaction and evaluation of residual effects. Not much work
seems to be done in order to use more than one type of control decisions within hybrid control
strategies. To the best of my knowledge, no work exists that suggests ways to capture
knowledge involved during the management of disturbances in a transportation and logistics
systems. Capturing such knowledge would allow reusing it, for example by retrieving stored
control strategies and adapting them to new occurrences of similar disturbances that were
managed in the past.

3.3. Disturbance Modeling
methodology

and

Knowledge

structuring:

a

new

During my research, different paradigms were investigated to build a generic model for
representation of knowledge related to disturbances. For example, Case-Based Reasoning
(CBR) approach is used in the work of the master student Salima Mnif (Mnif, 2010; Elkosantini
et al., 2011a; 2011b; 2012) to build a disturbance model for the control of traffic at unimodal
and multimodal traffic systems at signalized intersection. Unfortunately, the suggested model
was not enough generic to be adapted in other type of systems and not enough explicit to
structure all knowledge related to disturbance, its occurrence and its propagation in the system.
Since 2012, I have investigated a new approach inspired by the biological immunity to develop
new concepts and mechanisms for the disturbance management in different type of systems.
Indeed, The Biological Immune System – BIS – is a robust complex system. The BIS reacts to
adverse environmental changes, internal and/or external stimuli to the organism by discovering
and eliminating foreign pathogens, called “antigens” or non-self, such as viruses, bacteria, and
other parasites. Therefore, the BIS relies on the Self/Non-Self discrimination principle, which
involves a key and lock like mechanism. Immune cells have receptors at their surface which
can detect sets of characterizing features of disease causing elements, called pathogens. These
characterizing features are specific markers present at the surface of pathogens and called
antigens (cf. Figure 4). Each class of pathogens has its own characterizing set of antigens.

Figure 4: Detection of harmful elements by immune cells (King et al., 2001).
Based on this analogy, an explicit model and representation of knowledge related to
disturbances is developed in (Darmoul and Elkosantini, 2014). Such model can be easily used
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within an integrated knowledge based framework to detect disturbances, to identify their
consequences and to build suitable control decisions. The suggested model is able also to deal
with simultaneous disturbances.
Indeed, a pathogen corresponds to a disturbance, and an antigen corresponds to a characterizing
feature of a disturbance, such as a quantitative symptom of occurrence (e.g. a measure of some
sensor or a calculated value of some indicator). Antigens are grouped into epitopes to have sets
of characterizing features of disturbances, related to their symptoms, causes and context. Table
5 synthesizes this analogy of concepts.
Table 5: Analogy of concepts for knowledge representation.
Biology
Analogy
Host organism The considered system (transportation or
manufacturing)
Biological immune system Artificial immune decision support system
Self Targeted performance and quality of service level
Pathogen Disturbance
Epitope Set of characterizing features of a disturbance
Antigen Specific feature of a disturbance

3.4. A generic disturbance model
As it has been introduced in previous section, disturbances correspond to pathogens. For each
detected disturbance, a disturbance vector is introduced as a pathogen, described by sets of
characterizing features, referred to as epitopes. Equation 1 describes a pathogen (Pg) as a set of
epitopes. This model structures all knowledge related to both detected disturbance and affected
system (or part of the system). Each epitope describes a special feature of the disturbance.
Pg = <<Epitope 1> ; <Epitope 2> ; <Epitope 3> ; … ; <Epitope n>>

Equation 1

Based on this representation, an instantiation of this model is suggested to distinguish
knowledge related to disturbances into four types named reference (Epitope 1), Symptoms
(Epitope 2), Cause (Epitope 3), and Context (Epitope 4) of a disturbance. Nevertheless, as it
will be discussed later, the model can be extended to include more detailed and/or exhaustive
descriptions of disturbances as other epitopes.
Pg = <<References> ; <Symptoms> ; <Causes> ; <Context>>

Equation 2

References (Epitope 1) refer to some attributes that allow acquiring data about the location of
the disturbance. In transportation system, for example, such epitope can include data related to
a specific disturbed vehicle (e.g. a plate number or an IP address if vehicles are equipped with
some information and communication technologies, such as GPS) or a route (i.e. itinerary of a
vehicle, e.g. route number). Symptoms (Epitope 2) refer to attributes describing the
manifestation of a disturbance such as deviations in expected objectives of performance and
quality of service. Cause of disturbance (Epitope 3) refers to attributes describing elements of
data explaining the occurrence of a disturbance. Context of disturbance (Epitope 4) refers to
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attributes describing elements of data giving more details about the circumstances of occurrence
of a disturbance. As it will be detailed in Chapter 5, the suggested model can be easily adapted
in different contexts and systems such as transportation systems (Trabelsi et al., 2012;
Masmoudi et al., 2012; Moalla et al., 2013; Darmoul et Elkosantini, 2014) or logistics systems
(Ammar et al., 2014; 2015; Zakhama, 2014; Rekik et al., 2015b).

3.5. Data collection and analysis
For the detection of disturbances, the decision support system should continuously collect data
and analyze them. Decision support systems require to collect data from different sensors and
sources to collect the same data (vehicle queue length or number of produced parts). Sensors
should be able to provide data even under difficult conditions such as bad weather conditions
(such as rain, fog) or environmental noise. Since the information provided by these detectors is
often uncertain and unreliable, a theoretical framework that can deal with uncertainty and
imprecision is required. Accordingly, a number of studies have used fuzzy set theory to
integrate imprecise data into decision support systems. In fact, fuzzy logic provides an
expressive language to work with both quantitative and qualitative descriptions of traffic
conditions and enables to model and produce some complex behavioral phenomena and states.
Fuzzy logic has recently been applied in a wide range of works involving the implementation
of decision support systems in both transportation and manufacturing systems.
In transportation systems, a specific class of a self-organizing fuzzy rule-based system known
as the Pseudo Outer-Product Fuzzy-Neural Network, for instance, was previously applied to
produce an analytical and modeling approach of traffic flow (Quek et al., 2009). Fuzzy logic
was also used to develop an adaptive fuzzy inference algorithm that predicts and arranges the
duration of light signals depending on the vehicles waiting behind crossroad green and red
lights (Srinivasan et al., 2000). This approach was also used to develop an integrated system
for incident management (Hawas, 2007). Overall, these systems are based on simple IF ...
THEN rules and are used merely only to consider the imperfection of some data. These rules
are not sufficient enough to allow such systems to solve new complex situations. Moreover,
Fuzzy set theory do not allow the data fusion with the integration of conflictual and imprecise
information.
In manufacturing systems, Wang et al. (2010) suggested a system combining neural network
and fuzzy adaptive resonance theory to identify disturbances. Based on the collected data, the
performance of the system is illustrated in graphs and histograms. The developed system has to
recognize the abnormality in histograms.
To deal with these limitations, a number of systems used Belief Function Theory (BFT) as a
numerical model to represent and model imprecision related to data captured by detectors. This
theory is one of the most important tools for modeling and fusing multi-detector readings. In
fact, BFT is a mathematically well-defined framework to combine multiple sources of
information that are uncertain, imprecise, and conflicting. Within this theory, information
fusion represents a mean to associate, correlate, and combine pieces of evidence from multiple
sources using combination of rules. For example, Kong et al. (2009) developed a fusion based
approach for the estimation of mean speed of vehicles in urban roads based on data captured by
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detectors such as induction loops and GPS systems. They, however, consider only the conflict
between detectors to evaluate their reliability. Other researchers worked on BFT based methods
to calculate the reliability degree of detectors using only a dissimilarity measure between
detectors (Liu et al., 2011; Martin et al., 2008). However, the assessment of detectors’ reading
based only on dissimilarity measure is not reliable enough, since it is insufficient. To have an
efficient reliability degree, the conflict between detector’s readings and the imperfection of
detectors’ reading should be taken in to account. These estimated reliability degrees are used to
discount detectors’ reading. Finally, these discounted readings are combined using Dempster's
rule of combination. For more details about basic notions of BFT, readers can refer to
(Dempster, 1967; Shafer, 1976; Smets, 1994) and to the appendix A.
Accordingly, a new multi-detectors data fusion method based on BFT is developed in
(Elkosantini and Frikha, 2015). This method aims to solve conflicting and imperfect data
problems. The suggested method focuses first on the estimation of the reliability degree
associated to each detector’s reading (sensor) then fuse data for the determining the value of
each variable. The suggested method is based on three steps:
 Step 1- preprocessing of data: transform information captured by different detectors to
a value of a set, called frame of discernment  which correspond to a set of linguistic
values of intervals (see the example of Table 6).
 Step 2 –Generate Basic Probability Assignment function (BPA, see appendix A).
 Step 3 – evaluate the reliability of sensors by evaluating the conflict between sensors
using a measure named Body Of Evidence (BOE). Our assumption is that the more
BOEs are far from each other, the more they are dissimilar. Then an algorithm is
introduced based on determined BOEs to calculate the reliability of each detector.
 Step 4 – Data fusion: will fuse the captured measurements to estimate the real value of
the variable. This fusion is achieved through the Dempster's combination rule (see
appendix A) considering the discounting operation determined in the previous step. The
combination is performed using an aggregation rule.
Table 6: The frame of discernment 
Queue length interval (vehicles number)
Meaning
[0, 4]
Very Short
[5, 9]
Short
[10, 14]
Medium
[15, 19]
Long
Very long
 20
The flowchart of the suggested algorithm is illustrated in Figure 5.
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Figure 5. Flowchart of the proposed data fusion process (Elkosantini and Frikha, 2015).

3.6. An ontology based approach for disturbance detection
In the existing literature, a few works focused on mechanisms that would allow detection of
disturbances. Most of the existing works consider that it is the role of sensors to detect
disturbances, based on a comparison between real execution times and theoretical scheduled
times (Melki et al., 2010; Rahal and Chekroun, 2010; Mejri, 2012). Usually, expert decision
makers define tolerances. Any deviation that exceeds a preset tolerance corresponds to a
disturbance (usually earliness or delay from initial schedules) (Fayech et al., 2002; Borne et al.,
2003; Bouamrane et al., 2005).
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In the works Sarra Galui (master student) and Salima Mnif (PhD student) and Nesrine Gheriani
(PhD student), ontology knowledge based systems were developed for the detection of
disturbance and to let decision makers to define and store what they will agree to consider as
“acceptable” functioning conditions of a given system (such as tolerances, expected objectives
of performance and quality of service). The ontology enables knowledge representation and
sharing between the different modules of the DSS. An ontology is “an explicit specification of
a conceptualization” (Gruber, 1997). It is a formal explicit description of concepts and
relationships between concepts in a domain of discourse (Lenzerini, 2011). Guarino (1998)
classified ontologies into four main types:
 High-level ontologies describe very general concepts like space, time, object, event or
action, which are independent of a particular problem or domain
 Domain ontologies describe the vocabulary related to a generic domain (as public
transportation in this paper) by specializing the terms introduced in the top-levels of an
ontology
 Task ontologies describe the vocabulary related to a generic task or activity, as
performance evaluation or decision making.
 Application ontologies describe concepts depending on both a particular domain and
task, which are often specializations of ontologies related to the considered domain
and/or task. These concepts often correspond to roles played by domain entities while
performing a certain activity.
Fernandez (1999) analyzed and compares different methodologies to design and develop
ontologies. The author suggests also a methodology named METHONTOLOGY, which
includes the identification of the ontology development process, a life cycle based on evolving
prototypes, and particular techniques for carrying out each activity. Uschold and Kings (1995)
suggested a four step methodology: identification of purpose, building the ontology, evaluating
it and finally, documenting it. According to Fernandez (1999), this methodology does not
mention management, pre-development and post-development, nor does it propose a design
process. Some activities are missing in the processes it proposes (requirements, implementation
and integral processes), particularly: environment study, feasibility study, training and
configuration management. In our work, we adopted METHONTOLOGY as a process to
design our ontology.
In transportation engineering, ontologies are used to represent knowledge related to
infrastructure (Lorenz, 2005), geographic information systems (Wang et al., 2005), and control
and decision support software (Mnif et al., 2015). For example, Wang et al. (2005) used
ontologies to describe the key concepts and relations in transportation systems, to differentiate
stations having similar or identical names and to query more semantic information. Timpf
(2006) developed two ontologies for traveler information systems. The first ontology reflects
the traveler perspective, while the second ontology describes the services offered by the system.
The ontologies were used to determine the best way to move from a position to a destination
using a public transportation system. Niaraki and Kim (2009) designed an ontology based
architecture of a personalized tourist route planning system. The ontology is used to represent
knowledge related to criteria to be considered during the search for optimal routes. Becker and
Smith (1997) developed an ontology for multimodal military transportation planning and
scheduling named OZONE.
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In manufacturing systems, ontology is widely used for different purpose. For example, Vrba et
al., (2009) used ontology for the description of customer order, production plan and the
manufacturing system itself. Chen and Tu (2009) suggested an agent based system using
ontologies for tracking and controlling dynamic manufacturing processes. Darmoul et al.,
(2011) developed an ontology based framework to capture knowledge related to disturbances.
For the detection of disturbance in complex systems, ontology based evaluation support systems
developed by Sarra Galui (master student (Galoui, 2014)) and Salima Mnif (PhD student (Mnif
et al., 2015)) and Nesrine Gheriani (PhD student (Gheriani et al., 2015b)) used ontology for
structuring knowledge related to: the system, disturbance and evaluation of the performance of
the considered system. The suggested ontology includes two parts:
 Part 1: Description of the system and its components
 Part 2: Description of Key Performance Indicators (KPIs), their classification and how
they are evaluated
For illustration purposes, an ontology is suggested in (Gheriani et al., 2015b; Mnif et al., 2015)
for public transportation systems control. The first part illustrates the relationships between the
different classes describing the concepts involved in public transportation systems (Figure 6)
while the second part illustrates a description of considered KPIs, their possible levels and how
they are determined (Figure 7).

Figure 6: Description of the public transportation system (Gheriani et al., 2015b).
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Figure 7: Performance Ontology (Gheriani et al., 2015b).
The detection function is implemented using a rule based reasoning. These rules check
deviations between collected data from sensors and predefined functioning conditions. In
(Gheriani et al., 2015b) and (Mnif et al, 2015), we have suggested a decision support system
that relies on ontologies to evaluate the performance of a public transportation system. In
addition to the ontology, the system uses an inference system which has to select the appropriate
level of each type of performance indicator based on data collected or entered by the system
user. JENA rule based inference system is used. Its configurations include OWL (Web
Ontology Language) ontology inference engine OWLReasoner and the TDFS ontology
inference engine RDFSReasoner. JENA supports forward inference, backward inference and
promiscuous mode inference.
Any serious deviation is reported to decision makers as a disturbance. Then, decision makers
are given the opportunity to validate or invalidate a disturbance, thus confirming or not its
occurrence, and initiating or not a reaction. In case of validation, the decision maker can give
further information about the disturbance, for example by specifying its causes, context, and/or
symptoms (cf. section 3.4).
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3.7. Conclusion
This chapter focused on conducted works in the first research axis. These works deal with the
development of new generic models for the representation and structuring of knowledge related
to disturbances, their detection and identification. Different approaches such as ontology,
artificial immune systems and belief function theory were investigated.
Presented works in this chapter were conducted in the context of different master and the PhD
that I have supervised or co-supervised (see Table 7) and were the object international
conference and journal papers (see Table 8). Some research works presented in this chapter
were the result of scientific cooperation with some colleagues from different universities such
Prof. Ahmed Frikha (University of Sfax, Tunisia) and Dr. Saber Darmoul (from King Saud
University, KSA). Finally, some of these works were supported by the project SAFE-TRACS
[PR3] and AI-SOS [PR2].

Table 7: Overview of (co-)supervisions for axis 1.
Student
Diploma University Defended
Project
Ali Louati
PhD
Tunis
Yes
SAFE-TRACS [PR3]
/ AI-SOS [PR2]
Salima Mnif
PhD
Tunis
No
SAFE-TRACS [PR3]
/ AI-SOS [PR2]
Ines Rekik
PhD
Sfax
Yes
AI-SOS [PR2]
Sarra Galoui
Master
Gabes
Yes
Dorra Moalla
Master
Sfax
Yes
Boutheina Trabelsi
Master
Sfax
Yes
-

Table 8: Overview of publications for axis 1.
Publication in journals
Publication in international
conferences
(Louati et al., 2017)(Darmoul and
(Louati et al., 2016)(Mnif et al., 2015),
Elkosantini, 2014), (Elkoasntini and
(Moalla et al., 2013), (Masmoudi et al.,
Frikha, 2015)(Elkosantini et al., 2012)
2012), (Trabelsi et al., 2013)
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Chapter 4.

New approaches for reactive decision making

4.1. Introduction
This chapter is dedicated to research works conducted to identify new approaches and
algorithms for reactive decision making. Different approaches were investigated in the different
PhD and Master works, that I have the opportunity to supervise, to build decentralized and
reactive decision making systems. This chapters starts by discussing the ability of exiting
approaches to integrate generic and reactive decision making process to deal simultaneously
with a variety of disturbances.

4.2. A review of approaches for reactive decision making
Reaction to disturbances deals with implementing decision support mechanisms to eliminate or
at least reduce the effects of a disturbance and its downstream consequences. In the existing
scientific literature, we can highlight three ways to deal with disturbances: heuristic techniques,
optimization techniques, and artificial intelligence techniques. Very often, human experts are
integrated and involved in the decision process. They interact with these techniques within
control architectures that benefit from enabling technologies.
Heuristic techniques aim at developing and implementing control decisions and strategies that
exploit specificities and flexibilities of both manufacturing and transportation systems. We have
already presented and discussed some of control decisions and strategies used in public
transportation systems (Elkosantini and Darmoul, 2014) and in manufacturing systems (Ammar
et al., 2014).
In transportation systems, optimization approaches usually consider such type of systems as a
rescheduling, or reactive scheduling process, where new schedules of the vehicles are generated
according to the current network state (Borne et al., 2003). In such approaches, the
transportation problem is usually formulated as a dynamic vehicle routing/scheduling problem
and then solved using meta-heuristic techniques (Fayech et al., 2001, 2002; Borne et al., 2003;
Bouamrane et al., 2005; Ezzedine et al., 2008). Artificial intelligence techniques were also used
for the development of DSS in transportation systems. Such techniques rely on learning,
reasoning and computational methods borrowed from artificial intelligence. For example,
authors, such as Bouamrane et al. (2005) and Ezzedine et al. (2008), suggested Case-Based
Reasoning approaches to deal with new disturbances based on previous experience and
knowledge. Other authors, such as Bouamrane et al. (2005), Ezzedine et al. (2008), Balbo and
Pinson (2010), Rahal and Chekroun, (2010), and Mejri (2012) focused on the design and
development of multi agent system architectures to deal with disturbances (more details are
provided in next section).
In manufacturing system, different approaches were developed for reactive decision making to
solve, for example, the problem of worker assignment problem. Some researchers have applied
meta-heuristics algorithms to cope with the complexity of these problems. Genetic algorithm
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(GA) seems to be the most used among the meta-heuristics to address WAPs. ElMaraghy et al.
(1999) and Elmaraghy et al. (2000) used a GA approach for workers’ assignment in DRC
system. ElMaraghy et al. (2000) added the determination of the best number of workers and
machine and worker’s assignment to jobs along with worker’s assignment rules. Celano et al.
(2004) used GA to solve a workers’ assignment problem in manual mixed model assembly Uline to minimize the total conveyor stoppage time. It seems that other types of meta-heuristic
approaches are much less used to solve this problem. Indeed, Tabu Search (TS), Simulated
Annealing (SA) and Ant Colony (AC) and others approaches are seldom used alone to solve
WAPs. Instead, the effort is put on hybrid meta-heuristics, which combine meta-heuristic with
other optimization techniques. Chaves et al. (2007) adapted a hybrid heuristic called Clustering
Search (CS) to solve ALWABP. In the CS, the evolutionary algorithm was substituted by
distinct meta-heuristics such as TS or SA. They use SA as meta-heuristic to generate solutions
to clustering process. Tao et al. (2007) used a Petri Net modeling method and a hybrid genetic
algorithm and simulated annealing algorithm (GASA) search technique so as to deal with
dynamic DRC job shop and workers assignment. The proposed modeling approach takes
advantages of the search ability of GA and the efficiency in avoiding a partial minimum of SA
to determine the new optimal assignment. The effectiveness and feasibility of applying this
proposed approach in practical cases and even for real-time applications are demonstrated by
the authors.
Several research works have investigated multi-agents in task assignment in manufacturing
systems. For example, Kouiss and Pierreval (1995) developed a scheduling strategy based on
multi-agent architecture, where each agent selects locally and dynamically the most suitable
dispatching rules (SPT, EDD…). Some researchers combine MAS and concepts inspired from
nature, such as the Evolutionary Game Theory for building decisions as soon as a disturbance
is detected (Jong et al., 2006). Authors adapted this theory to avoid that agents spend too much
time negotiating. Their main drawback is that they involve highly abstract models that assume
unrealistic properties of the game: e.g. agents that have the entire common knowledge and
unbounded rationality, unlimited computation power and indefinite negotiation time.
Although the number of developed approaches for reactive decision making, there is still a lack
of generic approaches, able to deal, simultaneously, with a variety of disturbance types and
causes, while at the same time not requiring great customization each time a new disturbance
type or cause is considered. During my research, different approaches were investigated for
decision making and knowledge reuse which are the biological immunity (Trabelsi et al., 2012;
Masmoudi et al., 2012; Moalla et al., 2013; Darmoul and Elkosantini., 2014, Louati et al., 2017,
Darmoul et al., 2017), multi agent systems (Gheriani et al., 2012; Kchaou, 2012; Elkosantini,
2015, Rekik et al., 2017a) and case based reasoning (Mnif, 2010; Elkosantini et al., 2011a;
2011b; 2012).

4.3. Approaches for reactive decision making
4.3.1. Contribution of Artificial Immune Systems
As introduced in section 3.3, biological immune system includes several biological phenomena
for both detection of foreign substances and reactive immune response. In my research, PhD
students Ali and Salima and Master students Boutheina, Dorra and Arij have investigated these
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phenomena in order to develop new mechanisms and approaches for reactive decision making
able to deal with different type of disturbances simultaneously and in a distributed way.
Indeed, organisms include cells named B-cells which are immune cells able to secrete
substances named antibodies, which block antigens and facilitate their elimination. An antibody
can identify pathogens using its receptors that cover its surface in order to eliminate.
Furthermore, an antibody is not activated unless its receptors bind to the pathogen with an
affinity that exceeds an affinity threshold. B-cells that match pathogens get stimulated to
neutralize them.
The body uses a self-non-self discrimination principle to distinguish between pathogens (nonselfs) and B-cells (selfs). According to this phenomena, when the body recognizes a self-cell,
this late will be excluded from the population of recognized cells (sled) and it will be destroyed.
The rest of the population is allowed to leave the thymus. Such principle is called the negative
selection mechanism.
As soon as a non-self-cell is detected, the body activate the first immune response. When
confronted with the presence of an antigen that was previously recognized, a type of cells named
memory cells are activated to launch a rapid and effective response. Memory cells are longlived cells that circulate through the host organism and that memorize reaction actions (B-cells)
for past encountered pathogens. This concept is called the immunological memory. If first
immune response fails to neutralize the pathogen, the body activates the second immune
response, referred to the immune network.
In Immune network, also referred to as idiotypic immune network, is an interconnection of a
set of B-cells. Two B cells are connected if the affinities they share exceed a certain threshold,
and the strength of the connection is directly proportional to the affinity they share (Jerne 1974).
B-cells interact via receptors to stimulate and suppress each other form a regulatory network
that forms an internal image of the antigenic patterns that the immune system observes (Farmer
and Packard 1986). According to immune network theory, the immune system continue to
create new cells and molecules and eliminate those that are too old or are not being of great use.
Such mechanism is named the meta-dynamics. In meta-dynamics, B-cell of the immune
network undergoes cloning and mutation mechanisms. Cloning process, or the clonal selection,
insure the creation of identical B-cells. This process results of the amplification of only cells
that match the detected pathogen. A strong match causes a B-cell to be cloned many times, and
a weak match results in little cloning. In the mutation process, the created clones are mutated
from the original B-cell at a rate inversely proportional to the match strength: a strongly
matching B-cell mutates little and thus retain its match to the antigen, to a slightly greater or
lesser extent, and a weakly matching cell mutates much more.
When multiple B-cells are stimulated, the BIS has to coordinate their activation and their
involvement in the immune response in such a way that prevents anarchy and waste of
resources. Particular immune cells, called Th-cells, are in charge of the arbitration between
stimulated B-cells, and the coordination of their activation. Th-cells are able to select and
activate B-cells based on their affinity with antigens, and their tolerance to the body cells.
Given this overview of the main biological features, a second analogy with biological immunity
(the first analogy is introduced in section 3.4) is adopted in the works I have supervised dealing
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of to design new approaches for reactive decision making to handle with different type of
disturbances simultaneously. In this analogy, biological B-cells correspond to control strategies.
Just as biological B-cells release antibodies to neutralize antigens, control strategies suggest
control decisions to disturbances. Table 9 synthesizes this analogy of concepts.
Table 9: Analogy of concepts for decision making.
Biology
Analogy
B-cell Control strategy
Antibody Control decision
Th-cell Reaction strategy
The concepts described in Table 9 rely on mechanisms so that they are able to provide decision
makers with some decision support to react to disturbances. In this respect, Table 10 synthesizes
an analogy of the main mechanisms that backbone the suggested decision support system.
Biology

Table 10: Analogy of mechanisms.
Analogy

Self/Non self Rule based detection mechanism
discrimination
First immune response Reaction mechanism based on construction of new control
strategies
Immune memory Mechanism that allows to store newly constructed control
strategies for further reuse at future occurrence of similar
disturbances
Second immune response Reaction mechanism based on immune network theory
Negative selection Rule based rejection mechanism that defines conditions of non
acceptance of newly constructed control strategies
Clonal selection Reaction strategy construction algorithm
Meta-dynamics A mechanism to improve suggested control strategies
Affinity Measure of adequacy between reaction/control strategy and
disturbance
Based on this analogy, a control strategy is modeled as a B-cell. A control strategy is an
aggregation of one or more control decisions aimed at reacting to the occurrence of a
disturbance. Thus, one control strategy is always associated to one disturbance. We suggest
representing a control strategy (B-cell) as an object made of 3 parts, namely receptors,
antibodies, and paratopes, as illustrated in Figure 8. The Receptors part corresponds to a
precondition of activation of a B-cell, and has the same structure as a pathogen. A control
decision will be activated and involved in the reaction to a disturbance if there is an affinity
between the Receptors part and the pathogen. We implement affinity as a measure of similarity
between the Receptors part and the pathogen. The antibodies part defines a set of control
decisions that could be activated and used to react to a disturbance. The Paratopes part is a set
of decision variables associated to control decisions. They can have digits or Boolean values.
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Figure 8: Representation of a B-cell.
When more than one disturbance is detected, each one will have its own set of possible control
strategies (B-cells) available. Some coordination to fix a control strategy for each disturbance
is then required to insure coherence and efficiency of the overall reaction to a disturbance.
According to the suggested analogy, reaction strategies correspond to Th-cells. A Th-cell is
associated to a set of all detected disturbances. In transportation systems, Th-cell can represent
a set of control strategies for many disturbed vehicles. In manufacturing systems, Th-cell
represents a set of control strategies for many disturbed machines in which each B-cell assigns
a control strategy for each disturbed machine. Figure 9 illustrates one Th-cell for a set of 3
disturbances. Each Ri gives the reference of the disturbance (see section 3.4).

Figure 9: Representation of a Th-cell.
In addition, a function for checking the consistency of a th-cell is defined. This function is
borrowed from the biological principal. The processes that create possible reaction strategies
(Th-cell) can generate solutions that are not feasible, due for example to the selection of
contradictory control decisions, or to the selection of decisions that are not coherent with the
disturbance.
Respecting the suggested analogy summarized in Table 9 and Table 10, three mains biological
theories were investigated during my research: the negative selection (Forrest et al., 1994), the
clonal selection (Timmis, 2004) and the immune network (Jerne, 1974).
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In negative selection theory, an antibody is not activated unless its receptors bind to the antigen
with an affinity that exceeds an affinity threshold. Thus, the body is based on the self-nonself
dis-crimination principle to distinguish between antigens (non-self) and antibodies (self). Such
theory is adopted in the PhD work of Salima Mnif (Mnif et al., 2016a, 2016b).
In Clonal Selection mechanism, only the immune cells that recognize antigens proliferate and
produce specific antibodies (Timmis, 2004). In fact, after an antigen penetrates the organism,
only lymphocytes that bind to the antigen are activated, proliferate and mutate. Proliferation is
insured by cloning those lymphocytes that have the highest affinity with antigens. Mutation
allows diversification of lymphocytes, so that they produce antibodies with higher ability to
bind to antigens. Cloned and mutated lymphocytes produce a large number of specific
antibodies to eliminate the antigen. During the clonal expansion, lymphocytes divide into two
main types of cells: effector cells and memory cells (Perelson et al. 1978). Effector cells have
a short life time and are created for the immediate defense of the organism. Memory cells are
long lived cells that circulate through the host organism. When confronted with the presence of
an antigen that was previously recognized, memory cells are able to launch a rapid and effective
response. This theory is adopted in (Darmoul and Elkosantini, 2014)
The Immune network theory considers the immune system as an idiotypic network of
interconnected B-cells for antigen recognition. Two B cells are connected if the affinities they
share exceed a certain threshold, and the strength of the connection is directly proportional to
the affinity they share (Farmer et al., 1986). B-cells interact via receptors to stimulate and
suppress each other form a regulatory network that forms an internal image of the antigenic
patterns that the immune system observes (Farmer et al., 1986). This theory is adopted in these
works (Moalla et al., 2013; Darmoul et al., 2017).
4.3.1.1. A negative selection algorithm
In the work of Salima Mnif (Mnif et al., 2016a, 2016b), an adaptation of the negative selection
algorithm is presented to monitor and detect disturbances in public transportation systems. The
algorithm aims to recognize normal situations (self-cells) and identify disturbances (non-selfcells). The objective of this algorithm is to create the set of most representative disturbances
using a learning mechanism based on simulation and the self-non-self-discrimination concept,
inspired from the negative selection theory. The algorithm uses a learning mechanism to
produce a set of non-self-cells by periodically comparing the state of the system and normal
situations (self-cells) defined by human experts. A matching rate is also defined to measure the
distance between a given situation (using collected data) and normal situations. The obtained
set of abnormal situations is then conduced in order to reduce its size while maintaining its
coverage and keep only the most representative disturbances using Condensed Nearest
Neighbor (CNN) algorithm which has demonstrated good performance comparing with some
condensing algorithms.
4.3.1.2. A clonal selection based algorithm
In (Darmoul and Elkosantini, 2014), an algorithm is developed inspired by immune
mechanisms to build reaction strategies. In this work, the problem of finding the most suitable
reaction strategy (Th-cell) to react to both a disturbance and its consequences is considered as
a combinatorial optimization problem, where we need to find the optimal combination of
control strategies (B-cells). For each control strategy (B-cell) involved in a reaction strategy
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(Th-cell), a set of control decisions has to be selected to react to a detected disturbance. To build
Th-cells, we used an adaptation of the clonal selection algorithm (CSA), suggested by De Castro
and Von Zuben (2000).
The CSA is a population based search algorithm which purpose is to find the reaction strategy
(Th-cell) that best optimizes an objective function. In our research, this function should be
defined depending on the considered system. In urban traffic transportation system, the
objective function can be the average waiting time or queue length. In public transportation
system, the objective can be the deviation from predefined timetable. In manufacturing systems,
the objective can be the total mean flow time. Minimization is achieved through combinatorial
optimization, which refers to finding the best setting for decision variables (in the paratopes
section of B-cells) so that the combination of variables set to 1 contributes to minimize
deviation from predefined timetable. CSA contains 3 main phases:
i.

Initialization: corresponds to generating an initial population N of antibodies. This
population N is divided into two sets; a memory antibody set m representative of the
best solutions found by the algorithm and a remaining antibody set r used for
introducing additional diversity into the system.

ii.

Creation of the specific antibody for the antigen: this step first consists of determining
the affinity of each antibody of N with an antigen a. Second, the selection of the n best
antibodies with the highest affinity with the antigen. Third, cloning the n best antibodies,
then, mutating these clones to better match the antigen in question with an inversely
proportional degree to their parents’ affinity. Next, exposing clones back to the antigen
and recalculating their affinities.

iii.

Memory: Antibodies with the highest affinity in the clone are then selected as candidate
memory and placed into m. Replace individuals having the lowest affinity from r with
new random antibodies. The best antibody in the memory set m is considered as the
output solution of the algorithm.

Figure 10 gives an overview of our adaptations to the clonal selection algorithm by De Castro
and Von Zuben (2000) and discussed in (Darmoul and Elkosantini, 2014). Step 1 is dedicated
to the generation of an initial population of candidate solutions (Th-cells). The initial population
can be generated randomly. In step 2, the so constructed candidate solutions are submitted to a
decision maker to check their consistency (i.e. to check if they correspond to feasible solutions),
and to correct infeasible solutions. Then a loop is performed until a stopping criterion is met.
In this paper, the loop is repeated a prefixed number of iterations. In step 3, candidate solutions
are evaluated with regard to the objective function to be optimized. Steps 4 and 5 correspond
to the search mechanism that CSA uses to find new solutions (see (De Castro and Von Zuben,
2000) for a detailed description). Step 6 is equivalent to steps 2 and 3. Step 7 is dedicated to the
generation of the next population for the search. When the stopping criterion (maximum number
of iterations) is met, the decision maker is provided with a pool of M solutions from which
he/she can choose one reaction strategy to apply to react to the set of detected disturbances and
their consequences.
BEGIN
Step 1:
Generate a set of (P) candidate solutions (Th-cells), composed of the subset of (M) memory cells
added to the remaining population of (Pr) Th-cells (P = M + Pr). Memory cells refer to the best
solutions found by the algorithm throughout the search.
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Step 2:
DO
Check consistency of candidate solutions (Th-cells) in population (P). Store those candidate
Th-cells that lead to infeasible solutions in bad antibodies knowledge base. Correct those
candidate Th-cells that lead to infeasible solutions using modification rules base. Submit
corrected Th-cells to a decision maker for validation (either approval or rejection). Store
modifications brought by decision maker in modification rules base. Generate a new Thcell for each rejected Th-cell.
WHILE (all candidate solutions in population P are consistent)
DO
Step 3:
Evaluate deviation with regards to the objective function. Determine the n best individuals Pn
of the population P that minimize this function.
Step 4:
Clone (reproduce) these n best individuals of the population, giving rise to a temporary
population of clones (C).
Step 5:
Submit the population of clones to a hyper-mutation scheme. In the hyper-mutation process,
decision variables are randomly selected. A maturated Th-cell population is generated (C*).
Step 6:
Check consistency (identical to step 2) and evaluate objective function of candidate solutions in
(C*).
Step 7:
Re-select the improved individuals from C* to compose the memory set. Replace d candidate
solutions that have the worst objective function in the population, maintaining its diversity.
WHILE (maximum number of iterations not met)
END

Figure 10: Adaptation of Clonal Selection Algorithm (Darmoul and Elkosantini, 2014).
4.3.1.3. An immune network based algorithm
To build a reaction strategy, the immune network theory is investigated during the work of
Dorra Moalla, Salima Mnif and Ali louati for the development a control algorithm. Indeed, a
first algorithm referred to as Immune Network Algorithm (INA) is developed in (Moalla et al.,
2012). The algorithm aims to find the optimal reaction strategy (Th-cell) able to react to both a
disturbance and its consequences. An immune network is composed of a set of B-cells where
they can interact between them. Each B-cells has a concentration level which varies according
to the interaction and is calculated by the formulae given by Equation 3 (Farmer et al., 1986).
The basic idea of INA is that B-cells are stimulated not only by antigens but also by other BCells. B-cells constituting the network suppress and stimulate each other in order to control the
size of the network. When a B-cell is recognized by other B-cells, via paratopes, it is suppressed
and concentration level is decreased. However, when a B-cell recognizes other B-cell or
pathogens it is stimulated and its concentration increases.
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mji: Affinity between antibody i and antibody j. in other word, the degree of
stimulation.

-

Aj(t) and ak(t)
: concentration of antibodies j and k at time t. this term is a
squashing function to insure the stability of the concentration.
mk : Affinity between antigen and antibody
ki : Natural death of antibody.

-

According to Figure 11, arrows between the B-cells are oriented and the direct sense indicate
the stimulation, whereas the vertical line indicates suppressive effect. In our context, the
immune network is a set of interconnected control strategies (B-cells). The construction of such
network can is achieved following a statistical analysis of historical data.
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Figure 11: Immune network stimulation and suppression (Moalla et al., 2013).
In the example of the Figure 11, the pathogen Pg represents one disturbance. Cells of the
network will interact by suppression and stimulation to determine the best solution. Then, only
B-cells that recognize the pathogen and that have an “acceptable” affinity degree are activated.
According to the network, the B-Cell BC1 stimulate another one BC2 which will reduce the
concentration level of the first BC1 according the Equation 3. The stimulation of a B-Cell by
another one will increase its concentration level. The B-Cell with the highest concentration
level is, then, considered as the output of the network.
In the suggested INA algorithm (Figure 12), the immune network is activated only in case of
the detection of disturbances. If disturbances are detected, cells will interact (by stimulation and
suppression). In step 2, the system compute the affinity degree between each detected pathogen
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and all B-cells of the immune network using Equation 4 and the affinity between all pairs of Bcells using Equation 5.

𝑃𝑔
∑𝐿𝑒𝑛𝑔𝑡ℎ
𝛿𝑖
𝑖=1
𝐴𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝐵, 𝑃𝑔 =
𝐿𝑒𝑛𝑔𝑡ℎ 𝑃𝑔

Equation 4

Where
𝐿𝑒𝑛𝑔𝑡ℎ 𝑃𝑔 : 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑣𝑒𝑐𝑡𝑜𝑟 𝑃𝑔, 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑛𝑡𝑖𝑔𝑒𝑛𝑠 𝑖𝑛 𝑝𝑎𝑡ℎ𝑜𝑔𝑒𝑛 𝑃𝑔
{
𝛿𝑖 = 1 ,
𝑖𝑓 𝐵. 𝑅𝑒𝑐𝑒𝑝𝑡𝑜𝑟𝑠[𝑖] = 𝑃𝑔. 𝐸𝑝𝑖𝑡𝑜𝑝𝑒[𝑖] = 𝐴𝑔𝑖
𝛿𝑖 = 0 ,
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑣=𝑁𝐵𝑉

𝐴𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝑇ℎ, 𝑃𝑔 = 𝑆 ∗ ∏ 𝐴𝑓𝑓𝑖𝑛𝑖𝑡𝑦 𝐵𝑣 , 𝑃𝑔𝑣

Equation 5

𝑣=1

Where
𝑁𝐵1 : 𝑖𝑛𝑡𝑒𝑔𝑒𝑟, 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑒𝑑
𝑁𝐵 : 𝑖𝑛𝑡𝑒𝑔𝑒𝑟, 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 𝑖𝑛𝑣𝑜𝑙𝑣𝑒𝑑 𝑖𝑛 𝑎 𝑠𝑡𝑜𝑟𝑒𝑑 𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦
{ 2
𝑖𝑓 𝑁𝐵1 == 𝑁𝐵2 𝑡ℎ𝑒𝑛 𝑁𝐵𝑉 = 𝑁𝐵1 = 𝑁𝐵2 𝑎𝑛𝑑 𝑆 = 1
𝑒𝑙𝑠𝑒 𝑆 = 0
All B-cells whose affinity degree is below than a given threshold will be deactivated from the
the network. Then, other cells will interact by suppression and stimulation. In step 3, B-cell
with the highest concentration level will be considered as the output the network. In case of
detection of many disturbances, one immune network is associated to each disturbance and one
B-cell will be associated to each disturbance. The set of these B-cells constitute the Th-cell. In
step 4, the system check the consistency of the so constructed Th-cell. Steps 2, 3 and 4 are
repeated until a stopping criterion is met such as a prefixed number of iterations in reached or
if the Th-cell is consistent.
BEGIN
Step 1:
Generate Immune Network (IN), composed of a set of B-cells. The generation is achieved
following a statistical analysis of historical data.
DO
Step 2:
FOR each detected Pathogen Pgi
Compute the affinity degree between Pgi and B-cells of the immune network INi and
between all pairs of B-cells.
Deactivate B-cells whose affinity degree is below a given threshold from INi.
WHILE a given convergence or stopping criterion is met.
Evaluate the level of stimulation and suppression for each B-cell of INi;
Calculate the concentration level of each B-cell of INi
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END WHILE
END FOR
Step 3:
Consider the B-cell BCbest with the highest concentration level as the output of each IN. The
set of BCbest constitute the Th-cell.
Step 4:
Check the consistency of the so constructed Th-cell.
WHILE (Th-cell is consistent or the maximum number of iterations not met)
END

Figure 12: Proposed Immune Network Algorithm.
4.3.2. Contribution of Case Based Reasoning
The potential of Case Based Reasoning (CBR) was also investigated during the Master research
work of Salima Mnif for the implementation of reactive decision support systems for
disturbance management. The CBR is always considered as a cyclic paradigm of Artificial
Intelligence and that is used to learn and solve problem based on past experience. The past
experience is stored in a “case base” in the form of solved problem called “case”. The solution
of each new problem is based on the adapting of solutions of stored similar cases (problems).
According to (Aamodt and Plaza, 1994), the CBR cycle is decomposed to 4 steps (see Figure
13):
1.
2.
3.
4.

Retrieve the most similar case(s)
Reuse the cases to solve the problem
Revise the proposed solution
Retain the parts of this experience to be used for future application

Figure 13: The case based reasoning cycle.
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Some reactive decision support systems were implemented using CBR. In transportation
system, Khattak and Kanafi (1996) proposed the use of the CBR to develop a tool, named
PLANiTS for planning in intelligent transportation systems. Bouamrane et al. (2005) suggested
a hierarchical architecture for the regulation of a bimodal urban transportation network
involving buses and trams. The developed system use Case Based Reasoning model to
automatically suggest regulation decisions as soon as a disturbance is detected. The CBR
decision model relies on a database to store cases of disturbances. A case refers to a deviation,
to its characterization, and to the regulation strategy that was previously used to react to the
disturbance. Based on the description of the deviation and its characterization, the authors
suggest a similarity measure that is used to compare between a new disturbance occurrence and
cases stored in the database. The cases with the highest scores of this measure are selected to
build a solution for the new disturbance. This solution will be “reviewed” by the decision maker
and then added in the base of cases in order to be reused later. Ezzedine et al. (2008) have also
developed a system for management of the intermodal transport system (buses, trams, and
trains) of the city of Valenciennes in France. The authors suggest a decision model based on an
interaction with the decision maker, who can choose between three modules to design a
solution. In the “manual tool module”, the decision maker constructs his/her own solution
manually by combining decisions from a typology of predefined mathematical algorithms that
are specific to the project. The decision maker is enabled to focus on either one of two control
logics, namely “respect for punctuality” or “respect for transfers”. Depending on the logic
choice, a “filtering procedure” is suggested, which enables or disables the suggested
mathematical algorithms. In the “Case Based Reasoning (CBR) module”, new problems are
solved using previous experiences and stored activities resulting from manual and automatic
regulation. In the “expert system module”, a solution is generated using a knowledge base that
exploits the expertise of decision makers.
For the development of a reactive decision making process, the “case base” is a data base that
contain several cases having the following structure:
case ⇒ action

Equation 6

Where case represents knowledge related to disturbances (see section 3.4) and action is a
possible reaction strategy. According to the principle of the CBR, reaction strategies for
detected disturbances can be found based on existing situations stored in the case base by
calculating the similarity degree between the new detected disturbance and solved ones. In the
literature, several local and global similarity measures were proposed. Let us outline that the
choice of a similarity measure is based generally on the nature of collected data that will be
compared. In our researches (Mnif, 2011; Elkosantini et al., 2011a; 2011b; 2012), a symbolic
local similarity measure is adopted to compare attributes of two cases:
1 𝑖𝑓 𝑎 = 𝑏
0 𝑖𝑓 𝑎 ≠ 𝑏
𝑠𝑖𝑚 𝑎, 𝑏 = {
0.5 𝑖𝑓 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎 𝑜𝑟 𝑏 𝑖𝑠 𝑛𝑜𝑡 𝑑𝑒𝑓𝑖𝑛𝑒𝑑

Equation 7

Where a and b are two attributes of two different cases. Furthermore, as a global similarity, the
weighted block-city measure is used to calculate the similarity between two cases A and B:
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𝑛

𝑠𝑖𝑚 𝐴, 𝐵 =

𝜔𝑖 × 𝑠𝑖𝑚𝑖 ( 𝑎𝑖 , 𝑏𝑖 )
𝑖=1

Equation 8

where n is the number of attributes of a case, wi is the weight of the ith attribute and simi is the
local similarity degree of the ith attribute.
4.3.3. Contribution of Multi-Agent Systems
In many systems, many reactive decisions need to be made face to the different unexpected
events that may arise. Consequently, the use of some meta-heuristics or heuristics are not
appropriate. The incorporation of decentralized or also reactive approaches can be employed to
monitor and control complex systems. The use of multi-agent systems to build reactive and
decentralized decision support systems seems to be an interesting approach for many reasons.
First, we examine the potential of integration of agent technologies in decision support systems
(DSS). Being sufficiently equipped with cognitive capabilities to perform reasoning on a
specific problem, the agents are able to make certain types of decisions, and execute the
associated actions. They are more effective to automate a task for solving a problem than other
centralized approaches (Taghezout et al., 2012).
Multi-Agent Systems (MAS) emerged from the previous research efforts in Distributed
Artificial Intelligence. It reflects the activity of some entities, a subject about collective
behaviours generated by interactions of several autonomous, flexible entities called agents
(Martel et al., 2008). These interactions turn around the cooperation, negotiation, coordination
or simple message passing among the agents (Monostori et al., 2006). They make the system
more flexible and stable to different predicted and unpredicted disturbances (Oren and GhasemAghaee, 2003). Indeed, the problem solving in a MAS has more degrees of freedom, than in
centralized system.
During my research, I have investigated both agents' behaviour models and multi-agent systems
organisations. First, I have tried to develop a new agent behaviour model integrating better both
individual and inter-agent behavioural features (Elkosantini, 2015; see section 4.3.3.1). Second,
different type of MAS organisations were implemented (see section 4.3.3.2).

4.3.3.1. Agent behavior model
Each agent should implement a behavior model. Different models were developed and which
were analyzed and discussed in (Elkosantini, 2015). BDI (Belif – Desire – Intention)
architecture (Rao and Georgeff, 1991) is one of the most widely used architectures for the
structuring of autonomous agents and development of multi-agent systems while considering
social phenomena. It integrates the rational and cognitive aspects of human behavior, including
beliefs, desires, and intentions. Beliefs represent an agent’s conceptual model. A BDI-agent has
to modify its desires and beliefs depending on the environment which is considered as the input
of BDI architecture. The BDI-agent has then to choose the intention that could also be treated
as the plans for eventual execution. The BDI architecture is, however, restricted to cognitive
processes. It does not integrate physical, emotional or social processes as well as their
interaction.
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Schmidt (Schmidt, 2000) has developed another type of architecture, the PECS (Physics,
Emotion, Cognition, Social status). It based on the integration of state variables belonging, not
only to the cognitive class, but also to physical conditions, emotion, and social status. As
Martinez-Miranda and Aldea (2005) noted, PECS is an integrated model wherein several
aspects essential to human behavior and decision-making processes are taken into account.
Nevertheless, the PECS architecture is not based on social or psychological theories. In
addition, the different components of the architecture are not detailed. Schmidt tried to propose
a generic model that can be developed in different contexts. It was, however, presented in such
a high level of abstraction that complicated its implementation in computer applications.
Several other models were proposed for the simulation of military operations, including the
Situation Awareness Model for Person-in-the-Loop Evaluation (SAMPLE) architecture
(Mulgund et al. 2000), which focuses on the Situation Awareness (SA) of a pilot. This
architecture focuses mainly on Situation Awareness and ignores other psychological and
physical capacities of pilots. The Social and Cultural Analysis and Learning Environment for
Urban Pre- and Post-Conflict Operations, referred to as SCALE-UP, is another architecture for
the simulation of military operations, developed by McDonald et al. (2006). It provides a
training capability to enhance force effectiveness in urban settings through using a multi-human
behavioral model. It also integrates social environments
It is worth noting that the agent-based behavioral models mentioned above are not enough
generic to consider factors related to cover individual, inter-agents and interaction with the
environment. In (Elkosantini, 2015), I have suggested a behavior model that is designed to
model agent behavior in a generic way so as to be easily integrated in MAS. It also aims to
integrate the interaction between environmental and behavioral factors agents' decision and
performance. The model is based on various works and theories from psychological, social, and
work psychology sciences. The suggested model allows the integration of the dynamics of the
relationships that could exist between three mains components: agent, agent environment and
agent’s task (see Figure 14). It also allows for the simulation of individual behavior and can be
implemented in agents for defining their behavior. The model consists of:


Extrinsic layer: represents individual characteristics, perception to the environment, and
personal goals and objectives.



Intrinsic layer: is the core of the architecture. It contains behavioral (psychological,
social or physical) factors as well as the interaction between them.



Performance: or the output of the architecture, which may include different performance
criteria.



Dynamic fuzzy model: it evaluates the impact of extrinsic factors on the behavior
(intrinsic) and the impact of the behavioral factors on individual performance.
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Figure 14: The model-architecture (Elkosantini, 2015).
The extrinsic layer of the model, also considered as its input layer, is composed of elements
representing the characteristics of agents and their perceptions to the environment, which have
an important influence on performance. Two kinds of extrinsic factors can be distinguished.
The first type of extrinsic factors relates to the goals or tasks of agents. In fact, several studies
have investigated the interaction between an autonomous agent and task characteristics (Lenox
et al., 2000). Most works have, however, disregarded the effect of some psychological and
social processes. The second type of extrinsic factors pertains to the perception of an agent to
his environment. From a safety perspective, Gyekye (2006) indicates that environmental
conditions affect employee safety perceptions which, in turn, have impacts on employee
commitment.
This intrinsic layer includes highly important behavioral processes that influence agent's
performance. Three main categories of processes are distinguished based on theories from
psychological and social sciences (see Elkosantini, 2015). The first category of intrinsic factors
concerns individual characteristics, including aspects having effects on behavior and
performance. The second category relates to psychological processes with significant effects
on agent's performance (Ryan and Deci, 2000). Their intra-interactions and interactions with
extrinsic factors are illustrated in Figure 14. The last category relates to social processes and is
integrated in the behavior model as intrinsic factors. The strength of inter-agents relationship is
related to the individual. Duffy and Shaw (2000) have also shown that social loaﬁng was
negatively related to group performance.
The performance component constitutes the output of the architecture. It includes all
performance criteria that can evaluate the performance of an agent. In a manufacturing system
context, performance can be latency or accuracy. In military operations, performance can be
“task completion time” or “cognitive processing ability”.
The suggested architecture includes also a fuzzy model that describes the dynamics of
relationships between the different components of the architecture. This fuzzy model is inspired
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by studies integrating very few behavioral factors that are always modeled as static elements.
The aim of this part of the behavior model is to evaluate the impact of extrinsic factors on the
behavior and the impact of the intrinsic factors on performance. The mathematical modeling of
relationship dynamics can be insured using differential equations. This type of modeling has
rarely been applied to human behavior, and only few models used them to describe such
complex behavior dynamics. In a previous work, a preliminary version of the model was
proposed using differential equations (Elkosantini and Gien, 2009). It formalized the effect of
psychological factors on the evolution of performance criteria. Linear and non-linear
mathematical models were also used in social psychology to describe other kind of interindividual relation. However, the formalization of such aspect using simple additive and
multiplicative rules is very difficult, and the validation of such a model becomes very complex.
In fact, behavioral factors can be quantified using linguistic variables that may offer a better
approximation of the human thought process (Zadeh, 1965). Accordingly, each element of the
model is quantified with linguistic values (Very low; Low; Medium; High; Very high). In this
study, the dynamics of ties that exist between factors are modeled with “IF … THEN …” rules.
The influence of external factors on behavior and the effect of behavioral factors on
performance are also formalized by “IF … THEN …” rules. The “fuzzy model” is constituted
by a fuzzy network including three fuzzy systems (see Figure 15).
Dynamic Fuzzy model
Extrinsic
factors

Intrinsic
factors

First
Fuzzy
system

Second
Fuzzy
system

Third
Fuzzy
system

Performance

Figure 15: Dynamic Fuzzy model (Elkosantini, 2015).
In the recent PhD work of Salima Mnif (Mnif et al., 2017), we have suggested another agent
model by extending BDI model. In this paper, a new framework for the implementation of the
Belief-Desire-Intention (BDI) model for the development of an agent based decision support
system for the control of public transportation systems is presented. Indeed, the BDI model
does not present any explicit way of its implementation. Accordingly, a framework is suggested
to implement the BDI model based on the integration of immune features.
The presented immune concepts and algorithms are integrated into a BDI model. Thus, the
developed BDI model presented in the Figure 16 includes the following components:
─ Percepts: antigens are used to represent the different data collected from the public
transportation system using sensors;
─ Beliefs: the pathogen knowledge model of the equation 1 is used to provide an abstract
representation of the public transportation system.
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─ Desires: agents of the suggested PTCS have many objectives that can be accomplished
and which are: analyze data, detect disturbance, determine control decision or update
control decision.
─ Intention: Antibodies are used to represent different type of decisions to be determined
by the agent.
─ Plan: B-cells are used to represent the combination of actions (antibodies) to tackle a
detected disturbance.
─ Reasoner: The suggested Immune Network Algorithm (INA, see section 4.3.1.3) is used
to determine the control strategy (plan) for the detected disturbance.
Public Transportation
simulation with Vissim

PTS state (perceptrons)

Beliefs
(Pathogens)
Pathogen knowledge
model

Knowledge about
the PTS

Desrire

Reasoner

B-cells

INA

Goals

B-cell

Plan Library: Immune
Memory
Data Base

Intention
Plan: B-cell

Figure 16: The BDI model (Mnif et al., 2017).
4.3.3.2. Types of multi-agent systems organizations
Different type of MAS architecture are used in the literature and that are can be classified into:
hierarchical, heterarchical, and semi-hierarchical (Trentesaux, 2009). Hierarchical architectures
use some kind of organizational structure where a hierarchy of authority exists (Bazzan &
Klügl, 2013). Agents at lower levels send information to agents at upper levels, which make
decisions in order to coordinate and synchronize activities and decisions of lower level agents.
In such architecture, authority both insures global system performance and solves conflicts.
However, the design choice by which hierarchically superior decisions are made and lower
level agents just implement them reduces the autonomy of lower level agents and may even
compromise local performances.
In heterarchical architectures, agents communicate by means of exchange of data and negotiate
about how to operate together to solve a problem. Although coordination between agents is
required to optimize their activity, decisions and performance, many authors emphasize that
there is no obvious way to coordinate control decisions (Trentesaux, 2009). This can be
performed independently, implicitly, or by means of communication.
Semi-hierarchical architectures combine the features of hierarchical and heterarchical
architectures.
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Different DSS were implemented by PhD and master students considering all of these
organization types. For instance, in (Gheriani 2011, Gheriani et al., 2012), a hierarchical based
system is developed for the assignment and reassignment of multi-skilled workers in a
manufacturing system. The system implements a negotiation mechanisms inspired by the Dutch
auction (see Figure 17).

Figure 17: Implemented Deutch auction principle (Gheriani et al., 2012).
The Dutch auction is used in Holland for selling products and flowers. According to this
auction, auctioneer starts with a high asking price, which is then lowered until a bidder accepts
the auctioneers' price. In a Dutch auction “…bidding starts at an extremely high price and is
progressively lowered until a buyer claims an item by calling "mine," or by pressing a button
that stops an automatic clock. When multiple units are auctioned, normally more takers press
the button as price declines. In other words, the first winner takes his prize and pays his price
and later winners pay less. When goods are exhausted, the bidding is over" (Sollish and
Semanik, 2012).
Based on this conceptualization, a first architecture of a multi-agent system (Figure 18) for the
assignment and re-assignment of tasks to operators in manufacturing system was developed in
the Master of Nesrine Gheriani (Gheriani; 2011; Gheriani et al., 2012). The system includes
two types of autonomous and heterogeneous agents: one supervisor agent and many operator
agents that are fully in communication.
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Figure 18: MAS architecture (Gheriani et al., 2012).
Supervisor agent has to start the auction by announcing the task to be assigned and to assign a
task to operator agent who have suggested the shortest execution time for the announced task.
The agent select the operator agent based on the offered execution time. The second type of
agents, operator agent, represents workers. It encapsulates his skills levels and his preferences
for each task. It computes the needed time to execute the defined task (estimated execution time
+ preference). These agents can cooperate between them to perform all assigned tasks. This
communication is made using simples messages. The implemented inter-agents communication
strategy is inspired by the Dutch auction as outlined above.
In the PhD of Ines Rekik who I co-supervise, a heterarchical MAS is suggested for the
management of container stacking in seaport terminals. It aims to monitor terminals, supervise
containers allocation and react to unexpected events, change and disturbances, such as handling
of dangerous materials, in an intelligent, self-organizing and real-time ways. In this system, no
agent coordinator is implemented. Agents should cooperate and exchange messages in order to
determine the exact position of a container in a seaport terminal (Rekik et al., 2015b; Rekik et
al., 2017a). The system includes different types of agents and each one has to take a part of the
decision (see section 5.3.1 for more details). For example, the Block Agent (BlA) determines
the block where the container will be allocated and monitor the state of blocks by determining
both the block assignment rule and the exact block in which the container will be stored. Bay
Agent (BA) determines the Bay where the container will be allocated and monitor the state of
bays. Stack Agent (SA) determines the Stack where the container will be allocated and monitor
the state of stacks. Finally, all agents (BlA, BA and SA) include a rule based system to select
an allocation strategy.
In the PhD of Salima Mnif who I co-supervise, a semi-hierarchical architecture including two
type of agents: Bus agents (BA) and Line agent (LA). In such architecture, BAs can make
decisions autonomously. Upper hierarchical control by LAs will not be considered, unless there
is an incoherence in local bus decision-making (Mnif et al., 2016b).
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4.4. Conclusion
This chapter focused on conducted works in the second research axis. Different approaches
such as Case Based Reasoning (CBR), multi-agent systems and immune theories (Negative
selection, Clonal Selection and Immune network) were suggested for reactive decision making.
The implementation and the assessment of these approaches are discussed in next chapter.
Conducted works were published in journals and conferences (see Table 11) and were the object
of the many master and the PhD projects that I have supervised or co-supervised (see Table 12).
Some of works presented in this chapter were supported by the projects SAFE-TRACS [PR3]
and AI-SOS [PR2].

Table 11: Overview of publications for axis 2.
Publication in journals
Publication in international
conferences
(Darmoul and Elkosantini, 2014),
(Mnif et al., 2017)(Rekik et al., 2017a,
(Elkosantini, 2015), (Elkosantini et al.,
Rekik et al., 2017b)(Rekik et al.,
2012), (Darmoul et al., 2017)
2015b), (Moalla et al., 2013),
(Masmoudi et al., 2012), (Trabelsi et al.,
2013), (Gheriani et al., 2012),
(Elkosantini et al., 2011a), (Elkosantini
et al., 2011b),
Table 12: Overview of (co-)supervisions for axis 2.
Student
Diploma University
Defended
Project
Ali Louati
PhD
Tunis
Yes
SAFE-TRACS [PR3] / AISOS [PR2]
Salima Mnif
PhD
Tunis
No
SAFE-TRACS [PR3] / AISOS [PR2]
Ines Rekik
PhD
Sfax
Yes
AI-SOS [PR2]
Arij Masmoudi
Master
Sfax
Yes
Nesrine Gheriani
Master
Sfax
Yes
Hamadi Kchaou
Master
Sfax
Yes
Dorra Moalla
Master
Sfax
Yes
Boutheina Trabelsi Master
Sfax
Yes
Salima Mnif
Master
Sfax
Yes
-
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Chapter 5.

Applications to transportation and Logistics
systems

5.1. Introduction
Suggested concepts, models and algorithms presented in previous chapters were also
integrated within reactive and decentralized decision support system for disturbance
management in transportation and logistics systems. The implementation and the
feasibility of our suggestions are discussed in this chapter.

5.2. Transportation systems
The suggested approaches and knowledge models were tested in both public and urban
transportation systems. The following sub-sections present the architecture of
suggested DSS.
5.2.1. Urban Transportation Systems
Many Reactive Decision Support Systems were developed to regulate the traffic at
signalized intersections in urban areas. They aim to analyze the current state of the
traffic and to act on the traffic signal cycle as soon as a disturbance or an emergency
situation is detected or as soon as traffic patterns (such as increase of vehicles’ number,
decrease of speed, etc.) change. Such systems are referred to as Traffic Signal Control
Systems (TSCS, Robertson, 1969). A signal cycle is defined as one repetition of the
basic series of signal combinations, called phases, at an intersection while a phase is
defined as a combination of one or more traffic movements receiving the right-of-way
(Federal Highway Administration, 2005). The duration of each phase is called phase
interval (or phase duration) and the time required for a complete signal cycle is called
cycle time.
These systems can be classified into two classes. The first type of controllers, including
TRANSYT (Robertson, 1969) and MAXBAND (Little et al., 1981), is based on a fixed
time strategy and aims to determine the optimal green light duration and cycle time
based on day and time. Such systems are not, however, able to adjust themselves to
real-time environmental traffic conditions, such as vehicle and pedestrian congestions.
These controllers do not also consider the dynamic state of the traffic. Their settings
are based on historical rather than real-time data. In order to enhance traffic fluidity,
the controller should take the traffic conditions of specific times of day into account
and maximize a number of performance criteria including the throughput on arterial
streets.
The second type of traffic signal control is based on a traffic responsive strategy and
uses a number of processes by which the timing of a traffic signal is continuously
adjusted based on the changing arrival patterns of vehicles at an intersection, usually
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with the goal of optimizing a given measure of effectiveness. Though widely employed,
pre-timed and traffic actuated systems of signal control have often been reported to lack
the ability to fully respond to real-time traffic demand and pattern changes.
Accordingly, a new generation of traffic signal controllers, namely Adaptive Traffic
Control Systems (ATCS), has been developed in the last few decades. The general aim
of ATCS is to decrease the average delays and queue lengths of vehicles in an
intersection. It allows green time to vary in accordance with current demand patterns.
The literature presents several systems, such as PASSER II (Chang et al., 1988),
SCOOT (Robertson and Bretherton, 1991), PRODYN (Farges et al., 1983), CRONOS
(Boillot et al., 1992) and RHODES (Sen and Head, 1997), which have been developed
to achieve optimal control of traffic signal systems at local intersections.
As reported in chapters 2 and 3, there is still a lack of a generic approach able to deal
with different type disturbances simultaneously, capturing knowledge related to
disturbances and decentralizing the decision making. In a first work conducted during
the master of Mrs Salima Mnif (Mnif, 2011), a CBR based DSS for the regulation of
the traffic in signalized intersection was developed (see Figure 19).

Figure 19: The suggested architecture (Mnif, 2011).
The system analysis detect disturbances and select the appropriate decision action
among 6 possible actions. This system includes a case base containing initially 42 cases
that are categorized into 10 classes:











Cases defining protagonist lanes,
Cases that activate the action ActivateNextLight,
Cases initializing all lights of the junction,
Cases regulating a blocked lane by acting on the average speed of the flow,
Cases regulating a blocked lane due to the passage of the train,
Cases regulating a jamming lane by acting on the average speed of the flow,
Cases regulating a jamming lane when the light is switched to the red,
Cases regulating a jamming lane when the light is switched to the green, length,
Cases regulating a blocked lane when the light is switched to the red,
Cases regulating a blocked lane when the light is switched to the green,
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The system is implemented using java programming language and obtained results are
compared with fixed time strategy and discussed in (Mnif, 2011, Elkosantini et al.,
2012). The obtained results shows that the performance of the suggested system is
slightly better than the fixed time strategy in a congested traffic. In Elkosantini et al.
(2011a), the imprecisions of some detectors is considered. Indeed, fuzzy set theory is
used to integrate imprecise data. In such case, some attributes of a case have linguistic
values that are modeled by a triangular fuzzy numbers that can have 5 possible values
(very weak, weak, moderate, strong, and very strong). In (Elkosantini and Frikha,
2015), the imprecision in integrated using the belief function theory (see section 3.5)
which allow better combining imprecise data captured by different sensors. In
Elkosantini et al. (2011b), the system is extended to control the traffic at signalized
road-rail intersections. New cases are also added to the case base associated to problems
related to trains.

Figure 20: An example of a road-rail intetersection (Elkosantini et al., 2011b).
In (Trabelsi et al., 2011; Moalla et al., 2013, Mnif et al., 2016b, Louati et al., 2016), we
have presented other architectures of DSS using suggested mechanisms and approaches
inspired by the biological immunity (see sections 3.4 and 4.3.1). For example, in
(Moalla et al., 2013), an urban traffic regulation strategy is presented based on the
immune network algorithm presented in section 4.3.1.3. Both disturbances and
regulation strategy models are using models presented in sections 3.3 and 4.3.1). For
example, the attributes of the symptoms of the disturbance model, presented by the
Equation 2, and that are considered in (Moalla et al., 2013) were the queue length of
vehicles each road, the average waiting time of vehicle and the period of the day (a rush
hour or no). The reference corresponds to the id of the disturbed road. The only antibody
of the B-cell model presented in the Figure 8 is the duration of phases. In this
architecture (see Figure 21), one immune network is assigned to each road. Each
immune network will determine the appropriate duration length of the associated phase.
We assumed that roads are equipped with sensors such as camera or magnetic loop
which are connected to a system named Automatic Vehicle Monitoring (AVM) to
monitor the network. The role of the AVM system is to compute online basic
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information, organizes data collecting and displaying and computes alarms. We
proposed to connect the AVM system with a Regulation Support System in order to
analyse the captured data so as to give a dynamic and contextual assessment of the
disturbances in real-time, as well as action planning and decision-making aid. Whereas,
once AVM detect an antigen, it stimulate these antibodies by calculating firstly them
affinities, then their concentrations in order to select dominant antibody who have high
concentration. Figure 21 illustrates the general architecture of the system.

Figure 21: The suggested architecture based on the immune network algorithm
(Moalla et al., 2013).
An in-depth analysis of the performance of developed immune concepts used for the
development of DSS for traffic management is conducted by Ali Louati, currently in
his last year of his PhD (Louati et al., 2017). The performance of the system is compared
to fixed time strategy and another widely used algorithm which is Longest Queue First
algorithm (LQF-MWM) (Wunderlich et al., 2007, 2008). VISSIM traffic simulator is
used and algorithms are implemented with python programming language. Algorithms
are assessed under different traffic situations. The obtained results shows that LQFMWM and the developed system, denoted by Immune Network Algorithm (INA), can
be used for the management of traffic at low or medium traffic density. In more
complicated situations, such as blocked roads with a high traffic flow, INA performs
better than fixed time and LQF-MWM regarding the delay and the queue length. The
system is completely recommended for extreme situations (for more details about the
results, see (Louati et al., 2017)).
5.2.2. Public Transportation Systems
Several studies were proposed to design DSS for public transportation systems, referred
to as Intelligent Public Transportation System (IPTS), architectures. Davidsson et al.
(2005) pointed out that, at least until year 2005, 64% of the existing research focused
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mainly on design issues and architectural aspects. These architectures integrate a
variety of information systems that receive data from sensors (Elkosantini and
Darmoul, 2014).
Many IPTS were developed for the management of public transportation system. Most
of them implement Reactive Decision Support systems, considered as the core of an
IPTS, integrating the decision maker in the decision loop (see Figure 22). However, as
noted in (Darmoul and Elkosantini, 2014), existing control systems offer limited
capabilities to deal with disturbances in a public transportation system. Balbo and
Pinson (2010) emphasize that, despite the wide use of Operations Research (OR)
models and Interactive Decision Support frameworks in modeling decision-making
processes, the details of the decision-making process itself are often hidden or not fully
described. Consequently, more effort has to be spent on developing decision support
tools that are able to assist decision makers in monitoring and controlling the execution
of pre-established timetables of public transportation systems.
To deal with these limitations, we have suggested in (Darmoul and Elkosantini, 2014)
a reactive decision support system for the control of public transportation system using
disturbance model presented in section 3.4 and the approach presented in 4.3.1.2.
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Figure 22: Intelligent Public Transportation System (Elkosantini and Darmoul,
2014).
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In (Elkosantini and Darmoul, 2014), a disturbance is represented by the disturbance
model of the Equation 2 in page 34. We considered 4 symptoms of disturbances, but
other or more symptoms can be easily integrated in the model. Each antigen is a real
number attribute that corresponds to a metric measuring an indicator calculated based
on data captured from an AVMS:
Symptoms = <Ag21 = {(Sti, StEi)}, Ag22 = TrE, Ag23 = {(Stj,
StDj)}, Ag24 = TrD>
Where:





Equation 9

{(Sti, StEi)}
is a set that details the amount of earliness StEi at each
stop station Sti subject to earliness
TrE
cumulated earliness of a trip
{(Stj, StDj)}
is a set that details the amount of delay StDj at each stop
station Stj subject to a delay
TrD
cumulated delay of a trip

Causes of disturbances were modeled by a vector of 6 antigens (cf. Equation 10). Each
antigen is a Boolean attribute that corresponds to a possible cause of a disturbance. If a
cause explains a disturbance, it is assigned the value 1; otherwise it is assigned the value
0.
Causes = <Ag31=Acc, Ag32=TP, Ag33=TG, Ag34=BW, Ag35=UP,
Ag36=DN>









Equation 10

Accidents (Acc). These are sudden events that occur on the path of a vehicle
during the execution of its route. An accident is a disturbance in which a vehicle
collides with another vehicle, pedestrian, animal, road debris, or other stationary
obstruction, such as a tree or utility pole. Traffic collisions may result in injury,
death, vehicle damage and/or property damage.
Technical problems (TP). These are sudden events which occurrence puts a
vehicle out of service, such as unexpected failures or breakdowns.
Traffic congestion (TG), which is a condition on road networks that occurs as
use increases, and is characterized by slower speeds, longer trip times, and
increased vehicular queuing. Congestion results in unexpected delays.
Bad weather (BW). Bad weather conditions like rain, fog, wind or snow may
result in vehicle delays.
Upstream (UP)/downstream (DN) problems. These kinds of problems represent
the propagation of consequences of disturbances on other vehicles of the
transportation system.

Finally, we represented the reference of a disturbance by a vector of 4 antigens, but the
model can easily integrate other or more antigens. Each antigen is an attribute that gives
more information about the circumstances surrounding the occurrence of a disturbance
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(such as a measure of some sensor or a calculated value of some indicator). This
information is provided by an Automatic Vehicle Monitoring System, and influences
the selection of suitable reaction decisions:
Reference = <Ag41 = P, Ag42 = Chdb, Ag43 = Chfb, Ag44 = R>

Equation 11

Where:





P
is the period of the day in which the disturbance occurred (0 = rush hour;
1 = off-peak hour),
Chdb is the load of a disturbed vehicle (e.g. number of passengers on-board
the bus, number of passengers waiting at stop stations),
Chfb is the load of the vehicle that is following a disturbed vehicle,
R
is the availability of a replacement vehicle (0 = no vehicle available ; 1
= at least one vehicle is available to replace the current vehicle).

For the control decision, the model presented in section 4.3 is instantiated. Each
disturbed vehicle has a set of associated possible control strategies. According to the
suggested analogy, control strategies correspond to B-cells. A control strategy (B-cell)
is represented than as an object made of 3 parts, namely receptors, antibodies, and
paratopes, as illustrated in Figure 23).

Figure 23: Representation of a control strategy in a puyblic transportation
system (Elkosantini and Darmoul, 2014).
The Receptors part corresponds to a precondition of activation of a B-cell, and has the
same structure as a pathogen. A control strategy will be activated and involved in the
reaction to a disturbance if there is an affinity between the Receptors part and the
pathogen.
The antibodies part defines a set of control decisions that could be activated and used
to react to a disturbance. For the needs of this exploratory work, we consider 7 possible
control decisions, but other or more choices can be easily integrated into the model.
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Half-turn on line (HTOL): eliminate a part of the trip. The vehicle will continue
at the opposite direction.



Skip stations (SS): speed up a vehicle by skipping one or more stations.



Hold at a station (HS): make a vehicle stop and spend some extra waiting time
at a given station.



Direct online (DOL): make a vehicle continue its trip ensuring only the stops of
descent for on-board passengers.



Insert new vehicle (IV): introduce a new vehicle on a given route to increase the
number of vehicles performing trips on that route.



Change vehicle (CV): replace an unavailable vehicle (either broken or has an
accident).



Speed up schedule (SUS): hurry up a vehicle so that it begins its route earlier
than scheduled.

The Paratopes part is a set of Boolean decision variables associated to control decisions
to define their implication in the control strategy. If a control decision is used to react
to the disturbance defined in the receptors part, its associated decision variable is
assigned the value 1; otherwise it is assigned the value 0. A control strategy is then
given by the set of control decisions which decision variables are set to 1.
According to the suggested analogy and models (see section 4.3), the control strategy
is represented by a Th-cell. For example, the Th-cell of the Figure 24 illustrates one thcell with a set of 3 disturbed vehicles. The couple (Vi, Ri) gives the reference of the
disturbed vehicle (Vi) and its corresponding route (Ri).

Figure 24: Example of a control strategy (Elkosantini and Darmoul, 2014).
The detailed architecture of the proposed artificial immune DSS is given in Figure 25.
The system involves decision makers in the decision process and assists them to meet
the following needs:


Let decision makers know what is going wrong (i.e. detection function),



Determine what control decisions could provide assistance in correcting the
problems (i.e. determination of the possible control decisions),
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Assist in selecting suitable control decisions (i.e. reaction function),



Support the decision making process in order to elaborate coherent reaction
strategies (i. e. coordination function),



Help in evaluating the ability of the reaction strategies to recover acceptable
behavior, and/or performance levels (i.e. evaluation function),



Help the users in identifying, listing and documenting the possible disturbances
and possible methods (i.e. documentation support function),



Help in memorizing reaction strategies and reusing them when similar
disturbances occur (i.e. memory function).
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Figure 25: Detailed Architecture of the suggested artificial immune decision
support system (Darmoul and Elkosantini, 2014)
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5.3. Logistics systems
The suggested approaches and knowledge models were also tested in logistics systems.
The following sub-sections present the architecture of suggested DSS.
5.3.1. Container Terminal Operating Systems
Nowadays maritime terminals play a crucial role for containers transshipment and
intermodal transfers. Due to globalization and international trade, container terminals
undergo an increasing flow of exchanged containers which can cause an increase in the
maritime traffic as well as a high difficulty in the ports management (Izquierdo et al.,
2012). Indeed, face to the magnification of vessels, containers transferring number is
greater and of different types (i.e. regular, refrigerated, containing dangerous goods,
open top etc.) and storage areas must be greater enough to store all incoming containers.
With the continuous development of ports, problems related to the storage of containers
in seaport terminals have emerged and were the subject of many research papers
(Umang et al., 2013; Rashidi and Tsang, 2013; Türkoğulları et al. 2014). Such
problems, referred to in the scientific literature as Container Stacking Problems (CSP)
consist in determining the exact location of containers in the storage area in a terminal.
They are known as NP hard problems (Caserta et al., 2012). Several research works
have been conducted to develop systems for the management of container storage
operations, which are referred to as Container Terminal Operating Systems (CTOS)
such as COSAH (Gazdar, 2008), CONTSIM (Clausen et al., 2012), or the system
developed by (Hamidou et al., 2014). Existing CTOSs use two types of storage
strategies for determining container locations: static and real-time stacking. In static
storage, the exact position in the storage area for each inbound container is determined
before the vessel arrival. The second type of storage strategy is the real-time storage,
which consists in deciding in real time, at the arrival of an imported or exported
container, its exact location in the storage area. In general, the location of a container
must be determined so as to optimize some performance criteria (as the number of
spaces allocated to containers, the average cycle time, or a weighted combination of
certain criteria (Park et al., 2011).
However, existing real-time dynamic stacking systems suffers limitations with several
aspects related to disturbances management, distributed control and intelligent
containers. Indeed, few works (Gazdar, 2008) have exploited distributed CSP
management systems and most of existing works have adopted Multi-Agent Systems
for terminal simulation (Rida et al., 2003; Thurston and Hu, 2002). In addition, there
are no generic approaches dealing simultaneously with a variety of disturbances.
Existing studies treating some disturbances did not take into account the interaction
between the different containers stacked in the yard and all disturbances which may
occur. Very few works were also interested in the integration of dangerous containers
as constraints (Molins et al., 2012; Hamidou et al., 2014). Moreover, it is worth noting
that MAS are not widely used for both control and monitoring container staking and
disturbance management in seaports in port terminals with the integration of dangerous
containers. This approach moreover is able to treat efficiently changes and disturbances
thanks to its ability to react rapidly to the changes of environment. Accordingly, a
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Multi-agent based CTOS is developed by Ines Rekik during her PhD (Rekik et al.,
2015b, 2017a, 2017b). The System focuses on the distributed monitoring and
controlling of containers in the yard. The use of multi-agent systems to solve real-time
CSP seems to be an interesting approach for many reasons. Being sufficiently equipped
with cognitive capabilities to perform reasoning on a specific problem, the agents are
able to make certain types of decisions, and execute the associated actions. They are
more effective to automate a task for solving a problem than a centralized DSS
(Taghezout et al., 2012). In addition, using multi-agent systems to develop the CTOS
is related to the distributed nature of CSP (Durfee et al., 1989) requiring the interaction
between different elements (containers, blocks, bays, stacks…), and also to the ability
of MAS to deal with the distributed and decentralized control. Indeed, The CSP is also
characterized by its dynamic aspect of a set of elements (containers, blocks, bays,
stacks, ships, equipment ...) that can interact with each other in a dynamic way. These
characteristics fit with MAS paradigm which has the ability to deal with complex,
distributed and decentralized systems (Chaib-Draa et al., 1992).
The suggested CTOS architecture is based on the disturbance model and decentralized
decision making presented in Chapter 3 and Chapter 4. It is based on a three steps
methodology for determining the exact position of containers: block allocation, bay
allocation and stack allocation. Each step is constituted by two phases: the first is the
determination of the allocation strategy and the second is the determination of the exact
position of containers in blocks, bays and stacks.
For the design of our CTOS, O-MaSE (Organization based Multi-agents System
Engineering) methodology is used (Deloach, 2005) and including the analysis phase,
the conception phase and also implementation phase. This methodology takes also into
account system dynamics. It conceives also a MAS as an agent society where each
agent has specific goals and plays a specific role. Thus, the purpose of this method is
to construct an organizational agent organization based on the meta-models of the
organization.
The analysis and the design of our proposed system led us to define five types of agents
distributed into three modules (see Figure 26):






Decision support system module: with three agents:
- Block Agent (BlA): determines the block where the container will be allocated
and monitor the state of blocks.
- Bay Agent (BA): determines the Bay where the container will be allocated and
monitor the state of bays.
- Stack Agent (SA): determines the Stack where the container will be allocated
and monitor the state of stacks.
Evaluation module: with one agent:
- Evaluation Agent (EA): evaluates the efficiency of an allocation decision. This
agent is solicited particularly by Stack agent.
Interface Agent (IA): detects and analyses, in a real time manner, the different
requests of containers allocation/ retrieval and also the unexpected events and
disturbances from the common environment.
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The proposed system offers also the ability to deal with the capture, storage and reuse
of knowledge. Indeed, the system include a knowledge base in which captured
knowledge are stored and used by the four agents: BlA, BA, SA and EA. This base
store knowledge, structured as IF…THEN rules, related on how blocks, bays and stacks
are selected or rejected. Such knowledge are then reused by agents for the selection of
appropriate position of containers.
The interface agent receives the signals from the external environment, analyzes these
signals and sends an allocation or re-allocation order then to the DSS depending on the
information provided from the common environment. The DSS is composed of three
agents (BlA, BaA, SA) which cooperate together to generate an allocation decision.
This decision is then sent to the EA agent which evaluates the allocation position
proposed by the DSS with regards of a set of Key Performance Indicators. The EA
sends a request to SA for changing the Stack if it is rejected by EA. Otherwise, a
message with the exact position is sent to the IA to inform decision makers.

Figure 26: Multi-Agent Decision Support System architecture (Rekik et al.,
2017a)
The system is implemented with Java and using the multi-agent platform JADE (CSE,
99). Neuroph, a Java open source framework for the creation, is used for the training
and the implementation of the ANN. Finally, JESS is used for the implementation of
the rule based system for BlA and BA. For the assessment of the system, we compared
its performance with the system presented in (Ries et al., 2014) which is based on a
fuzzy logic framework. The conducted experimentation shows that, the agent system
combined with dynamic rules and knowledge based system can be efficient for the
container storage comparing with classical systems. The performance of the system is
assessed with different scenario seems to be promising. The system takes into account
several types of events and especially disturbances related to dangerous containers. It
is able to deal with situations where imprecise information and a high degree of
uncertainty in the arrival and departure of containers in the yard.
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5.3.2. Workers Assignment systems
Another type of application is considered for the implementation of our suggestions
which the problem of assignment of workers in manufacturing systems. Indeed, Worker
Assignment Problems (WAP) are encountered in many production systems and are
known to have a great influence on the system performances. We focus on dynamic
problems where workers have to be assigned to machines in real time and have different
skills. In (Ammar et al., 2013), we have noticed that most papers dealing with WAPs
address static problems. In such cases, the production system involves a fixed given
number of workers and each machine capacity is known. Workers are generally
assigned for a single time period with deterministic and constant product mix and
demand and unexpected events are not considered. As a consequence, such problems
are generally solved using classical optimization methods (either exact, such as branch
and bound, or inexact such as heuristic methods). Several workers assignment methods
have been published, which address dynamic workers assignment, especially in systems
with number of available workers less than machines and workers are flexible. Among
them, workers assignment rules known as ‘when’ and ‘where’ assignment rules are
widely used. Several tests and comparisons demonstrated their usefulness. However, it
is worth noting that assignment approaches in dynamic systems does not consider
unexpected events or disturbances when assigning an available worker. Decisions
should be based, simultaneously, on the current system status and possible events that
may occur.
To cope with these limitations, a dynamic assignment system for the assignment of
workers to machines considering unexpected events and the current configuration of
the system is presented in (Ammar et al., 2015). A multi-objective simulation
optimization approach is developed to design manufacturing teams, of a job shop
production system, using the Nondominated Sorting Genetic Algorithm II (NSGA-II).
The algorithm is connected to a simulation model developed using Arena in order to
minimize the expected mean flow time (EMFT) and the expected manpower cost
(EMC, see Figure 27). The suggested system was evaluated using a production system
with 10 different stations. Each station is equipped by a different number of identical
machines (of the same type). The system can produce eight types of products which
arrive randomly and following an exponential distribution.
During the PhD of Aicha Ferjani, we have suggested a distributed and an online worker
assignment system that take into account workers fatigue. An agent behavior model is
also suggested and implemented that consider the interaction between workers
environment, the tasks and the worker behavior (Ferjani et al., 2017).
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Figure 27: Multiobjective simulation optimization for the TOWs configuration
(Ammar et al., 2015)

5.4. Conclusion
This chapter focuses on developed models, concepts and mechanisms can be
implemented for the development of DSS. I have presented the architecture of different
DSS using different decision making models and tested in different contexts and
systems. Some presented concepts were implemented for the development of DSS for
the control of different systems such as urban traffic transportation systems, public
transportation systems, manufacturing and logistics systems. This last research is
conducted in the context of the "Saudi National Plan for Science, Technology and
Innovation" project titled "Developing an artificial immune system to control roadway
traffic signals and regulate traffic flow in case of emergencies" in which I was the CoInvestigator and the project ended in December 2016.
Conducted works were published in journals and conferences (see 1
Table 13) and were the object of the many master and the PhD projects that I have
supervised or co-supervised (see Table 14).
1
Table 13: Overview of publications.
Publication in journals
Publication in international
conferences
(Ferjani et al., 2017), (Louati et al.,
(Mnif et al., 2017)(Ammar et al., 2015)
2017),(Elkosantini, 2015), (Gheriani et
(Rekik et al., 2017a) (Rekik et al.,
al., 2016), (Elkosantini et al., 2012)
2017b) (Rekik et al., 2015b), (Moalla et
al., 2013), (Masmoudi et al., 2012),
(Trabelsi et al., 2013), (Ammar et al.,
2013)(Gheriani et al., 2012),
(Elkosantini et al., 2011b), (Elkosantini
et al., 2011c)
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Student
Ali Louati
Salima Mnif
Ines Rekik
Achraf Ammar
Aicha Ferjani
Nesrine Gheriani
Hamadi Kchaou
Dorra Moalla
Boutheina
Trabelsi
Salima Mnif

Table 14: Overview of (co-)supervisions.
Diploma University Defended
Project
PhD
Tunis
Yes
SAFE-TRACS [PR3] /
AI-SOS [PR2]
PhD
Tunis
No
SAFE-TRACS [PR3] /
AI-SOS [PR2]
PhD
Sfax
Yes
AI-SOS [PR2]
PhD
Blaise
Yes
PHC-UTIQUE [PR4]
Pascal
PhD
Blaise
No
PHC-UTIQUE [PR4]
Pascal
Master
Sfax
Yes
Master
Sfax
Yes
Master
Sfax
Yes
Master
Sfax
Yes
Master

Sfax

Yes
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Conclusion and future works

6.1. Synthesis of works
During the past last years, since 2008, my research works were centered on the
development of new models and approaches for the development of decentralized and
reactive decision support systems for disturbance management. Developed systems are
based on innovative artificial intelligence approaches, some of them inspired from
biological systems. The performance of developed DSS is assessed on transportation
and logistics systems.
My contributions, individual and through my supervised students, presented in this
document can be summarized as follow:








Presentation of an analogy between systems and biological immune systems
Development of new generic disturbance model based on the analogy
Development of a new method for the data analysis and fusion
Development of an ontology based approach for disturbance detection
Development of a set of approaches for the reactive decision making inspired
by immune systems
Development of a new behavior model dedicated to development of multi agent
based DSS
Development of a benchmarking system for the assessment of DSS for the
control of public transportation systems.

These contributions were presented in details in this document. Indeed, Chapter 3 is
dedicated to developed models for structuring knowledge related to disturbances. As
noted in this chapter, only few research works focused on the issue of disturbance
management. In this field, more research and development efforts need to be spent on
several aspects, including dealing with detection of occurrences and classification of
several different types of disturbances, modeling and representation of disturbances,
determination of control decisions, suggestion of reaction/regulation strategies, and
evaluation of residual effects. I have noted that there is still a lack of integrated
approaches, able to address simultaneously detection of disturbances, identification of
their consequences, reaction and evaluation of residual effects. Not much work seems
to be done in order to use more than one type of control decisions within hybrid control
strategies. To the best of my knowledge, no work exists that suggests ways to capture
knowledge involved during the management of disturbances in a transportation and
manufacturing systems. Capturing such knowledge would allow reusing it, for example
by retrieving stored control strategies and adapting them to new occurrences of similar
disturbances that were managed in the past. To cope with these limitations, I have
presented in this document a set of models and approaches to structure knowledge,
detect and identify the consequences of disturbances. In this chapter, I have presented
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also my research works investigating the biological immune system for the
identification of new concepts useful for disturbance management.
Chapter 4 focuses more on approaches for reactive and decision making. A special
focus is devoted to artificial immune systems. I have presented an analogy between
complex systems and biological immune systems. Based on this analogy, I have
identified new mechanisms for decentralized and reactive decision making using
mechanisms such as the immune memory, the role of different type of cells (such as B
and Th cells), and different immune responses such as clonal selection and immune
network.
Chapter 5 discusses how presented suggestions can be integration in distributed reactive
decision support systems. Different architectures where presented for different types of
systems such as transportation and logistics systems. A special focus is devoted to
decentralized DSS using multi-agent systems with the three type of organizations
presented in section 4.3.3.2: hierarchical, heterarchical, and semi-hierarchical.
Although the assessment of these different techniques and architectures, there is still a
need of in-depth performance analysis mainly with real data and in other type of
systems particularly to answer to the announced challenging objective which is the “the
development of generic approaches and models for disturbance management and
control”.
Works presented in this documents were the subject of some masters and PhD which I
have supervised and co-supervised. Table 15 presents the list of these masters and
PhDs. Table 16 presents the list of published articles in journals and in international
conferences after my PhD thesis defense (since 2008). Some of presented works were
conducted within funded projects as summarized in Table 17.
Table 15: Overview of (co-)supervisions.
Diploma
Defended
Not yet defended
PhD
3
3
Master
8
0

Table 16: Overview of publications.
11
Publication journals
28
Publication in conferences
3
Reports

Project title
Towards
a
better
integration of operators
skills to improve the
performance
of
manufacturing systems

Table 17: Funded projects.
Funding
Role
organization
Tunisian Ministry of
Higher Education and
Scientific
Research
and French Ministry of
Foreign Affairs and
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Member

Budget

Started

20700€
+ 18000
TND

2014
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International
Development
Multicriteria
Tunisian Ministry of
optimization
for Higher Education and
reducing environmental
CNRS
impacts in companies
outsourcing
Developing an artificial King Abdulaziz City
immune
system
to
for Science and
control roadway traffic Technology (KACST)
signals and regulate
traffic flow in case of
emergencies
AI-SOS:
Artificial
Intelligence for Self- King Saud University
Organization Systems
AAMEN : toward a new King Abdulaziz City
AdvAnced systeM for
for Science and
drivEr assistaNce
Technology (KACST)

Member

8200€

2014

CoInvestigator

1.5
million
SAR

2014

Principal
Investigator

150K
SAR
(38K€)
1.8
million
SAR

Principal
Investigator

2017 - 2018
Accepted, not
yet started

6.2. Future works
This document presents the conducted research works since 2008. As future works, I
have identified three research axis: Decision making for crisis management for big
complex systems; Modeling and Simulation of human centered systems; and
Frameworks for smart cities/universities.
6.2.1. Research axis 1: Decision making for crisis management for complex
systems
This research axis is the continuity of conducted research works presented in chapters
2 and 3. It consists on the extension of suggested knowledge models and approaches
for disturbance detection and management to cover also crisis and disasters
management in big complex systems. Particularly, I will focus on the traffic
management in case of disturbances, crisis and disasters in “smart cities”. The
definition that is adopted in this document for smart cities is the one suggested by
Harrison and Donnelly (2011) who define a smart city as “the application of complex
information systems to integrate the operation of urban infrastructure and services
such as buildings, transportation, electrical and water distribution, and public safety”.
We assume that the transportation infrastructure all types of vehicles (buses, trams,
personal cars, trucks, automated vehicles, freight vehicles) are equipped by sensors and
ICT in order to collect different type of data.
Addressing the road traffic regulation problem inside cities, especially in case of crisis
and disasters, requires real time monitoring and control of the traffic within cities.
Moreover, the regulation of a traffic with different types of transportation means as
personal vehicle, automated vehicles, trucks, freight vehicles or public transportation
vehicles require the integration of different types of information and decision support
systems. Unfortunately, current approaches and existing tools, such as “Intelligent
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Transportation Systems”, offer limited support to manage traffic during disturbances,
crisis and disasters (Nokhbatolfoghahaayee et al., 2010; Yudin et al., 2015)
In this research axis, I am looking for developing a set of decision-support tools that
can be integrated within existing Intelligent Transportation Systems in order to provide
a better management of traffic in case of, not only disturbances, but also crisis and
disasters. Specifically, the following two research issues will be addressed. First, new
methods for the analysis of a large and complex set of data coming from different
sources and Information systems should be identified. These methods will be used for
filtering captured data in order to store into a centralized data base only relevant ones.
Second, new traffic control strategies should also be identified allowing DSS to be able
to deals with unexpected events including disasters, coordinate with emergency
agencies, monitor and control of personal, public, trucks and utility vehicles, etc.
The feasibility and the performance of future models and approaches will be assessed
as well as their integration within the architecture of intelligent and innovative systems.

6.2.1. Research axis 2: Modeling and Simulation of human centered
systems
This axis is the continuity of an investigation research work that I have started recently
in (Elkosantini, 2015). It consists on the development of computational simulation
frameworks for the simulation of “Human Centered Systems (HCS)”. These systems
involve individuals playing key roles, such as workers in manufacturing systems,
soldiers in military operations, and investors in stock markets. The complexity
simulating such systems is due to the need for modeling individual and group behavior
and the integration of psychological and socio-technical aspects that can affect
individual and HCS global performance.
In this context, the simulation of human behavior in different fields, such as
manufacturing system (Baines et al., 2004), military operations (McDonald et al., 2006)
or stock markets (Cui et al., 2012) has been an important and interesting area of research
for a long time. The interest of these works is to understand and to test the mechanisms
of several sociological and psychological aspects of the behavior and to evaluate the
impact of such factors on the system global performance.
The simulation of human behavior in HCS is closely related to social simulation which
is deriving from the interests of psychologists, sociologists, anthropologists and some
economists. It is usually concerned with the emergence of behavioral patterns and social
processes. Frequently, such simulations are used to determine the consistency and test
the feasibility of theories generated in quite independent disciplines. Many researchers
from different field have developed behavior model for to simulate human centered
systems.
Several tentative propositions have been introduced to develop a simulation software
that integrate human behavior models and reproduce, as realistically as possible, the
human behavior in HCS. One of the major limitations of traditional models, however,
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is that they often representing behavior using deterministic data. Moreover, those
models are centered on few aspects of human behavior, such as emotion, personality,
and culture, while ignoring several other equally important individual, social, and
psychological aspects. According to Baines (Baines et al. 2004), individuals in HCS
are treated as a pseudo-technological elements and expected to behave in much the
same way as an item of equipment. In practice, however, human behavior is more
complex, which justifies the error margin between the simulation results and reality.
My initial research work presented in (Elkosantini, 2015) was a first attempt to
investigate the feasibility of developing a new computational behavior model for the
simulation of HCS based on recent social and psychological theories. Additional studies
are needed to further explorer and improve the model. In this context, new simulation
frameworks will be suggested for a variety of HCS. New Human Behavior Models
(HBM) should be developed allowing the reproduction of human behavior including
the interaction between the humans and their environment.

6.2.2. Research axis 3: Frameworks for smart cities/universities
In this axis, I intend to explore a new research area which is not well addressed in
scientific literature: “smart universities”. During the last decade, smart city’s concept
is becoming more popular in different policies around the word. With the sustained
pace of urbanization, transforming cities to be smart is important in fact that cities play
a principal role in economic and social aspects, and have an important impact on the
environment (Mori and Christodoulou, 2012).
Many frameworks were developed for smart cities. For example, Giffinger et al. (2007)
identified a framework with four main components, which are education, industry,
infrastructure, and participation. Giffinger and Haindl (2010) expanded this list of
components by identifying six other components, which are smart mobility, smart
governance, smart environment, smart economy, smart living, and smart people.
Several key actors of smart cities are identified. One of the fundamental actors is the
smart university. Smart city and smart university are two intertwined concepts.
University smartness implies the enhancement of university capabilities including
proper use of Information and Communication Technologies infrastructure, systems,
and methodologies.
Today’s universities are on the forefront of technological advancement. This fact
encourages universities to perform in a forward-looking manner to be smart. Many
worldwide universities are interested to the concept of smart universities and have
launched transformation initiatives, such as Swiss Federal Institute of Technology in
Zurich, Switzerland, California Institute of Technology in California, USA, Imperial
college London in London, UK, Nanyang Technological University in Singapore.
Despite the few number of tentative to define the concept of “smart universities” (Owoc
& Marciniak, 2013; Uskov et al., 2016), there is no consensus or a common definition
for smart university. In addition, few frameworks are developed related to smart
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universities (Coccoli et al., 2014; Owoc & Marciniak, 2013), but they lack explicit
transformation plan that easily explain how to transform an ordinary university into a
smart university.
In this context, I intend to develop a Comprehensive Conceptual Framework, which
can be referred to as CCF, to support universities in the transformation process in order
to be smarter. This framework will support authorities and universities leaders in better
understanding smart universities practices and more effectively to identify and assess
gaps where adaptation and improvement may be needed.
I have already started the reflection on this axis. Indeed, a research project proposal was
already submitted to King Abdulaziz City for Science and Technology (K.S.A) in June
2017 involving Prof. Abdelaziz Bouras from Qatar university and Dr. Nejib Moalla
from IUT Lumière Lyon 2.
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Appendix A. Belief Function Theory

1. Basic concepts
The belief function theory was initially introduced by Dempster (1967), later
formalized by Shafer (1976) and axiomatically justified by Smets (1994) in a
transferable belief model. It is a general framework for modeling uncertainty and
imprecision where the available information is imperfect. Furthermore, the belief
function theory is considered as an interesting alternative tool for information fusion
and decision-making using combination and decision rules, respectively.
A belief function model is defined by a finite and exhaustive set  called a frame of
discernment of the problem under consideration. The set containing all subsets of  is
named the power set and denoted by 2.
A Basic Probability Assignment function (BPA) is a mapping m: 2 → [0, 1]. It assigns
to every subset A ⊆  a number m(A), called the mass of A, which represents the degree
of belief attributed exactly to A, and to no one of its subsets. This function must satisfy
the following conditions: m(∅)=0, and ∑{m(A)=A ⊆ }=1. In our context, a subset A
of  can be the value of queue length measured by a detector. The value of m(A) is the
degree of belief attributed exactly to the value A, measured by the detector. When m(A)
> 0, A is named focal element of m. The set of focal elements of m is noted  and the
pair (, m) is called Body Of Evidence (BOE).
A BPA can equivalently be represented by its associated belief and plausibility
functions. A Belief Function Bel is a mapping: Bel: 2 → [0, 1], defined as:

Bel ( A) 

 m( B)  A 

Equation 12

B A

The value of Bel(A) can be interpreted as a measure of one’s belief that the value A
captured by a detector is true.
A plausibility function is a mapping Pl: 2 → [0, 1] defined as:

Pl ( A) 



m( B)  A.

Equation 13

B  A

Pl(A) can be viewed as the maximum amount of belief that could be potentially given
to A. It is also possible to state that plausibility can be derived from belief:

Pl(A)=1 Bel(Ā).
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Where Ā is the complement of A.
In the belief function theory, total uncertainty (total ignorance) is expressed by m()=1
and m(A)=0 for all A . The associated belief function is defined by: Bel()=1 and
Bel(A)=0 for all A and is called vacuous belief function. Total certainty is expressed
by m({i})=1 for one particular element of  and m(A)=0 for all Ai.
According to Smets’ two-level view (credal level and pigmistic level) in transferable
belief model (TBM) (Smets and Kennes, 1994), a BPA m must be transformed into
pignistic probability function BetP. This transformation consists in equally distributing
each mass m(A) among the statements that compose A. Formally, the BetP is defined
as:
BetP( A) 

 m( B )

A B

B 

B

 A.

Equation 15

Where |B| is the cardinality of a subset B. BetP(A) can be viewed as betting commitment
to A and represents the total mass value that A can carry.
For decision making, the pignistic probability has been shown to be a good method of
using beliefs or basic probability assignments to make decisions.

2. Discounting operation
As detectors can be unreliable, belief function theory can integrate this unreliability
through the discounting operation noted i (Shafer, 1976). This operator quantifies the
reliability of the BOEi using a scale that ranges between 0 and 1: the closer to 1, the
greater the reliability is. In other words, the discounting operator  represents the
reliability degree of a detector which is may be given by the manufacturer of the
detector or calculated using an algorithm.
The discounting operation of a detector i is defined as follows:

mii ( Aj )   i mi ( A j )  A j  2 \ 
 i
mi ()  1   i   i mi ()

Equation 16

Where: Aj is the focal element and i [0, 1].
The discounting operation is based on the idea that each BPA mass is proportionally
reduced, except for the mass of  which incorporates all the missing masses. If i = 1,
the BPA mi is unchanged. However, if i = 0, the result is a vacuous belief function.

97

Appendix A. Belief Function Theory

3. Dempster combination rule
Dempster rule allows the combination of multiple belief functions. The BPAs induced
by different detectors are combined to yield a global BPA. The combination is
performed using an aggregation rule whose application requires the independence
condition for the detectors to be combined. Let us denote by mi and mj two BPAs
obtained from two distinct detectors i and j in the same frame of discernment .
According to Dempster's rule of combination, we have:

m( A) 

1
1 K

 m ( B)  m (C ) A  .

Equation 17

 m ( B)  m (C )

Equation 18

B C  A

i

j

Where

K

B C  

i

j

The coefficient K  m () reflects the conflict between information captured by the
different detectors. The denominator 1K is a normalization factor. It guaranties that
no belief is associated to an empty set and that the total belief is equal to one. According
to Equation 16, the mass m is not defined whenever K = 1. In this case, the belief
functions associated to the queue length value measured by detectors are totally
contradicting each other. When K = 0, however, no conflict occurs between the three
belief functions. Accordingly, the coefficient K can be viewed as the global conflict of
combination (Smets and Kennes, 1994).
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a b s t r a c t
To monitor and control interrupted ﬂow at signalized intersections, several Traﬃc Signal
Control Systems (TSCSs) were developed based on optimization and artiﬁcial intelligence
techniques. Although learning can provide intelligent ways to deal with disturbances, existing approaches still lack concepts and mechanisms that enable direct representation of
knowledge and explicit learning, particularly to capture and reuse previous experiences
with disturbances. This article addresses this gap by designing a new TSCS based on innovative concepts and mechanisms borrowed from biological immunity. Immune memory enables the design of a Case-Based Reasoning (CBR) System in which cases provide a
direct representation of knowledge about disturbances. Immune network theory enables
the design of a Reinforcement Learning (RL) mechanism to interconnect cases, capture explicit knowledge about the outcomes (success and failure) of control decisions and enable
decision-making by taking advantage of previous outcomes in reaction to new occurrences
of disturbances. We provide a detailed description of new learning algorithms, both to
create the case-base and to interconnect cases using RL. The performance of the suggested
TSCS is assessed by benchmarking it against two standard control strategies from the literature, namely ﬁxed-time and adaptive control using the Longest Queue First – Maximal
Weight Matching (LQF-MWM) algorithm. The suggested TSCS is applied on an intersection simulated using VISSIM, a state-of-the-art traﬃc simulation software. The results show
that the suggested TSCS is able to handle different traﬃc scenarios with competitive performance, and that it is recommended for extreme situations involving blocked approaches
and high traﬃc ﬂow.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
With the sustained pace of urbanization and growing mobility requirements, traﬃc monitoring and control in urban
areas became a major concern for local transportation authorities. Ineffective or ineﬃcient traﬃc control leads to congestion
and accidents, with human casualties and severe damage to equipment and infrastructure [10]. Effective and eﬃcient traﬃc
management contributes to improve performance and to insure safety, especially when disturbances occur. Disturbances are
∗
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situations related to abnormal, unacceptable, intolerable, or unsatisfactory traﬃc conditions, that can be described in terms
of different kinds of attributes, including indicators related to traﬃc status and ﬂuidity (e.g. queue lengths, waiting times,
number of vehicle stops, etc.), causes of occurrence (e.g. traﬃc accidents, weather conditions), and context of occurrence
(e.g. peak/off-peak hours). In such situations, signalized intersections may become bottlenecks of the highway network and
the major source of traﬃc congestion. Traﬃc Signal Control Systems (TSCS) coordinate individual traﬃc signals at signalized
intersections to achieve network-wide traﬃc operation objectives [43]. TSCSs determine decisions to be sent to traﬃc signals
in order to better control the traﬃc ﬂow. These decisions are related to the duration of phases (i.e. cycle times or duration
of green and red signals) and to the sequence that governs phase transitions.
1.1. Disturbance management capabilities of TSCS
Several TSCSs were developed to control traﬃc ﬂow at signalized intersections. They can be classiﬁed into two classes:
pre-timed and actuated systems.
Pre-timed controllers are based on a ﬁxed time strategy: the duration and sequence of all phases remain ﬁxed and do
not adapt to the dynamic state of the traﬃc at each lane of the intersection [9]. The signal timing-plan is developed offline on the basis of historical traﬃc data and using statistical analysis and mathematical optimization methods [6]. Various
theories and methods were applied to enhance the timing eﬃciency of traﬃc signals [28]. Yin [51] indicated that pre-timed
(ﬁxed) traﬃc signals are widely used in the developing countries due to the high costs of implementation and maintenance
of real-time adaptive signal control systems. The author pointed out that further improvements of the performance of TSCS
is still needed to improve their ability to detect and to react to changes in traﬃc conditions.
Actuated controllers, also called adaptive traﬃc control systems [39], are based on adaptive time strategies: the timing
and/or sequence of traﬃc signals are adjusted in order to optimize either a single objective (e.g. minimize the total waiting
time or delay of vehicles in queues at intersections), or multiple objectives (e.g. minimize total waiting time and maximize
average speed). This adjustment is made based on the status of traﬃc at each lane of the intersection. This detection is
achieved using traﬃc detectors, which provide information on the presence or absence of vehicles at intersections.
In literature, although some references have addressed urban traﬃc disturbance management [14], existing TSCS still
offer limited support to deal with disturbances. Limitations stem from the lack of explicit models for the representation of
knowledge related to disturbances. Limitations are also related to the lack of generic mechanisms, and integrated functions
that provide support to issues, such as how to detect disturbances, and how to determine/adapt decisions to disturbances,
not only in terms of signal timing and sequence, but also in terms of coordination between several intersections.
1.2. Learning in adaptive traﬃc signal control
Many authors were interested in applying artiﬁcial intelligence techniques to adaptive traﬃc signal control [7]. A particular interest has been given to machine learning techniques [31]. This interest stems from the belief that machine learning
contributes to create intelligent systems that can capture and reuse knowledge about previous experiences with disturbances, such as symptoms, causes, context, consequences, decisions and outcomes. Reusing such knowledge would enable
improving and accelerating reaction to future occurrences of similar disturbances. This belief lead to the investigation of
learning paradigms, including (but not limited to) Case-Based Reasoning, Reinforcement Learning, and Artiﬁcial Neural Networks.
1.2.1. Case-Based reasoning
In the literature, only a few works have investigated the use of Case-Based Reasoning (CBR) for traﬃc control. De Schutter
et al. [18] developed a Decision Support System (DSS) that combines a multi-agent system and CBR to select and evaluate
possible decisions to control traﬃc in highways via variable message signs. Decisions include setting speed limits, showing
dynamic route guidance, and opening shoulder lanes. Karim and Adeli [26] developed a DSS to support transportation authorities in managing the traﬃc in work zones, and in improving work zone safety. Different types of control decisions are
evaluated according to the type of work and traﬃc to guide drivers through the work zone with adequate protection for
the workers. Sadek et al. [37] developed a CBR system for freeway traﬃc routing. The system monitors the traﬃc ﬂow on
several roadway segments. The information received from various devices, such as sensors and closed circuit television, is
used to detect disturbances. When an incident is detected, the system develops a routing strategy that optimizes the utilization of network capacity and helps drivers to avoid the disturbed roads. Elkosantini et al. [19,20] developed a bimodal
traﬃc controller for signposted road-rail intersections. The main objective was to manage the existing infrastructure to relieve congestion, react to disturbances, and insure a safer and more convenient travel for people. Authors developed a CBR
system, coupled with fuzzy set theory, where each case is associated to a situation (traﬃc status) and its regulation decision
(timing schedules).
In this limited number of works, authors usually state that the case-base is created using expert knowledge [18–20].
However, authors do not specify how this knowledge is acquired and how the case-base is built. A famous technique called
the Condensed Nearest Neighbor (CNN) algorithm was widely used in other CBR application domains to build and optimize
the size of case-bases [34]. However, to the best of the authors’ knowledge, this technique has not yet been applied to traﬃc
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signal control problems. As it will be presented in our problem statement, we are interested in using the CNN algorithm to
build a case base and use it to control interrupted ﬂow at signalized intersections.
1.2.2. Reinforcement Learning
RL is a learning paradigm where an agent learns how to behave through trial-and-error interactions with a dynamic
environment. Reinforcement Learning (RL) has many applications in traﬃc engineering and control [32]. In traﬃc signal
control, RL approaches were developed considering different problem features, such as ﬁxed phase sequences [41], variable
phase sequences [46], group-based phasing technique [25], ﬁxed cycle time [1,2], variable cycle time [30], ﬁxed phase duration or variable phase duration [30]. Intersection state is described using the number of vehicles [41], queue lengths [3],
or delays [8] in the approaches leading to the intersection. Rewards and penalties are function of criteria, such as the time
required to release a ﬁxed volume of traﬃc [41]; the total delay (difference between pre-deﬁned travel time and measured
travel time for a vehicle) incurred between successive decision points [25]; or cumulative waiting time of vehicles queuing
at the intersection [30]. Decisions are taken relative to determination of phase timing [1,2], or termination/extension of a
signal group [25]. Authors usually evaluate the performance of their algorithms based on criteria, such as average travel delay [25], average waiting times [41], or average queue lengths [30]. A number of authors established that their RL approach
outperforms ﬁxed time controllers, in terms of average waiting times [41], or average travel delay [25].
With respect to disturbance management, Wiering [46] developed an RL multi-agent system that minimizes the overall
waiting time of cars in a city, but faces some limitations in case of oversaturated traﬃc ﬂow and signiﬁcant ﬂuctuation in
traﬃc volume, as noted by Marsetič et al. [32]. Abdulhai et al. [3] developed an RL approach for adaptive traﬃc signal control. However, the authors did recognize poor performance for moderate volume of traﬃc. Marsetič et al. [32] developed an
RL approach for road artery traﬃc light optimization and evaluated it considering saturated and over-saturated traﬃc ﬂows
due to accidents. They established that the algorithm does not adapt quickly (with respect to required real-time operating
conditions) to new traﬃc conditions and to different traﬃc volumes on all legs. Jin and Ma [25] considered static traﬃc
volumes during the evaluation process. In [30], the number of queuing vehicles is limited to 20 and the maximum phase
elapsed time is limited to 30 s, which is not realistic enough.
It is worth noting that, to the best of the authors’ knowledge, no reference yet considered a hybridization between
CBR and RL for traﬃc signal control problems. In this article, we consider such a hybridization, assess its performance
on different traﬃc scenarios, and demonstrate its advantages and beneﬁts to the control of interrupted ﬂow at signalized
intersections.
1.2.3. Neural networks
In traﬃc control problems, a neural network (NN) is trained to minimize the deviation between the targeted output and
the NN’s output for the considered control problem [40]. The method of connecting the neurons and attributing weights to
synapses (links between neurons) deﬁnes the network topology [45]. Teodorović et al. [40] combined a neural network with
dynamic programming to control an isolated signalized intersection and make real time decisions to determine whether or
not to extend the current green time, and by how much time. Srinivasan et al. [38] developed a hybrid multi-agent neural
network controller to study the problem of real-time traﬃc signal control when controllers are used for an inﬁnite horizon problem, where online learning has to take place continuously once the traﬃc signal controllers are implemented into
the traﬃc network. Bingham [11] suggested a neuro-fuzzy traﬃc signal controller, where a neural network adjusts a fuzzy
controller by ﬁne-tuning the form and location of the membership functions. The neural network relies on Reinforcement
Learning to give credit for successful system behavior and penalize poor behavior. The objective of the learning is to minimize the vehicular delay caused by the signal control policy. In simulation experiments, the learning algorithm is found
successful at constant traﬃc volumes.
Unfortunately, although neural networks can provide intelligent ways to deal with disturbances, they lack concepts and
mechanisms that enable direct representation of knowledge and explicit learning, particularly to capture and reuse previous
experience with disturbances. This article emphasizes such direct knowledge representation and explicit learning.
1.2.4. Artiﬁcial immune systems
Very few works have recently investigated adaptations of biological immune concepts and mechanisms to solve transportation and traﬃc engineering problems. In public transportation engineering, Darmoul and Elkosantini [14] identiﬁed
new concepts and mechanisms and introduced a knowledge-based decision support approach to monitor and control public
bus transportation systems. More closely related to traﬃc signal control, a few recent research works investigated artiﬁcial immune systems to develop TSCS [33,42]. For example, Negi [35] proposed an artiﬁcial immune system that is able
to detect simple abnormal conditions affecting the traﬃc ﬂow, such as congestions. Trabelsi et al. [42] proposed a clonal
selection algorithm to control traﬃc at a single signalized intersection. The algorithm aimed to increase the ﬂow of vehicles
by minimizing the length of the queues in different lanes of an intersection. Moalla et al. [33] presented an algorithm based
on the immune network theory to control traﬃc at a single signalized intersection. Their aim was to monitor an isolated
intersection and to determine regulation decisions as soon as a disturbance is detected.
It is worth noting that these works are “proofs of concepts”, aimed at introducing new analogies and at showing how
these analogies contribute to solve traﬃc control problems. They lack in-depth analysis and assessment of their performance
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compared to other state of the art algorithms. This article emphasizes an extended numerical assessment and benchmarking
with respect to both ﬁxed time and adaptive controllers.
1.3. Problem statement
In this article, we are interested in:
•

•

•

•

•

Designing a new CBR based TSCS to monitor and control traﬃc at signalized intersections in case of disturbances. We
are particularly interested in providing concepts and mechanisms that allow dealing with disturbances in a more generic
way than existing approaches. The design should be generic in the sense that it should allow describing features and
attributes (such as indicators, symptoms, causes, context, etc.) of disturbances, and allow this description to be extended
to integrate other features and attributes when/as needed, and without questioning the downstream decision/reaction
mechanisms;
Developing a learning algorithm allowing the construction of the case-base and the optimization of its size to deal with
relevant traﬃc disturbances. We suggest combining simulation-optimization, Condensed Nearest Neighbor (CNN) algorithm and a rule-based system to optimize the size of the case base. In this way, CBR contributes to an intelligent
sampling of the disturbance and the control decision spaces, and to ﬁnding intelligent assignments of control decisions
to disturbances in a way that reduces the size of the search space;
Developing an RL algorithm to interconnect cases. The algorithm introduces an additional learning dimension to CBR by
allowing the documentation of successes and failures of each control decision of the case-base based on the outcomes
of previous experiences with disturbances;
Developing an Immune Network Algorithm (INA) that uses the case-base with interconnected cases to monitor traﬃc
and control disturbances;
Assessing the performance of INA by benchmarking it against two standard control strategies from the literature, namely
ﬁxed-time traﬃc signal control and adaptive traﬃc signal control using the Longest Queue First – Maximal Weight
Matching (LQF-MWM) algorithm.

To provide concepts and mechanisms that are more generic than existing approaches, we adopt biological immunity
as a design guideline. Biological immunity is a natural system that relies on a limited but eﬃcient and effective number
of concepts and mechanisms to deal with a great variety of disease causing elements disturbing its normal behavior. This
article intends neither to coordinate traﬃc across several intersections, nor to deal with all possible kinds of disturbances.
Instead, it intends to provide pertinent concepts and mechanisms, relevant to the traﬃc signal control problem, and to show
that these concepts and mechanisms enable disturbed traﬃc control with competitive performance.
Therefore, this article is organized as follows. Section 2 introduces the main features of biological immunity. Section 3 introduces our computer representation and design choices. Section 4 introduces the learning algorithms allowing the construction of the immune network, as well as the suggested traﬃc control algorithm. Section 5 details the experimental
framework used to assess the proposed algorithm. Section 6 assesses the performance of the suggested system through
different scenarios. Section 7 discusses the obtained results. In Section 8, we conclude the paper by discussing our contributions and opening further research directions.
2. Biological immune system: an overview
It is assumed that the purpose of a biological immune system (BIS) is to protect its host organism from harmful substances, and to do so in a way that minimizes harm to the body and ensures its continued functioning [24]. From an
artiﬁcial intelligence point of view, biological immunity has many interesting features. The biological immune system is an
intrinsically distributed system, with no central command organ (distribution feature). It accomplishes detection, identiﬁcation, reaction and evaluation functions (integration feature) to defend the body against a great variety of threats based
on a limited number of concepts and mechanisms (genericity feature). It is able to memorize disease causing elements
(learning feature), and to reuse this knowledge during future encounters with similar or identical substances (adaptation
feature). These features are achieved based on several immune mechanisms, which involve detection of harmful elements,
stimulation of immune cells, self-tolerance, coordination, adaptation, optimization and memorization of responses.
Immune cells have receptors at their surface that can detect disease-causing elements, called pathogens. Detection
is achieved when immune cell receptors recognize antigens, which are characterizing features present at the surface of
pathogens (cf. Fig. 1).
The BIS is able to initiate an immune response, which is a process directed towards eliminating antigens and pathogens.
The immune response involves several types of immune cells. Particularly, B-cells have speciﬁc receptors at their surface, and
can release soluble forms of these receptors, called antibodies, which can match antigens (bind to them), block them and
facilitate their elimination. However, a B-cell is not activated to release antibodies unless its receptors bind to the antigen
with an aﬃnity that exceeds an aﬃnity threshold (cf. Fig. 1).
The immune network hypothesis describes the immune system as a self-regulated network of cells and molecules able
to interact with each other even in the absence of antigens [16]. Antigens are no longer necessary to promote a dynamic
behavior in the immune system. Immune cells have portions of their receptor molecules that can be recognized by other
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Immune
cell
Antigen
Pathogen

Fig. 1. Detection of harmful elements by immune cells [24].

Fig. 2. The simulated intersection.

immune cells in a way similar to the recognition of an invading antigen. This results in an idiotypic network of communication (mutual recognition) between immune cells. These cells both stimulate and suppress each other in a manner that
controls their proliferation or elimination rates.
Many theories were proposed to explain the immune memory [15,17,22]. Nevertheless, two theories prevail. According to
one of the theories, the adapted memory cells are long-lived, surviving for up to the lifetime of the organism. The other
theory postulates that the adapted B-cells are constantly re-stimulated by traces of antigens that are retained in the body
for years. Memory cells are re-activated upon detection of pathogens, which are structurally similar or identical to those
that led to their creation.
3. Immune concepts for traﬃc signal control
For illustrative purposes, let us consider the intersection of Fig. 2. The intersection has four approaches. Each approach
has two streams, one incoming to the intersection, and one outgoing from the intersection. Each stream has two lanes, one
for turning right and the other one is a shared lane for straight and turning left movements. Although our example considers
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Fig. 3. An example of an immune network.

that both lanes of a stream that is incoming to the intersection are controlled using one signal, the suggested mechanisms
can be generalized to intersections where an individual signal is assigned to each lane.
By analogy to biological immunity, pathogens correspond to disturbances, and antigens correspond to attributes of disturbances, such as indicators related to traﬃc (cf. Section 3.1). Antibodies correspond to control decisions, such as phase
sequencing and duration (cf. Section 3.3). Antibodies are stored in a case-base (implemented as a database), referred to as
the immune memory, and determined using a learning algorithm detailed in Section 4.1.
The immune network is a set of interconnected antibodies (i.e. cases) stored in the immune memory. Fig. 3 illustrates
an example of an immune network with one pathogen, denoted Pg, and two antibodies, denoted Abx and Aby . In Fig. 3,
the dashed arrow between the pathogen Pg and antibody Abx (respectively antibody Aby ) refers to pathogenic stimulation
with an aﬃnity mx (respectively my ) (cf. Section 3.4). The solid arrows represent the stimulation and suppression between
antibodies. The value on the head of the arrow represents the degree of stimulation mxy , while the value on the tail of the
arrow represents the degree of suppression pyx (cf. Section 3.6). The structure of the immune network (i.e. arrows, their
orientation, and the values of stimulation and suppression) is determined using a learning algorithm detailed in Section 4.2.
Once a pathogen is detected, antibodies stimulate and suppress each other, which causes their concentrations (cf.
Section 3.7) to increase or decrease. Following this interaction, only one antibody will emerge and will be considered as
the most appropriate to deal with the disturbance. These interactions represent the foundation of the immune network
based control algorithm described in Section 4.3.
In Fig. 3, the pathogen Pg represents a disturbance with the following data:
•
•
•
•
•

Approach A1 has a queue length of 6 vehicles and
Approach A2 has a queue length of 5 vehicles and
Approach A3 has a queue length of 7 vehicles and
Approach A4 has a queue length of 3 vehicles and
The disturbance occurred in a rush hour P = 1.

an
an
an
an

average
average
average
average

queue
queue
queue
queue

delay
delay
delay
delay

of
of
of
of

64 s;
58 s;
49 s;
41 s;

It is worth noting that in our example, the queue length of an approach refers to the maximum length of queues on
lanes of the approach. The antibody Abx represents a control decision having the following data:
•
•
•
•
•

The control signal associated to approach A3 is
The control signal associated to approach A4 is
The control signal associated to approach A1 is
The control signal associated to approach A2 is
#Aby represents the ID of stimulating antibody

activated
activated
activated
activated
Aby .

ﬁrst with duration 30 s;
second with duration 20 s;
third with duration 15 s;
fourth with duration 12 s;
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3.1. Pathogen structure
A disturbance is a pathogen, denoted Pg, deﬁned as a set of antigens and represented as a vector as formalized in (1).
Each antigen, denoted Ag, represents a disturbance attribute, including indicators related to traﬃc status and ﬂuidity, and
context of occurrence.

⎫
⎧
⎨
⎬

P g = Agk=1..G  =
Q Li j , Q Di j
;P
i
=
1
..M
⎩
⎭

(1)

j = 1..L

Where:
•
•
•
•

•

•

G is the number of antigens;
M is the number of approaches of the intersection;
L is the number of lanes, incoming to the intersection, of each approach;
QLij is the length, expressed in number of vehicles, of the vehicle queue at lane j of approach i. We consider only a single
type of vehicles, without differentiating between passenger cars and other vehicles, such as buses and trucks;
QDij is the average queue delay, expressed in seconds, of vehicles at lane j of approach i. QDij represents the average
amount of time vehicles spend waiting in the queue before leaving the intersection;
P is the period of the day in which the disturbance occurred (1 = rush hour; 0 = off-peak hour).

The suggested pathogen structure captures knowledge related to space occupancy of the disturbance, represented by the
queue length, and the time occupancy, represented by both the average queue delay and the period of the day. It is worth
noting that pathogens could be extended with more indicators to deﬁne more exhaustively the state of each approach of an
intersection.
3.2. Detection of pathogens
A disturbance is detected at a lane j of approach i of an intersection, and a pathogen is created for all lanes incoming to
the intersection based on the following algorithm:
1. Data acquisition: get QLij and QDij for each lane j of approach i of an intersection;
2. Calculate a traﬃc status function TSij for each lane j of approach i according to (2)

T Si j = ( w 1 Q Li j + w 2 Q Di j ) ;

(2)

Where
• w1 is a coeﬃcient associated to the vehicle queue length. w1 is the same for all lanes of the intersection;
• w2 is a coeﬃcient associated to the average queue. w2 is the same for all lanes of the intersection;
3. If TSij ≥ th1 , where th1 is a threshold, then detect a disturbance and create a pathogen. Otherwise, no disturbance is
detected.
3.3. Antibody structure
Antibodies correspond to control decisions. An antibody Ab is deﬁned by an ID number, a paratope and an idiotope (cf.
(3)).

Ab =< AbID ; Parat ope; Idiot ope >

(3)

The paratope includes two parts: the pre-condition and the control decision. The pre-condition has the same structure
as the pathogen. The control decision is a combination of two attributes, which are the phase sequencing and duration (cf.
(4)).

⎫ ⎧
⎫
⎧
⎨
⎬ ⎨
⎬


Paratope =
Q Li j , Q Di j
; P;
P hi j , Di j
i = 1..M ⎭
i = 1..M ⎭
⎩
⎩
j = 1..L

(4)

j = 1..L

Where:
•
•

Phij is the phase number (within the cycle) associated to lane j of approach i;
Dij is the duration (in seconds) of each phase of the cycle.
The idiotope part contains the ID of other antibodies that the antibody stimulates.

Idiotope =< #Abk >

(5)
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3.4. Aﬃnity between antibodies and pathogens
The mechanism of aﬃnity between an antibody and a pathogen (i.e. pathogenic aﬃnity) is implemented through a measure of distance that is used to determine the adequacy between a control decision (antibody) and a disturbance (pathogen).
We use the Manhattan distance [16] to quantify this aﬃnity according to (6). Different coeﬃcients are associated to differences in queue lengths (ωQL ), average queue delays (ωQD ), and period of the day (ωP ). It is worth noting that these coeﬃcients are independent of lanes, but are rather used to discriminate differences of attributes. We have assigned the greatest
coeﬃcient to differences in queue lengths so that they are considered the most important criterion.

mx = A f f inity (Abx , P g) = ωQL .

M

L

i=1 j=1



Q LAi jbx − Q LPg
ij



+ ωQD .

M

L



Q DAi jbx − Q DPg
ij



+ ωP P Abx − P Pg

(6)

i=1 j=1

Where
•
•
•

•

•

M is the number of approaches;
L is the number of lanes;
Pg
Q Li j and Q LAi jbx correspond to lengths of vehicle queues at lane j of approach i, respectively in the detected pathogen Pg
and the antibody Abx ;
Pg
Q Di j and Q DAi jbx correspond to average queue delays at lane j of approach i, respectively in the detected pathogen Pg
and the antibody Abx .
PPg and P Abx correspond to periods of the day at the intersection respectively in the detected pathogen Pg and the
antibody Abx .

3.5. Reward and penalty
To evaluate traﬃc ﬂuidity at an intersection at any time tk , we refer to the function deﬁned in (7):
M

L

T Si j (tk )

Etk =

(7)

i=1 j=1

Where TSij (tk ) is the traﬃc status in lane j of approach i at time tk already deﬁned in (2).
Traﬃc ﬂuidity is improved between two times tk and tk+1 if Etk+1 < Etk
We introduce the concepts of rewards and penalties of antibodies as follows:
•

•

The reward RAbx is the number of times an antibody Abx has improved the traﬃc ﬂuidity after the occurrence of a disturbance. RAbx is initially set to 0 for all antibodies, and is incremented by 1 each time an antibody Abx improves the traﬃc
ﬂuidity after the occurrence of a disturbance.
The penalty PAbx is the number of times an antibody Abx has failed to improve traﬃc ﬂuidity after the occurrence of a
disturbance. PAbx is initially set to 0 for all antibodies, and is incremented by 1 each time the antibody Abx fails to improve
traﬃc ﬂuidity after the occurrence of a disturbance.

3.6. Stimulation and suppression
Let us deﬁne NB(Abx → Aby ) as the number of times the antibody Aby has better performance than antibody Abx in
improving traﬃc in disturbed situations (see Section 4.2).
Then, as illustrated in Fig. 3, an antibody Abx stimulates an antibody Aby if Aby improves the traﬃc ﬂuidity more than Abx
when a disturbance is detected. Stimulation is used in the selection mechanism to favor antibodies with high performance.
The stimulation degree mxy of antibody Abx to antibody Aby is related to the reward RAby of antibody Aby , and is calculated
according to (8):

mxy = RAby .Nb(Abx → Aby )

(8)

Suppression is another type of interaction between two interconnected antibodies. An antibody Abx is suppressed by
antibody Aby if Abx has lower performance (in regulating traﬃc after the occurrence of a disturbance) than Aby . Suppression
is used in the selection mechanism to discriminate against antibodies with low performance. The suppression degree pyx of
an antibody Abx by antibody Aby is related to the penalty PAbx of antibody Abx , and is calculated according to (9):

pyx = PAbx .Nb(Aby → Abx )

(9)
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Complementary information
(cause of disturbance)

Traffic Status filled

Step 1

Initial case base

Step 2

Step 3

Step 4
Edited case base

Simulation

simulation-optimization

CNN algorithm

Refined case base
No

Final case
base

Yes

If the case base
gives delays
better than
LQF-MWM

Rules
(If...Then)

Case base evaluated

Step 5

LQF-MWM algorithm

Fig. 4. Immune memory creation algorithm.

3.7. Concentration
The concentration level of an antibody reﬂects its chances to get selected and activated after interaction with a pathogen
and other antibodies. We rely on formula (10) to calculate the concentration Ay of the yth antibody:
N

Ay =

N

mxy −
x=1

pxy + my

(10)

x=1

Where
•
•

N is the total number of antibodies of the immune network;
my , mxy and pxy , were respectively deﬁned in formulae (6, 8) and (9);

The ﬁrst sum in formula (10) represents the stimulation of antibody Aby by other antibodies Abx . The second sum represents the suppression of antibody Aby by other antibodies Abx . Aﬃnity my models the stimulation of antibody Aby by the
pathogen.
4. Learning and control algorithms
Two learning algorithms are presented to create the immune network. The ﬁrst algorithm is a hybrid-learning algorithm
(cf. Section 4.1) that aims at creating the immune memory (i.e. case-base of antibodies). The algorithm contributes to an
intelligent sampling of the disturbance and the control decision spaces, and to ﬁnding assignments of control decisions to
disturbances.
The second algorithm is a Reinforcement-Learning (RL) algorithm (cf. Section 4.2) that is used to interconnect antibodies
of the immune memory and create the immune network. RL is an intelligent way to explore the search space that allows
both evaluating the quality of the assignment of control decisions to disturbances and adding knowledge about successes
and failures of control decisions to react to disturbances.
4.1. Learning algorithm for the creation of the immune memory
To describe the procedure of creating the immune network, we introduce a hybrid-learning algorithm combining
simulation-optimization, Condensed Nearest Neighbor (CNN) algorithm and a rule-based system. With this algorithm, the
pre-condition and the control decisions of antibodies of the immune memory are determined. As shown in Fig. 4, the suggested algorithm includes ﬁve steps, which are described in detail in [29].
In the following, we synthesize the inputs, outputs and main steps of the algorithm:
1. Step 1 – Memory initialization: this step identiﬁes relevant abnormal traﬃc situations using simulation. For each time slot
t, the traﬃc status is evaluated and disturbances are detected according to Section 3.2. Once a disturbance is detected,
an antibody is created, and collected data are assigned to attributes of the pathogen part of the created antibody. The
antibody is then added to the immune memory. It is worth noting that the control decision part of the antibody is not
yet determined.
2. Step 2 – Memory editing: to be compliant with real-world signalized intersections, which are usually controlled using
Programmable Logic Controllers (PLCs) with limited storage and computing capabilities, a memory editing algorithm
needs to be considered in order to reduce the size of the immune memory and delete redundant/similar antibodies.
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Fig. 5. An example of IF…THEN reﬁnement rules.

Therefore, we adopted the Condensed Nearest Neighbor (CNN) algorithm [34], which is a widely used data reduction
and condensation technique that allows the pruning of a set of training examples to produce a compact edited set.
3. Step 3 – Control decision determination: a simulation-optimization method is used to assign a control decision to each
antibody of the edited immune memory. Assignment is made in such a way to ﬁnd an optimized combination {Phij , Dij ,}
that minimizes the objective function shown in (11).

Min (WT D .AvgT D + WQL .AvgQL + WV S .AvgV S )

(11)

Such that

Di j ∈ D

(12)
n

DMin ≤

Di ≤ DMax

(13)

i=0

P hi j ∈ P h

(14)

Where:
•
•
•
•
•
•

D is the set of possible durations of different phases;
DMin and DMax are respectively, the minimum and maximum cycle times;
Ph is the set of possible phase sequences;
WTD is the weight associated to the average total delay per vehicle AvgTD;
WQL is the weight associated to the average queue length AvgQL;
WVS is the weight associated to the average number of stops per vehicle AvgVS.

Constraint (12) deﬁnes a set D of possible values of phase durations. Constraint (13) speciﬁes the maximum and minimum
possible cycle times. Constraint (14) deﬁnes a set Ph of possible phase sequences. WTD , WQL and WVS are determined using a quadratic program developped in [12].This formulation has the advantage to comply with local regulations, where
transportation authorities usually have an established organization and a prevailing management policy for signalized intersections in the considered urban areas. Such a policy usually includes a set of possible phase sequences and durations that
should be respected to have a homogeneous control strategy over the controlled urban areas. In our particular case, phase
sequences, durations, and cycle times will be ﬁxed in Section 5.2 based on expert recommendations and in compliance with
local regulation. The problem is implemented and solved using Cplex, a powerful solver for linear programming problems.
4. Step 4 – Memory reﬁnement: The objective of this step is to update the control decisions using a rule-based system,
where rules have the structure shown in Fig. 5.
5. Step 5 – Memory evaluation: The objective of this step is to compare the average total delay given by the suggested
algorithm with the reference LQF-MWM algorithm [48,49] (cf. section 5.3.2) and further reﬁne the case-base if necessary.
4.2. Learning algorithm for the creation of the immune network
The output of the ﬁrst learning algorithm is a reﬁned and evaluated immune memory with a set of non-interconnected
antibodies. In this section, a Reinforcement Learning algorithm is used to interconnect the antibodies and create the immune
network. The algorithm is connected to a simulation model of an intersection (see Section 5). During the simulation, the
algorithm learns using the concepts of rewards and penalties presented in Section 3.5. The suggested RL algorithm is based
on the following steps:
•

•

•

Step 0 – Fixed time control. Use a ﬁxed time controller (ﬁxed timing and ﬁxed sequence) to control “normal” traﬃc (no
disturbances). On the example of Fig. 2, we used a ﬁxed time controller with 120 s cycle time, 30 s for each phase, and
phase sequencing ph1 →ph2 →ph3 →ph4 .
Step 1 – Data acquisition. At time tk , collect the average queue delay and queue length in each lane from the simulation
software.
Step 2 – Data analysis. At time tk , analyze collected data in order to detect possible disturbances. Evaluate traﬃc status
using the function TSij deﬁned in (2) for each lane j of approach i. Make a decision whether to continue with the ﬁxed
time control or switch to a more suitable control decision (antibody):
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Table 1
Scenarios used for learning (Ai refers to approach i).
Vehicle per hour per
approach during scenario

•

•

•

•

Scenario
No.

Blocked
approaches

Duration
(sec) of
blocking

Duration
(sec) of
scenario

A1

A2

A3

A4

A1

A2

A3

A4

1
2
3
4

–
–
A1, A3, A4
A1, A3, A4

–
–
200
960

200
1800
20 0 0
2760

800
1800
1300
1600

800
1500
400
700

800
1600
450
1600

800
1700
600
1600

–
–
1100
1600

–
–
1200
1600

–
–
1300
1600

–
–
1200
1600

P

0
1
0
1

◦ Step 2.1: if ∀i ∈ {1, ..., M} and ∀j ∈ {1, ..., L}, TSij < th1 , then no disturbance is detected. Consequently, continue with the
ﬁxed time controller. Go back to step 1 for data acquisition.
◦ Step 2.2: if ∃(i, j) such that TSij ≥ th1 , then a disturbance is detected. Consequently, create a pathogen with collected
data (see (1)). Then, go to step 3 to determine the control decisions (phase duration and sequencing).
Step 3 – Select and apply a control decision. At time tk :
◦ Step 3.1: determine pathogenic aﬃnities mk between antibodies Abk and the pathogen using (6).
◦ Step 3.2: extract the set of antibodies Abk such that mk ≤ th2 , where th2 is a threshold;
◦ Step 3.3: using a Roulette-Wheel mechanism [23], select an antibody Abx in a way that is biased towards lower
pathogenic aﬃnity values. As the selection mechanism is probabilistic, the selected antibody does not necessarily
have the lowest aﬃnity with the pathogen.
◦ Step 3.4: apply the selected antibody Abx .
Step 4 – Using (7), evaluate traﬃc ﬂuidity Etk+1 at time tk+1 , which corresponds to the end of the cycle time given by
the antibody Abx . Assign reward or penalty (see Section 3.5) to antibody Abx . If traﬃc ﬂuidity is improved, then antibody
Abx receives a reward. Otherwise, the antibody receives a penalty. Also in this step, steps 1, 2 and 3 are executed. Let us
assume another antibody Aby was selected to control traﬃc for the next time slot.
Step 5 – Using (7), evaluate traﬃc ﬂuidity Etk+2 at time tk+2 , which corresponds to the end of the cycle time given by
the antibody Aby . Assign reward or penalty (see Section 3.5) to antibody Aby . If traﬃc ﬂuidity is improved, then antibody
Aby receives a reward. Otherwise, the antibody receives a penalty.
Step 6 – Assess relative improvement of traﬃc ﬂuidity at time tk+2 :
◦ Assess the improvement of traﬃc ﬂuidity of antibody Aby relative to antibody Abx by evaluating and comparing percentages 1 =

•

Vehicle per hour per
approach during blocking

Et − Et
k

Et

k+1

k

and 2 =

Et

k+1

− Et

Et

k+2

k+1

◦ If 2 < 1 , then NB(Aby → Abx ) is incremented, otherwise NB(Abx → Aby ) is incremented.
◦ If the simulation is still running, then go to step 1 for data acquisition. Otherwise, go to step 7.
Step 7 – Interconnect antibodies. For each couple of antibodies Abx and Aby of the immune memory:
◦ Determine the type of the interaction between Abx and Aby : if NB(Abx → Aby ) > NB(Aby → Abx ), then the antibody
Abx stimulates the antibody Aby . Otherwise, the antibody Aby stimulates the antibodyAbx .
◦ Calculate the stimulation and suppression weights (mxy , pyx ): at the end of simulation, the algorithm calculates the
stimulation and suppression weights using (8) and (9).

4.3. Artiﬁcial immune network based control algorithm
The ﬂowchart of the suggested immune network based traﬃc signal control algorithm is shown in Fig. 6. When no disturbance is detected, a ﬁxed time controller is used to control the traﬃc at the intersection. When a disturbance is detected
(cf. Section 3.2), the immune network algorithm (cf. Fig. 7) is used to make decisions to optimize the traﬃc considering
two criteria, which are minimization of vehicle delays, and vehicle queue lengths. Finally, the selected control decision is
applied. If the disturbance is eliminated, ﬁxed time control is applied, otherwise another control decision is determined.
The immune network algorithm (INA) is summarized in Fig. 7.
5. Experimental framework
To assess INA, we used a single signalized intersection with four phases as illustrated in Fig. 2. Each approach has a
length of 400 m [48,49]. The intersection is simulated using PTV VISSIM 7 [21,36].
5.1. Creation of the immune network
To create the immune network, the two suggested learning algorithms are implemented using Python 2.7.9 and data
are collected from PTV VISSIM 7 each 3 s. We used a set of scenarios (see Table 1) containing different disturbances and
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Fig. 6. Artiﬁcial Immune Network based control algorithm.

Fig. 7. The suggested Immune Network Algorithm (INA).

different traﬃc loads to enable INA to learn in different traﬃc densities and under extreme situations. The total duration of
all scenarios, (which is in fact the duration of the training process of the RL algorithm), is 7.400 s.
Fig. 8 shows the obtained antibodies of the immune memory after the execution of the ﬁrst learning algorithm (see
Section 4.1). The obtained immune memory includes 16 antibodies.
Table 2 shows the obtained immune network after the execution of the RL algorithm (see Section 4.2). It can be noticed
that some antibodies are neither stimulated nor suppressed. Such antibodies may not have been selected by the roulette
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Table 2
Immune Network obtained from the learning phase.
Antibody

(Stimulates, Weight of stimulation)

(Suppresses, Weight of suppression)

Ab1

(Ab3 , 196); (Ab4 , 220); (Ab2 , 300)

Ab2

–

Ab3

(Ab11 , 34); (Ab4 , 245); (Ab2 , 324)

Ab4

(Ab11 , 52); (Ab2 , 552)

Ab5

(Ab1 , 117); (Ab3 , 182); (Ab4 , 280); (Ab2 , 342); (Ab12 , 26);
(Ab7 , 45); (Ab11 , 36); (Ab9 , 12)
(Ab1 , 18); (Ab3 , 28); (Ab4 , 45); (Ab12 , 4); (Ab5 , 6); (Ab7 , 9);
(Ab11 , 6); (Ab9 , 2); (Ab2 , 60)
(Ab1 , 72); (Ab3 , 105); (Ab4 , 180); (Ab2 , 228); (Ab11 , 24);
(Ab9 , 8)
(Ab1 , 108); (Ab3 , 196); (Ab4 , 260); (Ab2 , 294); (Ab12 , 22);
(Ab5 , 60); (Ab7 , 48); (Ab16 , 4); (Ab11 , 30); (Ab9 , 10); (Ab6 ,
5)
(Ab1 , 30); (Ab3 , 28); (Ab11 , 6); (Ab4 , 50); (Ab2 , 72)

(Ab11 , 32); (Ab9 , 8); (Ab10 , 2); (Ab12 , 18); (Ab8 , 18); (Ab5 ,
45); (Ab7 , 36); (Ab16 , 2); (Ab6 , 3); (Ab10 , 0)
(Ab1 , 120); (Ab3 , 112); (Ab11 , 32); (Ab4 , 140); (Ab9 , 8); (Ab12 ,
6); (Ab8 , 2); (Ab5 , 9); (Ab7 , 6); (Ab10 , 0); (Ab16 , 0); (Ab6 ,
0)
(Ab1 , 105); (Ab9 , 10); (Ab12 , 20); (Ab8 , 14); (Ab5 , 48); (Ab7 ,
39); (Ab16 , 3); (Ab6 , 3)
(Ab1 , 192); (Ab3 , 245); (Ab9 , 14); (Ab10 , 6); (Ab12 , 28); (Ab8 ,
16); (Ab5 , 48); (Ab7 , 36); (Ab16 , 3); (Ab16 , 1); (Ab6 , 3)
(Ab10 , 6); (Ab8 , 20); (Ab16 , 3); (Ab6 , 4)

Ab6
Ab7
Ab8

Ab9
Ab10
Ab11
Ab12
Ab13
Ab14
Ab15
Ab16

(Ab3 , 91); (Ab4 , 105); (Ab12 , 10); (Ab8 , 14); (Ab5 , 27); (Ab7 ,
21); (Ab1 , 54); (Ab11 , 12); (Ab9 , 4); (Ab2 , 120); (Ab6 , 2)
(Ab1 , 33); (Ab2 , 84)
(Ab1 , 54); (Ab3 , 77); (Ab11 , 16); (Ab4 , 110); (Ab9 , 5); (Ab2 ,
162); (Ab7 , 15)
–
–
–
(Ab1 , 21); (Ab3 , 28); (Ab4 , 45); (Ab10 , 2); (Ab12 , 4); (Ab5 , 9);
(Ab7 , 6); (Ab11 , 6); (Ab9 , 2); (Ab2 , 60); (Ab6 , 1)

(Ab10 , 0); (Ab8 , 0); (Ab16 , 0)
(Ab10 , 2); (Ab12 , 14); (Ab8 , 8); (Ab5 , 27); (Ab16 , 2);(Ab6 , 1)
(Ab10 , 6)

(Ab12 , 2); (Ab10 , 0); (Ab8 , 0); (Ab5 , 0); (Ab7 , 0); (Ab16 , 0);
(Ab6 , 0)
(Ab16 , 1)
(Ab3 , 28); (Ab4 , 50); (Ab9 , 3); (Ab12 , 2); (Ab10 , 0); (Ab8 , 0);
(Ab5 , 0); (Ab7 , 0); (Ab16 , 0); (Ab6 , 0)
(Ab10 , 2); (Ab8 , 8); (Ab5 , 15); (Ab6 , 1)
–
–
–
(Ab8 , 2)

wheel mechanism, and therefore no feedback on their performance is yet available. A continuous learning process (see
discussion Section 7) may enable involving such antibodies in reaction processes, and taking advantage of their capabilities.
5.2. Reference algorithms
In this section, we describe the two algorithms to which INA is compared, namely the optimized stage-based ﬁxed-time
controller and the LQF-MWM algorithm.
5.2.1. Fixed-time controllers
In a ﬁxed-time controller, the same sequence of phases is repeated with a ﬁxed duration, always arranged in the same
order, to constitute a ﬁxed cycle. We used the “Optimized Stage-Based Fixed-Time controller”, a tool of PTV VISSIM that
allows the determination of the optimal duration of different phases of a ﬁxed cycle. As input, this tool requires only the
desired cycle time. We have considered two different cycle times: 120 s, which is used in [13], and 240 s, which is used in
[7]. Both, Chen et al. [13] and Araghi et al. [7] used an isolated intersection with four approaching links for the assessment
task. As output, VISSIM suggests an optimized phase duration for each approach as follows:
•

•

The ﬁxed time controller with a total cycle time of 120 s, referred to as FX(120): 25 s for each phase with 5 s of intergreen;
The ﬁxed time controller with a total cycle time of 240 s, referred to as FX(240): 55 s for each phase with 5 s of intergreen.

5.2.2. LQF-MWM algorithm
LQF-MWM algorithm [48,49] is widely used in the literature for benchmarking purposes [13,47,52]. The algorithm gives
priority to approaches with the longest vehicle queues. Zhu et al. [52] and Ahmad et al. [4] stated that the LQF-MWM is an
adaptive traﬃc control algorithm that tends to reduce the average delay of vehicles through isolated intersections. Wu et al.
[47] aﬃrmed that LQF-MWM shows good performance compared to other approaches like the Ant Colony System (ACS), or
the First Come First Serve policy (FCFS). As presented in [48,49], the algorithm is based on a set of assumptions:
•
•

The amount of traﬃc on each link does not exceed the capacity of the link;
Overloading any of the destination links is not allowed;
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While the simulation is running
For each approach
If input link i is selected by the matching matrix to be connected to output link j
Get the queue occupancy vector that represents the number of vehicles
currently queued at time (t) between links of the approach
Calculate the sum of produced weights according to (16)
Give priority to the approach with the highest weight
Endif
Endfor
End While
Fig. 9. LQF-MWM algorithm.

•

•
•
•

•

Q (t ) = Qi j (t ) (i, j = 1, . . . , M ) is the queue occupancy vector in which each component represents the number of vehicles currently queued at time (t) and M is the number of links that are connected to the intersection node (M = 4 in our
case).
All queues are served in accordance with the policy ﬁxed by the signal control algorithm.
At time t = 0, there is no loopback traﬃc, all Q (t0 ) = 0.
The allowable intersection conﬁgurations considered by the algorithm is represented by the matching matrix Sij (t),
where: Si j (t ) = 1 if input link i is selected by the control algorithm to connect to output link j; otherwise Si j (t ) = 0.
The evolution of the queue occupancy can be expressed as:

Q (t + 1 ) = Q (t ) + A(t ) − D(t )

(15)

Where:
D(t): represents the number of vehicles departed from link i to link j during time slot t.
A(t): is the number of vehicles arriving to the queue at time t.
•

The weight produced by the LQF-MWM algorithm at time t is given by:





W (t ) = Q (t ), Si j (t ) =

Qi j (t ) Si j (t )

(16)

i, j
•

The average rate of vehicles moving through the intersection from input link i destined for output link j.
The LQF-MWM algorithm is summarized in Fig. 9.

5.3. Implementation and performance indicators
INA and LQF-MWM are implemented using Python 2.7.9 and data are collected from PTV VISSIM 7 each 3 s. The performances of the three controllers were tested using four scenarios different from the scenario used in the learning process.
Each scenario has a duration of 40 min.
1. Scenario 1 with 4800 generated vehicles during off-peak hour (P = 0). The aim of this scenario is to allow the assessment
of the performance of algorithms under “normal” traﬃc conditions and low traﬃc density.
2. Scenario 2 with 7200 generated vehicles during rush hour (P = 1). The aim of this scenario is to allow the assessment of
the performance of algorithms with a high-density traﬃc ﬂow.
3. Scenario 3 with 4800 generated vehicles during off-peak hour (P = 0). In this scenario, we simulated an accident in one
approach of the intersection, which blocked the traﬃc during the ﬁrst 200 simulation seconds.
4. Scenario 4 with 5400 generated vehicles during rush hour (P = 1). The aim of this scenario is to allow the assessment
of the performance of algorithms under “unstable” traﬃc conditions characterized by variable traﬃc loads. The loads
assigned to each approach are respectively 1800; 1200; 1000; and 1400 vehicles.
To evaluate the performance of the three algorithms, a set of performance indicators are considered as follows:
1. The total delay in the intersection: represents the total time spent by all vehicles in the intersection. Such time includes the average queue delay of vehicles and time taken by vehicles to leave the intersection. Such criteria provide an
overview of the global performance of the controllers in the different scenarios.
2. The average total delay per vehicle for each approach: refers to the mean delay of a vehicle to cross the intersection. We
use Log(delay[sec]) in order to better distinguish the performance of each algorithm.
3. The average queue length.
4. The average number of vehicle stops.
Moreover, the different thresholds, weights, values of the learning algorithm to create the immune memory, and the
obtained immune memory used in experimentations, are as follows:
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Fig. 10. Average total delay per vehicle for 40 min of simulation.

•
•
•
•
•
•
•
•
•
•
•
•
•

•
•
•

D ∈ {12, 15, 20, 30, 45, 60, 120} (in seconds);
DMin = 15 s;
DMax = 120 s;
Ph: 24 possible combination of phases;
WT D = 0.3;
WQL = 0.5;
WV S = 0.2;
WQD = 0.3;
WP = 0.2;
t h1 = 12 vehicles;
th2 = 200;
th3 = 90;
Immune memory size = 16 antibodies.
Data collected from VISSIM 7 are as follows:
Queue lengths are collected each 5 s;
Delays are collected each 10 s;
Queue Stops are collected each 10 s.

6. Results
Fig. 10 shows the average total delay per vehicle (expressed in seconds) for all scenarios and for all control algorithms.
It can be noticed that INA outperforms the other controllers with respect to the average total delay in all scenarios. For
scenario 1, INA reduces the average total delay per vehicle by 13.01%, 21.97%, and 26.42% compared to LQF-MWM, FX(120),
and FX(240), respectively. In the second scenario, INA reduces the average total delay per vehicle by 5.21%, 15.51% and
18.54% compared to LQF-MWM, FX(120), and FX(240), respectively. In scenario 3, INA reduces the average total delay per
vehicle by 10.68%, 21.7%, and 23.85% compared to LQF-MWM, FX(120), and FX(240), respectively. In scenario 4, INA reduces
the average total delay by 10.22% compared to the LQF-MWM and by 14.15% and 19.85% compared to FX(120) and FX(240),
respectively.
The performance of the algorithms and the obtained results for each scenario are detailed in next subsections.
6.1. Scenario 1
Fig. 11 depicts the total delay in the intersection for all controllers. During the whole simulation, ﬁxed-time controllers
provide the highest total delay. LQF-MWM has comparable performance to INA during the ﬁrst 3 min. By the fourth minute,
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Fig. 11. Total delay for the intersection for scenario 1.

INA gives the lowest total delay until the end of simulation. According to Fig. 12, INA gives shorter vehicle queues in approach 1 and 4 while LQF-MWM is better in approaches 2 and 3. This difference in performance between INA and LQFMWM is due to the fact that LQF-MWM gives priority to the longest queue, while INA makes a compromise between longest
queues and highest average queue delays.
Regarding the average number of vehicle stops (see Fig. 13), a vehicle has to stop around 3 times to cross the intersection
with FX(240), while it is around 5 times with FX(120). LQF-MWM performs better as vehicles stop around 2 times to leave
the intersection. This can be explained by the fact that LQF-MWM continues increasing the duration of the phase associated
to the approach with a longer vehicle queue. This fact explains why vehicles stop less with LQF-MWM. With INA, vehicles
have to stop around 4 times.
6.2. Scenario 2
In scenario 2, traﬃc density is increased to achieve 7200 generated vehicles, 1800 vehicles per approach. As illustrated
in Figs. 14 and 15, INA outperforms LQF-MWM with respect to the average total delay. LQF-MWM performs better than INA
with respect to the average queue length in approaches 1, 2, and 4, while INA has lower average queue length in approach
1. This can be justiﬁed by the fact that LQF-MWM focuses on minimizing queue lengths only.
Regarding the number of vehicle stops (see Fig. 16), a vehicle has to stop around 5 times with the FX(120), around 2
times with FX(240), around 3 times with the LQF-MWM controller and around 5 times with INA.
6.3. Scenario 3
In this scenario, approaches 1, 3 and 4 are blocked during 200 s due to several possible disturbances such as accidents.
During the 200 s, approach 2 is loaded with low volume of vehicles (500 vehicles). During the period of disturbance, vehicles
in approaches 1, 3 and 4 cannot cross the intersection and the queue length becomes longer. Fig. 17 shows that both FixedTime and LQF-MWM controllers have comparable performance. At the end of the disturbance period, blocked approaches
become more congested. In this situation, INA performs better by giving less total delay for the intersection. Regarding the
average queue length (see Fig. 18), INA performs better than both controllers, LQF-MWM and Fixed-Time, in approach 1,
which are disturbed.
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Fig. 12. Average queue lengths for scenario 1.

Fig. 13. Average number of vehicle stops in scenario 1.
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Fig. 14. Total delay for the intersection for scenario 2.

Fig. 15. Average queue lengths for scenario 2.
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Fig. 16. Average number of vehicle stops in scenario 2.

Fig. 17. Total delay for the intersection for scenario 3.
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Fig. 18. Average queue lengths in scenario 3.

Fig. 19. Average number of vehicle stops in scenario 3.
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Fig. 20. Total delay for the intersection for scenario 4.

According to the number of vehicle stops (see Fig. 19), INA and LQF-MWM have comparable performances in approach 4
as vehicles have to stop around 2 times. For approaches 1, 2, and 3 LQF-MWM performs better by maintaining approximately
2 stops per vehicle compared to INA, which stops vehicles 4 times. The average number of vehicle stops using FX(120)
exceeds 4 times. FX(240) performs slightly better as the average number of vehicle stops is around 3 times.
6.4. Scenario 4
According to Fig. 20, INA, LQF-MWM, and FX(120) have comparable total delay during the ﬁrst 4 min. Few minutes later,
the total delay is lower with INA than the Fixed-Time controllers and LQF-MWM. Fig. 21 shows that INA is better than LQFMWM in approaches 3 and 4, having 10 0 0 vehicles and 1400 vehicles respectively, and LQF-MWM is better in approach 1
and 2, having 1800 vehicle and 1200 vehicles respectively.
Fig. 22 shows that FX(240) and LQF-MWM give the lowest average number of vehicle stops compared to FX(120) and
INA.
7. Discussion
This section discusses some issues related to the developed traﬃc signal control algorithm.
1. The main contribution of the article is to develop innovative concepts and mechanisms, borrowed from biological immunity, and focused on disturbance management. The design choices are generic. Particularly, pathogen and antibody representations can be extended with other features and attributes without questioning the downstream decision-making
processes. In future work, we are considering the integration of features and attributes related to types of vehicles (public
transportation vehicles, ambulances, commercial trucks, ﬁreﬁghters, police vehicles, etc.) and types of events (accidents,
emergencies, etc.). This integration allows considering different classes of disturbances, and allows the creation of clusters
of cases and clusters of immune networks based on disturbance classes;
2. We have considered a control approach based on two separate stages, a learning stage (to create and interconnect cases),
and a control stage. Although the simulation based experimental results are promising and competitive, in real life situations, it is necessary to consider a continuous learning approach, i.e. an approach that continuously detects and adapts
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Fig. 21. Average queue lengths in scenario 4.

Fig. 22. Average number of vehicle stops in scenario 4.
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to new situations within the same framework (without separation between learning and control). Continuous learning
refers to continuous introduction of new antibodies, continuous interconnection of antibodies, removal and replacement
of those antibodies that have poor performance. The learning algorithms provided in this article can be used to achieve
such continuous learning, but other immune inspired algorithms, such as clonal selection [44], can also be considered.
However, this achievement requires more investigation, and more mechanisms, particularly to insure the scalability of
the immune memory (case-base) and its compatibility with real life implementation requirements and constraints;
As a corollary of the previous remark, the separation into two different stages raises questions about the coverage of the
suggested case-base. Although several references in the literature emphasize the ability of the CNN algorithm to obtain
case-bases with good coverage [5,27], an in-depth statistical analysis of the obtained immune memory is required to
insure its coverage. Moreover, other classiﬁcation algorithms, such as the k-NN, can be used for the memory editing;
Also as a corollary of remark n. 2, to insure adaptation to new situations, it is necessary to include an adaptation mechanism. The biological immunity provides evolutionary optimization mechanisms like the clonal selection theory [44] that
can be used to improve the performance of antibodies in terms of detection (to improve aﬃnity with pathogens, i.e. distance to disturbance features and attributes) and reaction (to improve control decisions, i.e. signal timing and sequence)
capabilities;
The suggested Immune Network Algorithm (INA) uses an aﬃnity measure to retrieve antibodies. The similarity measure
is based on the Manhattan distance, which has demonstrated a better performance in presence of noisy data as discussed
in Section 3.4. However, other measures can be used, such us the Generalized Ordered Weighted Averaging (GOWA, [50]),
which is a method for aggregating criteria. It provides a parameterized family of aggregation operators that include the
maximum, the minimum and the average criteria. Also, fuzzy representations of pathogens, antibodies, and similarity
measures are worth considering to take imprecision and uncertainties into account;
The suggested Immune Network interactions behave like a multi-criteria decision making technique to favor the selection of one antibody over a set of candidate antibodies based not only on similarity with pathogens, but also on the
success and failure history of antibodies. As we consider a network of interconnected cells, this representation recalls
the architecture of artiﬁcial neural networks (ANN), where also a set of cells (neurons) are interconnected, and can be
used to achieve multi-criteria decision making. One promising research direction is to design an ANN for disturbance
management, and to compare its performance to the suggested Immune Network Algorithm.
The performance of the TSCS is assessed with many scenarios simulated with VISSIM. An assessment with real cases is
also required for an in-depth and advanced performance assessment. Also, an in-depth assessment of the real time operating conditions and performance of the system is worth conducting. Finally, a sensitivity analysis should be conducted
to assess performance with respect to the different weights used in the suggested formulas.

8. Conclusions and recommendations
Dealing with disturbances at signalized intersections is a complex and open-ended problem. This article develops a new
intelligent Traﬃc Signal Control System (TSCS), based on innovative concepts and mechanisms borrowed from biological
immunity, and focused on managing traﬃc disturbances. The proposed system contributes to artiﬁcial immune systems
(AIS), to case-based reasoning (CBR) and to Reinforcement Learning (RL).
With respect to AIS, this work is the ﬁrst to use the immune network theory to control traﬃc signals in case of disturbances. The analogy presented in this work provides innovative and generic implementation choices and techniques. A
detailed comparative analysis of performance is given by benchmarking the suggested TSCS against two control strategies,
namely a ﬁxed time control strategy, and LQF-MWM algorithm, which is an adaptive control strategy commonly used in
literature. The suggested Immune Network Algorithm (INA) was tested in different traﬃc situations and disturbed scenarios. Different Key Performance Indicators (KPIs) were considered and used in the analysis. The results of the comparative
assessment show that the suggested TSCS outperforms the other two control strategies with respect to different traﬃc disturbances.
Unlike the majority of existing works that use CBR for traﬃc control problems, which usually state that the case-base
is created with the help of experts but do not specify how the knowledge is actually captured, we developed a hybrid
methodology using simulation-optimization, Condensed Nearest Neighbor (CNN) algorithm and a rule-based system to create
the immune memory (i.e. the case-base).
With respect to Reinforcement Learning, existing works highlight the complexity of adapting an RL algorithm to deal with
traﬃc disturbances. The proposed TSCS gives an additional learning dimension to CBR by allowing the documentation of
successes and failures of each control decision of the immune memory based on the outcomes of previous experiences with
disturbances. The suggested RL algorithm allows explicit representation of disturbance-related knowledge by interconnecting
the cells of the immune memory (i.e. the cases) and weighting the links between cells. The weights reﬂect the capabilities
of antibodies to deal with disturbances.
The suggested control approach can be extended in a number of ways that were discussed in a dedicated section. The
provided concepts and mechanisms can be extended to cover a network of several signalized intersections and the suggested
TSCS can be extended to tackle a classiﬁcation of disturbances by using clustering and data mining techniques. In addition,
the system can be extended using other concepts and mechanisms inspired by biological immunity like the clonal selection
theory that provides optimization mechanisms that can improve the performance of antibodies to deal with disturbances.
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[44] B.H. Ulutaş, S. Kulturel-Konak, A review of clonal selection algorithm and its applications, Artif. Intell. Rev. 36 (2) (2011) 117–138. http://doi.org/10.
1007/s10462- 011- 9206- 1.
[45] R. Weil, J. Wootton, A. García-Ortiz, Traﬃc incident detection: Sensors and algorithms, Math. Comput. Modell. 27 (9–11) (1998) 257–291. http://doi.
org/10.1016/S0895-7177(98)0 0 064-8.
[46] M. Wiering, Multi-agent reinforcement learning for traﬃc light control, in: Proc Intl Conf Machine Learning, 20 0 0, pp. 1151–1158. http://doi.org/10.
1038/ijo.2010.228.
[47] J. Wu, A. Abbas-Turki, A. El Moudni, Cooperative driving: an ant colony system for autonomous intersection management, Appl. Intell. 37 (2) (2011)
207–222. http://doi.org/10.1007/s10489- 011- 0322- z.
[48] R. Wunderlich, I. Elhanany, T. Urbanik, A stable longest queue ﬁrst signal scheduling algorithm for an isolated intersection, in: 2007 IEEE International
Conference on Vehicular Electronics and Safety, IEEE, 2007, pp. 1–6. http://doi.org/10.1109/ICVES.2007.4456393.
[49] R. Wunderlich, I. Elhanany, T. Urbanik, A Novel Signal-Scheduling Algorithm With Quality-of-Service Provisioning for an Isolated Intersection, IEEE
Trans. Intell. Transp. Syst. 9 (3) (2008) 536–547. http://doi.org/10.1109/TITS.2008.928266.
[50] R.R. Yager, Generalized OWA Aggregation Operators, Fuzzy Optim. Decis. Making 3 (1) (2004) 93–107. http://doi.org/10.1023/B:FODM.0 0 0 0 013074.
68765.97.
[51] Y. Yin, Robust optimal traﬃc signal timing, Transp. Res. Part B 42 (10) (2008) 911–924. http://doi.org/10.1016/j.trb.20 08.03.0 05.
[52] F. Zhu, H.M.A. Aziz, X. Qian, S.V. Ukkusuri, A junction-tree based learning algorithm to optimize network wide traﬃc control: A coordinated multiagent framework, Transp. Res. Part C 58 (2015) 487–501. http://doi.org/10.1016/j.trc.2014.12.009.

Artif Intell Rev
https://doi.org/10.1007/s10462-017-9604-0

An immune memory inspired case-based reasoning
system to control interrupted flow at a signalized
intersection
Ali Louati1,3 · Sabeur Elkosantini2,3 · Saber Darmoul2 ·
Lamjed Ben Said3

© Springer Science+Business Media B.V., part of Springer Nature 2017

Abstract To monitor and control traffic at signalized intersections, several traffic signal
control systems (TSCSs) were developed based on optimization and artificial intelligence
techniques. Unfortunately, existing approaches put little emphasis on providing concepts
and mechanisms that are generic enough to deal with a variety of disturbances while maintaining traffic fluidity. Moreover, only a few works have investigated case-based reasoning
(CBR) to control traffic at signalized intersections. Existing works usually state that the
case-base is created using experts’ knowledge but do not specify how this knowledge is
acquired and how the case-base is built. The contribution of this study is threefold. First,
a new TSCS is designed to monitor and control traffic at a signalized intersection using
innovative concepts and mechanisms borrowed from the biological immune memory and
secondary immune response. Immune memory provides the concepts to represent cases to
deal with disturbances in a more generic way, and immune secondary response mechanisms
guide the design of a CBR system to monitor traffic and control disturbances. Second, a
new learning algorithm for the creation of the case-base combining simulation-optimisation,
condensed nearest neighbour algorithm and a rule-based system are developed. Third, the
performance of the suggested TSCS is assessed by benchmarking it against two standard
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control strategies from the literature, namely fixed-time traffic signal control and the longest
queue first-maximal weight matching algorithm. The suggested TSCS is implemented in
Python and applied on an intersection simulated using VISSIM, a state-of-the-art traffic simulation software. The results show that the suggested TSCS is able to handle different traffic
scenarios with competitive performance, and that it is recommended for extreme situations
involving blocked approaches and high traffic flow.
Keywords Traffic signal control systems · Artificial immune system · Case-based
reasoning · Longest queue first maximal weight matching algorithm · Condensed nearest
neighbour algorithm · Fixed-time controller

1 Introduction
With the sustained pace of urbanisation and growing mobility requirements, the monitoring
and control of traffic flow on urban roads became a major concern for local transportation
authorities. Ineffective or inefficient traffic control lead to congestion and accidents, with
human casualties and severe damage to equipment and infrastructure (Bellemans et al. 2002).
Transportation authorities have to improve traffic flow management and to ensure user safety,
especially when disturbances occur. Such disturbances include dealing with congestion and
bottlenecks, managing accidents and adverse weather conditions (i.e., heavy rain, fog, smoke,
dust, etc.), handling major events (international meetings, conferences, sport events, shows,
etc.), and clearing the way for high priority vehicles, such as ambulances, firefighters, army,
or police vehicles. In such situations, intersections (also called junctions), which are areas
of exchange between several roads that allow vehicles to move from one area to another
(Robertson and Bretherton 1991), may become bottlenecks of the urban road network and
the major source of traffic congestion.
Although construction of new infrastructure may be a solution to such traffic problems,
it requires considerable time to achieve the project, and availability of both geographical
space and high financial investment to conduct the construction project. Unfortunately, these
conditions are very often hardly met simultaneously. Consequently, transportation authorities have invested in Traffic Signal Control Systems (TSCS) in order to control the traffic at
signalized intersections. TSCS coordinate individual traffic signals to improve traffic fluidity,
avoid conflicting movements and deadlock situations, and therefore achieve network-wide
traffic operation objectives (Traffic Signal Control Systems 1997). TSCSs determine decisions to be sent to traffic signals in order to better control the traffic flow. These decisions are
related to the duration of phases (i.e. cycle times or duration of green and red signal times)
and to the sequence that governs phase transitions. Several TSCSs were developed to control
traffic flow at signalized intersections. They can be classified into two classes: pre-timed and
actuated systems.
Pre-timed controllers include systems such as TRANSYT (Robertson 1969) and
MAXBAND (Little et al. 1981). These systems are based on a fixed time strategy: the duration
and sequence of all phases remain fixed and do not take into account or adapt to the dynamic
state of the traffic at each approach of the intersection. The signal timing-plan is selected
according to a fixed schedule from a set of predetermined plans. These plans are developed
off-line on the basis of historical traffic data and using statistical analysis and mathematical
optimization methods (Angulo et al. 2011). Various theories and methods were applied to
enhance the timing efficiency of traffic signals (Li 2011; Wong and Woon 2008; Yin 2008).
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Yin (2008) indicated that pre-timed (fixed) traffic signals are widely used in the developing
countries due to the high costs of implementation and maintenance of real-time adaptive
signal control systems. The author particularly pointed out that further improvements of the
performance of TSCS is still needed, for example to improve their ability to detect and to
react to changes in traffic conditions.
Actuated controllers, which are adaptive traffic control systems, include systems such
as SCATS (Luk 1984), SCOOT (Robertson and Bretherton 1991), PRODYN (Henry et al.
1984), TRANSYT-7F (Wallace et al. 1984), PASSER II (Chang et al. 1988), CRONOS
(Boillot et al. 1992), and RHODES (Mirchandani and Head 2001). Actuated systems are
based on adaptive time strategies: the timing of traffic signals is adjusted in order to optimize
either a single objective (e.g. minimize the total waiting time or delay of vehicles in queues at
intersections), or multiple objectives (e.g. minimize total waiting time and maximize average
speed). This adjustment is made based on the length of the traffic queue at each approach of
the intersection. This detection is achieved using traffic detectors, which provide information
on the presence or absence of vehicles at intersections.

1.1 Disturbance management capabilities of TSCS
In the scientific literature, a few references have addressed urban traffic disturbance management, including disturbance modeling and the development of reactive approaches. For
example, TRANSYT-7F (Wallace et al. 1984) has restricted ability to consider different
types of disturbances. SCOOT (Robertson and Bretherton 1991) is able to detect disturbances related only to traffic congestion and bus priority. Kosonen (2003) presented a TSCS
that only uses vehicle queue lengths to detect disturbances. The developed TSCS is based on
a set of fuzzy rules to decide about the extension of an active green time. The author relies
on a human expert to construct the rule base. However, there is no specification about how
knowledge is captured. Wen (2008) detects congestions using data about the vehicle flow,
inter-arrival time between vehicles, and average vehicle speed. The TSCS uses a knowledge
base containing a set of rules to select and activate the appropriate phase. However, the author
does not detail how the knowledge base is designed.
Despite the help that TSCS provide, and in spite of their successful implementation and
widespread use in many cities (Stevanovic 2010), existing TSCS still offer limited support to
deal with disturbances. Limitations stem from the lack of explicit models for the representation of knowledge related to disturbances. Limitations are also related to the development of
generic mechanisms, and integrated functions that provide support to issues such as how to
detect disturbances, and how to determine/adapt decisions to disturbances, not only in terms
of signal timing and sequence, but also in terms of coordination between several intersections. Existing systems suffer limitations to suggest appropriate reaction strategies in a way
that is generic enough so that no, or at least little, customization is required when a new type
of disturbance is considered.

1.2 Case-based reasoning approaches to traffic signal control
In the scientific literature, many TSCS were developed based on artificial intelligence
paradigms (Araghi et al. 2015; Tahilyani et al. 2013). However, only a limited number of
works investigated the use of case-based reasoning (CBR) for traffic control as a problemsolving paradigm that relies on earlier experiences to solve new problems.
De Schutter et al. (2003) developed a decision support system (DSS) that combines a
multi-agent system and CBR to select and evaluate possible control decisions to control traf-
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fic in highways via variable message signs. Decisions include setting speed limits, showing
dynamic route guidance, and opening shoulder lanes. Instead of simulating all possible decisions, the system selects the most similar cases from the case-base using a similarity measure
based on fuzzy membership functions. The system simulates these selected cases and ranks
them according to a specified performance indicator. The human operator can then choose
one decision among the evaluated list.
Karim and Adeli (2003) developed a DSS to control the traffic and improve safety in work
zones. Different types of control decisions are evaluated according to the type of work and
traffic to guide drivers through the work zone with adequate protection for the workers. Cases
were created from information obtained from the Ohio Department of Transportation.
Sadek et al. (2001) developed a CBR system to solve the problem of freeway traffic routing.
The system monitors the traffic flow on several roadway segments of a highway network. The
information received through various devices, such as sensors and closed circuit television,
is used to detect disturbances. When an incident is detected, the system develops a routing
strategy that optimizes the utilization of network capacity and helps drivers to avoid the
disturbed roads.
Elkosantini et al. (2011a, b) developed a bimodal traffic controller for signposted roadrail intersections. The main objective was to manage the existing infrastructure to relieve
congestion, react to disturbances, and insure a safer and more convenient travel for people.
Authors developed a CBR system, coupled with fuzzy set theory, where each case is associated
to a situation (traffic status) and its regulation decision (timing schedules).
In this limited number of works, authors usually state that the case-base is created using
experts’ knowledge. However, they do not specify how this knowledge is acquired and how
the case-base is built. A famous technique called the Condensed Nearest Neighbour (CNN)
algorithm was widely used in other CBR application domains to build and optimize the
size of case-bases (Murty and Devi 2011; Smyth and McKenna 1999). However, to the best
knowledge of the authors, this technique has not yet been applied to traffic signal control
problems.

1.3 Problem statement
In this article, we consider the control of a single signalized intersection, with only one type of
vehicles, i.e. without differentiating between cars and other vehicles, such as buses or trucks.
Accordingly, this article intends neither to coordinate traffic across several intersections,
nor to deal with all possible kinds of disturbances. Instead, it intends to provide pertinent
concepts and mechanisms, relevant to the traffic signal control problem, and to show that
these concepts and mechanisms provide decision-support, with competitive performance, to
deal with disturbances. More particularly, we are interested in:
• Designing a new CBR based TSCS to monitor and control traffic at a single signalized
intersection in case of disturbances. The design should allow describing features (indicators, symptoms, etc.) and attributes (causes, context, etc.) of disturbances, and allow this
description to be extended to integrate other features and attributes when/as needed, and
without questioning the downstream decision/reaction mechanisms. To provide concepts
and mechanisms that are more explicit and generic than existing approaches, we adopt
biological immunity as a design guideline;
• Developing a new learning algorithm to build the case-base and optimize its size to
deal with relevant traffic disturbances. We suggest combining simulation-optimisation,
condensed nearest neighbour (CNN) algorithm and a rule-based system. This learning
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algorithm fills the gap in the literature concerning how to obtain a case-base in CBR
approaches for traffic control;
• Assessing the performance of the suggested TSCS by benchmarking it against two standard control strategies from the literature, namely fixed-time traffic signal control and
the longest queue first-maximal weight matching (LQF-MWM) algorithm.
Therefore, the remainder of this paper is organized as follows. Section 2 introduces the main
features of biological immunity and reviews artificial immune system applications in traffic
control. Section 3 introduces our design, implementation and developed system. Section 4
details the experimentation framework used to assess our system. Section 5 assesses the
performance of the suggested system and discusses the obtained results. We conclude the
article by discussing our contributions and opening further research directions.

2 Biological immunity and artificial immune systems: an overview
Biological immunity is a natural system that relies on a limited but efficient and effective
number of concepts and mechanisms to deal with a great variety of disease causing elements
disturbing its normal behaviour. The following sections provide a general description of
the main biological immune concepts and mechanisms, and an overview on existing works
that adapt those concepts and mechanisms to solve transportation and traffic engineering
problems.

2.1 Biological immunity
The biological immune system (BIS) reacts to adverse environmental changes, and to internal and/or external stimuli to the organism by discovering and eliminating disease causing
elements called “antigens”, such as viruses, bacteria, and other parasites. The BIS initiates an
immune response to neutralize the detected antigens. Figure 1 shows the main mechanisms
involved in an immune response. When an antigen enters into the body, it stimulates a subset
of immune cells, called “lymphocytes”, to produce special molecules, called “antibodies”.
Antibodies bind to antigens, block them and thereby lead to their elimination. The mechanism
of affinity allows measuring the intensity of this binding. The higher the affinity, the better the
immune system recognizes and eliminates the antigen. During the immune response, lymphocytes differentiate into two main types of cells: effector (plasma) cells and memory cells
(Hofmeyr 2001; Perelson and Weisbuch 1997). Effector (plasma) cells have a short lifetime
and are created for the immediate defense of the organism. Memory cells are long-lived cells
that circulate through the host organism. This concept is called the immunological memory.
When confronted with the presence of an antigen that was previously recognized, memory
cells are able to launch a rapid and effective secondary immune response. Usually, artificial
immune systems (AIS) often use the idea of memory cells to retain good solutions to the
problem under consideration. In our case, we rely on immune memory, and on the mechanism
of affinity to control traffic at a signalized intersection.

2.2 Artificial immune systems for transportation and traffic engineering
Recently, very few works have investigated adaptations of biological immune concepts and
mechanisms to solve transportation and traffic engineering problems. In public transportation
engineering, Darmoul and Elkosantini (2014) identified new concepts and mechanisms and
introduced a knowledge-based decision support approach to monitor and control public bus
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Fig. 1 Selection, proliferation and differentiation of immune cells. Reproduced with permission from De
Castro and Von Zuben (1999)

transportation systems. More closely related to traffic signal control, a few recent research
works investigated AIS to develop TSCS (Moalla et al. 2013; Negi 2006; Trabelsi et al.
2012). For example, Negi (2006) proposed an AIS that is able to detect simple abnormal
conditions affecting the traffic flow, such as congestions. Trabelsi et al. (2012) proposed an
algorithm based on the clonal selection theory to control traffic at a single signalized intersection. The algorithm aimed to increase the flow of vehicles by minimizing the length of the
queues in different approaches of an intersection. Moalla et al. (2013) presented an algorithm
based on the immune network theory to monitor traffic at a single signalized intersection,
and to determine regulation decisions as soon as a disturbance is detected. It is worth noting that these works are “proofs of concepts”, aimed at introducing new analogies and at
showing how these analogies contribute to solve traffic control problems. They lack in-depth
analysis and assessment of their performance compared to other state of the art algorithms.
Our article provides a novel analogy and innovative technological implementation choices,
as well as a detailed comparative analysis with a state-of-the-art traffic control algorithm
(cf. Sect. 4.3).

3 An immune memory based CBR
The BIS maintains the integrity of the body in the presence of disease causing elements (i.e.
antigens). Similarly, a TSCS should maintain traffic fluidity at acceptable levels in case of
disturbances. Antigens disturb the body organs, tissues and functions. Consequently, the body
develops an immune response to generate the suitable antibodies that can eliminate antigen.
In traffic management, disturbances can be detected based on symptoms, such as queue
lengths and waiting times at one or more approaches of the intersection. When a disturbance
is detected, the TSCS has to determine the most appropriate control decisions to deal with
it. After reaction, the BIS memorizes both the antigen and the antibody that eliminated the
antigen in order to reuse it (during a secondary immune response) when a similar antigen
is detected. Similarly, the TSCS should store the determined control decision in a database
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Table 1 Analogy between the Biological Immune System and TSCS
Biology

Analogy

Body

A signalized intersection

Biological immune system

Traffic signal control system

Antigen

Disturbance detected at the intersection

Antibody

A case, i.e. a disturbance and its associated control
decision (phase sequencing and duration)

Affinity

Measure of similarity between control decision and
disturbance

Immune memory

Storage of cases (disturbances and control
decisions) in a case-base. The immune memory
corresponds to the case-base of disturbances and
control decisions

Secondary immune response

Retrieval of cases from the case-base to use them to
control disturbances

(case-base) to reuse it when similar traffic conditions are detected. Table 1 synthesizes the
analogies between biological immunity and traffic control.

3.1 Antigen structure
An antigen, denoted Ag, is a disturbance associated with the whole intersection. A disturbance
is an event (such as an accident, a jam or bad weather conditions) that affects the fluidity of
the traffic. A disturbance can be represented as a vector of three attributes:
Ag = {(Q L i , Q Di )i = 1 . . . n}; P

(1)

where
• Q L i is the length (number of vehicles) of the vehicle queue at approach i, and n is the
number of approaches of the intersection. Approach notation and labelling are compliant
with the National Electrical Manufacturers Association (NEMA) convention;
• Q Di is the average queue delay of vehicles at approach i. It represents the average amount
of time, expressed in seconds, spent by vehicles waiting in the queue before leaving the
intersection;
• P is the period of the day in which the disturbance occurred (1 = rush hour; 0 = off-peak
hour).
For example, consider the following antigen corresponding to an intersection with four
approaches:
Ag = {(10, 65)1 , (8, 170)2 , (6, 200)3 , (7, 60)4 }; 0

(2)

This representation means that:
•
•
•
•
•

Approach 1 has a queue length of 10 vehicles and an average queue delay of 65 s;
Approach 2 has a queue length of 8 vehicles and an average queue delay of 170 s;
Approach 3 has a queue length of 6 vehicles and an average queue delay of 200 s;
Approach 4 has a queue length of 7 vehicles and an average queue delay of 60 s;
The disturbance occurred in an off-peak hour.
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The suggested antigen structure captures knowledge related to both space occupancy (represented by the queue length) and time occupancy of the disturbance (represented by the
average queue delay and the period of the day). It is worth noting that antigens can be
extended with other indicators related to other features that describe more exhaustively the
state of each approach of an intersection. Antigens can be extended with other attributes to
describe causes and context of occurrence of disturbances. Extensions can be made without
questioning the downstream decision and control mechanisms, which contributes to ensure
increased genericity.

3.2 Antibody structure
An antibody, denoted Ab, represents a case with two parts: the pre-condition and the decision.
The pre-condition has the same structure as the antigen and is used to activate the antibody.
The decision is described by two attributes for each approach: the phase sequencing and the
duration of each phase at each approach. The representation of an antibody is given by Eq. 3.
Ab = {(Q L i , Q Di )i=1...n }; {P; {(Ph i , Di )i=1...n }}

(3)

where:
• Q L i , Q Di , and P are the same attributes of an antigen characterizing a disturbance;
• Ph i is the phase number (within the cycle) associated to approach i;
• Di is the duration (in seconds) of each phase of the cycle.
If the antibody associated to the antigen of Eq. 4 is represented by:
Ab = {(10, 65)1 , (8, 170)2 , (6, 200)3 , (7, 60)4 }; 0;
{(3, 30)1 , (2, 25)2 , (1, 15)3 , (4, 15)4 }

(4)

Then this representation means that:
•
•
•
•

Approach 1 is assigned phase 3 with duration 30 s;
Approach 2 is assigned phase 2 with duration 25 s;
Approach 3 is assigned phase 1 with duration 15 s;
Approach 4 is assigned phase 4 with duration 15 s.

This means that the adopted cycle has the following sequencing: phase 3 → phase 2 → phase
1 → phase 4 with a total cycle duration of 85 s. It is worth noting that, in this article, we
do not consider cycles with a fixed phase order. Both phase sequence and duration may be
different from one situation to another.

3.3 Affinity between antibodies and antigens
The affinity between an antigen (detected disturbance) and an antibody (control decision)
corresponds to the Manhattan distance (De Castro and Timmis 2002) (cf. Eq. 5). The Manhattan distance has demonstrated a better performance in presence of noisy data, which is
often the case in transportation systems. This distance is expressed as the weighted sum of
absolute values of differences between the values of the attributes of the detected disturbance
and control decisions. To calculate this affinity, several weights (denoted α1 , α2 and α3 ) are
respectively associated with the queue length, average queue delay and the period of the day.
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Fig. 2 The developed learning algorithm

Affinity( Abi , Ag)
n 
n 










Ag 
Ag 
= α1 .
Q L iAb − Q L i  + α2 .
Q DiAb − Q Di  + α3 . P Ab − P Ag 
i=0

(5)

i=0

where
Ag

• Q L i is the length of the vehicle queue at approach i for the detected antigen Ag
• Q L iAb is the length of the vehicle queue at approach i of the stored antibody Ab
•
•
•
•

Ag

Q Di is the average queue delay of vehicles at approach i for the detected antigen Ag
Q DiAb is the average queue delay of vehicles at approach i of the stored antibody Ab
P Ag is the period of the day at the intersection for the detected antigen Ag
P Ab is the period of the day of the stored antibody Ab

The weights used in Eq. 5 are determined using the choquet integral (Labreuche 2003;
Marichal 2004; Diala et al. 2012) based on a quadratic program developped in (Bouhana
et al. 2013) and implemented using Cplex, a powerful linear programming solver. The aim
of this program is to minimize the distance between a new antigen and all other antigens.

3.4 A new learning mechanism for the creation of the immune memory
In this article, the immune memory corresponds to a database (case-base) with a set of antibodies that can neutralize abnormal traffic situations. To create such an immune memory, we
developed a new learning algorithm including four steps (initialization, editing, refinement
and evaluation) and combining different techniques, namely simulation-optimisation, Condensed Nearest Neighbour (CNN) algorithm and a rule-based system. Figure 2 illustrates the
different steps of the algorithm, which are detailed in the next subsections.

3.4.1 Initialisation of the immune memory
Initially, the immune memory is empty. The objective of this step is to identify the most
relevant abnormal traffic situations using simulation. Therefore, for each time slot t, the
algorithm monitors the traffic status, denoted T Si , by reading the traffic indicators (average
queue length and average queue delay) from the simulation tool (cf. Sect. 4.1). The traffic
situation is then evaluated using the function of Eq. 6.
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Train the initial immune memory
Condensed
ø
ø
Reduced
Repeat
Select the first antibody from the Train and add it to Condensed
Reduced = Train – Condensed
Repeat
Select an antibody from Reduced
Find the antibody representing the nearest neighbour in Condensed
If the antibody of the nearest neighbour <> selected antibody (the affinity between the two antibodies < predefined threshold (th2)) then
Add the selected antibody to Condensed
Delete the selected antibody from Reduced
Until Reduced is empty
Reduced = Train - Condensed
Until there is no change in Condensed or Reduced during two successive iterations
Fig. 3 CNN algorithm

T Si = (w1 Q L i + w2 Q Di ); (i = 1, . . . , 4)

(6)

where
• Q L i is the length of the queue of vehicles at approach i;
• Q Di is the average queue delay at approach i;
• w1 and w2 are weights associated respectively to the vehicle queue length and the average
queue delay at approach i. These weights are determined using Choquet integral as
discussed in Sect. 3.3;
• T Si is the traffic status attribute at approach i.
If the value of the function T Si is greater than a predefined threshold (Th1), then, the situation
is considered as abnormal. In this case, a new antibody is created, collected data are assigned to
attributes of the antigen part of the created antibody (cf. Sect. 3.2), and the created antibody
is added to the case-base. The threshold Th1 is determined using both trial and error and
simulation optimization. At the end of simulation, we obtain mantibodies, which have their
antigen part filled and the control decisions empty.

3.4.2 Memory editing
The output of the previous step is an initial immune memory, which contains a big number
of antibodies and some of them are similar. This step aims at editing the immune memory
in order to delete redundant/similar antibodies, reduce its size and keep only representative
antibodies. We adopted the condensed nearest neighbour (CNN) algorithm (cf. Fig. 3). The
CNN is a technique that allows the pruning of a set of training examples to produce a
compact edited set (Murty and Devi 2011; Smyth and McKenna 1999). It is widely used for
pattern recognition and machine learning. In general, CNN is used in classification problems,
regression tasks and case retrieval (Smyth and McKenna 1999). The performance of CNN
was widely studied, and many works show that CNN produces an edited set of examples that
is consistent with the original unedited training data (Coomans and Massart 1982; Guo et al.
2003). It is worth noting that to the best knowledge of the authors, this technique has not yet
been applied to traffic signal control problems.
Through CNN, a single antibody is first put in a set named the condensed set. Then
the memory is searched and the nearest neighbour in the condensed set is determined. The
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most similar antibody from the condensed base (i.e. having a similarity of the antigen part
exceeding a predefined threshold (th2) and the same control decision) will be deleted from
the condensed base. Otherwise, the antibody is considered as representative and added to
the condensed set. This step is repeated in an incremental way, by classifying each antibody
from the initial immune memory using the condensed base. These iterations are carried out
until no more antibodies are added to the condensed base.

3.4.3 Memory refinement
Two main objectives are considered in this step: assignment and improvement of control
decisions. First, we assign control decisions to the set of antigens obtained after memory
editing. This is achieved using a simulation-optimization technique and according to the
linear program defined by Eqs. 7–10 below. For each antigen in the edited case base, the
linear program finds a good combination {Ph i , Di } that minimizes the objective function of
Eq. 7 under the constraints presented in Eqs. 8, 9 and 10.
Min(WT D AvgT D + W Q L Avg Q L + WV S AvgV S)

(7)

Such that
Di ∈ D;
D

Min

≤

n
i=0

(8)
Di ≤ D

Max

(9)

Ph i ∈ Ph;

(10)

where
•
•
•
•
•
•

D is the set of possible durations of different phases
D M i n is the minimum cycle time and D M ax is the maximum cycle time
Ph is the set of possible phase sequences
WT D is the weight associated to the average total delay per vehicle;
W Q L is the weight associated to the average queue length for the intersection;
WV S is the weight associated to the average number of stops per vehicle;

The objective function of Eq. 7 is an aggregation of the average total delay per vehicle (AvgTD)
for the intersection, the average queue length for the intersection (AvgQL) and the average
number of vehicle stops (AvgVS) for the intersection. The constraint given by Eq. 8 defines
a set D of possible values of phase durations Di . The constraint given by Eq. 9 specifies
the maximum and minimum possible cycle times. The constraint given by Eq. 10 defines
a set Ph of possible phase sequences. This formulation has the advantage to comply with
local regulations, where transportation authorities usually have an established organization
and prevailing management policy for signalized intersections in the considered urban areas.
Such a policy usually includes a set of possible phase sequences and durations that should
be respected to have a homogeneous control strategy over the controlled urban areas. In
our particular case, phase sequences, durations, and cycle times will be fixed in section 4.4
based on expert recommendations and in compliance with local regulation. The problem is
implemented and solved using Cplex, a powerful solver for linear programming problems.
The second objective of memory refinement is to refine the obtained decisions. As depicted
in Fig. 4, this step uses a rule-based system to update the control decisions. The system
takes as input the edited memory and complementary information about the traffic, such as
fluctuations (changes) of traffic volumes.
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Fig. 4 The rule based system for the memory refinement

A set of IF…THEN rules is used to apply some basic and elementary actions on the
duration Di or the phase sequencing Ph i of each antibody stored in the memory. These
elementary actions can be:
• Increase phase duration by s seconds;
• Decrease the phase duration by s seconds;
• Switch phases (phase i, phase j).
The rules used for the refinement step have the following structure:
IF an approach has high traffic density
THEN increase phase duration by s second
IF an approach is blocked by an accident for a short duration
THEN switch phases by given this approach the priority

The output of this system is a refined memory.

3.4.4 Memory evaluation
The objective of this step is to evaluate the efficiency of the memory and compare it to
the performance of the reference algorithm, which is the LQF-MWM (Wunderlich et al.
2007, 2008) (cf. Sect. 4.3). We considered the average total delay as performance indicator.
We used the simulation model developed in step 1. If the LQF-MWM performs better than
the suggested Immune Memory based Algorithm (IMA), then we loop back to memory
refinement. Otherwise, the obtained immune memory is considered as final.

3.5 Immune memory based traffic control algorithm and architecture
The suggested Immune Memory based Algorithm (IMA) works according to the following
steps:
• Step 1 Data collection: the control algorithm performs data acquisition from the controlled
intersection. A simulation software is used to simulate an intersection and collect data
(cf. Sect. 4). Collected data are related to both the average delay and queue length of
vehicles in each approach.
• Step 2 Data analysis: the algorithm analyzes collected data in order to detect possible
disturbances. The system evaluates the traffic situation with respect to the evaluation
function T Si of the Eq. 6. Two possible sub-steps are considered. The first one is related
to the activation of the fixed time control or the activation of the suitable control decision:

123

An immune memory inspired case-based reasoning system to…

Ag ø
Initialisation: load the immune memory,
Repeat
For each T time
For each approach
, P)
Measure the traffic status ( ,
using Equation 6
Calculate
If
then
Ag new antigen object
Evaluate the new antigen with respect to the antibodies stored in the
immune memory using Equation 5
Select the antibody representing the highest degree of affinity
Apply the control decision given by the selected antibody ( , )
Else
Activate the fixed-time controller
EndIf
EndFor
EndFor
Until (end of the simulation)
Fig. 5 IMA algorithm

Fig. 6 Control architecture

– Step 2.1 this step is activated if the value T Si is less than th1. In this case, no disturbances are detected. Consequently, the algorithm activates the fixed time controller
with 60 s cycle time, 15 s for each phase and phase sequencing ph 1 → ph 2 →
ph 3 → ph 4 . Then, go to step 1 for data acquisition.
– Step 2.2 this step is activated if the value T Si is greater than th1. The algorithm
detects a disturbance and creates an antigen object (Eq. 1) with collected data. Then,
go to step 3 to select the appropriate control decision.
• Step 3 Selection of the appropriate control decision: the algorithm selects from the memory the most appropriate antibody (control decision) that can deal with the disturbance
(antigen). For that, the algorithm determines the affinity between the detected disturbance (antigen) and all control decisions (antibodies) from the database (cf. Sect. 3.3).
The algorithm selects the control decision with the highest value of affinity.
• Step 4 The selected control decision is applied to the controlled intersection. Go to step
1 for data acquisition.
Steps 1–4 are repeated each T (sampling period) seconds.
Figure 5 presents the structure of the suggested algorithm.
The suggested Immune Memory based Algorithm (IMA) will be used within the control
architecture of Fig. 6.
In this article, it is worth noting that (cf. Sect. 4.1 for more details):
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Fig. 7 The simulated intersection

• The controlled intersection is a simulated one;
• Data acquisition is performed using an application-programming interface (API) associated with the traffic simulation software we use;
• Data acquisition is performed in the beginning of a sampling period, while the determined
control decision is applied at the beginning of next sampling period.

4 Experimentation framework
In this section, we describe the experimentation settings, the two algorithms against which
our suggested IMA algorithm will be compared (namely a fixed time controller and the LQFMWM algorithm) and the obtained immune memory after the application of the suggested
learning mechanism.

4.1 Intersection configuration, implementation and performance indicators
We have applied the algorithms on a single signalized intersection with four phases (cf.
Fig. 7). Vehicles in each approach can cross the intersection based on the related green
time and direction of the phases. The intersection contains four approaches, each one is
400 meters long (Wunderlich et al. 2007, 2008). Each approach has two lanes, one for
turning right and the other one is a shared lane for straight and turning left movements. The
intersection is simulated using PTV VISSIM 7 (Fellendorf and Vortisch 2010; PTV 2015).
The suggested algorithm and the LQF-MWM algorithm are implemented using Python 2.7.9.
Data is collected from PTV VISSIM 7 each 3 s.
The performance of the three controllers was assessed under the following four different
scenarios:
1. Scenario 1 with 4800 generated vehicles during off-peak hour (P = 0). The aim of this
scenario is to assess performance under “normal” traffic conditions and low traffic density.
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2. Scenario 2 with 7200 generated vehicles during rush hour (P = 1). The aim of this scenario
is to assess performance with a high-density traffic flow.
3. Scenario 3 with 4800 generated vehicles during off-peak hour (P = 0). In this scenario,
we simulated an accident in one approach of the intersection, which blocked the traffic
during the first 200 simulation seconds.
4. Scenario 4 with 7200 generated vehicles during rush hour (P = 1) and three blocked
approaches, due to accidents during the first 20 min of simulation.
Each scenario has a duration of 40 min. It is important to note that the scenarios used for
the assessment of the suggested system are different from the scenarios used in the learning
phase (cf. Sect. 3.4). To evaluate the performance of the three algorithms, a set of performance
indicators are considered as follows:
1. The total delay in the intersection: represents the total time spent by all vehicles in the
intersection. Such time includes the average queue delay of vehicles and time taken
by vehicles to leave the intersection. Such criteria provide an overview of the global
performance of the controllers in the different scenarios.
2. The average total delay per vehicle for each approach: refers to the mean delay of a
vehicle to cross the intersection. Since the performance of IMA and LQF-MWM are
very close to each other, we decided to use Log(delay[sec]) in order to better distinguish
the performance of each algorithm.
3. The average queue length.
4. The average vehicle stops.
It should be noted that the two indicators vehicle stops and queue length play an important
role as they represent a direct measure of the level of service at the intersection, and an
indirect measure of sustainability criteria, such as the fuel consumption and air pollution.
Moreover, the different thresholds, weights, and the obtained immune memory used are
as follows:
•
•
•
•
•
•
•
•
•
•

α1 = 0.5;
α2 = 0.3;
α3 = 0.2;
w1 = 0.5
w2 = 0.3
WT D = 0.3;
W Q L = 0.5;
WV S = 0.2;
T h 1 = 12;
T h 2 = 200;

4.2 Fixed-time controller
In a fixed-time controller, the same sequence of phases is repeated with a fixed duration,
always arranged in the same order, to have a fixed cycle. In this work, we used the “Optimized
Stage-Based Fixed-Time controller”, a tool of PTV VISSIM that allows the determination
of the optimal duration of different phases of a cycle. As input, this tool requires only the
desired cycle time. In this paper, we have considered two different cycle times. The first cycle
time is 120 s, which is used in (Chen et al. 2013), and the second cycle time is 240 s, which
is used in (Araghi et al. 2015). Both, Chen et al. (2013) and Araghi et al. (2015) used an
isolated intersection with four approaching links for the assessment task. As output, VISSIM
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suggests an optimized phase duration for each approach. The obtained phase durations by
VISSIM are as follows:
• The fixed time controller with a total cycle time of 120 s: 25 s for each phase with 5 s of
inter-green;
• The fixed time controller with a total cycle time of 240 s: 55 s for each phase with 5 s of
inter-green.

4.3 LQF-MWM algorithm
For a comparative assessment of the performance of the developed IMA system, we considered the longest queue first-maximal weight matching (LQF-MWM) algorithm as a reference
algorithm (Wunderlich et al. 2007, 2008). LQF-MWM dynamically adapts the duration of
each phase based on the traffic status. The algorithm favours approaches with the longest
vehicle queues. It allocates green light to the phase with the longest waiting time. According
to Wunderlich et al. (2007), the queue length at each lane of an isolated intersection is directly
proportional to the delay experienced by the vehicles in the lane. Thus, to minimize the vehicle delays, the authors focused on minimizing the queue lengths. The suggested algorithm
collects data from the network each k-time slots, where k is defined by human controllers.
The authors consider only a single type of vehicle, and all vehicles are treated uniformly (no
priority of a type of vehicles, e.g. trucks, over another type, e.g. cars). In Wunderlich et al.
(2008), the authors noted that LQF-MWM provides better results than a fixed time controller
on two tested scenarios. The authors did not compare their algorithm to another adaptive
controller. Ahmad et al. (2014) stated that the LQF-MWM is an adaptive traffic control
algorithm that tends to reduce the average delay of vehicles through isolated intersections by
making all queues stable. Wu et al. (2011) noticed that LQF-MWM shows good performance
compared to other approaches like the Ant Colony System (ACS), or the First Come First
Serve policy (FCFS). It is worth noting that the LQF-MWM algorithm is increasingly used
for benchmarking purposes by a number of recent references (Ahmad et al. 2014; Chen et al.
2013; Wu et al. 2011), and that is why we are referring to it for a comparative assessment of
the performance of the developed IMA system.
There are fundamental differences between our suggested IMA algorithm and LQFMWM. The first relates to the criteria considered for the detection of disturbances.
LQF-MWM uses only the queue length while our algorithm uses both the queue length
and average queue delay for the detection of disturbances. The second relates to the control decisions. LQF-MWM acts only on phase sequencing, while our algorithm acts on both
phase sequencing and duration. Finally, unlike the LQF-MWM algorithm, we introduced a
disturbance and control decision models and a case-base to facilitate the capture and reuse
of knowledge related to disturbances.

4.4 Creation of the immune memory
To instantiate our linear program presented in Sect. 3.4, we consider the following settings:
•
•
•
•
•

Minimum cycle time D Min = 60 s;
Maximum cycle time D Max = 380 s;
The set of possible phase durations is D = {12, 15, 20, 30, 45, 60, 120} s.
Only 6 sequences of phases are considered
Ph = {{1, 2, 3, 4}; {1, 3, 4, 2}; {2, 1, 4, 3}; {3, 2, 4, 1}; {4, 1, 3, 2}; {4, 3, 2, 1}}
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Phase durations, sequences and cycle times were fixed based on recommendations of experts
in traffic engineering from local transportation authorities, and based on local regulations that
tend to standardize durations in all signalized intersections of the controlled urban area. Considering these regulation restrictions, we checked these recommendations using simulation
and were able to confirm that they provide satisfactory results for the considered intersection.
To create the immune memory, a scenario with total duration of 120 min is designed, made
of four sub-scenarios, each one has a duration of 30 min. The first sub-scenario simulates
a low traffic density with different volumes starting from 500 vehicles/approach to 1000
vehicles/approach. In the second sub-scenario, the traffic density is increased to reach 2000
vehicles/approach. In the third sub-scenario, some approaches are blocked during a short
period with low density. Finally, in the fourth sub-scenario, some approaches are blocked
during long periods and with a high density. The obtained immune memory includes 16
antibodies that are presented in Fig. 8.
The result of the first step of the suggested learning algorithm presented in Sect. 3.4
includes 25,601 antigens represented in Fig. 9 by blue points. These antigens are the set
of all detected antigens. After editing and reducing the size of the immune memory using
the step 2, we obtained 16 representative antibodies highlited by different colored points.
From Fig. 9, we note that the antibodies are well distributed and cover the densiest regions
of the antigen space. However, it is important to emphasize that a larger simulation and an
additional indepth statistical analysis (e.g. Design of Experiment) are required to assess the
coverage and representativity of the obtained antibodies, and to obtain an immune memory
with optimal size and coverage, which is out of the scope of this article.

5 Experimental results
In this section, the obtained results for the four scenarios are discussed and compared based
on the four performance indicators. Figure 10 and Table 2 show the average total delay per
vehicle (expressed in seconds) for all scenarios and for all control algorithms. We notice that
IMA has better performance than both fixed time and LQF-MWM controllers with respect
to the average total delay in all scenarios.
• For scenario 1, IMA reduced the average total delay by 16.6%, 24.8 and 29.5% compared
to LQF-MWM and the two Fixed-Time controllers (120 and 240 s), respectively.
• In the second scenario (characterized by a high density but without accidents), the performance of the two algorithms (IMA and LQF-MWM) are similar. IMA reduced the
average total delay by 8.86%. It was reduced by 18.7 and 21.6% compared to Fixed-Time
controllers, 120 and 240 s respectively. This result shows that IMA gives better results,
with respect to the average total delay per vehicle, in both normal and disturbed situations. Fixed-time strategy gives always the highest delays due to its static and fixed time
duration and phase sequencing.
• In scenario 3, IMA reduced the average total delay by 31.8, 40.2 and 41.7% compared
to LQF-MWM and the two Fixed-Time controllers (120 and 240 s), respectively.
• Finally in scenario 4, IMA reduced the average total delay by 5.07, 16.4 and 17.9% compared to LQF-MWM and the two Fixed-Time controllers (120 and 240 s), respectively.
In the following subsections, we will discuss the performance of the algorithms for each
scenario with respect to different performance indicators.

123

A. Louati et al.

Antibody 1

Antigen

Control decision

QLi

QDi

P

Phi

Di

A1

240

64

1

A3

20

A2

204

58

1

A2

A3

168

49

1

A4

A4

156

41

1

A1

Antibody 3

Antigen

P

Phi

Di

A1

312

78

1

A3

30

20

A2

248

72

1

A4

20

15

A3

180

68

1

A1

15

12

A4

136

60

1

A2

12

Control decision
P

Phi

Di

A1

220

77

1

A2

20

A2

240

85

1

A4

A3

196

70

1

A1

A4

140

67

1

A3

Control decision
P

Phi

Di

A1

288

92

1

A1

30

30

A2

248

87

1

A4

20

20

A3

240

81

1

A3

15

15

A4

228

71

1

A2

12

Control decision
P

Phi

Di

A1

360

140

0

A1

45

A2

352

278

0

A4

A3

220

206

0

A3

A4

280

109

0

A2

A1

Antigen
QDi

QDi

Antigen

Antibody 4
QLi

QLi

Antibody 7

Control decision

QDi

QDi

Antigen

Antigen
QLi

QLi

Antibody 5

Antibody 2

Antibody 6

Antigen

Control decision

QLi

QDi

P

Phi

Di

A1

384

276

0

A1

45

30

A2

392

280

0

A4

45

20

A3

344

181

0

A2

12

12

A4

280

128

0

A3

12

Control decision

QLi

QDi

P

Phi

Di

240

152

0

A2

20

Antibody 8
A1

Antigen

Control decision

QLi

QDi

P

Phi

Di

352

192

0

A4

30

A2

161

130

0

A3

15

A2

300

191

0

A1

30

A3

360

277

0

A4

60

A3

228

78

0

A3

12

A4

392

274

0

A1

60

A4

376

85

0

A2

12

Antibody 9

Antigen

Control decision

QLi

QDi

P

Phi

Di

A1

72

94

0

A1

60

A2

48

75

0

A4

A3

40

65

0

A3

A4

52

85

0

A2

Antibody 11

Antigen

Antibody 10

Antigen

Control decision

QLi

QDi

P

Phi

Di

A1

88

96

0

A4

30

12

A2

48

100

0

A1

30

12

A3

40

80

0

A2

12

12

A4

100

155

0

A3

30

Control decision

Antibody 12

Antigen

Control decision

QLi

QDi

P

Phi

Di

A1

56

82

0

A3

30

A2

112

120

0

A4

30

A2

308

110

1

A1

45

A3

96

170

0

A2

20

A3

216

108

1

A3

20

A4

72

140

0

A1

30

A4

192

95

1

A2

12

Fig. 8 Final immune memory
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Fig. 8 continued

Fig. 9 Obtained immune memory coverage

5.1 Scenario 1
In this scenario, we simulate a low flow of vehicles without considering any type of disturbance. Figure 11 illustrates the total delay of vehicles at the intersection. It can be noted that
the fixed-time control provides better results at the beginning of the simulation, during which
there is a very low density of vehicles. LQF-MWM and IMA have a similar performance.
However, after 10 min, the performance of IMA is clearly better.
According to Fig. 12, it can be noticed that the performance of both algorithms is similar
regarding the average queue length for each approach. Indeed, in approach 1 and 4, IMA
is better but in the two other approaches, LQF-MWM is the best. This can be explained by
the fact that our algorithm gives priority to approaches with the longer queue and/or higher
average queues delays while LQF-MWM gives priority only to longer queue.
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Fig. 10 Average total delay per vehicle for 40 min simulation
Table 2 Performance of algorithms
Method

Scenario 1

Rank

Scenario 2

Rank

Scenario 3

Rank

Scenario 4

Rank

Suggested algorithm

223.003

1

267.747

1

188.3

1

495.889

1

LQF-MWM

267.665

2

293.805

2

276.107

2

552.4

2

Fixed-time (120 s)

297.712

3

329.682

3

315.1

3

593.403

3

Fixed-time (240 s)

316.437

4

341.937

4

323.171

4

604.506

4

Fig. 11 Total delay for the intersection for the scenario 1
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Fig. 12 Average queue lengths for the scenario 1

Fig. 13 Average stops per vehicle for scenario 1

The last studied performance deals with the vehicle stops. Figure 13 presents the average
vehicle stops per vehicle. In this scenario, a vehicle has to stop around 3 times to cross the
intersection with the optimal fixed time with a total cycle time of 240s, while vehicles have to
stop around 5 times with the second optimal cycle time (120 s). Vehicles has to stop between
2 and 6 times with the suggested algorithm. Finally, LQF-MWM performs better regarding
this performance indicator as vehicles have to stop two times or less to leave the intersection.
Regarding this analysis, we can conclude that both LQF-MWM and the optimal fixed time
strategy with a total cycle time of 240 s have comparable performance in low traffic density.
Both can be used for the control of the traffic in such situation.
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Fig. 14 Total delay for the intersection for the scenario 2

5.2 Scenario 2
In this scenario, we increase the traffic density to simulate traffic congestion and test the
ability of the three control methods to maintain the fluidity of the traffic. The number of
generated vehicles is 7200 and every approach has 1800 generated vehicles. The obtained
results are illustrated in Figs. 14, 15 and 16. The optimal fixed time strategy with the total
cycle time of 120 s has not shown good performance compared to the other control strategies.
With respect to the total delay (Fig. 14), IMA performs slightly better than LQF-MWM as
it takes the average queue delay into consideration when determining the appropriate phases
duration and sequencing. The LQF-MWM gives priority only to approaches with a greater
number of waiting vehicles
With the increase in traffic volume, we observe an increase in queue sizes for the three
controllers (cf. Fig. 15). Despite this increase, IMA and LQF-MWM have comparable performances as the average queue length is lower in approaches 1 and 4 with the developed
algorithm and while it is lower with LQF-MWM in approaches 2 and 3. Both fixed time
strategies have bad performance with regards to the average queue length.
Regarding the average vehicle stops, Fig. 16 illustrates that LQF-MWM and the optimal
fixed time with the cycle time of 240s have similar performance as the average of vehicle
stops is less or equal than 3 times while it is more than 7 in some approaches with IMA and
the second fixed time control. This can be explained by the fact that LQF-MWM continues
increasing the duration of the phase associated to the approach with the longer vehicle queue
until the queue length becomes lower than a fixed threshold or another approach will have
longer queue length.

5.3 Scenario 3
In this scenario, we simulate three blocked approaches of the intersections (1, 3 and 4) during
200 s due to, for example, an accident. During the occurrence of the accident, the number
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Fig. 15 Average queue lengths for scenario 2

Fig. 16 Average stops per vehicle for scenario 2

of the generated vehicles is 1200 for approach 1 and 500 generated vehicles for the other
approaches. After this period, the traffic volume becomes 1200 vehicles for each approach.
Regarding the total delay, Fig. 17 reveals that the developed algorithm performs better than
other control strategies. During the disturbance, fixed-time and LQF-MWM have comparable
performance as approaches 1, 3 and 4 are blocked and no vehicles can across the intersection
during 200 s. After 200 s, disturbed approaches have a greater congestion as vehicles were
blocked. In such situations, IMA performs better than the other strategies.
IMA performs better than LQF-MWM regarding the queue length as illustrated in Fig. 18.
Despite the accident and the congestion in approaches 1, 3 and 4, the developed algorithm
has the ability to maintain the queue length at acceptable level. The four algorithms had
comparable performces in the non disurbed approach (approach 2).
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Fig. 17 Total delay for the intersection for scenario 3

Fig. 18 Average queue lengths for scenario 3

Finally, Fig. 19 illustrates that the two algorithms (IMA and LQF-MWM) have the same
performance as LQF-MWM is better in approaches 2 and 3 while IMA is better in the two
other approaches. It is also clear that the fixed time strategy, especially the one with a total
cycle time of 120s, is not able to deal with abnormal situations as the average vehicle stops
is more than 4 times.

5.4 Scenario 4
In this scenario, we simulate an extreme disturbed situation in which three approaches
(approaches 1, 3 and 4) are blocked during 20 min, for example due to an accident. The
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Fig. 19 Average stops per vehicle for scenario 3

Fig. 20 Total delay for the intersection for scenario 4

number of generated vehicles in these approaches is also high as it was 1800 vehicles. The
number of generated vehicles in the non-disturbed approach (approach 2) is 500 vehicles.
The number of generated vehicles in intersection during the simulation is 7200 vehicles.
According to the Fig. 20, the performance of the two fixed time strategies was better than the
two other algorithms during the first period of the disturbance (during the first 10 min) due to
the low number of generated vehicles during this period. However, the developed algorithm
shows better performance during the remainder of the simulation regarding the total delay.
IMA performs better also with respect to the two other performance indicators: the average
queues length (Fig. 21) and the average vehicle stops (Fig. 22). Indeed, the average queue
length as well as the average vehicle stops of the four approaches is lower with IMA than
fixed-time strategy and LQF-MWM.

5.5 Discussion of results
Table 3 summaries the obtained results for the studied scenarios. It can be noticed that
both IMA and LQF-MWM can be used for the management of traffic at low or medium
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Fig. 21 Average queue lengths for scenario 4

Fig. 22 Average stops per vehicle for scenario 4

traffic densities. IMA should be considered if transportation authorities are more interested in
reducing delays. In addition, in more complex situations, such as accidents with an acceptable
level of fluidity, IMA performs better than fixed time and LQF-MWM regarding delays
and queue lengths. In such situations, LQF-MWM has better performance with respect to
the number of vehicle stops. Finally, IMA is recommended for extreme situations, such as
blocked approaches and in cases of high traffic flows.
However, IMA does not perform better than the other algorithms with respect to vehicle
stops. This can be explained by the fact that the detection of disturbances does not explicitly
include vehicle stops. Moreover, we can notice that the performance of IMA is better in
approaches 1 and 4 than in approaches 2 and 3. This can be explained by the fact that
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Table 3 Comparative analysis
Performance
indicator

Scenario 1

Scenario 2

Scenario 3

Scenario 4

Delay

IMA

IMA

IMA

IMA

Queue length

IMA/LQF-MWM

IMA/LQF-MWM

IMA

IMA

Vehicle stops

LQF-MWM/fixedtime
(240s)

LQF-MWM/fixedtime
(240 s)

LQF-MWM/fixedtime
(240 s)

IMA

Recommended

IMA/LQF-MWM

IMA/LQF-MWM

IMA

IMA

antibodies resulting from the CNN based memory editing give more priority to vehicles
coming from approaches 1 and 4 in terms of both phase order and duration.
In addition to the in-depth analysis of the performance of algorithms, this paper demonstrated that it is very important to consider many performance indicators for assessing the
performance of control strategies. Indeed, a majority of published research papers (Wunderlich et al. 2007) limit their assessment to the queue length considering that other indicators
will be evaluated in the same way, which is not always true.

6 Discussion
The main contribution of this article is to develop new concepts and mechanisms borrowed
from the biological immune memory and secondary immune response to control traffic
at a single signalized intersection. Immune concepts and mechanisms were matched with
representation and coding analogies, case based reasoning, and CNN based learning. Several
important research directions can be drawn from this research in order to enhance what we
can do to control traffic at signalized intersections based on artificial immunity:
• The suggested approach is based on two separate phases, a learning phase to create
the case base and a control phase that uses those cases to control traffic. The main
advantages of this design choice are that the learning phase contributes to an intelligent
sampling of the disturbance and the control decision spaces. The learning phase allows
creating a concise case base that is compliant with the technological limitations of realworld signalized intersections, which are usually controlled using programmable logic
controllers (PLCs) with limited storage and computing capabilities. However, this design
choice has some coverage limitations, mainly due to the fact that not all disturbance cases
are stored. As a consequence, the distance between a detected disturbance and retrieved
cases may be important. One way to consider this limitation consists in developing a
continuous learning approach, able to detect and adapt cases to new situations without any
separation between learning and control phases. Continuous learning enables continuous
creation, replacement, and removal of antibodies based on their performance. However,
continuous learning requires more investigation, and exploration of additional immune
mechanisms, such as the clonal selection theory (Ulutaş and Kulturel-Konak 2011),
and the immune network theory (Raza and Fernandez 2015), to insure the scalability
of the case-base and its compatibility with real-world implementation constraints and
requirements.
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• As a corollary of the previous remark, the separation into two different stages raises
questions about the coverage of the suggested case-base. Although several references in
the literature emphasize the ability of the CNN algorithm to obtain case-bases with good
coverage (Althoff et al. 1999; Leake and Wilson 2000), an in-depth statistical analysis
of the obtained immune memory is required to insure its coverage. Moreover, other
classification algorithms, such as the k-NN, can be used for the memory editing;
• The detection of disturbances was based on average queue lengths and average queue
delays. More indicators can be considered to detect disturbances without loss of genericity. The detection of disturbances can also be enhanced by integrating other artificial
intelligence techniques, such as data mining, clustering and classification. Fuzzy set
theory can also be considered to cope with uncertainties.
• The suggested immune memory based algorithm (IMA) uses a similiarity measure to
retrieve antibodies. The similarity measure is based on the Manhattan distance, which
has demonstrated a good performance in presence of noisy data as discussed in Sect. 3.3.
However, other operators can be used, such as the generalized ordered weighted averaging
(GOWA, Yager 2004) operator. GOWA is an aggregation method for aggregating criterias.
It provides a parameterized family of operators that includes the maximum, the minimum
and the average criteria.In future works, the performance of the algorithm using the
manhattan distance and GOWA operator can be compared.

7 Conclusion
Controlling traffic at signalized intersections, especially in the presence of disturbances,
is a complex and open-ended problem, for which several intelligent and adaptive control
systems were developed. However, there is still a lack of approaches that provide concepts and
mechanisms that are generic enough to deal with a variety of disturbances while maintaining
traffic fluidity. This article provides an intelligent and adaptive traffic signal control system
(TSCS) that adapts traffic signals (both phase sequencing and duration) to traffic disturbances
at a single signalized intersection. The suggested approach and developed system contribute
both to artificial immune systems (AIS) and to case-based reasoning (CBR).
With respect to AIS, our article provides a novel analogy, based on the immune memory
and secondary response, innovative implementation choices and techniques, as well as a
detailed comparative analysis of performance against two control strategies, namely a fixed
time control strategy, and LQF-MWM algorithm. Immune memory provides the concepts
to represent cases to deal with disturbances in a more generic way, and immune secondary
response mechanisms guide the design of a CBR system to monitor traffic and control disturbances.
With respect to CBR, our article described a hybrid methodology to create the case-base
using simulation-optimisation, Condensed Nearest Neighbour algorithm (CNN) and a rulebased system. It is worth noting that despite the widespread use of CNN in other CBR domain
applications, the suggested approach is among the first to apply it in a traffic signal control
problem.
The suggested approach and developed system implement biological immunity inspired
concepts, and rely on explicit and direct representation and mechanisms that allow more
generic disturbance handling. In fact, the representation used allows integrating more indicators to enrich the description of disturbances with more features, and allows integrating
more attributes that add complementary knowledge about disturbances (such as causes or
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context of occurrence of disturbances), without questioning the downstream decision and
reaction mechanisms. The suggested TSCS was tested on different traffic situations and disturbed scenarios. Different Key Performance Indicators (KPIs) were considered and used in
the analysis. The comparative assessment results show that for normal or slightly disturbed
traffic, the suggested TSCS and LQF-MWM have comparable performance. However, in
case of extreme situations, the suggested TSCS outperforms the other two control strategies.
The suggested TSCS can be extended in several ways in future works. For example, a more
formal classification of disturbances can be considered through clustering and data mining
techniques. The system can be coupled to an ontology to handle this classification. Reasoners
and inferencing can be used to enhance decision-making. In addition, the system can be
extended using other concepts and mechanisms inspired by biological immunity. For example,
the immune network theory can inspire mechanisms for multi-criteria decision-making to
select a case among several candidate cases. The clonal selection theory provides optimization
mechanisms that can improve the performance of antibodies and their sensitivity to abnormal
traffic situations and disturbances. Finally, the concepts and mechanisms provided can be
extended to cover a network of several signalized intersections.
Acknowledgements This project was funded by the Deanship of Scientific Research at King Saud University
through research Group No. (RG-1438-056).
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a b s t r a c t
Urban traffic is subject to disturbances that cause long queues and extended waiting times
at signalized intersections. Although Multi-Agent Systems (MAS) were considered to control traffic at signalized intersections in a distributed way, their generic conceptual framework and lack of built-in adaptation mechanisms prevent them from achieving specific
disturbance management capabilities. The traffic signal control problem is still a challenging open-ended problem for which learning and adaptation mechanisms need to be developed to deal with disturbances in an intelligent way. In this article, we rely on concepts and
mechanisms inspired by biological immunity to design a distributed, intelligent and adaptive traffic signal control system. We suggest a heterarchical multi-agent architecture,
where each agent represents a traffic signal controller assigned to a signalized intersection.
Each agent communicates and coordinates with neighboring agents, and achieves learning
and adaptation to disturbances based on an artificial immune network. The suggested
Immune Network Algorithm based Multi-Agent System (INAMAS) provides intelligent
mechanisms that capture disturbance-related knowledge explicitly and take advantage
of previous successes and failures in dealing with disturbances through an adaptation of
the reinforcement principle. To demonstrate the efficiency of the suggested control architecture, we assess its performance against two control strategies from literature, namely
fixed-time control and a distributed adaptation of the Longest Queue First – Maximal
Weight Matching (LQF-MWM) algorithm. Agents are developed using SPADE platform
and used to control a network of signalized intersections simulated with VISSIM, a stateof-the-art traffic simulation software. The results show that INAMAS is able to handle different traffic scenarios with competitive performance (in terms of vehicle queue lengths
and waiting times), and that it is particularly more successful than the other controllers
in dealing with extreme situations involving blocked approaches and high traffic volumes.
Ó 2017 Elsevier Ltd. All rights reserved.

1. Introduction
According to the US Federal Highway Administration (FHWA, 2011), 5–10% of traffic delays are due to inefficient control
of traffic signals. A more efficient and effective control of traffic signals contributes to improve urban traffic fluidity, safety,
q
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and sustainability. In literature, numerous fixed-time and adaptive Traffic Signal Control Systems (TSCS) were developed to
control signalized intersections. In fixed-time control strategies, the cycle time is fixed in terms of both phase duration and
sequencing, which are usually determined based on historical traffic data (Jovanović et al., 2017). Unfortunately, such control
strategies are applicable only in case of low traffic volumes (Tettamanti, 2013). Moreover, fixed-time controllers are not able
to adapt to variations of traffic conditions, especially in cases of disturbances, such as congestion, accidents, or crossing of
emergency vehicles (ambulances, firefighters, security vehicles, etc.) (Truong et al., 2017). Therefore, adaptive controllers
were developed to dynamically adapt cycle times to traffic conditions by changing either phase durations, or sequencing,
or both. Many adaptive strategies were developed in the literature (Araghi et al., 2015; Tahilyani et al., 2013). The most
recent research effort focuses on developing distributed approaches using multi-agent technology (Bazzan and Klügl,
2013; Chen and Cheng, 2010).
The main reasons for considering multi-agent systems (MAS) are to enable complex problem modeling and resolution,
and to achieve distributed control. However, due to their generic conceptual framework and lack of built-in adaptation
mechanisms, the MAS paradigm alone is not able to achieve capabilities specifically dedicated to disturbance management.
Consequently, a variety of computational intelligence techniques were combined with MAS, and integrated in agents to
achieve reactive and adaptive control of traffic signals (Doniec et al., 2008; Tahilyani et al., 2013). Despite their success
and popularity, these approaches still face some limitations, including explicit knowledge representation, learning, capitalization of knowledge stemming from repeated exposure to, and control of disturbances, and assessment of performance on
real, or at least realistic, situations (Marsetič et al., 2014).
More recently, some authors investigated the potential of biological immunity to provide concepts and mechanisms for
disturbance management in transportation engineering (Darmoul and Elkosantini, 2014). Biological immunity is a natural
system that relies on a limited but efficient and effective set of concepts and mechanisms to deal with a great variety of
disease causing elements disturbing the integrity and normal behavior of the host organism. From a computational intelligence point of view, biological immunity offers several appealing features, such as distributed control, pattern recognition,
optimization, adaptation, and learning, to state a few. In traffic control, only a few works investigated the use of immunity
features to control traffic signals (Moalla et al., 2013; Trabelsi et al., 2012; Masmoudi et al., 2012; Negi, 2006). These works
are rather proofs of concepts that consider a limited number of intersections (at most one or two) and provide limited
numerical assessment of performance. To the best of the authors’ knowledge, no work integrates immune features within
a multi-agent system architecture to control traffic and achieve disturbance management at multiple signalized
intersections.
In this article, we design a distributed, intelligent and adaptive traffic signal control system based on concepts and mechanisms inspired by biological immunity. We suggest a heterarchical multi-agent architecture, where each agent represents a
traffic signal controller assigned to a signalized intersection. Each agent communicates and coordinates with neighboring
agents, and achieves learning and adaptation to disturbances based on an artificial immune network algorithm. We particularly focus on explicit disturbance-related knowledge representation, and on knowledge capitalization to take advantage of
previous successes and failures in dealing with disturbances.
Therefore, the article is organized as follows: ection 2 analyzes existing works on MAS for traffic signal control. Section 3
introduces the main concepts and mechanisms of biological immunity. Section 4 introduces our MAS architecture. Section 5
details our modeling in terms of immune concepts and mechanisms adapted for traffic signal control. Section 6 details the
suggested learning and control algorithms embedded within agents. Section 7 describes our experimental framework for
performance assessment. Section 8 provides experimental results. Section 9 provides a discussion of the advantages, limitations and future possible extensions of the suggested architecture. Finally, ection 10 concludes the paper with future possible
research directions.

2. Multi-agent systems for traffic signal control
In the last decade, several distributed architectures were suggested to control signalized intersections (Bazzan and Klügl,
2013; Chen and Cheng, 2010; Davidsson et al., 2005). They offer different disturbance management and adaptation capabilities, which are succinctly discussed in the following subsections.
2.1. Distributed control architectures
Multi-agent systems distribute information processing and decentralize decision-making capabilities on several autonomous and intelligent entities, called agents, which interact with each other to solve complex problems. Distribution/decentralization rely on a (logical and/or physical) task decomposition and responsibility assignment that result in different
control architectures. The most commonly used architectures are hierarchical and heterarchical (Chen and Cheng, 2010).
Hernández et al. (2002) evaluated the potentials and drawbacks of a hierarchical versus heterarchical architecture and drew
some conclusions with respect to the general applicability of multiagent architectures for intelligent traffic management.
Hierarchical architectures use some kind of organizational structure, where a hierarchy of authority exists (Bazzan and
Klügl, 2013). Such architectures were suggested for example in (Abdoos et al., 2013; Hernández et al., 2002; Srinivasan
et al., 2006; Choy et al., 2003; Roozemond, 2001). Authority both solves conflicts and insures global performance. However,
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the design choice by which hierarchically superior decisions are made and lower level agents just implement them, reduces
the autonomy of lower level agents and may even compromise local performances. Thus, more flexible coordination mechanisms need to be investigated (Bazzan and Klügl, 2013).
In heterarchical architectures, agents communicate by means of exchange of local traffic and control data. Coordination
and cooperation between agents are required to negotiate about how to operate together. Coordination and cooperation are
key issues in MAS, and many designs exist to improve performance in networks of controllers (Islam and Hajbabaie, 2017;
Klein and Ben-Elia, 2016). However, many authors emphasize that there is no obvious way to coordinate the selection of control decisions (Bazzan and Klügl, 2013; Chen and Cheng, 2010). This can be performed independently, implicitly, or by means
of communication. For example, Doniec et al. (2008) consider constraint processing to formalize preventive anticipation and
avoid undesirable future situations in the context of multi-agent coordination.
Besides communication-based approaches, other popular ones consist in letting agents learn how to control their local
environments or coordinate their actions, or letting agents self-organize (cf. ection 2.3). Unfortunately, the time taken to
learn or self-organize may be incompatible with the dynamics of the environment. In the particular case of learningbased approaches, unless agents receive utilities for their actions that are aligned with the global objectives of the system,
the performance at global level tends to be poor (Bazzan and Klügl, 2013).
In this article, we design a fully heterarchical architecture, where each agent controls its assigned intersection based on
two stages:
 An off-line learning stage, where each agent undergoes a supervised learning procedure, based on a simulation optimization, case-based reasoning and an adaptation of the reinforcement principle, and leading to the creation of artificial
immune networks to learn how to detect and deal with most representative disturbances.
 An on-line monitoring and control stage, where each agent communicates with neighboring agents and considers their
traffic state while using its learnt artificial immune network to monitor occurrences of disturbances and control them
online.
As it will be shown in our experimental section, this design choice allows substantial improvements of performance and
alleviates the drawback relative to the time taken to learn when the system is used on-line.

2.2. Disturbance management capabilities
In the literature, existing architectures control disturbances by monitoring and making decisions to optimize key performance indicators. In these architectures, agents are used to:





Control phase sequence and switching (Zhu et al., 2015; Bi et al., 2014; Mannion et al., 2016);
Control phase duration and cycle time (Tlig and Bhouri, 2011; Sabetghadam et al., 2012);
Open shoulder lanes, setting limits, and showing dynamic route guidance (Pasquale et al., 2017);
Change signal plan (Marsetič et al., 2014).
Monitored and controlled key performance indicators include:

 Queue length and flow rate (Arel et al., 2010; Bi et al., 2014; Abdoos et al., 2013),
 Average vehicle delays (difference between pre-defined travel time and measured travel time for a vehicle) (Bi et al.,
2014; Tlig and Bhouri, 2011; Arel et al., 2010);
 Waiting time (Bi et al., 2014; Khamis and Gomaa, 2014),
 CO2 emission and environmental impacts (Zhu et al., 2015),
 Number of vehicle stops (Choy et al., 2003; Zhu et al., 2015);
 Number of vehicles that left the network (Marsetič et al., 2014).
Some authors considered multi-objective optimization. For example, Bi et al. (2014) optimized both Queue length and
Average vehicle delays, Zhu et al. (2015) optimized CO2 emission and number of vehicle stops, Choy et al. (2003) optimized
average vehicle delays and number of vehicle stops.
In this article, we control both phase duration and sequencing at each signalized intersection. Each agent controls traffic
considering two objectives, which are minimization of both vehicle delays and vehicle queue lengths. A global indicator,
related to the maximization of the number of vehicles that left the simulated traffic network, is used to evaluate simulation
scenarios and assess performance relative to other control algorithms. We consider several disturbances, including simulation of different traffic loads, significant fluctuation in traffic volumes, and simulation of accidents that block more than one
approach of an intersection. These scenarios, which result in extreme situations of oversaturated traffic flow, allow a more
realistic evaluation of the suggested architecture, and fill in part of the performance assessment gap that is often highlighted
in literature (Marsetič et al., 2014).
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2.3. Computational intelligence techniques
Many authors combined MAS with artificial intelligence techniques to achieve learning, adaptation, and/or selforganization (Bazzan and Klügl, 2013; Tahilyani et al., 2013; Araghi et al., 2015). Several approaches were suggested, based
on fuzzy logic (Quek et al., 2009; Angulo et al., 2011; Kosonen, 2003), evolutionary computation (Sanchez-Medina et al.,
2010), swarm intelligence (García-Nieto et al., 2012), and self-organizing systems (Płaczek, 2014). A particular interest
has been given to machine learning techniques. This interest stems from the belief that machine learning contributes to create intelligent systems that can capture and reuse knowledge about previous experiences with disturbances, such as symptoms, causes, context, consequences, decisions and outcomes. Reusing such knowledge would enable improving and
accelerating reaction to future occurrences of similar disturbances. This belief lead to the investigation of learning paradigms, including:
 Case-Based Reasoning (CBR). Only a few works have investigated the use of CBR for traffic control (Karim and Adeli, 2003;
Sadek et al., 2001; Elkosantini et al., 2011a,b; De Schutter et al., 2003). Although authors usually state that the case-base is
created using expert knowledge, very often they do not specify how this knowledge is acquired and how the case-base is
built. In this article, we rely on the Condensed Nearest Neighbor (CNN) algorithm (Smyth and McKenna, 1999; Murty and
Devi, 2011) to build and optimize the size of case-bases and use them within artificial immune networks integrated
within agents to control interrupted flow at signalized intersections.
 Reinforcement Learning (RL). RL has many applications in traffic engineering and control (Glick, 2015; Mannion et al.,
2016; Marsetič et al., 2014). It is worth noting that, to the best of our knowledge, no reference yet considered a hybridization between CBR and RL for traffic signal control problems. In this article, we consider a hybridization between CBR and
an adaptation of the reinforcement principle within artificial immune networks integrated within agents to control interrupted flow at signalized intersections.
 Artificial Neural Networks (ANN). A few references developed ANN for traffic control problems (Teodorović et al., 2006;
Bingham, 2001; Srinivasan et al., 2006). Although neural networks can provide intelligent ways to deal with disturbances,
they lack a direct representation of knowledge and explicit learning, particularly to capture and reuse previous experience
with disturbances.
In this article, we suggest a MAS architecture that relies on concepts and mechanisms inspired by biological immunity.
Each agent achieves learning and adaptation to disturbances based on an artificial immune network, which offers intelligent
mechanisms that capture disturbance-related knowledge explicitly and take advantage of previous successes and failures in
dealing with disturbances through reinforcement learning.

3. An overview of biological immunity
The biological immune system (BIS) protects its host organism from toxic substances in a way that minimizes harm to the
body and ensures its continued functioning (Hofmeyr, 2001). Immune cells have receptors at their surface that can detect
disease-causing elements, called pathogens. Detection is achieved when immune cell receptors recognize antigens, which
are specific features present at the surface of pathogens (cf. Fig. 1).
The BIS is able to initiate a primary immune response, which is a process directed towards eliminating antigens and
pathogens. The immune response involves several types of immune cells. Particularly, B-cells have specific receptors at their
surface, and can release soluble forms of these receptors, called antibodies, which can match antigens (bind to them), block
them and facilitate their elimination. However, a B-cell is not activated to release antibodies unless its receptors bind to the
antigen with an affinity that exceeds an affinity threshold (cf. Fig. 1).

Fig. 1. Antibody – antigen identification mechanism (King et al., 2001).
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Fig. 2. Immune network interactions (De Castro and Timmis, 2002).

According to the immune network hypothesis (De Castro and Timmis, 2002), antibodies have portions of their molecules
that can be recognized by other antibodies in a way similar to the recognition of an invading antigen. This results in an idiotypic network of communication (mutual recognition) between antibodies, which stimulate and suppress each other in a
manner that controls their proliferation or elimination rates (cf. Fig. 2).
Many theories were proposed to explain the immune memory (Dasgupta et al., 2011; Garrett et al., 2006; De Castro and
Timmis, 2003). Nevertheless, two theories prevail. According to one of the theories, those B-cells that generated the antibodies that succeeded in eliminating the antigen are long-lived as memory cells, surviving for up to the lifetime of the organism.
The other theory postulates that the adapted B-cells are constantly re stimulated by traces of antigens that are retained in the
body for years. In a secondary immune response, memory cells are re-activated upon detection of pathogens, which are
structurally similar or identical to those that led to their creation.
From an artificial intelligence point of view, biological immunity has many interesting features (Dasgupta et al., 2011;
Darmoul and Elkosantini, 2014). The BIS is an intrinsically distributed system, with no central command organ (distribution
feature). It accomplishes detection, identification, reaction and evaluation functions (integration feature) to defend the body
against a great variety of threats based on a limited number of concepts and mechanisms (genericity feature). It is able to
memorize disease causing elements (learning feature), and to reuse this knowledge during future encounters with similar
or identical substances (adaptation feature).
4. Multi-agent system control architecture
Let us consider a simulated traffic network consisting of a number of signalized intersections. We suggest a fully heterarchical architecture, where an agent is associated to a signalized intersection. The architecture is flat, meaning that there is
no hierarchy between agents, who communicate by exchanging traffic fluidity data (see (6) in ection 5.5). Coordination is
achieved between neighboring agents based on the status of traffic on segments connecting intersections in the road network. Each agent makes its own decisions autonomously based on an immune network algorithm (INA, cf. ection 6.3)
and using data received from neighboring agents and collected from the intersection. Fig. 3 illustrates the suggested Immune
Network Algorithm based Multi-Agent System (INAMAS) control architecture.
4.1. Analogy
We rely on the concepts of primary and secondary immune responses, and on the immune network theory to design a
distributed traffic signal control system. The primary immune response is used to generate sets of immune memories, which
are case bases of disturbances (i.e. antigens, see ection 5.1) and their associated control decisions (i.e. antibodies, see ection
5.3). More particularly, an immune memory refers to a case base in which antibodies as well as their interactions are stored.
This immune memory is created using a hybrid-learning algorithm (presented in ection 6.1) to include most important and
representative disturbances. Each case base is associated with an agent to control a signalized intersection. Cases (corresponding to antibodies) within an agent case-base (corresponding to an immune memory) are interconnected like in the
immune network theory. Interconnection is achieved based on an adaptation of the reinforcement principle (presented in
ection 6.2) to capture knowledge about successes and failures of cases in reacting to disturbances. The secondary immune
response consists in using an artificial immune network algorithm (presented in ection 6.3) within each agent to control disturbances on-line.
4.2. Immune network
An immune network is a set of interconnected antibodies stored in an immune memory. Fig. 4 illustrates an example of
an immune network with one antigen, denoted Ag (see ection 5.1 for a formal modeling), and two antibodies, denoted Abx
and Aby (see ection 5.3). The dashed arrow between the antigen Ag and antibody Abx (respectively antibody Aby) refers to
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Fig. 3. INAMAS architecture.

antigenic stimulation with an affinity degree mx (respectively my) (see ection 5.4). The solid arrows represent the stimulation
and suppression between antibodies. The value on the head of the arrow represents the degree of stimulation (e.g. mxy ),
while the value on the tail of the arrow represents the degree of suppression (e.g. pyx ) (see ection 5.6). Once an antigen is
detected, antibodies stimulate and suppress each other, which causes their concentrations (see ection 5.7) to increase or
decrease. Following this interaction, only one antibody will emerge and will be considered as the most appropriate one to
deal with the disturbance (see ection 6.3).
With respect to Fig. 4, the antigen Ag represents a disturbance with the following data:






Approach A1 has a queue length of 6 vehicles and
Approach A2 has a queue length of 5 vehicles and
Approach A3 has a queue length of 7 vehicles and
Approach A4 has a queue length of 3 vehicles and
The disturbance occurred in a rush hour P = 1.

an
an
an
an

average
average
average
average

queue
queue
queue
queue

delay
delay
delay
delay

of
of
of
of

64 s;
58 s;
49 s;
41 s;

Moreover, the antibody Abx represents a control decision having the following data:






Approach A3 is activated first with duration 30 s;
Approach A4 is activated second with duration 20 s;
Approach A1 is activated third with duration 15 s;
Approach A2 is activated fourth with duration 12 s;
#Aby represents the ID of stimulated antibody Aby.

According to this example, antibody Abx stimulates antibody Aby with a stimulation degree mxy and antibody Aby suppresses antibody Abx with a suppression degree pyx .
4.3. Agent behavior
Each agent behaves according to a state transition diagram shown in Fig. 5. Each agent undergoes an off-line learning
stage in which its associated immune memory and immune network are created (cf. ections 6.1 and 6.2 respectively). Once
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Fig. 4. An example of an immune network.

learning is achieved, an agent is used to monitor and control disturbances on-line. When no disturbance is detected, each
agent relies on a fixed time controller to control the traffic at its associated intersection. When a disturbance is detected
(cf. ection 5.2), each agent uses its associated immune network algorithm (cf. ection 6.3) to make decisions to optimize
the traffic considering two criteria, which are minimization of vehicle delays, and vehicle queue lengths. A global performance indicator is considered, which is the maximization of the number of vehicles that left the simulated traffic network.
Finally, the agent applies the selected control decision. If the disturbance is eliminated, the agent returns to fixed time control, otherwise another control decision is determined.
4.4. Agent communication and coordination
In the suggested architecture, each agent communicates only with neighboring agents. Two agents are called neighbors if
their intersections are linked with an approach. An agent A sends a signal to a neighboring agent B only in case agent A
detects disturbances at its intersection.
In Fig. 5, at the ‘‘data acquisition” step, each agent not only acquires traffic status data of its controlled intersection, but
also receives communication signals from neighboring agents about their traffic status. These signals from neighboring
agents are taken into account during data analysis and in the immune network algorithm step to choose control decisions
that do not worsen the traffic status at neighboring intersections. Once a control decision is made at an agent level, the agent
applies it at step ‘‘apply decision”, in which step the agent also sends signals to neighboring agents to inform them about its
traffic data (i.e. fluidity), disturbance and control decision.
5. Immune modeling for traffic signal control
Let us define the following nomenclature:
 M is the number of approaches at an intersection;
 QLi is the length of the vehicle queue at approach i expressed in number of vehicles. We consider only a single type of
vehicles, without differentiating between passenger cars and other vehicles, such as buses or trucks;
 QDi is the average queue delay of vehicles at approach i expressed in seconds. QDi represents the average amount of time
vehicles spend waiting in the queue before leaving the intersection;
 P is the period of the day in which the disturbance occurred (1 = rush hour; 0 = off-peak hour);
 Phi is the phase number (within the cycle) associated to approach i;
 Di is the duration (in seconds) of each phase of the cycle.
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Fig. 5. Agent state-transition diagram.

Let us consider the following weights and thresholds assigned based on a simulation-optimization technique or on the
preferences/expertise of decision makers (cf. ection 9 for a discussion):







x1i is the weight associated to the vehicle queue length at an approach i;
x2i is the weight associated to the average queue delay at an approach i;
x3 is the weight associated to the period of the day;
Th1 is a threshold to detect an antigen;
Th2 is an antigenic affinity threshold to extract the set of antibodies that can be considered to react to an antigen;
Th3 is a concentration threshold to select the antibody that will be applied to react to an antigen.

5.1. Antigen structure
A disturbance is any event or situation that affects the fluidity of traffic at a signalized intersection, in terms of vehicle
queue length and/or average queue delay. A disturbance is an antigen, denoted Ag and represented as a vector of three attributes (see (1)):

Ag ¼ hfðQLi ; QDi Þi¼1...M g; Pi

ð1Þ

The suggested antigen structure captures knowledge related to space occupancy of the disturbance, represented by the
queue length, and the time occupancy, represented by both the average queue delay, and the period of the day. It is worth
noting that antigens could be extended with more indicators to define more exhaustively the state of each approach of an
intersection.
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5.2. Detection of antigens
A disturbance is detected at an approach i of an intersection, and an antigen is created for all approaches of the intersection based on the following algorithm:
(1) Data acquisition: get QLi and QDi for each approach i = 1. . .M of an intersection;
(2) Calculate a traffic status function TSi for each approach i according to (2)

TSi ¼ ðx1i  QLi þ x2i  QDi Þ;

ð2Þ

(3) If TSi < Th1 then no disturbance is detected. Otherwise, detect a disturbance and create an antigen.
5.3. Antibody structure
Antibodies correspond to control decisions. The structure of an antibody Ab is defined in (3):

Ab ¼ hID; hParatopei; hIdiotopeii

ð3Þ

where
 ID is an identifying number assigned to the antibody;
 A paratope includes two parts: the pre-condition and the control decision (see (4)). The pre-condition has the same structure as the antigen. The control decision is a combination of two attributes, which are the phase sequencing and duration

Paratope ¼ hfðQLi ; QDi Þi¼1...M g; P; fðPhi ; Di Þi¼1...M ggi

ð4Þ

 The idiotope part contains the ID of other antibodies that the antibody stimulates (cf. ection 4.2).
5.4. Affinity between antibodies and antigens
The mechanism of affinity between an antigen and an antibody is implemented through a measure of distance. We use
the Manhattan distance (De Castro and Timmis, 2002) to quantify this affinity (see (5)). Different weights (denoted x1i , x2i and
x3 ) are associated respectively to the queue length, average queue delay and the period of the day. We have assigned the
greatest weight to queue length so that it is considered the most important criterion to detect a disturbance.

AffinityðAbk ; AgÞ ¼ mk ¼

M
X
Ab
Abk
Abk
2
3
ðx1i  jQLi k  QLAg
 QDAg
 PAg j
i j þ xi  jQDi
i jÞ þ x  jP

ð5Þ

i¼0

where
Ab

 QLAg
and QLi k correspond to lengths of vehicle queues at approach i, respectively in the detected antigen Ag and the
i
stored antibody Abk.
Abk

 QDAg
i and QDi
antibody Abk.

correspond to average queue delays at approach i, respectively in the detected antigen Ag and the stored

 PAg and PAbk correspond to periods of the day at the intersection respectively in the detected antigen Ag and the stored
antibody Abk.
5.5. Antibody reward and penalty
To evaluate traffic fluidity at an intersection at any time tk, we refer to the function defined in (6):

Etk ¼

M
X
TSi

ð6Þ

i¼1

where TSi is the traffic state in the approach i already defined in (2).
Traffic fluidity is improved between two times tk and tk+1 if Etkþ1 < Etk .
We introduce the concepts of reward and penalty of antibodies as follows:
 The reward RAbx refers to the number of times an antibody Abx has improved the traffic fluidity when it is selected and
applied in reaction to an antigen. RAbx is initially set to 0 for all antibodies, and is incremented by 1 each time an antibody
Abx improves the traffic fluidity after the occurrence of a disturbance.
 The penalty PAbx refers to the number of times an antibody Abx has failed in improving the traffic when it is selected and
applied in reaction to an antigen. PAbx is initially set to 0 for all antibodies, and is incremented by 1 each time the antibody
Abx fails to improve traffic fluidity after the occurrence of a disturbance.
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5.6. Antibody stimulation and suppression
Let us define NB(Abx ! Aby Þ as the number of times the antibody Aby has better performance than antibody Abx in improving traffic in disturbed situations.
Then, as illustrated in Fig. 4, an antibody Abx stimulates an antibody Aby if Aby improves the traffic fluidity more than Abx
when a disturbance is detected. Stimulation is used in the selection mechanism to favor antibodies with high performance.
The stimulation degree mxy of an antibody Aby by antibody Abx is related to the reward RAby of antibody Aby , and is calculated
according to (7):

mxy ¼ RAby  NbðAbx ! Aby Þ

ð7Þ

Suppression is another type of interaction between two interconnected antibodies. An antibody Abx is suppressed by antibody Aby if Abx has lower performance (in regulating traffic after the occurrence of a disturbance) thanAby . Suppression is
used in the selection mechanism to discriminate against antibodies with low performance. The suppression degree pyx of
an antibody Abx by antibody Aby is related to the penalty P Abx of antibodyAbx , and is calculated according to (8):

pyx ¼ PAbx  NbðAby ! Abx Þ

ð8Þ

5.7. Antibody concentration
The concentration level of an antibody Aby (see Fig. 4 as illustration) reflects its chances to get selected and activated after
interaction with an antigen and other antibodies. We rely on (9) to calculate the concentration Ay of the yth antibody (Raza
and Fernandez, 2015):

"

#
n
n
X
X
Ay ðt þ 1Þ ¼
mxy ay ðtÞ 
pxy ay ðtÞ þ my ax ðtÞ
x¼1

ay ðtÞ ¼

ð9Þ

x¼1

1
; 8y ¼ 1 ! n
1 þ eðAy ðtÞÞ

ð10Þ

where
 n is the number of antibodies;
 mxy is the degree of stimulation of antibody Aby by antibody Abx ;
 pxy is the degree of suppression of antibody Aby by antibody Abx ;
 my is the affinity between antibody Aby and the antigen (see (5));
 Formula (10) represents a squashing function to ensure the stability of concentration (Raza and Fernandez, 2015).
The first sum in (9) represents the stimulation of antibody Aby by other antibodies Abx . The second sum represents the
suppression of antibody Aby by other antibodies Abx . Affinity my models the stimulation of antibody Aby by the antigen.
The resulting antibody concentration rate depends on the collisions between antibody Aby and antibody Abx that is proportional to ax.ay. As it will be discussed in ection 9, the expression of concentration is equivalent to Q-values in Q-learning
methods in Reinforcement Learning (Mannion et al., 2016).
6. Learning and control algorithms
The MAS architecture undergoes two stages:
 An off-line learning stage, where the immune memory and the immune network are created;
 An on-line monitoring and control stage, where the immune network is used within a control algorithm.
Therefore, for each agent, an algorithm creates the antibodies of the immune memory (cf. ection 6.1), and another algorithm interconnects these antibodies and creates the immune network (cf. ection 6.2), which is then used within a control
algorithm (cf. ection 6.3).
6.1. Creation of the immune memory
The immune memory is created using a hybrid-learning algorithm combining simulation-optimization, Condensed Nearest Neighbor (CNN) algorithm and a rule-based system. The algorithm allows determining the pre-condition and the control
decisions of antibodies based on four steps (Louati et al., 2016):
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(1) Memory initialization: this step relies on simulation to identify the most relevant instances of disturbances. A disturbance is one that does not meet satisfactory indicators in terms of queue length, and average queue delay (cf. ection
5.2).
(2) Memory editing: this step relies on the Condensed Nearest Neighbor (CNN) algorithm to delete redundant/similar
instances of disturbances, and therefore reduce the size of the immune memory.
(3) Determining the control decisions: a simulation-optimization procedure is used to assign a control decision for each
instance of disturbance.
(4) Memory evaluation and refinement: the objective of this step is to compare the average total delay given by the suggested algorithm with the reference LQF-MWM algorithm (Wunderlich et al., 2007, 2008) and further refine the casebase using (IF. . .THEN) rules.
As output, the algorithm gives an immune memory with a set of disconnected antibodies for each agent.
6.2. Creation of the immune network
We design an Immune Network Learning Algorithm (INLA) that performs several functions. Part of the functions of the
suggested algorithm are dedicated to data collection, data analysis, and disturbance detection. Another part relies on an
adaptation of the reinforcement principle to interconnect antibodies in a way that captures successes and failures of control
decisions in improving traffic fluidity when they are applied to react to disturbances. The immune network model that we
suggest is an adaptation of artificial immune networks applied in the robotics field (Raza and Fernandez, 2015). INLA interconnects antibodies based on the concepts of rewards and penalties (cf. ection 5.5) according to the following steps:
 Step 0 – Fixed time control. Use a fixed time controller (fixed timing and fixed sequence) to control ‘‘normal” traffic (no
disturbances), with 120 s. cycle time, 30 s. for each phase, and phase sequencing ph1 ? ph2 ? ph3 ? ph4 .
 Step 1 – Data collection. At time tk, collect the average queue delay and queue length in each approach from the simulation software.
 Step 2 – Data analysis. At time tk, analyze collected data in order to detect possible disturbances. Evaluate traffic status
using the function TSi defined in (2) for each approach i (see ection 5.2). Make a decision whether to continue with the
fixed time control or switch to a more suitable control decision (antibody):
o Step 2.1: if 8i 2 f1; . . . ; Mg; TSi < Th1 , then no disturbance is detected. Consequently, continue with the fixed time controller. Go back to step 1 for data acquisition.
o Step 2.2: if 9i 2 f1; . . . ; Mg such that TSi P Th1 , then a disturbance is detected. Consequently, create an antigen object
with collected data (see (1) in ection 5.1). Then, go to step 3 to determine the control decisions (phase duration and
sequencing).
 Step 3 – Select and apply a control decision. At time tk:
o Step 3.1: determine antigenic affinities mk between antibodies Abk and the antigen using (5) (see ection 5.4).
o Step 3.2: extract the set of antibodies Abk such that mk 6 Th2 ;
o Step 3.3: using a Roulette-Wheel mechanism (Gupta et al., 2012), select an antibody Abx in a way that is biased towards
lower antigenic affinity values. As the selection mechanism is probabilistic, the selected antibody does not necessarily
have the lowest affinity with the antigen.
o Step 3.4: apply the selected antibody Abx .
 Step 4 – Using (6) (see ection 5.5), evaluate traffic fluidity Etkþ1 at time tk+1, which corresponds to the end of the cycle time
given by the antibody Abx . Assign reward or penalty to antibody Abx according to ection 5.5. If traffic fluidity is improved,
then antibody Abx receives a reward. Otherwise, the antibody receives a penalty. Also in this step, steps 1, 2 and 3 are
executed. Let us assume another antibody Aby was selected to control traffic for the next time slot.
 Step 5 – Using (6) (see ection 5.5), evaluate traffic fluidity Etkþ2 at time tk+2, which corresponds to the end of the cycle time
given by the antibody Aby . Assign reward or penalty to antibody Aby according to ection 5.5. If traffic fluidity is improved,
then antibody Aby receives a reward. Otherwise, the antibody receives a penalty.
 Step 6 – Assess relative improvement of traffic fluidity at time tk+2:
o Assess the improvement of traffic fluidity of antibody Aby relative to antibody Abx by evaluating and comparing percentages D1 ¼

Etk Etkþ1
Etk

and D2 ¼

Etkþ1 Etkþ2
Etkþ1

o If D2 < D1 , then NBðAby ! Abx Þ is incremented, otherwise NBðAbx ! Aby Þ is incremented.
o If the simulation is still running, then go to step 1 for data acquisition. Otherwise, go to step 7.
 Step 7 – Interconnect antibodies. For each couple of antibodies Abx and Aby of the immune memory:
o Determine the type of the interaction between Abx and Aby: if NBðAbx ! Aby Þ > NBðAby ! Abx Þ, then the antibody Abx
stimulates the antibody Aby . Otherwise, the antibody Aby stimulates the antibody Abx .
o Calculate the stimulation and suppression weights ðmxy ; pyx Þ: at the end of simulation, the algorithm calculates the
stimulation and suppression weights using (7) and (8).

S. Darmoul et al. / Transportation Research Part C 82 (2017) 290–313

301

Fig. 6. The suggested immune network algorithm INA.

6.3. Control algorithm
The learnt immune network is used within a control algorithm called INA during on-line monitoring and control. Fig. 6
summarizes the immune network algorithm performed by each agent. The algorithm starts by the creation of a sub-network,
called SubNet, by extracting from the immune network antibodies with high affinities with the detected antigen and their
relations. If a signal is received from a neighboring intersection agent A, the algorithm updates the sub-network SubNet
and removes those antobodies that may increase the traffic flow in the direction of the congested neighboring intersection.
Then, the concentration of all antibodies is calculated and the antibody with the highest concentration is selected to be
applied in reaction to the disturbance.
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Fig. 7. The simulated network in scenarios 1–3.

Fig. 8. The simulated network in scenario 4.

7. Experimental framework
A network of intersections is used to assess the performance of INAMAS (see Figs. 7 and 8). Each intersection contains four
approaches. Each approach has two lanes, and has 400 m length (Wunderlich et al., 2007, 2008; Louati et al., 2016). The network of intersections is simulated using PTV VISSIM 7 (Fellendorf and Vortisch, 2010; PTV, 2015). Roads from East to West
are two kilometres long.
With respect to sensor positioning and technology, VISSIM simulation software enables positioning sensors close to intersection signals. Therefore, we placed a sensor close to each signal to measure traffic on the approach associated to the signal.
These simulation sensors provide information about vehicle queue lengths, stops and delays over all the approach length
(from signal to signal). However, in a real world implementation, sensor technology and positioning are important and influence the performances of the suggested algorithms (not only INAMAS but also MAS-LQF-MWM). In a real world implementation, inductive loops can be used to determine vehicle queue lengths and vehicle stops. Change in induction is related to
the size of passing vehicles and gives approximate queue lengths and occupancy data about the amount of traffic on the road.
Inductive loops can also be used to measure the speed of vehicles if two inductive loops are used. By measuring the time
between subsequent activations of the loops and knowing how far apart loops are, the loops can give an approximation
of the speed of the vehicle that last passed. These are amongst the cheapest sensors to install and are unaffected by weather
conditions (Negi, 2006).
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7.1. Scenarios
Several scenarios are used for learning and simulation:
 Four scenarios are used for learning, i.e. for the creation of the immune network (cf. Table 1). The total duration of all
scenarios is 146,000 s. Each scenario has a variety of disturbances and different traffic loads to insure the construction
of immune networks that contain the most representative disturbances.
 Four scenarios are used to assess the developed system. Table 2 provides a quantitative description of the scenarios:
o Scenario 1 allows the assessment of the performance of all controllers under moderate congestion and medium traffic
density during 6 h;
o Scenario 2 allows the assessment of the performance of all controllers under high-density traffic volumes during 6 h;
o Scenario 3 describes several disturbances that block all intersections, due to three emergency cases, such as accidents
during 6 h;
o Scenario 4 provides results for a network of six intersections during 8 h of simulation. During the first 15 min of simulation, traffic is normal, and no disturbance is generated. Then, we simulate an extreme scenario, where all 6 intersections are blocked during 2 h of simulation due to an accident. Then the controllers are used to regulate traffic
during the 6 remaining simulation hours.
 Scenarios 1–3 are assessed on the transportation network of Fig. 7, while scenario 4 is assessed on the transportation network of Fig. 8.
7.2. Reference algorithms
We assess the performance of INAMAS by referring to two algorithms from the literature, namely the optimized stagebased fixed-time controller and a distributed adaptation of the LQF-MWM algorithm.
7.2.1. Fixed-time controller
In a fixed-time controller, the same sequence of phases is repeated with a fixed duration, always arranged in the same
order, to represent a fixed cycle. We used the ‘‘Optimized Stage-Based Fixed-Time controller”, a tool of PTV VISSIM 7 that
allows the determination of the optimal duration of different phases of the cycle. As input, this tool requires only the desired
cycle time. In this paper, we have considered two different cycle times. The first cycle time is 120 s, which is used in (Chen
et al., 2013), and the second cycle time is 240 s, which is used in (Araghi et al., 2015). Both, Chen et al. (2013) and Araghi
(2015) used an isolated intersection with four approaching links for the assessment task. As output, VISSIM suggests an optimum phase duration for each approach. The obtained phase durations by VISSIM are as follows:
 The fixed time controller with a total cycle time of 120 s: 25 s for each phase with 5 s of inter-green;
 The fixed time controller with a total cycle time of 240 s: 55 s for each phase with 5 s of inter-green.
7.2.2. Distributed adaptation of the LQF-MWM algorithm
The Longest Queue First – Maximal Weight Matching (LQF-MWM) algorithm is used to control traffic signals at an isolated intersection (Wunderlich et al., 2007, 2008). LQF-MWM determines the duration of each phase based on the traffic
state, and gives priority to the approach with the longest vehicle queue. In the literature, many works used this algorithm
as a benchmark (Wu et al., 2011; Zhu et al., 2015; Chen et al., 2013). Zhu et al. (2015) and Ahmad et al. (2014) stated that the
LQF-MWM is an adaptive traffic control algorithm that tends to reduce the average delay of vehicles through isolated intersections by making all queues stable. Wu et al. (2011) emphasized that LQF-MWM shows good performance compared to
other approaches like the Ant Colony System (ACS), or the First Come First Serve policy (FCFS), especially when traffic density
is low. For the particular needs of our assessment, we designed a distributed version of the LQF-MWM algorithm, called
MAS-LQF-MWM, which was implemented in each agent to control a single intersection. Each agent is autonomous and controls traffic at its intersection independly of other agents.
7.3. Implementation and performance indicators
VISSIM offers an Application Programming Interface (API) that is compatible with Python programming language and
enables direct and accelerated execution in the VISSIM environment (PTV, 2015). Besides the properties of the programming
language itself, Python comes with a rich set of libraries that offer several functionalities for different applications. Particularly, Python has its own agent development environment, which is SPADE (Python Software Foundation, 2017). This technology offers many facilities and features that ease the construction of MAS, such as agent communication channels, agent
management system, a directory facilitator and support for the FIPA communication language. For all these reasons, INAMAS
and the distributed version of LQF-MWM were coded using Python, and agents were implemented using SPADE.
With respect to probability distribution function used for vehicle arrivals, VISSIM allows to simulate stochastic variations
of vehicle arrivals in the network using a random seed. This value initializes a random number generator. By varying the
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Vehicle per hour per approach

Vehicle per hour per approach when
approaches are blocked

Scenario
no.

Blocked approach

Duration of
blocking (s)

Duration of
scenario (s)

A1

A2

A3

A4

A5

A6

A7

A8

A1

A2

A3

A4

A5

A6

A7

A8

P

1
2
3

–
–
A1, A3, A4, A5, A7, A8, A9, A11,
A12
A1, A3, A4, A5, A7, A8, A9, A11,
A12

–
–
200

2000
5600
1800

800
1800
1100

800
800
800

800
1600
1200

800
1800
1300

800
800
800

800
800
800

800
800
800

800
800
800

–
–
1300

–
–
800

–
–
450

–
–
600

–
–
800

–
–
800

–
–
800

–
–
800

0
1
0

1000

5200

1600

800

1600

1600

800

800

800

800

1600

800

700

1600

800

800

800

800

1

4
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Table 1
Scenarios used for learning (Ai refers to approach i).
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Table 2
Scenarios used for assessment (Ai refers to approach i).
Vehicle per hour per approach
Scenario
no.

Blocked
approaches

Duration of
blocking (s)

Duration
of
scenario
(s)

A1

A2

A3

A4

A5

A6

A7

A8

A9

A10

Total
number of
vehicles
generated
during the
simulation

P

1
2
3

–
–
All
approaches
All
approaches

–
–
7200

21,600
21,600
21,600

1200
1800
1800

1200
1800
1800

1200
1800
1800

1200
1800
1800

1200
1800
1800

1200
1800
1800

1200
1800
1800

1200
1800
1800

–
–
–

–
–
–

57,600
86,400
86,400

0
1
1

900 s. to
load
vehicles in
the
network
+ 7200 s of
blocking

29,700

1800

1800

1800

1800

1800

1800

1800

1800

1800

1800

148,500

1

4

random seed value, the stochastic functions in VISSIM are assigned a different value sequence and the traffic flow changes. In
our experiments, we used the default random seed value assigned by VISSIM (Random Seed = 25).
With respect to the estimation of demand flows (i.e. origin-destination matrices), we used the dynamic assignment of
traffic demand provided by VISSIM. Unlike the static assignment, in which the vehicles follow the road already defined manually and the drivers have no choice about which path to follow from their start point to their destination (PTV, 2015), the
dynamic assignment in VISSIM allows to consider temporal fluctuations, such as:
 The traffic demand, which can vary significantly during the day;
 The road network can have time-dependent characteristics, such as when different signal programs run throughout the
day at the signalized nodes, which allows creation of time-dependent capacities for the individual flows.
With respect to driver behavior, VISSIM uses the psycho-physical perception model developed by Wiedemann (1974).
With respect to the maximum speed limit, we used the default value of the desired speed distribution defined by VISSIM,
which is 50 km/h.
Moreover, the different thresholds, weights, and the obtained immune memory used are as follows:








x1i ¼ 0:5; 8i ¼ 1 . . . M;
x2i ¼ 0:3; 8i ¼ 1 . . . M;
x3 ¼ 0:2; 8i ¼ 1 . . . M;
Th1 = 12 vehicles;
Th2 = 200;
Th3 = 90;
Immune memory = 48 antibodies.
We investigated a set of Key Performance Indicators (KPIs) to evaluate the controllers:

 Number of vehicles that left the network: measures the total number of vehicles that have reached their destination and
left the network before the end of the simulation.
 The average total delay per vehicle for each scenario: represents the total time spent by all vehicles in the network. Such
time includes the average queue delay of vehicles and time taken by vehicles to leave the intersection. Such criteria will
provide us with an overview of the global performance of the controllers in the different scenarios.
 The total delay in the network: refers to the mean delay of a vehicle to cross an intersection. Since the performance of the
fixed-time and the distributed version of LQF-MWM are very close to each other, we decided to use Log(delay[sec]) in
order to better distinguish the performances of all controllers.
 The average queue length in each approach.
Consequently, data collected from VISSIM 7 are as follows:
 Queue lengths are collected each 5 s;
 Delays are collected each 10 s;
 Travel times are collected each 10 s;
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Fig. 9. Number of vehicles that left the network.

Fig. 10. Average total delay per vehicle.

8. Results
Fig. 9 depicts the number of vehicles that left the network for each assessment scenario. It particularly shows that INAMAS allows the biggest number of vehicles to leave the network and reach their destinations compared to the other
controllers.
With respect to the average total delay per vehicle for 6 h of simulation, INAMAS outperforms MAS-LQF-MWM and both
fixed-time controllers (cf. Fig. 10). For a moderate congestion (scenario 1), INAMAS reduces the average total delay per vehicle by 24.07% compared to MAS-LQF-MWM. For a high-density traffic (scenario 2), INAMAS reduces the average total delay
per vehicle by 32.07% compared to MAS-LQF-MWM. Under extreme situations (Scenario 3), INAMAS reduces the average
total delay per vehicle by 27.85% compared to MAS-LQF-MWM.
The next subsections discuss the total delay for the network and the average queue length per approach of all controllers
through the three assessment scenarios.
8.1. Scenario 1
Fig. 11 shows that all controllers have comparable performance during the first 5 min due to the low density of vehicles.
After one hour, the traffic density reaches 9600 vehicles. By increasing the traffic density by 9600 vehicles each hour for the
next 5 h, INAMAS gives better performance and shows its superior ability to manage a large number of vehicles.
With respect to the average queue length per approach for scenario1 (cf. Fig. 12), INAMAS gives lower average queue
lengths compared to all controllers. If we do a pairwise comparison, INAMAS reduces the average queue length in 8
approaches compared to MAS-LQF-MWM, in all approaches compared to the fixed time (120 s), and 9 approaches compared
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Fig. 11. Total delay in the network for scenario 1.

Fig. 12. Average queue lengths per approach for scenario 1.

to the fixed time (240 s). Despite the fact that MAS-LQF-MWM gives priority to the longest queues, the experiment shows
that it is unable to deal with a disturbed network made of multiple intersections.
8.2. Scenario 2
In this scenario, 14,400 vehicles were generated per hour until reaching 86,400 vehicles as traffic density. Fig. 13 shows
that INAMAS achieves a lower delay in the network during the 6 h of simulation. MAS-LQF-MWM and fixed time (120 s) controllers are very similar, but the fixed time controller (240 s) is a weak performer.
According to Fig. 14, INAMAS achieves lower vehicle queues in 7 approaches compared to MAS-LQF-MWM, and in all
approaches compared to both fixed time controllers.
8.3. Scenario 3
Simulating a set of extreme situations is interesting to evaluate all controllers with respect to disturbance management.
The intersections presented in the network are all blocked during 2 h and all controllers are deactivated. At the end of the 2 h
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Fig. 13. Total delay in the network for scenario 2.

Fig. 14. Average queue lengths per approach for scenario 2.

disturbance period, controllers are activated for the remaining 4 h of simulation. Fig. 15 shows the fast reaction of INAMAS to
disturbances by decreasing the total delay in the network just when it takes control. MAS-LQF-MWM and both fixed time
controllers continue increasing delays with a slightly better performance of MAS-LQF-MWM.
It is interesting to investigate the average queue length per approach after disturbances involving extreme situations
especially when these disturbances have a long duration. Fig. 16 shows that INAMAS achieves lower average queue lengths
in 7 approaches compared to MAS-LQF-MWM, in all approaches compared to the fixed time (120 s) controller, and in 10
approaches compared to the fixed time (240 s) controller (see Fig. 17).
8.4. Scenario 4
Scenario 4 assesses the performance of INAMAS against MAS-LQF-MWM. Fig. 18 shows the evolution of the total delay in
the network for scenario 4. We found that INAMAS reduces the average total delay per vehicle by 17.8% compared to MASLQF-MWM.
It is intresting to investigate the evolution of the queue lengths and the queue stops of all approaches after a long period
of disturbance. Fig. 18 shows that INAMAS is able to stabilize traffic quicker and that it keeps the queue lengths lower than
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Fig. 15. Total delay in the network for scenario 3.

Fig. 16. Average queue lengths per approach for scenario 3.

MAS-LQF-MWM. Fig. 19 shows the capability of INAMAS to reduce the queue stops of all approaches over the time compared
to MAS-LQF-MWM.
9. Discussion
This section discusses some open research opportunities and improvements related to our design choices:
(1) The suggested distributed architecture relies on a flat heterarchical architecture where decision-making is based on
indicators related to the status of links between neighboring intersections. It is important to notice that updating antigen and antibody representations with other and/or more indicators does not affect the downstream decision-making
mechanisms, which contributes to the genericity of the suggested approach.
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Fig. 17. Evolution of the total delay in the network for scenario 4.

Fig. 18. Evolution of average queue length of all approaches for scenario 4.

(2) To deal with other types of disturbances, such as crossing of emergency vehicles like ambulances, firefighters, and
security vehicles, the antigen and antibody representations need to be updated, and new mechanisms for coordination
between agents need to be investigated. With this respect, biological immunity offers concepts and mechanisms that
can help address this problem, particularly based on the danger theory (Darmoul et al., 2013; Bayar et al., 2015;
Darmoul and Elkosantini, 2014).
(3) We have considered two separate stages, where in the first stage, agents learn their immune network, and in the second stage, learnt immune networks are used for on-line monitoring and control. This design choice recalls the set up
and usage of artificial neural networks (ANN), where ANN are first trained based on supervised or unsupervised techniques to determine weights of synapses, and then used for monitoring and control. During the learning stage, we
relied on simulation optimization to determine the most representative cases of disturbances, and to determine the
immune memory. Despite our effort, which indeed led to competitive results, our procedure is not exhaustive and
we may have missed some cases of disturbances. To address this issue, two solutions can be considered. The first
one consists in investigating a more rational and systematic statistical approach, based for example on design and
analysis of experiments (Montgomery, 2009), to insure all cases of disturbances are covered. The second one consists
in investigating a continuous learning approach that continuously detects and adapts to new situations without separating learning and control stages. Here again, biological immunity offers concepts and mechanisms, such as the clonal selection theory (Ulutasß and Kulturel-Konak, 2011), which can help address this problem.
(4) The suggested immune network algorithm has similarities with Reinforcement Learning (RL) and Q-learning methods.
According to Mannion et al. (2016), An RL problem is generally modelled as a Markov decision process (MDP). An MDP
may be represented using a set S of states, a set A of actions, a transition function T, and a reward function R, i.e. a tuple
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Fig. 19. Evolution of average queue stops of all approaches for scenario 4.

(S; A; T; R). When in any state s 2 S, selecting an action a 2 A will result in the environment entering a new state s0 2 S
with probability Tðs; a; s0 Þ 2 ð0; 1Þ and will result in a reward r ¼ Rðs; a; s0 Þ. One of the most popular RL approaches in
use today is Q-learning, in which Q-values are a numerical estimator of quality for a given pair of state and action.
When using RL, balancing the exploration–exploitation trade-off is crucial. Exploration is necessary to learn the consequences of selecting different actions and to determine the potential benefit of selecting those actions in the future.
Exploitation of known good actions is necessary to accumulate the maximum possible reward. In our suggested
immune network algorithm, the states correspond to information about queue lengths and queue delays (i.e. antigen).
Actions correspond to phase sequencing and duration (i.e. control decisions). A reward corresponds to the number of
times an antibody succeeded in improving traffic fluidity. This reward is used to enforce the selection of the same antibody in case of reaction to similar disturbances. Consequently, in this article, we are emphasizing the reinforcement
principle (i.e. receiving a reward in case of success, i.e. in case of improvement of traffic fluidity), which leads to learning interconnections between antibodies. The probabilistic state transition function is implemented using a RouletteWheel mechanism biased towards higher values of affinity with antigens. Q-values are equivalent to concentration
levels (see ection 5.7), but this equivalence needs more theoretical assessment and validation, which is out of the
scope of this article. Exploration and exploitation are function of stimulation and suppression. Exploration occurs
when an antibody is selected despite its low affinity with antigen (due to the roulette wheel mechanism, which is
biased towards higher affinities with antigen), while exploitation occurs when an antibody with high antigenic affinity
is selected.
(5) Assignment of weights and thresholds: INAMAS relies on weights and thresholds defined by experts (cf. ection 5).
Results are sensitive to these values. Our assignment was based on an iterative simulation optimization procedure.
Future work should focus on investigating more advanced techniques, based on statistical analysis, sensitivity analysis, learning (Aggarwal, 2015; de Almeida et al., 2016) and other distance measures, such as Generalized Ordered
Weighted Averaging (GOWA) (Yager, 2004).

10. Conclusion
The traffic signal control problem is a challenging problem for which learning and adaptation mechanisms need to be
developed to deal with disturbances in a distributed and intelligent way. In this article, we designed a distributed, intelligent
and adaptive Traffic Signal Control System (TSCS) based on concepts and mechanisms inspired by biological immunity. To
the best of the authors’ knowledge, this article is the first to integrate artificial immune networks into a multi-agent system
architecture to control a set of signalized intersections. A flat heterarchical architecture of agents is used, where each agent
controls a signalized intersection based on an artificial immune network. Traffic control is achieved considering two objectives, which are minimization of vehicle delays and vehicle queue lengths. Two learning algorithms are presented for the
creation of the immune network, based on simulation-optimization, on mechanisms from case-based reasoning (case representation, and the condensed nearest neighbor algorithm to optimize the size of the case base), and on an adaptation of
the reinforcement principle. Within each agent, an algorithm is designed to control a signalized intersection based on the
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learnt immune network. We particularly focus on explicit disturbance-related knowledge representation, and on knowledge
capitalization to take advantage of previous successes and failures in dealing with disturbances.
With respect to assessment, a detailed comparative analysis of performance is given by benchmarking the suggested
Immune Network Algorithm based Multi-Agent System (INAMAS) against two control strategies, namely two fixed time controllers, and a distributed adaptation of the LQF-MWM algorithm. INAMAS was tested in different traffic situations and disturbed scenarios. The results of the comparative assessment show that INAMAS outperforms the other controllers with
respect to different Key Performance Indicators, including the maximization of the number of vehicles that left the simulated
traffic network, the total delay in the network, and the average total delay per vehicle.
The suggested control system can be extended in a number of ways that were discussed in a dedicated section. The most
immediate research direction is to investigate a continuous learning approach that continuously detects and adapts to new
situations. The system can be extended to address the crossing of emergency vehicles, such as ambulances, firefighters and
security vehicles, and to integrate explicit coordination mechanisms.
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a b s t r a c t
The simulation of Human Centered Systems (HCS) has attracted increasingly attention in
recent research. These systems involve individuals playing key roles, such as workers in
manufacturing systems, soldiers in military operations, and investors in stock markets.
The complexity simulating such systems is due to the need for modeling individual and
group behavior and the integration of psychological and socio-technical aspects that can
affect individual and HCS global performance. Although several models have been proposed to simulate such systems, most of them suffer from limitations pertaining to the
integration of some factors, an inadequacy that will be discussed and elaborated on in this
paper. The current study presents a new model for HCS simulation based on recent social
and psychological theories. A model implementation example involving the simulation of a
manufacturing system, considered as a HCS, is presented.
Ó 2015 Elsevier B.V. All rights reserved.

1. Introduction
During last few decades, the simulation of complex systems has become an interesting and important area of research.
Several studies have been performed to develop new simulation platforms that simulate complex systems, such as manufacturing systems [8], military operations [49], astronaut activities [32], and stock markets [11]. The simulation of such complex systems must be able to model the interaction dynamics that hold between the components of the title system and to
build models that closely mimic the behavior of this system in the real world.
Human Centered Systems (HCS) are complex systems involving individuals who play key roles, including workers in manufacturing systems, soldiers in military operations, and investors in stock markets. Several of these systems have been modeled and simulated using different approaches and tools, such as cellular automata [53] and cognitive or fuzzy cognitive
maps [75]. The challenge in simulating such systems resides in the integration of intricate socio-technical factors, such as
motivation [63] and emotions [81]. In fact, the simulation of human behavior has attracted the attention of researches for
a long time, and the literature presents several attempts to understand and test the mechanisms of various behavioral factors
for incorporation in HCS simulation models [21,66].
Several tentative propositions have been introduced to develop a simulation software that integrate human behavior
models and reproduce, as realistically as possible, the human behavior in HCS. One of the major limitations of traditional
models, however, is that they often representing behavior using deterministic data. Moreover, those models are centered
on few aspects of human behavior, such as emotion, personality, and culture, while ignoring several other equally important
individual, social, and psychological aspects. According to Baines [5], individuals in HCS are treated as a pseudo-technolog-
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ical elements and expected to behave in much the same way as an item of equipment. In practice, however, human behavior
is more complex, which justiﬁes the error margin between the simulation results and reality.
The present study was undertaken to develop a new behavioral model that aims to overcome the limitations associated
with the existing ones. It seeks for a better integration of human behavior in simulation models through the integration of
psychological, individual, and social factors. The proposed model can be implemented in a Multi-agent system in which each
agent represents a human. This study is a ﬁrst step toward the development of a new behavior model and, therefore, does not
involve a complete empirical validation for the proposed model. Its driving objective is to identify a set of behavioral factors
that must be integrated in a model to simulate individual behaviors in HCS.
The remainder of this paper is organized as follows: Section 2 introduces the simulation of human centered systems. It
reviews the major attempts made for the simulation of HCS systems and presents the different approaches used to build simulation models. Section 3 presents and discusses some of the so far developed agent based HCS simulation models. Section 4
is devoted to presenting our model. Section 5 reports on a model implementation example wherein a manufacturing system,
considered as a HCS, was simulated. It also presents and discusses the simulation results obtained. The ﬁnal section provides
a conclusion and suggestions for future research.

2. Simulation of human-centered systems
The simulation of Human-Centered Systems (HCS) has been one of the main research topics in the domain of artiﬁcial
intelligence (AI) during the last few decades [45,12]. A human-centered system is a complex system that involves individuals
playing key roles, such as workers in manufacturing system, soldiers in military operations [49,59], and investors in stock
markets [11]. It also involves actors, organizational structures, rules, procedures, and computerized tools. The simulation
of such systems needs the modeling of human behavior and the integration of socio-technical aspects or behavioral factors
in the simulation model.
The interest in the simulation of HCS derives from the works of psychologists, sociologists, anthropologists, and economists concerned with the human behavioral patterns and social processes. The simulation of such systems is usually used
to determine and evaluate the consistency and relevance of the theories generated in quite independent disciplines [50].
The simulation of human behavior has been an interesting and important area of research and application for a long time
[18,66]. Those works have been driven by the interest to understand and test the mechanisms of several sociological and
psychological aspects of behavior and to evaluate the impacts of such factors on the global performance of systems. Human
behavior is a complex system that has been modeled and simulated by different approaches and tools, including cellular
automata [53] and statistical approaches [81]. The table below presents some of the simulation approaches so far used in
the literature to model and simulate human-centered systems.
The simulation of HCS can also be considered as a bridge connecting the works of psychologists, sociologists and several
other scientists. Some researchers from the military domain [51,49] have, for instance, proposed behavioral models of soldiers that were integrated in a virtual training environment. Other simulation models have also been used in education [58],
and also in economy to understand economic growth at a macro-economic level [31].
Some interests for simulating systems and organizations with a social viewpoint are listed below:
 The implementation, veriﬁcation, and validation of some social theories. For example, Sibertin-Blanc et al. [67] attempted to
implement a simulation model of Sociology of Organized Action theory in a multi-agent system, whereas Andriamasinoro
and Courdier [4] proposed a behavioral dynamic model of agents using the Maslow’s hierarchy of needs.
 The clariﬁcation of links that can exist between social phenomena in a social structure.
 The analysis of social a process and structure. As described by Troitzsch [76], a role of social simulation is to inform the analyst’s understanding of the structure and processes of the system.
 The prediction in social organization where a great number of actors have to accomplish some common tasks. In this case,
the simulation has to test new working strategies or methods and predict the system’s behavior before their real
application.
Several statistical models have been developed to model and analyze social systems [81]. In statistical approaches, HCS
are modeled as a set of n entities – called actors – and information about binary relation between them. Binary relations are
represented by a matrix Y, where Yij is 1, if actor i is somehow related to j and is 0 otherwise. Nowadays, the well know statistical models are the family of p⁄ models [3], also known as Exponential Random Graphical Models (ERGMs). Snijders et al.
[71] maintain that ‘‘the strong point of these models is that they can represent structural tendencies, such as transitivity, that
deﬁne complicated dependence patterns not easily modeled by more basic probability models.’’
Such approaches, however, model complex systems with static considerations. They do not allow for the formulization of
the dynamic and complex behavior of individuals in HCS as well as the interactions between system components. Garbolino
et al. [28] emphasize that such approaches do not take feedback effects into account.
The System Dynamics (SD) models has also been used to simulate HCSs and to analyze of the causal relationships
between HCS elements [34,21,12]. System dynamics [26] combines the theory, methods, and philosophy needed to analyze
the behavior of complex systems in several ﬁelds, including environmental change, politics, economic behavior, medicine,
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and engineering. Another important feature of this system lies in its applicability in building and running systems simulation
to analyze system performance under different scenarios. Jones [34] has suggested a SD based model to formalize the effect
of moods and other behavioral factors on the evolution of the human motivation in an HSC. The human behavioral-based
model proposed by Elkosantini and Gien [21] uses a differential equation formulation to model the inﬂuence of psychological
factors, such as motivation or stress, on the performance of human operators in manufacturing systems. More recently, Bouloiz et al. [12] have developed a SD based model to study the safety feeling in a Moroccan chemical storage unit.
Unfortunately, and to formalize the dynamic interactions between HCS components, all SD based models often rely on
mathematical equations that cannot easily integrate some behavioral aspects such as emotions, motivations, and cognitive
capacities.
In many simulation architectures dedicated to HCS, actors were modeled as autonomous and intelligent entities, reasoning and reacting to internal stimuli and external events. Therefore, the multi-agent based approach seems to offer a promising alternative. Accordingly, various agent-based models have been developed. The following section will provide with a
brief overview of the different studies so far performed on the simulation of HCS with agent-based approaches.

3. Agent based models for human-centered systems
In HCS, humans have important roles and can be autonomous agents that interact between them. Several studies have,
therefore, used the agent paradigm in which humans are modeled as autonomous agents that interact with others and with
their environments.
In this context, several simulation models were developed to simulate HCS using the agent-based approach. However, the
simulation has traditionally focused on technical aspects (e.g. machines, conveyors) and represented them with deterministic and stochastic data [81]. In some cases of HCS, where individuals play a key role, behavior has often been poorly
supported by simulation tools wherein workers are assimilated to a simple resource with a failure rate, mean-timebetween-failure, and repair time [2].
Behavioral aspects have, however, often been disregarded in several agent-based models, and been integrated only in few
studies, such as that of Siebers [68]. This is particularly due to the complexity of their evaluation and quantiﬁcation, which
can justify the difference between the real dynamic behavior of human-centered systems and that of the simulation architectures. In fact, the improvement of accuracy and reliability of simulation prediction can be insured by the integration of
some human aspects in simulation models [65]. Accordingly, some agent-based behavioral models proposed in the literature
were dedicated to the simulation of HCS integrating emotional [22,81], cognitive [60,65], and psychological (SCALE-UP; [51]
factors to simulate human behavior. Several studies in computer science have also implemented such agent-based model to
simulate human-centered systems. They sought to simulate and reproduce, as realistically as possible, the behavior of an
actor.
BDI (Belif – Desire – Intention) architecture [60] is one of the most widely used architectures for the structuring of autonomous agents and development of multi-agent systems while considering social phenomena. It integrates the rational and
cognitive aspects of human behavior, including beliefs, desires, and intentions. Beliefs represent an agent’s conceptual
model. A BDI-agent has to modify its desires and beliefs depending on the environment which is considered as the input
of BDI architecture. The BDI-agent has then to choose the intention that could also be treated as the plans for eventual execution. The BDI architecture is, however, restricted to cognitive processes. It does not integrate physical, emotional or social
processes as well as their interaction.
Schmidt [65] has developed another type of architecture, the PECS (Physics, Emotion, Cognition, Social status). It based on
the integration of state variables belonging, not only to the cognitive class, but also to physical conditions, emotion, and
social status. As Martinez-Miranda and Aldea [45] noted, PECS is an integrated model wherein several aspects essential to
human behavior and decision-making processes are taken into account. Nevertheless, the PECS architecture is not based
on social or psychological theories. In addition, the different components of the architecture are not detailed. Schmidt tried
to propose a generic model that can be developed in different contexts. It was, however, presented in such a high level of
abstraction that complicated its implementation in computer applications.
Several other models were proposed for the simulation of military operations, including the Situation Awareness Model
for Person-in-the-Loop Evaluation (SAMPLE) architecture [51], which focuses on the Situation Awareness (SA) of a pilot. This
architecture focuses mainly on Situation Awareness and ignores other psychological and physical capacities of pilots. The
Social and Cultural Analysis and Learning Environment for Urban Pre- and Post-Conﬂict Operations, referred to as SCALEUP, is another architecture for the simulation of military operations, developed by McDonald et al. [49]. It provides a training
capability to enhance force effectiveness in urban settings through using a multi-human behavioral model. It also integrates
social environments.
Emotional based models have been developed in a broad range of ﬁelds, and the earliest one was developed by Simon [70]
and was based on motivational states, such as hunger and thirst. El-Nasr et al. [22] also proposed an emotional based model,
named Fuzzy Logic Adaptive of Emotions (FLAME), which can be incorporated into intelligent agents and other complex
interactive programs.
Personality traits were also at the core of some behavioral models. In fact, there are several theories describing personality, including the personality representation model of Oren and Ghasem-Aghaee called OCEAN [55]. This model was based
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on ﬁve traits: Openness, Conscientiousness, Extraversion, Agreeableness and Negative emotionality, with each being deﬁned
by six personality facets. Other researchers [29,55] used the fuzzy logic and OCEAN model to represent the personality
dynamics of agents.
It is worth noting that the agent-based behavioral models mentioned above focus only on one or two human aspects (for
example: emotion, personality, etc.), expect the BDI and PECS models. As illustrated in Table 1, Psychological and Physical
capacities are often disregarded in behavioral models.
4. An agent simulation model
This section presents our proposed architecture which seeks to achieve a better simulation of human behavior in a HCS.
The model is designed to model human behavior in a generic way so as to be easily integrated in simulation models. It also
aims to integrate the interaction between environmental and behavioral factors and human performance. It can be used, for
example, to study the effect of such factors on the individual or system performance. Its advantage is that it integrates the
feedback effects and psychological factors, which have often been ignored.
Psychological and social research provides solid grounds for the design of a preliminary model, providing a wide range of
informed concepts and variables to select and build on. In fact, the study of the interaction between different factors of
human behavior derives from the works of researchers in psychology [36] and sociology [47]. The following subsections will
consider some of those works, completely oriented toward model building.
4.1. Psychological background
Psychological factors are known to play signiﬁcant effects on human performance and can be inﬂuenced by several factors, such as motivation and stress. For example, Wilmore [79] and Kavanagh [37] noted that motivation, stress and weariness are among the most highly inﬂuential factors on performance. Other researchers [6,7,57] have also demonstrated that
the beliefs that an individual has with regard to his own capacities to achieve a task – called beliefs of self-efﬁcacy – are
crucial factors that affect performance. Individuals with low self-efﬁcacy about a task tend to believe that the given task
is very difﬁcult for them. Consequently, they allow little effort and attention to carry it out. By contrast, high self-efﬁcacy
persons pay much effort and attention to the demands of the situation. They will attribute a failure to insufﬁcient effort
but not to their capacities and are, therefore, expected to be more persistent when faced with breakdowns. This theory
assumes that self-efﬁcacy develops through four information sources: mastery experience, vicarious experience, verbal persuasions, and physiological indices. Hence, self-efﬁcacy seems to be inﬂuenced by individual traits and, in turn, seems to
inﬂuence individual behavior.
Low-efﬁcacy is also known to generate stress and anxiety [39]. Stress is deﬁned as ‘‘an agent, circumstance, situation, or
variable that disturbs the normal’ functioning of the individual’’ [74]. According to the US Army Field Manual FM22-51
([25]; chapter 2), two kinds of stress factors can be distinguished: physical and mental stressors. A physical stressor is
one which has a direct effect on the body. This may be an external environmental condition or the internal physical/physiologic demands of the human body. A mental stressor is one in which only information reaches the brain with no direct
physical impact on the body. This information may place demands on either the cognitive systems (thought processes) or
the emotional system (feeling responses, such as anger or fear) in the brain. Often, reactions are evoked from both the cognitive and the emotional systems.

Table 1
Some behavior models.
Model

Personality

Five Factor Model [48]
Hermann model [33]
OCEAN [55]
[69]
OCC [56]
Roseman model [64]
FLAME [22]
Wong et al. [81]
Read et al. [61]
Martínez-Miranda et al. [46]
Nowak and Latané [54]
BDI [60]
PECS
SAMPLE
SCALE-UP
Simon [70]
CLEAVER [10]
Martínez-Miranda et al. [46]
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Physical capacity
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The relationship between stress and performance has been widely investigated in the literature on psychology. Such relationship, named also Yerkes–Dodson law [82], should be curvilinear. This means that good performance is observed for moderate levels of stress to either low or very high stress levels.
Similarly, motivation, as conceived by Ryan and Deci [63], offers relevant psychological factors. These authors distinguish
three forms of motivation: intrinsic motivation, extrinsic motivation and amotivation. Intrinsic motivation refers to a psychological state that occurs when people achieve a task for fun: there is no other reward than the pleasure of carrying
out the task for itself. By contrast, people that achieve a task for rewards (e.g., money, verbal or social approval) are qualiﬁed
as being extrinsically motivated. Intrinsic motivation is a better predictor of perseverance and effort and has, in general, a
positive inﬂuence on performance. Deci et al. [17] pointed out that external and environmental factors, such as tangible
rewards (e.g., money), might increase extrinsic motivation to the detriment of intrinsic motivation. Finally, amotivation is
the consequence of not valuing an activity and not feeling competent to do it.
4.2. Social background
The study of social phenomena and structures in HCS represents one of the most extensively investigated topics in the
literature on social and behavioral sciences, including military, political, educational, marketing, ecology, and social psychology studies. One of the goals of such works is to detect and evaluate the relationships between parts and members of HCS.
HCS are considered as a social organization, also referred to as a cybernetic system [78], and are characterized by exceeding complexity, and probabilistic and self regulatory nature. Several models have been proposed to study social organizations and, especially, the interaction between members of the same group of individuals. In this context, sociologists have
noted that affective interpersonal relationships have great inﬂuence on individual performance [77,73,16]. Parker and Asher
[58] investigated the mutual friendship relations between elementary school children and peer group acceptance. They also
studied the differences between children with respect to acceptance and friendship quality. Other works have studied the
notion of homophilous attraction [35] and social inﬂuence. According to Marsden and Friedkin [47], interpersonal inﬂuence
operates through social ties, engendering common attitudes or behaviors among friends and other close relations. Kitts [38]
also studied the interactions within a social network and focused particularly on the notions of amity and enmity. He proposed a model based on a neural network that was originally used in artiﬁcial intelligence.
Other social models were developed using computer software to simulate the behavior a social structure [73]. For example, sociometry has been used in several works on social networks [23] to study group dynamics [73]. Some works paid more
attention to the social dynamics in economic contexts [38]. Some sociologists consider that the embeddedness of economic
behavior in networks of affective interpersonal relationships has a great impact on the economic performance of markets
and organizations [15,77].
With regard to the relation of social ties with performance, Bowler et al. [13] has conducted a study on the relation
between friendship and performance in a manufacturing ﬁrm. The results obtained revealed that the strength of friendship
is highly related to performance. Finally, Duffy and Shaw [20] have also shown that social loaﬁng, which is the tendency of
humans to reduce their effort when working in groups, was negatively related to group performance.
4.3. Physical capacity
In addition to psychological and sociological factors, several researchers have shown that individual physical capacity
inﬂuences human behavior and performance. The latter can be inﬂuenced by some psychological processes such as motivation [1]. Soetens et al. [72] found that fatigue degraded individuals’ performance on difﬁcult tasks.
The US army Field Manual FM 21-18 [24] shows that several factors, such as fatigue, can contribute to soldier overload
and decrease of efﬁciency. The effects of other physiological factors, such as age, gender, body dimensions, and genetics, on
individual performance have also been investigated [62]. In fact, age has commonly been considered as an important factor
for the loss of an individual’s performance [9]. Wilmore and Costill [80] have also conducted an experimental research project to study the inﬂuence of body dimensions on individual performance.
4.4. Model architecture
The model proposed in the present study is based on various works and theories from psychological, social, and work
psychology sciences. It takes the behavior dynamics of individuals in HCS and their interaction with their environment into
account. The suggested model allows for the integration of the dynamics of the relationships that could exist between three
mains components, as illustrated in Fig. 1. It also allows for the simulation of individual behavior and can be implemented in
agents for deﬁning their behavior. The model consists of:
 Extrinsic layer: represents individual characteristics, perception to the environment, and personal goals and objectives.
 Intrinsic layer: is the core of the architecture. It contains behavioral (psychological, social or physical) factors as well as
the interaction between them.
 Performance: or the output of the architecture, which may include different performance criteria.
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Fig. 1. The model-architecture.

 Dynamic fuzzy model: it evaluates the impact of extrinsic factors on the behavior (intrinsic) and the impact of the behavioral factors on individual performance.
The details of each component are presented in the following subsections.
4.4.1. Extrinsic layer
The extrinsic layer of the model, also considered as its input layer, is composed of elements representing the characteristics of the individuals and their perceptions to the environment, which have an important inﬂuence on performance (see
Section 4.3). Two kinds of extrinsic factors can be distinguished (see Fig. 2). The ﬁrst type of extrinsic factors relates to the
goals or tasks of agents. In fact, several studies have investigated the interaction between an autonomous agent and task
characteristics [42]. Most works have, however, disregarded the effect of some psychological and social processes. The second type of extrinsic factors pertains to the perception of an individual to his environment, which might increase or decrease
extrinsic motivation to the detriment of intrinsic motivation [17]. From a safety perspective, Gyekye [30] also indicates that
environmental conditions affect employee safety perceptions which, in turn, have impacts on employee commitment.
4.4.2. Intrinsic layer
This layer includes highly important behavioral processes that inﬂuence individual performance. Three main categories of
processes are distinguished based on theories from psychological and social sciences (see Sections 4.1–4.3).
The ﬁrst category of intrinsic factors concerns individual characteristics, including aspects having effects on behavior and
performance, such as experience, age, body dimensions, and qualiﬁcation. As noted in Section 4.3, all of these elements can
inﬂuence the physical state of a person and, consequently, can increase or decrease his performance.
The second category relates to psychological processes with signiﬁcant effects on human performance [63]. As noted in
Section 4.1, the effects of motivation, self-efﬁcacy, and stress have been extensively investigated in the literature. They are,
therefore, integrated in this part of the architecture. Their intra-interactions and interactions with extrinsic factors are illustrated in Fig. 3.
The last category relates to social processes and is integrated in the behavior model as intrinsic factors. As shown in Section 4.2, the strength of interpersonal relationship is related to the individual. Duffy and Shaw [20] have also shown that
social loaﬁng was negatively related to group performance.

Extrinsic layer

Environmental
perception

Objectives

Fig. 2. Extrinsic factors.
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Fig. 3. Intrinsic layer.

4.4.3. Performance
This component constitutes the output of the architecture. It includes all performance criteria that can evaluate a task in
HCS. In a manufacturing system context, performance can be latency or accuracy. In military operations, performance can be
‘‘task completion time’’ or ‘‘cognitive processing ability’’.
This study does not aim to develop a new theoretical framework to model performance. In fact, several performance models associated with manufacturing systems [46,68] and military operations [37] have been developed in the literature. The
goal of this architecture is to simulate the effect of some psychological and environment factors on an operator’s work and
his performance.
4.4.4. A dynamic fuzzy model
As outlined in the last subsections (Section 4.4.1–4.4.3), a behavior model has several interconnected components. As
mentioned earlier, the way to quantify the effect of one factor on another has not been well formulated in the literature.
Accordingly, the present study proposes a fuzzy model that describes the dynamics of relationships between the different
components of the architecture.
This fuzzy model is inspired by studies integrating very few behavioral factors that are always modeled as static elements.
The aim of this part of the model is to evaluate the impact of extrinsic factors on the behavior and the impact of the intrinsic
factors on performance. Mathematically, the behavioral model in this paper is deﬁned by a vector with attributes as shown in
the following equation:

hExF ¼ fEnP; Objg; InF ¼ fPsyP; SoP; IndCg; Peri

ð1Þ

where
 ExF = {EnP, Obj} refers to the set of all elements of the extrinsic layer. Obj is an object associated to the objective or the task
of an individual. It may also be deﬁned with a set of attributes describing the task as its category or complexity which may
vary according to the considered HCS (manufacturing system, military operations, etc.). EnP is associated to the perception of an individual to his environment and may be deﬁned with a set of attributes describing the environment, which
may also vary according to the HCS.
 InF = {PsyP, SoP, IndC} refer to the set of all elements of the intrinsic layer. PsyP is a vector described with three attributes
(see Section 4.1) as shown in Equation (2). The latter are motivation (Mot), stress (Str) and belief on self-efﬁcacy (SlE). Mot
is described by three attributes, namely Intrinsic motivation (InM), Extrinsic Motivation (ExM), and amotivation (Amot)
(see Equation (3)). SlE is the attribute describing the beliefs of an agent on self-efﬁcacy. It may also be described by a
set of attributes such as its level. SoP is associated to social processes. As other factors, it may be described by a set of
attributes (as presence of conﬂict). As previously detailed elsewhere [21], psychological and social attributes can be quantiﬁed by questionnaires or interviews administered to the individuals concerned. Finally, IndC is deﬁned by a set of attributes describing an individual, such as experience, age, body dimension, qualiﬁcation, and physical capacity.
 Per is deﬁned by a set of attributes representing performance criteria (see Section 4.4.3).

PsyP ¼ hMot; Str; SlEi

ð2Þ

Mot ¼ hInM; ExM; Amoti

ð3Þ

The mathematical modeling of relationship dynamics can be insured using differential equations. This type of modeling has
rarely been applied to human behavior, and only few models used them to describe such complex behavior dynamics. In a
previous work, a preliminary version of the model was proposed using differential equations [21]. It formalized the effect of
psychological factors on the evolution of performance criteria. Linear and non-linear mathematical models were also used in
social psychology to describe other kind of inter-individual relation.
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However, the formalization of such aspect using simple additive and multiplicative rules is very difﬁcult, and the validation of such a model becomes very complex. In fact, behavioral factors can be quantiﬁed using linguistic variables that may
offer a better approximation of the human thought process [83]. Accordingly, each element of the model is quantiﬁed with
linguistic values (Very low; Low; Medium; High; Very high). In this study, the dynamics of ties that exist between factors are
modeled with ‘‘IF . . . THEN . . .’’ rules. The inﬂuence of external factors on behavior and the effect of behavioral factors on
performance are also formalized by ‘‘IF . . . THEN . . .’’ rules.
The ‘‘fuzzy model’’ is constituted by a fuzzy network containing three fuzzy systems (see Fig. 4).
The ﬁrst fuzzy system evaluates the inﬂuence of extrinsic factors on intrinsic ones. The external factors are the input of
this ﬁrst system whereas the intrinsic factors are its output. Such rules have the following form:
IF EnP.Temperature is High AND Obj.Complexity is Very High
Then PsyP.Stress.level is High AND IndC.PhysicalCapacity is Medium

where Complexity refers to an example of attribute of the objective (Obj), Temperature to an example of attribute of environment perception (EnP) describing the climate of the work, and level to the attribute of the stress, a factor of Psychological
processes (PsyP) representing its degree.
The second fuzzy system evaluates the dynamics of behavior. It models the interaction between behavioral factors. The
premise and conclusion are psychological, social or individual factors. Such rules have the following form:
IF IndC.Fatigue.level is Medium
Then PsyP.Stress.level is Low

where Fatigue refers to an example of attribute of IndC and level to the attribute of the stress, a factor of Psychological processes (PsyP) representing its degree.
Finally, the third fuzzy system evaluates the relationships between intrinsic factors and performance. Such rules have the
following form:
IF IndC.Fatigue.level is Low AND PsyP.Mot.InM.level is High
Then Per.Accuracy is High

where Fatigue refers to an example of attribute of IndC, Accuracy to an example of performance criteria (an attribute) of Per,
and level to the degree of the intrinsic motivation which is a form of a motivation Mot (see Section 4.1), a factor of psychological processes (PsyP).
4.4.5. The global architecture
The detailed architecture of the proposed behavior model is presented in Fig. 5. The architecture integrates all the components described in the previous sections.
The model can be easily extended to include, for example, other psychological factors. As noted in the introduction, the
major goal of the proposed model is to model human behavior in so as to integrate it in a simulation model. The model aims
to study the effect of some environmental and behavioral factors on a human performance in a HCS. It also integrates the
feedback effects and psychological factors, which have often been ignored in previous models (see Section 3).

Dynamic Fuzzy model
Extrinsic
factors

Intrinsic
factors

First
Fuzzy
system

Second
Fuzzy
system

Third
Fuzzy
system

Fig. 4. Dynamic fuzzy model.
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5. Implementation and results
In this section, our primary focus is to show that the suggested model works and that it can be used to simulate human
HCS using a multi-agent system. The ﬁrst aim of this section is to show the feasibility of the model by giving an example
implementation of the suggested model to simulate individuals in a sample HCS. Further studies, some of which are currently underway in our laboratories, are needed for the validation of our proposal on a real HCS. In this section, we consider
a manufacturing system as a HCS in which workers may interact and go in a group to achieve a task. The test procedure is
described in the following subsection.
5.1. Test procedure
The aim of this test is to show that the simulation of a HCS without considering human behavior may provide results that
do not present the real behavior of the system. To show the feasibility of our suggestions, we have considered a small company described elsewhere [14] which manufactures 8 types of reduction gears with different dimensions (small medium and
great referenced from R1 to R8) as a sample HCS. The reduction gears are composed of two types of components: E1 to E8 are
manufactured in the company and P1 to P5 are purchased externally. E1 to E8 components are manufactured using two
types of raw materials, M1 and M2. Fig. 6 shows the structure of an example of a reduction gears (R3). The company is

Fig. 6. The structure of R3 [14].
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composed of two main workshops as shown in Fig. 7. The ﬁrst workshop is the machining shop, which manufactures parts E,
and the second one is the assembly shop, which assembles components of products R. Raw materials (M) and purchased
components (P) are provided by two suppliers.
The machining shop consists of 2 independent stations, with one worker per station. The processing time in those two
stations varies between 10 and 15 min, according to the manufactured components (referenced E1 to E8). Due to the nature
of the task (machining), workers are exposed to difﬁcult working conditions (noise, debris, heat). The assembly shop is composed of 3 assembly stations. Station 1 assembles small reduction gears, referenced R1 and R2. Station 2 assembles medium
reduction gears, referenced R3, R4 and R5. Station 3 assembles great reduction gears, referenced R6, R7 and R8. Only two
workers are available for those three stations. As the number of gears to produce is high and there are more stations than
workers, workers must cooperate and communicate to synchronize their work. The difﬁcult work conditions can affect the
communication between workers, which, in turn, can affect the relationship between workers. Finally, all reduction gears are
tested in the quality control station, which needs one worker.
Two simulations were made. In the ﬁrst simulation, the system is simulated without integrating workers’ behavior in the
simulation model. In the second, workers are integrated in the simulation model using our suggested behavior model.
5.2. Simulation platform
To show the feasibility of our model, we have looked for a simulation platform that allow for the simulation of HCS and
the integration of worker behavior in the simulation. Simulation software, such as ARENA [41] or Witness [40], are dedicated
to the simulation of physical and information ﬂow. They are dedicated to discrete-event simulation and are based on a process-oriented approach to model systems. Such software are not, however, appropriate for the simulation of HCS (particularly individuals) and not able to integrate its speciﬁcations.
Consequently, the ARENA software is used for the ﬁrst simulation in which workers are not considered. Only stations are
simulated as resources with pre-ﬁxed and unchanged processing time, which does not depend on the environment or the
nature of the task. In the second simulation, behavior is integrated in the simulation. However, as classical simulation software is not able to integrate behavior models, we developed our own simulation architecture and methodology using Java
programming language, Java Agent Development Environment (JADE; [52], and ARENA. ARENA is used to simulate stations,
and JADE platform is used to implement workers’ behavior. A total of 5 agents were developed to simulate the 5 workers of
the system, implementing the behavior model in which we have considered the following factors:
 External layers: Noise and heat in the workshop for environment perception and the difﬁculty of the task to describe the
task
 Internal layer: Fatigue and stress as psychological factors, friendship as a social factor, and physical state and experience for
individual characteristics

Fig. 7. The structure of the simulated system.
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 Performance: the processing time as performance measure.
In each agent, the dynamic fuzzy model is composed of 3 fuzzy systems (see Section 4.4.4) containing rules as:
 125 rules for the ﬁrst fuzzy system to evaluate the inﬂuence of extrinsic factors on intrinsic ones.
 107 rules for the second fuzzy system to evaluate the dynamics of the behavior.
 89 rules to evaluate the impact of intrinsic factors on performance.
Simulated agents do not integrate the same rules. We have changed some rules in order to simulate different behaviors.
Those Fuzzy systems are implemented in each agent with the FuzzyJess [27] rule engines. The behavior model determines
the processing time after defuzziﬁcation. The obtained value is, then, communicated to the ARENA simulation model via the
VBA block.
In the second simulation, the initial values of processing time of all stations have crisp values; the initial values of the
different factors of the model are summarized in Table 2. Both scenarios involved the simulation of 30 days with 8 h of work
per day. In the second simulation, the value of fatigue and stress are decreased at the beginning of each day (simulated by the
beginning of each replication). Finally, we simulated bad working conditions in machining workshop, which became worse
at the end of the month than in ﬁrst days by increasing the value of noise and heat attributes in the machining workshop.

6. Results and discussion
The results generated in the two simulation scenarios are reported in Figs. 8–11. For example, Fig. 8 illustrates the evolution of factors of the intrinsic layer (fatigue, stress, friendship, physical state, and experience) after the defuzziﬁcation of
agent 3. The results revealed no variation in the experience and physical state. This can be attributed to the fact that the
considered tasks are not very difﬁcult and do not need high physical capacity. Figs. 9 and 10 illustrate the variation of
the stress and fatigue of agents 1 and 2, particularly stress, which is noted to increased with the decrease of agents’ performance (expressed by the increase of their processing time, see Fig. 11). However, the increase of stress in agent 1 is accompanied with a more remarkable decrease in performance than with agent 2 since they do not integrate the same behavior
model (not the same rules).
Furthermore, Fig. 11 shows that the processing time of workers in the machining workshop where there is a difﬁcult
working conditions (noise and heat are considered in this example) increase rapidly compared to other workers in the
assembly workshop, particularly at the end of the month (from 20nd day to 30th day). This difference is due to the inﬂuence

Table 2
Initial values.
Agents

External layer
Noise

Agent 1
M
Agent 2
M
Agent 3
VL
Agent 4
VL
Agent 5
VL
VL: Very Low
L: Low
M: Medium

Internal layer

Performance

Heat

Task

Fatigue

Stress

Friendship

L
L
VL
VL
VL

VH
VH
M
M
L

M
L
M
L
L

M
H
L
H
M
L
L
M
H
H
H: High
VH: Very High

Physical state

Experience

Processing time (min)

L
H
M
M
M

M
M
H
M
H

10
10
6
6
3

Fig. 8. Physical state and experience for agent 3.
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Fig. 9. Stress and fatigue variation of agent 1.

Fig. 10. Stress and fatigue variation of agent 2.

Fig. 11. Processing time of agents 1 and 2 (in machining workshop).

Fig. 12. Processing time of agents 3 and 4 (in assembly workshop).
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Fig. 13. Processing time of agent 5 (quality control station).

of extrinsic factors associated to the environment and the nature of the task. Moreover, the performance of agent 1 (Fig. 11),
agent 3 (Fig. 12) and, particularly, agent 5 (Fig. 13) decrease more rapidly when compared to other agents since there are
more stressors than with the others (the Yerkes–Dodson law, see Section 4.1).
The choice of the agent behavior model is very important and may affect performance. As presented in Section 3, several
models have been developed in the literature, including BDI, which is one of the most commonly used behavior models for
agent-based system development [44]. The model is presented in a high abstraction level, which complicates its potential
computer implementation. In this section, we have detailed the implementation of our model. Unlike BDI, our proposed
model is modular, which makes it amenable to easy extension an open to the integration of other factors.
Furthermore, the suggested model integrates different types of behavioral elements, which can have important effects on
individual performance, in its intrinsic layer. The BDI model, however, integrates human elements (beliefs, desire and intension) whose direct observation is difﬁcult [43].
7. Conclusion
The present paper aimed to propose a new behavior model that can be integrated in simulation models to simulate HCS.
The model is based on psychological, social, and work psychological theories. It allows for the simulation of interactions
between intrinsic and extrinsic factors and individual performance. The paper reports on an example model implementation
that involved the simulation of a manufacturing system taken as a sample HCS. In fact, our model is amenable to extension
and the results obtained may, therefore, change if changes are introduced to the rule base. The results showed that there is a
close relation between behavior elements and individual performance. Moreover, the suggested model is based on an interagent communication and on a fuzzy inference system which are note time-consumer [19].
It is worth noting that the implemented fuzzy rules need further research to be validated. The present study is a ﬁrst
attempt to investigate the feasibility of developing a new behavior model for HCS simulation based on recent social and psychological theories. Additional studies are needed to further explorer and improve the model. The validation of the proposed
model requires more implementations tests using different types of HCS. The validation of the model also requires comparative analysis in which the obtained results are compared to real-world data. Implementations need also to be enriched by
deeper numerical analysis to assess the model architecture and its complexity. Furthermore, further validation studies need
to use dedicated simulation platforms and tools that allow for the implementation and testing of such behavior model. To
the authors’ knowledge, however, no simulation platforms that allow for the integration of individual behavior models are
currently available for HCS simulation.
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a b s t r a c t
In public transportation, the occurrence of unpredictable disturbances (e.g. accidents, delays, trafﬁc congestion, etc.) may affect the expected execution of preset organization and pre-established timetables of
transportation resources (buses, trains, metros, trams, etc.). Affected timetables may become useless, or
at least deviate from expected behavior and/or performance. Unfortunately, existing literature suffers
limitations with respect to the development of decision support approaches and tools that are able to
help decision makers in monitoring and controlling public transportation systems, particularly at the
occurrence of disturbances. Existing works are still limited with respect to dealing with several types
of disturbances, and suggesting reactive decisions at execution time in such a way to maintain the performance of pre-established timetables and provide users with high quality of services (in terms of punctuality, frequency of programmed shuttles, etc.). In this paper, we show that biological immunity can
provide useful principles and mechanisms that are pertinent for the management of disturbances in public transportation systems. We highlight these principles and mechanisms, associate them with application components and fully document them. To show their feasibility, we develop a prototype artiﬁcial
immune system able to assist decision makers in performing several disturbance management functions,
such as detection of disturbances, construction of reaction strategies, supervised learning and memory of
previous experiences with disturbances. Through experimental validation, we show that immune concepts and mechanisms can yield to the design and implementation of knowledge based decision support
tools that are able to deal with different kinds of disturbances, and to assist decision makers through the
disturbance management process.
Ó 2014 Elsevier B.V. All rights reserved.

1. Introduction
Nowadays, public transportation of passengers is becoming an
appealing economic solution to city life problems, like the requirements for mobility for an ever increasing population density,
motorization, urban growth, and concerns about environmental issues, such as air and noise pollution [36]. Governments and public
authorities are more and more investing in means and infrastructure for public transportation, such as roadways for buses, and railways for trains, metros and trams [53]. Investment also addresses
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multi modal transportation [42], which focuses on ﬁnding ways of
interconnecting and managing networks of different means of
transportation to insure an increased coverage of geographical
space.
Exploiting and managing a public transportation system create
a number of challenges for governments and local authorities. For
example, managers of public transportation systems struggle to
establish transportation timetables that satisfy passengers, who
expect high levels of quality of service, in terms of timely and regular shuttles. Scheduling a transportation system refers to several
activities, including crew time tabling, design of shuttle routes,
assignment of transportation resources to routes, and assignment
of visiting hours to stations [45,8]. Transportation timetables are
initially established taking into account information about forecasts of trafﬁc conditions, rush hours, demand for transportation,

S. Darmoul, S. Elkosantini / Knowledge-Based Systems 68 (2014) 58–76

etc. [3]. It is common practice to consider that an efﬁcient timetable is one that establishes an expected behavior so that the performance of the transportation system is optimized with regard to
one or several objectives. Several works use either exact [25,29]
or heuristic [10,11] methods to determine timetables that optimize
one or several objectives, such as minimizing total trip time or cost
[29], minimizing passenger waiting time at stop stations, minimizing passenger in-vehicle time [10,11], or minimizing passenger
transfer time from one route to another [23].
However, during the execution of pre-established timetables,
disturbances may appear that can make these timetables deviate
from their expected course, causing them either to be delayed or
to become obsolete [39]. When they occur, such disturbances like
accidents, trafﬁc congestion, absence of personnel, and bad weather conditions, degrade the expected performance of the transportation system, decrease its expected quality of service, yield to
passenger dissatisfaction, and may cause the appearance of congestion at stations or on transportation pathways. Consequently,
decision makers have to monitor the execution of pre-established
timetables, and to make reaction decisions in order to bridge the
gap between pre-established timetables and really executed ones.
Disturbance management is a complex engineering task. Decision
makers have to analyze complex ﬂows of information (with respect
to information sources, size, frequency, and processing requirements) concerning the state of the transportation system in order
to detect any disturbances and assess their severity. Also, very often, decision makers have to rely only on their own experience,
expertise and knowledge to select critical information and make
control decisions taking into account requirements of quality of
service and operational constraints [3]. These different tasks show
the management complexity of transportation systems, especially
if multiple disturbances appear and need to be managed
simultaneously.
As it will be discussed in the next section (dedicated to the literature review), existing transportation management and control
systems offer limited capabilities to deal with disturbances in a
public transportation system. Despite the existence of several studies that are concerned with the development of decision support
systems (DSSs) to control public transportation systems, Davidsson
et al. [19] pointed out that, at least until year 2005, 64% of the
existing research focuses mainly on design issues and architectural
aspects. Only a few approaches explicitly address the disturbance
management issue, and they are still limited with regard to genericity (ability to take into account different kinds of disturbances),
integration (ability to insure both detection, identiﬁcation of consequences, reaction and evaluation of residual consequences of disturbances), and computerization (ability to suggest computer
based decision support systems). Balbo and Pinson [3] emphasize
that, despite the wide use of Operations Research (OR) models
and Interactive Decision Support frameworks in modeling decision-making processes, the details of the decision-making process
itself are often hidden or not fully described. Consequently, more
effort has to be spent on developing decision support tools that
are able to assist decision makers in monitoring and controlling
the execution of pre-established timetables of public transportation systems. Such tools should be particularly able to take into account different kinds of disturbances, and to help decision makers
in ﬁnding suitable control decisions that allow reacting to disturbances and maintaining acceptable levels of performance and quality of service.
In this work, we are investigating the potential of biological
immunity to provide an approach and to guide both the design
and development of decision support tools that are particularly able
to handle disturbances in public transportation systems. The biological immune system relies on a reduced set of concepts, principles
and mechanisms that, despite their limited number, are yet able to
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protect the host organism efﬁciently against a great variety of disease causing elements threatening its normal functioning. Although
several artiﬁcial immune system applications exist, to the best of our
knowledge, we are not aware of any applications to public transportation systems. Therefore, we draw analogies, and we highlight useful biological immune concepts, principles and mechanisms
pertinent for the design of decision support systems that are able
to help in monitoring and controlling a public transportation system, especially at the occurrence of disturbances.
To show the feasibility and effectiveness of our suggestions, we
develop a prototype implementation of a knowledge based decision support system. This prototype relies on previously identiﬁed
immune concepts and mechanisms to detect the occurrences of
disturbances and to suggest control strategies that maintain
acceptable performance of pre-established transportation timetables. We illustrate our approach and evaluate our decision support
tools considering a particular public transportation system, i.e. a
network of buses. Although our suggestions can easily be extended
to other transportation means, we are considering a uni-modal
public transportation system of buses, which is a set of vehicles
(buses) that move between different stations along predeﬁned
routes to serve a set of passengers. We do not consider trains, metros, tramways, and other transportation means. Also, interconnection between different means of transportation (i.e. multi modal
transportation) is out of the scope of this work. We are interested
neither in designing routes, nor in establishing initial timetables
for buses. Instead, we are interested in monitoring and controlling
the execution of pre-established timetables along routes that were
already deﬁned in order to detect disturbances and to ﬁnd, in a
reactive manner, control decisions that allow maintaining, as much
as possible, expected performance and quality of service.
In this respect, this paper is organized as follows: Section 2 reviews existing transportation control systems and discusses their
limitations with regard to disturbance management. Section 3
introduces the main features of the biological immune system
and describes some of their applications, known as artiﬁcial immune systems. Section 4 introduces our approach to deal with disturbances of a transportation system based on immune principles
and mechanisms. Section 5 presents a prototype implementation
of an artiﬁcial immune decision support system (DSS). The simulation results of this approach are presented in Section 6. Section 7
discusses some key features of our suggestions. Finally, a conclusion and future research perspectives are presented.
2. A review of existing transportation control systems (TCSs)
To manage a network of public transportation means (buses,
trains, metros, tramways, etc.), many studies proposed several
methods to generate efﬁcient timetables that schedule the vehicles
of the transportation system [8,10,11,25,29,45]. Timetables represent inputs to transportation control systems (TCSs), which are
software tools that are concerned with monitoring and controlling
the execution of pre-established transportation timetables [7]. In
the following sections, the scientiﬁc literature is reviewed with regard to several aspects of TCSs, including architectures and enabling technologies, disturbance management capabilities, and
control strategies. Then a critical analysis is conducted and our
problem statement is given.
2.1. Architectures and enabling technologies
Several studies were proposed to design architectures of TCSs
[3]. These architectures integrate the decision maker in the decision loop, and rely on several information and communication
technologies to perform their tasks, including Geographic Information Systems (GISs), Global Positioning Systems (GPSs), Automatic
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Passenger Counters (APCs), and Automatic Vehicle Monitoring Systems (AVMSs).
Geographic Information Systems (GISs) are used to capture,
store, manipulate, analyze, manage, and present all types of geographical data related for example to vehicle route design [54].
Global Positioning Systems (GPSs) are the most popular systems
for vehicle location and tracking [35]. They are space-based satellite navigation systems that provide location and time information
in all weather conditions, anywhere on Earth, where there is an
unobstructed line of sight to four or more GPS satellites [63]. In
transportation systems, the combined use of GISs with GPSs allows
instant mapping and follow up of the progress of vehicles on their
routes, and localization of disturbances on the transportation
system.
Automatic Passenger Counters (APCs) are systems that count
on-board passengers and those waiting for vehicles at stop stations. Information provided by APCs include transit origin–destination data, and can be used to calculate average vehicle travel
speeds and dwell times [48].
Automatic Vehicle Monitoring Systems (AVMSs) provide real
time information regarding the exploitation of a transportation
system [26,3]. AVMS use GPS and GIS technologies to locate vehicles. APC technologies are used to collect data about the number of
passengers at stations or within vehicles. Sensors are used to collect or estimate other data, such as updated states of timetable
execution, delays, and vehicles in advance. Thus, AVMS give a global overview of a transportation system and insure a rapid access
to the available information, especially at the occurrence of disturbances. Usually, an AVMS is combined with a decision support system (DSS) to help decision makers in controlling the performance
of a public transportation system [27]. Balbo and Pinson [3] discuss
several architectures to integrate decision makers in the loop and
to let them interact with the designed TCS based on two main
types of cooperation that differ according to the distribution of
control.
More generally, TCSs are part of Intelligent Transportation Systems (ITSs), which are systems in which information and communication technologies are applied in the ﬁeld of road transport
(including infrastructure, vehicles and users), and in trafﬁc management and mobility management, as well as for interfaces with
other modes of transport (cf. the European Union (EU) Directive
2010/40/EU on the framework for the deployment of Intelligent
Transport Systems). It is important to emphasize that TCSs rely
on above mentioned technologies (GIS, GPS, APC, AVMS and DSS)
to achieve the management of a public transportation system. As
it will be discussed in more detail in Section 4, these technologies
provide input data to the decision making processes involved in
our suggested TCS architecture.

2.2. Disturbance management capabilities
Disturbances are events or situations that may occur on a transportation system and challenge the ‘‘good’’ execution (with respect
to expected behavior and/or performance) of the pre-established
timetables, causing them either to be delayed or to become obsolete [39]. Several causes may result in such disturbances, including
either unexpected events – such as accidents, vehicle failures, or
absence of personnel – or deviations to expected behavior and performance, due to trafﬁc congestion in situations such as rush hours,
bad weather conditions, or major events (e.g. sport competitions,
shows, conferences, etc.). In the following, we examine existing
works related to disturbances with respect to modeling and representation of disturbances, and in the light of functions related to
disturbance management, i.e. detection of disturbances, identiﬁcation of consequences, and reaction capabilities.

In the scientiﬁc literature, disturbances of transportation systems were addressed by only a few researchers. Ezzedine et al.
[27] suggest a simulation based approach that considers some
kinds of disturbances related to vehicle delays, early arrivals, and
unscheduled stops. ‘‘Network perturbations’’ are introduced to describe the inability to access subsets of a transportation system
(unavailability of some stations on the vehicle routes). Daganzo
[13] considers only some particular types of disturbances, including heavy trafﬁc or bad weather conditions. The author suggests
a mathematical model in which these disturbances are taken into
account as a random noise. This mathematical model is used to
avoid congestion of buses due to cumulative delays. Unfortunately,
the model by Daganzo [13] suffers limitations with regard to genericity, because not all kinds of disturbances in a transportation system can be modeled as random noise. Also, both systems proposed
by Ezzedine et al. [27] and Daganzo [13] are unable to achieve
detection of disturbances. These are instead either generated by a
decision maker like in [27], or taken into account by default by system design like in the mathematical model by Daganzo [13].
Balbo and Pinson [2] suggest a ‘‘disturbance model’’ that detects
disturbances based on delays of vehicles. Advances of vehicles are
not considered. Two indicators are suggested to evaluate the seriousness of a delay and to determine its consequences on the activity of the network. These delays are reported to decision makers as
disturbances only if they have severe consequences on the transportation system. In [3], the disturbance model is integrated within
an agent-based regulation support system to monitor a network of
buses. The system detects serious delays of vehicles and activates a
suitable regulation strategy among a set of predeﬁned regulation
strategies. The selection of a suitable regulation strategy is based
on the calculation of a feasibility measure, which is deﬁned with
respect to constraints that must be satisﬁed by buses. The authors
describe only one example of regulation strategies, namely the
‘‘Alighting only’’ strategy (cf. Section 2.3). The authors do not give
details about other regulation strategies in their paper. Moreover,
the system does not consider the integration of decision makers
in the decision loop. In fact, decision makers cannot interact with
the system in each step of the regulation process. For example,
decision makers can neither assess the seriousness of a delay, nor
adjust a suggested regulation strategy.
It is worth noting that in all preceding systems, no classiﬁcation
of disturbances is achieved despite the fact that different disturbance types require different control strategies. Very often, no explicit representation of disturbances is described. Instead, in the
relatively few works that consider disturbances, these are taken
into account only by modeling them as delays and earliness of
buses with respect to pre-scheduled times. Additional knowledge
about disturbances is often not considered – such as causes, symptoms, or context of disturbances (cf. Section 4.3) – which introduces limitations of genericity and reduces decision making
opportunities. Also, combinations of different types of disturbances
(e.g. simultaneous occurrence of delays of some vehicles combined
with early arrivals of some other vehicles) are often not handled.
2.3. Control strategies
The main purpose of TCSs is to determine control decisions (also
called regulation decisions) that eliminate or at least reduce impacts of disturbances on the transportation system [5,51,60].
Therefore, a control (or regulation) strategy is a set of control decisions that aim to react to disturbances or deviations from expected
behavior and/or performance [51]. Several regulation strategies
were suggested, including holding strategies [13,25,28] and stop
skipping strategies [29,52].
Holding strategies rely on control decisions, which are intended
to delay those vehicles that are ahead of their planned timetable
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(early vehicles) or too close to preceding vehicles. Such strategies
include decisions to stop some vehicles at designed stations to
make them spend some extra waiting time, or to decrease vehicle
travel speed between stop stations, so that earliness is absorbed.
Daganzo [13], Eberlein et al. [25], Fu and Yang [28], and Xuan
et al. [59] are among the authors who suggested dynamic holding
strategies to reduce the amount of slack time in the timetable.
Stop skipping strategies involve control decisions intended to
eliminate the delays that may appear in the timetable. Such strategies include decisions to eliminate parts of a trip by skipping one
or more low-demand stops (also called deadheading, [60], or
ensuring only the stops of descent for on-board passengers (also
known as ‘‘Alighting only’’ strategy, [3], or injecting new vehicles
in the network, or else increasing vehicle travel speed between
stop stations. [29] and Sun and Hickman [52] suggest such
strategies, with the objective of minimizing the total waiting time,
considering the extra waiting time of passengers whose stations
have been skipped.
Some studies suggested hybrid regulation strategies [11,24,41].
Lin et al. [41] established that tight control decisions increase passenger travel times and therefore should be avoided. Eberlein et al.
[24] discussed several real-time regulation strategies, such as
deadheading, holding, and their combination. They found that
combined strategies are more efﬁcient than any single strategy.
Several DSS developed in the ﬁeld of transportation regulation
are based on artiﬁcial intelligence methods [26,6,3]. Boudali et al.
[6] developed a multi-agent based regulation support system to
evaluate a set of possible regulation strategies for a detected disturbance. The proposed system does not detect disturbances,
which are instead supposed to be an input from another system.
No further description is given about the representation or coding
of disturbances. Also, the proposed system does not deal with the
construction of regulation strategies. Instead, the system evaluates
prebuilt strategies (i.e. strategies that are already incorporated
within the system) to select the strategy that offers the best compromise solution to react to a disturbance. Authors consider the
strategy selection problem as a multi-criteria optimization problem that optimizes several regulation criteria, including regularity,
punctuality, and quality of service (among other criteria). The best
compromise is computed by means of the three concepts: Pareto
optimality, a-efﬁciency and plurality voting.
Ezzedine et al. [26] design a multi agent based Trafﬁc Management System (TMS) that integrates an AVMS, a DSS and a Traveler
Information System (TIS). The approach proposes three methods to
the decision maker to help him/her design a regulation strategy:
manual, semi-automatic and automatic methods. In the manual
method, the system allows the decision maker to build his/her
own regulation strategy by using predeﬁned mathematical algorithms representing control decisions. In the semi-automatic
method, a Case Based Reasoning (CBR) approach is used to build
a regulation strategy based on previous experiences stored in a
database. This database is enriched with the activities resulting
from manual regulation or those generated automatically by the
system. Finally, the automatic method is used if no solution is
found using the CBR. The automatic method relies on an expert
system that exploits the expertise of the decision maker. The
authors do not detail how the regulation process can build a strategy using these three types of methods. Moreover, the set of considered strategies are also not detailed in the paper.
2.4. Critical analysis and problem statement
The literature review reveals that several architectures were
suggested to design transportation control systems that support
the decision making processes during the control of transportation
systems. Indeed, these works allow integrating decision makers in
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the decision loop with regard to several transportation control
problems. However, if the relative number of publications is considered, only a small proportion of works focus on the issue of disturbance management during transportation control. In this ﬁeld,
more research and development efforts need to be spent on several
aspects, including dealing with detection of occurrences and classiﬁcation of several different types of disturbances, modeling and
representation of disturbances, determination of control decisions,
suggestion of reaction/regulation strategies, and evaluation of
residual effects. There is still a lack of generic approaches, able to
deal (simultaneously) with a variety of disturbance types and
causes, while at the same time not requiring great customization
each time a new disturbance type or cause is considered. There is
also still a lack of integrated approaches, able to address simultaneously detection of disturbances, identiﬁcation of their consequences, reaction and evaluation of residual effects. Not much
work seems to be done in order to use more than one type of control decisions within hybrid control strategies. To the best of our
knowledge, no work exists that suggests ways to capture knowledge involved during the management of disturbances in a transportation system. Capturing such knowledge would allow reusing
it, for example by retrieving stored control strategies and adapting
them to new occurrences of similar disturbances that were managed in the past.
Our purpose in this work is to show that biological immunity
can contribute with solutions to address some of these limitations.
Indeed, biological immunity can provide concepts, principles and
mechanisms, which are useful to design approaches, and to develop decision support tools that are particularly able to handle disturbances more generically than existing tools and approaches.
We will highlight these biological immune concepts, principles
and mechanisms. Then, in order to show their feasibility, we will
use them to design an approach, and to develop a preliminary
implementation of a decision support tool that assists decision
makers during the management of disturbances of a public transportation system. Our design and suggestions put a particular focus on knowledge management capabilities stemming from
biological immunity.
We illustrate our approach and evaluate our decision support
tools considering a particular public transportation system, i.e. a
network of buses, which is a set of vehicles (buses) that move between different stations along predeﬁned routes to serve a set of
passengers. We are interested in monitoring and controlling the
execution of pre-established timetables along routes that were already deﬁned in order to detect disturbances and to ﬁnd, in a reactive manner, control decisions that allow maintaining, as much as
possible, expected performance and quality of service. We assess
the performance of our decision support tools with regard to their
ability to minimize the difference (deviation) between pre-established timetables, and really executed ones. This difference is assessed by measures including total earliness and delays with
regard to predeﬁned timetables.

3. Biological and artiﬁcial immune systems
It is assumed that the purpose of a biological immune system is
to protect its host organism from toxic substances, and to do so in a
way that minimizes harm to the body and ensures its continued
functioning [33]. From an artiﬁcial intelligence point of view, biological immunity has many interesting features. The biological immune system is an intrinsically distributed system, with no central
command organ (distribution feature). It accomplishes detection,
identiﬁcation, reaction and evaluation functions (integration feature) to defend the body against a great variety of threats based
on a limited number of concepts and mechanisms (genericity
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feature). It is able to memorize disease causing elements (learning
feature), and to reuse this knowledge during future encounters
with similar or identical substances (adaptation feature). These
features are achieved based on several immune mechanisms,
which involve detection of harmful elements, stimulation of immune cells, self tolerance, coordination, adaptation, optimization
and memorization of responses.

3.1. Detection of harmful elements
The biological immune system (BIS) has to distinguish what belongs to the body, the Self, from what is foreign to the body, the
Non-Self. Therefore, the BIS relies on the Self/Non-Self discrimination
principle, which involves a key and lock like mechanism. Immune
cells have receptors at their surface that can detect disease causing
elements, called pathogens. Detection is achieved when immune
cell receptors recognize Epitopes, which are sets of characterizing
features present at the surface of pathogens. Each single characterizing feature is a speciﬁc marker of a pathogen and is called antigen
(cf. Fig. 1). Each class of pathogens has its own characterizing set of
antigens [33].

3.2. Stimulation of immune cells
Biological B-cells are immune cells able to secrete substances
named antibodies, which block antigens and facilitate their
elimination. The BIS relies on an afﬁnity mechanism to favor those
B-cells that best match the pathogen, its antigens, and also the
damaged cells. B-cells that match antigens get stimulated to
capture them. Matching is reached if B-cell surface receptors have
high structural afﬁnity with antigens (cf. Fig. 1).

3.3. Coordination of responses
When multiple B-cells are stimulated, the BIS has to coordinate
their activation and their involvement in the immune response in
such a way that prevents anarchy and waste of resources.
Particular immune cells, called Th-cells, are in charge of the arbitration between stimulated B-cells, and the coordination of their
activation. Th-cells are able to select and activate B-cells based
on their afﬁnity with antigens, and their tolerance to the body cells.
When a B-cell detects an antigen, it presents fragments of this antigen to a Th-cell (antigenic presentation). If the Th-cell checks that
the detection carried out by the B-cell is correct (not auto reactive,
cf. Section 3.5), it sends a co-stimulation signal to the B-cell. This
signal conﬁrms the activation of the B-cell.

Immune cell

Antigen
Pathogens

3.4. Adaptation and optimization of responses
Upon activation, a B-cell proliferates through cell cloning while
undergoing a form of high rate mutation termed somatic hypermutation. This process increases the probability to obtain better
B-cell receptor structures with higher afﬁnity to antigen. The
new B-cell clones have the opportunity to bind to antigens. If they
do not bind they will die after a short time. If they succeed in binding, and if they are activated by Th-cells (co-stimulation), they will
differentiate into plasma or memory B-cells. Plasma B-cells secrete
a soluble form of their receptors, called antibodies, which can block
and eliminate pathogens.
3.5. Self tolerance
The somatic hyper-mutation process uses random changes to
generate immune cell receptors. Consequently, there is a risk that
randomly generated receptors bind to self and make the immune
system attack the body (autoimmunity). To avoid autoimmunity,
Th-cells are exposed since their early life to most self epitopes,
which are expressed in the thymus (an organ located behind the
breast-bone). If a Th-cell binds self, it will be censored (i.e., it dies
by programmed cell death) in a process called Negative Selection.
Th-cells that leave the thymus will be tolerant to most self epitopes. Thanks to co-stimulation (cf. Section 3.3), Th-cells eliminate
B-cells that are auto reactive (can attack the body).
3.6. Immune memory
Many theories were proposed to explain the immune memory
[49,31,43,21,20,18]. Nevertheless, two theories prevail. According
to one of the theories, the adapted memory cells are long-lived,
surviving for up to the lifetime of the organism [43]. The other theory postulates that the adapted B-cells are constantly re stimulated
by traces of antigens that are retained in the body for years [31].
Memory cells are re-activated upon detection of pathogens, which
are structurally similar or identical to those that led to their
creation.
3.7. Artiﬁcial immune systems
The immune concepts and mechanisms presented so far have
inspired the development of Artiﬁcial Immune Systems (AISs) as
computational intelligence techniques designed to solve complex
engineering and real world problems [21,55,1,18]. Applications exist in a wide range of domains, including, intelligent agent implementation [37], computer security and intrusion detection [57],
fault detection and diagnosis [12], pattern recognition [62], classiﬁcation and clustering [9], robust control [32], optimization [30],
robotics [47], machine learning [34,44], planning and scheduling
[16], data mining [21,38] and many other engineering problems
[17,18]. Recently, biological immunity inspired the design of an
artiﬁcial immune system framework to handle disruptions in manufacturing systems [15,14]. However, to the best of our knowledge,
AIS have not yet been applied in the transportation engineering
ﬁeld, especially in the regulation of public transportation systems.
The different concepts that we have introduced in this section will
be used to design our approach.
4. An immune based decision support system architecture

Fig. 1. Detection of harmful elements by immune cells [33].

The literature review conducted so far reveals that existing
transportation control systems suffer limitations with respect to
several functions related to disturbance management. Such limitations include their restricted ability to take into account different
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types of disturbances, and to suggest appropriate reaction strategies in a way that should be generic enough so that no, or at least
little, customization is required when a new type of disturbance is
considered. The biological immunity can provide pertinent analogies to address such limitations. In this section, we are concerned
with identifying important immune concepts and mechanisms
useful when facing disturbances in the context of the control of a
public transportation system.
The suggested immune concepts and mechanisms are intended
to ﬁt within a decision support system, which interacts with decision makers and Automatic Vehicle Monitoring Systems to control
a public transportation system as illustrated in Fig. 2. The case of a
network of buses is considered for illustration purposes, but the
concepts and mechanisms presented in this work are not speciﬁc
to this kind of transportation means only (our suggestions remain
valid for other uni-modal transportation means, and could be extended to multi modal transportation).
Inputs to the suggested artiﬁcial immune DSS include preestablished timetables, and objectives of performance and quality
of service (QoS) for the transportation system. Initial timetables
can be obtained from systems or algorithms, such as the heuristic
by Ceder et al. [7]. These timetables ﬁx visiting times at stations,
and expected objectives of performance for the transportation system, such as maximum expected duration of trips. Objectives of
quality of service (QoS) include thresholds, such as maximum lateness or earliness allowed at stations and for trips. The suggested
DSS is connected to intelligent transportation system components,
such as Automatic Vehicle Monitoring System (AVMS), which provides the DSS with real time execution data and performance of the
controlled transportation system. Expected performance and real
time execution data and performance stimulate the suggested
DSS to detect disturbances, identify their types, ﬁnd control decisions, and suggest reaction strategies. A decision maker is involved
in the decision loop. He has an upper hand on all decisions suggested by the DSS. He validates or invalidates such suggestions,
and he feeds the DSS with the necessary knowledge required
through the several steps of the disturbance management process.

Modifications

In the following subsections, we identify the immune concepts
and mechanisms that represent the foundation of our approach,
and we describe their corresponding computer based
implementation.
4.1. Synthesis of an analogy
With respect to our problem statement in Section 2.4, the overview of the main biological features introduced in Section 3 is useful to design an analogy between the biological immunity and the
control of transportation systems. Considering that biological
immunity is the system in charge of protecting a host organism
from elements disturbing its normal functioning, an artiﬁcial immune decision support system (DSS) will be in charge of providing
a public transportation system with some kind of ‘‘protection’’
against disturbances affecting its expected behavior, performance,
and/or quality of service. Protection here refers to the ability of
detecting disturbances, identifying their types, and suggesting, in
a reactive manner, control decisions and strategies that allow
maintaining, as much as possible, expected behavior, performance,
and/or quality of service. Biological self will refer to objectives of
performance and quality of service that we would like the artiﬁcial
immune DSS to maintain (as much as possible) at ‘‘acceptable’’
levels.
Consequently, a pathogen corresponds to a disturbance, and an
antigen corresponds to a characterizing feature of a disturbance,
such as a quantitative symptom of occurrence (e.g. a measure of
some sensor or a calculated value of some indicator, cf. Section 4.3).
We suggest grouping antigens into epitopes to have sets of characterizing features of disturbances, related to their symptoms, causes
and context (cf. Section 4.2 for more details and explanations).
Biological B-cells correspond to control strategies. Just as biological
B-cells release antibodies to neutralize antigens, control strategies
suggest control decisions to react to disturbances. Table 1 synthesizes this analogy of concepts.
The concepts described in Table 1 rely on mechanisms so that
they are able to provide decision makers with some decision

Suggestions

Decision maker
Knowledge Based
Transportation Control System

Objectives of
performance and
quality of services
(QoS)

Artificial imune
decision support
system

Pre established
timetables

Execution
data

Reaction
strategies

Automatic Vehicle
Monitoring System
(AVMS)

Public transport
network

Real time status of
the transport network

Fig. 2. Position of the suggested immune based DSS within a transportation control system architecture.
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Table 1
Analogy of concepts.

Table 3
Example of ‘‘normal’’ or ‘‘acceptable’’ functioning conditions.

Biology

Analogy

Host organism
Biological immune
system
Cells

Public transportation system
Artiﬁcial immune decision support system (DSS)

Self
Pathogen
Epitope
Antigen
B-cell
Antibody
Th-cell

Vehicles and stop stations of the transportation
system
Objectives of performance and quality of service
Disturbance
Set of characterizing features of a disturbance
Speciﬁc feature of a disturbance
Control strategy
Control decision
Reaction strategy

support to react to disturbances. In this respect, Table 2 synthesizes an analogy of the main mechanisms that backbone the suggested decision support system. The following subsections will
give further details about the implementation of these
mechanisms.
4.2. Representation of objectives of performance and quality of service
In the suggested analogy, biological Self corresponds to objectives of performance and quality of service that the artiﬁcial immune DSS should maintain, as much as possible, at acceptable
levels. We suggest capturing these objectives of performance and
quality of service in a knowledge base (referred to as ‘‘detection
base’’), that we implement as an ontology [56]. This knowledge
base will contain all objectives of performance and quality of service, which deﬁne what decision makers will agree to consider as
‘‘normal’’ or ‘‘acceptable’’ functioning conditions of the transportation system. As it will be developed in more detail in Section 5.1,
information about ‘‘normal’’ or ‘‘acceptable’’ functioning conditions
will help in detecting occurrences of disturbances.
An ontology knowledge base is made of classes, individuals
(members of classes), and attributes that describe individuals
[56]. In our case, classes correspond to categories of objectives.
An individual corresponds to an instance of an objective. Attributes
give the range or interval of acceptance of an objective (tolerance,
i.e. lower and upper limits of acceptance).
Table 3 introduces an excerpt of the structure of the suggested
knowledge base. Let us consider 2 main categories of objectives of
quality of service, namely quality of service at stations, and quality
of service of trips. For example, for the ﬁrst objective, we create an
ontology class named ‘‘QoS at station’’. This class is specialized into
2 subclasses, namely ‘‘earliness at a station’’ and ‘‘delay at a station’’. Attributes of individuals of these 2 classes will specify the
range of the maximum earliness and the maximum delay acceptable at any given station. In the example of Table 3, tolerance of
earliness and delay at any station is set between 0 and 5 min.
The same logic is applicable for the second objective, named
‘‘QoS of trip’’.

Class

Subclasses

Attributes
LowerLimit

UpperLimit

Unit

StationEarliness
StationDelay

0
0

5
5

Min
Min

TripEarliness
TripDelay

0
0

15
15

Min
Min

QoS at station

QoS of trip

4.3. Representation of disturbances
As it has been introduced in Section 4.1, disturbances correspond to pathogens. For each disturbed vehicle, we introduce a disturbance vector as a pathogen, described by sets of characterizing
features, referred to as epitopes. Eq. (1) describes a pathogen (Pg)
as a set of epitopes.

Pg ¼ hhEpitope 1i; hEpitope 2i; hEpitope 3i; . . . ; hEpitope nii

ð1Þ

For the needs of this exploratory paper, we suggest 4 epitopes
as shown in Eq. (2), namely Vehicle reference (Epitope 1), Symptoms (Epitope 2), Cause (Epitope3), and Context (Epitope 4) of a
disturbance. Nevertheless, as it will be discussed in Section 7, our
work can be extended to include more detailed and/or exhaustive
descriptions of disturbances as other epitopes.

Pg ¼ hhReferencesi; hSymptomsi; hCausesi; hContextii

ð2Þ

References (Epitope 1) refer to some attributes that allow
acquiring data about a speciﬁc vehicle (e.g. A plate number or an
IP address if vehicles are equipped with some information and
communication technologies, such as GPS) and route (i.e. Itinerary
of a vehicle, e.g. Route number). Symptoms (Epitope 2) refer to
attributes describing the manifestation of a disturbance, such as
deviations, either in the timetable of a vehicle, or in objectives of
performance and quality of service. Cause of disturbance (Epitope
3) refers to attributes describing elements of data explaining the
occurrence of a disturbance. Context of disturbance (Epitope 4) refers to attributes describing elements of data giving more details
about the circumstances of occurrence of a disturbance. More details about the structure of epitopes symptoms, cause and context
will be given in the next subsections.
4.3.1. Symptoms of disturbances
We need to consider symptoms of disturbances because
symptoms are the visible effects of disturbances that show their
occurrence and allow their detection. For the needs of this exploratory paper, we consider 4 symptoms of disturbances, but other or
more symptoms can be easily integrated in the model. Symptoms
of disturbances are modeled by Epitope 2, which is a vector of 4
antigens (cf. Eq. (3)). Each antigen is a real number attribute that

Table 2
Analogy of mechanisms.
Biology

Analogy

Self/Non-self discrimination
First immune response
Immune memory
Second immune response
Negative selection
Clonal selection
Hyper mutation
Afﬁnity

Rule based detection mechanism
Reaction mechanism based on construction of new control strategies
Mechanism that allows to store newly constructed control strategies for further reuse at future occurrence of similar disturbances
Reaction mechanism based on reusing stored control strategies
Rule based rejection mechanism that deﬁnes conditions of non-acceptance of newly constructed control strategies
Reaction strategy construction algorithm
Activation of control decisions within control strategies
Measure of adequacy between reaction/control strategy and disturbance
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corresponds to a metric measuring an indicator calculated based
on data captured from an AVMS:

Epitope 2 ¼ hAg21 ¼ ðSti ; StEi Þ; Ag22 ¼ TrE; Ag23
¼ fðSt j ; StDj Þg; Ag24 ¼ TrDi

ð3Þ

where {(Sti, StEi)} is a set that details the amount of earliness StEi at
each stop station Sti subject to earliness, TrE is a cumulated earliness of a trip, {(Stj, StDj)} is a set that details the amount of delay StDj
at each stop station Stj subject to a delay, TrD is a cumulated delay
of a trip.
4.3.2. Causes of disturbances
We need to consider causes of disturbances because they
inﬂuence the control decisions and reaction strategies that could
be taken to react to these disturbances. We suggest classifying
disturbances with respect to their causes. For the needs of this
exploratory paper, we consider 6 causes of disturbances, but
other or more causes can be easily integrated in the model.
Causes of disturbances are modeled by Epitope 3, which is a vector of 6 antigens (cf. Eq. (4)). Each antigen is a Boolean attribute
that corresponds to a possible cause of a disturbance. If a cause
explains a disturbance, it is assigned the value 1; otherwise it is
assigned the value 0.

Epitope 3 ¼ hAg31 ¼ Acc;Ag32 ¼ TP;Ag33 ¼ TG;Ag34
¼ BW;Ag35 ¼ UP;Ag36 ¼ DNi

ð4Þ

 Accidents (Acc). These are sudden events that occur on the path
of a vehicle during the execution of its route. An accident is a
disturbance in which a vehicle collides with another vehicle,
pedestrian, animal, road debris, or other stationary obstruction,
such as a tree or utility pole. Trafﬁc collisions may result in
injury, death, vehicle damage and/or property damage.
 Technical problems (TP). These are sudden events which occurrence puts a vehicle out of service, such as unexpected failures
or breakdowns.
 Trafﬁc congestion (TG), which is a condition on road networks
that occurs as use increases, and is characterized by slower
speeds, longer trip times, and increased vehicular queuing. Congestion results in unexpected delays.
 Bad weather (BW). Bad weather conditions like rain, fog, wind
or snow may result in vehicle delays.
 Upstream (UP)/downstream (DN) problems. These kinds of
problems represent the propagation of consequences of disturbances on other vehicles of the transportation system.
This model makes it easy to represent the simultaneous occurrence of several disturbances of different types.
4.3.3. Context of disturbances
In addition to the causes of disturbances, the context of disturbances adds complementary information that inﬂuences the
downstream choice of control decisions and reaction strategies.
Epitope 4 describes the context of a disturbance (cf. Eq. (5)). For
the needs of this exploratory paper, we represent Epitope 4 as a
vector of 4 antigens, but the model can easily integrate other or
more antigens. Each antigen is an attribute that gives more information about the circumstances surrounding the occurrence of a
disturbance (such as a measure of some sensor or a calculated value of some indicator). This information is provided by an Automatic Vehicle Monitoring System, and inﬂuences the selection of
suitable reaction decisions:

Epitope 4 ¼ hAg41 ¼ P;Ag42 ¼ Chdb ; Ag43 ¼ Chfb ; Ag44 ¼ Ri

ð5Þ
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where P is the period of the day in which the disturbance occurred
(0 = rush hour; 1 = off-peak hour), Chdb is the load of a disturbed
vehicle (e.g. number of passengers on-board the bus, number of
passengers waiting at stop stations), Chfb is the load of the vehicle
that is following a disturbed vehicle, R is the availability of a
replacement vehicle (0 = no vehicle available; 1 = at least one vehicle is available to replace the current vehicle).
4.4. Representation of control strategies
A control strategy is an aggregation of one or more control decisions aimed at reacting to the occurrence of a disturbance. Each
disturbed vehicle has a set of associated possible control strategies.
According to the suggested analogy, control strategies correspond
to B-cells. We suggest representing a control strategy (B-cell) as
an object made of 3 parts, namely receptors, antibodies, and paratopes, as illustrated in Fig. 3.
The receptors part corresponds to a precondition of activation
of a B-cell, and has the same structure as a pathogen. A control
strategy will be activated and involved in the reaction to a disturbance if there is an afﬁnity between the receptors part and the
pathogen. We implement afﬁnity as a measure of similarity between the receptors part and the pathogen (cf. Section 5.6).
The antibodies part deﬁnes a set of control decisions that could
be activated and used to react to a disturbance. For the needs of
this exploratory work, we consider 7 possible control decisions,
but other or more choices can be easily integrated into the model.
 Half-turn on line (HTOL): eliminate a part of the trip. The vehicle will continue at the opposite direction.
 Skip stations (SS): speed up a vehicle by skipping one or more
stations.
 Hold at a station (HS): make a vehicle stop and spend some
extra waiting time at a given station.
 Direct online (DOL): make a vehicle continue its trip ensuring
only the stops of descent for on-board passengers.
 Insert new vehicle (IV): introduce a new vehicle on a given
route to increase the number of vehicles performing trips on
that route.
 Change vehicle (CV): replace an unavailable vehicle (either broken or has an accident).
 Speed up schedule (SUS): hurry up a vehicle so that it begins its
route earlier than scheduled.
The paratopes part is a set of Boolean decision variables associated to control decisions to deﬁne their implication in the control
strategy. If a control decision is used to react to the disturbance deﬁned in the receptors part, its associated decision variable is assigned the value 1; otherwise it is assigned the value 0. A control
strategy is then given by the set of control decisions which decision
variables are set to 1.

Fig. 3. Representation of a B-cell.
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5.1. Detection of disturbances

Fig. 4. Representation of a Th-cell.

4.5. Representation of reaction strategies
When more than one vehicle is disturbed or affected by consequences of a disturbance, each disturbed vehicle will have its own
set of possible control strategies (B-cells) available. Some coordination to ﬁx a control strategy for each disturbed vehicle is then required to insure coherence and efﬁciency of the overall reaction
to a disturbance. According to the suggested analogy, reaction
strategies correspond to Th-cells. A Th-cell is associated to the
set of all disturbed vehicles in the transportation system and assigns a control strategy for each disturbed vehicle. Fig. 4 illustrates
one Th-cell for a set of 3 disturbed vehicles. The couple (Vi, Ri) gives
the reference of the disturbed vehicle (Vi) and its corresponding
route (Ri) (cf. epitope 1, beginning of Section 4.3).
5. Description of decision support processes
Immune concepts and mechanisms can help with the design of
decision support tools that are intended to assist decision makers
in reacting to disturbances, restoring ‘‘normal’’ behavior and maintaining ‘‘acceptable’’ performance levels. We suggest a prototype
implementation of an artiﬁcial immune DSS, which main functions
are shown in Fig. 5.
In the following sections, we explicit these functions and we describe their corresponding computer based implementation within
a knowledge based transportation control system architecture.

This function is derived from the biological principal described
in Section 3.1. In order to detect occurrences of disturbances, the
artiﬁcial immune DSS gets updates from AVMS about execution
of the timetables, realized performance, and realized quality of service. The artiﬁcial immune DSS confronts these updates with the
objectives of performance and quality of service (deﬁning ‘‘normal’’
or ‘‘acceptable’’ functioning conditions) stored in the detection
knowledge base. Any serious deviations of acquired data from
objectives are reported to decision makers as a disturbance. Therefore, when the detection function of the artiﬁcial immune DSS detects such a serious deviation, it creates a pathogen, updates its
symptoms epitope with the detected deviations, and updates its
context epitope with data acquired from AVMS. The pathogen is reported to a decision maker, who can validate or invalidate it, thus
conﬁrming or not the occurrence of a disturbance, and initiating or
not an immune response. In case of validation, the decision maker
can give further information about the disturbance, for example by
specifying its causes. For the needs of this exploratory work, we
implement the detection function using rule based reasoning.
An example of a rule is given in Fig. 6 below (cf. Sections 4.2 and
4.3.1 for abbreviations). This rule means that if the cumulated delay of a trip (as measured from the AVMS) exceeds the upper limit
of the tolerance on the total trip delay (speciﬁed in the detection
knowledge base as an acceptable functioning condition), then a
set of actions will be performed by the artiﬁcial immune DSS.
These actions include creating a pathogen, updating its symptoms
and context from AVMS, and reporting it to a decision maker for
validation and possible speciﬁcation of causes.
5.2. Identiﬁcation of consequences of disturbances
When a decision maker conﬁrms the detection of a disturbance,
the detection function of the artiﬁcial immune DSS uses the initial
timetable to propagate the disturbance and to determine consequences on other vehicles and stations of the transportation

Knowledge
based support

From AVMS

Decision maker

Detection of
disturbances

Identification of
consequences

Yes

Memory ?

Adaptation of
reaction strategies

No

Optimization of
reaction strategies

Reaction to disturbance
and consequences

To AVMS

Fig. 5. Overview of the general architecture of the suggested artiﬁcial immune DSS.
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5.4. Checking the consistency of reaction strategies

Fig. 6. Example of rule based detection of disturbances.

system. Propagation is achieved based on an adaptation of the
scheduling graph (suggested by [58] to the transportation problem.
Each node of the graph corresponds to a station and includes
scheduled visiting hours. Each arc includes information about the
distance between stations according to bus lines. We describe consequences in terms of violation of time and precedence constraints
between vehicles. Consequences are considered as further disturbances that have to be taken into account as well. They are represented and handled as pathogens (cf. example in Section 6.3 for
more illustrated explanations).

5.3. Creation and optimization of reaction strategies
This function relies on the biological principals described in Sections 3.2, 3.3, and 3.4. The problem of ﬁnding a reaction strategy
(Th-cell) that is most suitable to react to both a disturbance and
its consequences can be seen as a combinatorial optimization
problem, where we need to ﬁnd the optimal combination of control strategies (B-cells) so that deviation from expected timetables,
objectives of performance, and/or quality of service is minimized.
For each control strategy (B-cell) involved in a reaction strategy
(Th-cell), a set of control decisions has to be selected (combination
of decision variables set to 1 in the paratopes) to ﬁx the behavior of
each disturbed vehicle to react to the disturbance.
To build Th-cells, we use an adaptation of the clonal selection
algorithm (CSA), suggested by De Castro and Von Zuben [22]. The
CSA is a population based search algorithm, which purpose is to
ﬁnd the reaction strategy (Th-cell) that best optimizes an objective
function. In this prospective paper, the objective function to be
minimized is the deviation from predeﬁned timetable (only one
criterion is optimized). Minimization is achieved through combinatorial optimization, which refers to ﬁnding the best setting for
decision variables (in the paratopes section of B-cells) so that the
combination of variables set to 1 contributes to minimize deviation
from predeﬁned timetable.
Fig. 7 gives an overview of our adaptations to the clonal selection algorithm by De Castro and Von Zuben [22]. Step 1 is dedicated to the generation of an initial population of candidate
solutions (Th-cells). In this paper, we generate the initial population randomly. In step 2, the so constructed candidate solutions
are submitted to a decision maker to check their consistency (i.e.
to check if they correspond to feasible solutions), and to correct
infeasible solutions. More details about this step are given in Section 5.4. Then a loop is performed until a stopping criterion is
met. In this paper, the loop is repeated a preﬁxed number of iterations. In step 3, candidate solutions are evaluated with regard to
the objective function to be optimized. In this paper, we consider
minimization of the deviation from predeﬁned timetables. Steps
4 and 5 correspond to the search mechanism that CSA uses to ﬁnd
new solutions (see [22] for a detailed description). Step 6 is equivalent to steps 2 and 3. Step 7 is dedicated to the generation of the
next population for the search. When the stopping criterion (maximum number of iterations) is met, the decision maker is provided
with a pool of M solutions from which he/she can choose one reaction strategy to apply to the set of disturbed vehicles to react to the
disturbance and its consequences.

This function is borrowed from the biological principal described in Section 3.5. The processes that create new candidate
solutions (generation of initial population and mutation) can generate solutions that are not feasible, due for example to the selection of contradictory control decisions, or to the selection of
decisions that are not coherent with the disturbance. Fig. 8 illustrates an example of two inconsistencies within a suggested reaction strategy. In this ﬁgure, we consider a route (Route 1) with 2
vehicles (Vehicles 1 and 2). The ﬁrst vehicle is subject to an accident (Acc = 1). The skip station (SS) control decision is selected
and assigned to vehicle 1 as a reaction to the disturbance (decision
variable corresponding to strategy SS is set to 1). This control decision assumes that the vehicle will continue its route while skipping
some stations. However, this control decision is incoherent with
the type of disturbance facing vehicle 1 and disabling it from pursuing its route.
The second vehicle is disturbed as a consequence of the propagation of the accident of the ﬁrst vehicle to the upstream vehicles of the route (UP = 1). The half turn on line (HTOL) control
decision is selected and assigned to vehicle 2 as a reaction to
the delay (decision variable corresponding to strategy HTOL is
set to 1). This control decision assumes that vehicle 2 will eliminate its remaining part of the trip and continue its route at the
opposite direction. The result of this choice is that those stops
next to the accident will not be served neither by vehicle 1 (accident) nor by vehicle 2 (aborted serving stations), which is not
acceptable.
Therefore, a decision maker has to intervene and adjust these
assignments. Fig. 9 illustrates the Th-cell of Fig. 8 after correction
by a decision maker. In the corrected reaction strategy, vehicle 1
will be replaced by an undamaged vehicle (decision variable associated to change vehicle CV control decision is set to 1), and a third
vehicle will be introduced into the network to absorb the delay
(decision variable associated to insert vehicle IV control decision
is set to 1). Vehicle 2 is asked to spend some extra time at stops delayed by the accident of vehicle 1 (decision variable associated to
hold at station HS control decision is set to 1).
5.5. Learning rejection and modiﬁcation rules
The previous section showed that during the search for reaction
strategies, the optimization algorithm can generate infeasible solutions, which inconsistencies need to be identiﬁed and ﬁxed by a
decision maker. It would be a great loss if such expertise is not captured and reused to automate the process of identifying and ﬁxing
inconsistencies, and to relieve decision makers from this hard and
repetitive task. Therefore, we suggest using three knowledge bases
dedicated to capture knowledge about:
 Cases of inconsistent reaction strategies. This knowledge base
(referred to as ‘‘bad antibodies base’’) will store any reaction
strategy (Th-cell) that a decision maker judges infeasible, like
the one shown in Fig. 8.
 Rules to detect inconsistencies. Cases of inconsistent reaction
strategies are used to generate rejection rules to learn when a
reaction strategy is inconsistent. These rules are stored in a
knowledge base referred to as ‘‘antibody rejection rules base’’.
Such rules can be used to automate the consistency check process and to relieve decision makers from this task. An example
of a rejection rule is obtained from the inconsistent reaction
strategy of Fig. 8 and illustrated in Fig. 10.
 Rules to modify and correct inconsistencies. This knowledge
base (referred to as ‘‘modiﬁcation base’’) stores cases of infeasible solutions along with their corresponding ﬁxed solution after
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Fig. 7. Adaptation of clonal selection algorithm.

Fig. 8. Example of an inconsistent Th-cell.

the intervention of a decision maker. A modiﬁcation case
corresponds then to the couple (infeasible solution, corrected
solution). From such cases, modiﬁcation rules can be learned
to automatically ﬁx infeasible solutions found during the
search.
5.6. Adaptation of reaction strategies
After detection of a disturbance and identiﬁcation of its consequences (pathogens), the artiﬁcial immune DSS searches into the

‘‘antibodies knowledge base’’ for stored reaction strategies (Thcells) which can be adapted and reused to react to the disturbance
and its consequences. The system activates those Th-cells that
have an afﬁnity measure that exceeds a threshold. Afﬁnity between
Th-cells and pathogens is function of the number of vehicles disturbed, and the afﬁnity between B-cells stored in the reaction
strategy and the pathogens. We implement afﬁnity between Bcells and pathogens as a Hamming distance that measures the degree of similarity between the receptors part of a B-cell and the
pathogen. Afﬁnities between Th-cells and pathogens on the one
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Fig. 9. Consistent Th-cell after correction.

 Help in memorizing reaction strategies and reusing them when
similar disturbances occur (i.e. memory function).
6. Implementation and results
Fig. 10. Examples of rule based rejection of reaction strategies.

hand, and between B-cells and pathogens on the other hand are
calculated according to the formulae given by Eq. (6):
PLengthðPgÞ
AffinityðB; PgÞ ¼

di
i¼1
LengthðPgÞ

Where
8
>
< LengthðPgÞ : length of vector Pg; number of antigens in pathogen Pg
di ¼ 1; if B:Receptors½i ¼ Pg:Epitope½i ¼ Ag i
>
:
di ¼ 0; otherwise

In this section, our primary focus is to show that the suggested
immune concepts and mechanisms work, and that they can support decision makers during the disturbance management process.
Therefore, this section is only intended to show some scenarios of
disturbances, their consequences on the transportation system,
and the kind of results that the artiﬁcial immune DSS can reach
to maintain expected performance and reduce deviation from predeﬁned timetables. Validating our suggestions on a real life public
transportation system still requires much investigation and effort,
and is not our purpose in this paper.
6.1. Simulation based validation

And
AffinityðTh; PgÞ ¼ S 

v ¼NBV
Y

AffinityðBv ; Pg v Þ

v ¼1

Where
8
NB1 : integer; number of vehicles disturbed
>
>
>
< NB : integer; number of vehicles involved in a stored reaction strategy
2
>
if ðNB1 ¼¼ NB2 Þ then ðNBV ¼ NB1 ¼ NB2 Þ and S ¼ 1
>
>
:
else S ¼ 0
ð6Þ

5.7. The system architecture
The detailed architecture of the proposed artiﬁcial immune DSS
is given in Fig. 11. The system involves decision makers in the decision process and assists them to meet the following needs:
 Let decision makers know what is going wrong (i.e. detection
function).
 Determine what control decisions could provide assistance in
correcting the problems (i.e. determination of the possible control decisions).
 Assist in selecting suitable control decisions (i.e. reaction
function).
 Support the decision making process in order to elaborate
coherent reaction strategies (i. e. coordination function).
 Help in evaluating the ability of the reaction strategies to
recover acceptable behavior, and/or performance levels (i.e.
evaluation function).
 Help the users in identifying, listing and documenting the possible disturbances and possible methods (i.e. documentation
support function).

To show the feasibility of our suggestions, we have looked for
some simulation platform, either open source or commercial,
which enables implementing, testing and validating transportation
control decisions and strategies. Indeed, several trafﬁc simulation
platforms exist, including open source software, such as SUMO
[4], and commercial software, such as VISSIM [50]. However, these
tools are dedicated to the simulation and control of urban trafﬁc
ﬂow. They require much adaptation and development effort to allow straight forward implementation and testing of control decisions and strategies.
Consequently, we developed our own simulation architecture
and methodology using Java programming language, Java Agent
Development Environment (JADE; [46] and ARENA software [40].
The prototype artiﬁcial immune DSS is implemented using JAVA
programming language. We use the JADE platform to simulate a
public transportation system as a multi agent system where agents
correspond to both vehicles and stop stations. ARENA is a commercial discrete event simulation software, which we use to evaluate
the performance of reaction strategies (objective function evaluation) during the search procedure (cf. Section 5.3), and before
implementing them on the simulated transportation system. An
overview of the simulation architecture that we adopted is given
in Fig. 12. This architecture allows simulating disturbances of different types by programming random events (delays, advances,
failures, etc.) to occur during the simulation of the progress of
bus agents on their routes.
6.2. Validation procedure
We simulate a public transportation system of buses, with one
route, s stops, and n variable number of buses. Using JADE, we
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Fig. 11. Detailed architecture of the suggested artiﬁcial immune decision support system.
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Fig. 12. Simulation architecture.

Fig. 13. Illustration of scenario 1.

implement two types of agents: stop stations and buses. Stop station agents are characterized by an identiﬁer (ID) and the number
of passengers waiting for a bus. Bus agents are characterized by an
identiﬁer (ID), the status of the bus (available or broken), the current position of the bus on the route, the ID of the next stop station,
and the number of on-board passengers. The artiﬁcial immune DSS
will be provided with this data from JADE at regular periods of time
(called control sampling period). Each bus has a departure and

destination stop. We generate initial timetables using the heuristic
algorithm proposed by Ceder et al. [7]. Timetables set visiting
hours at stop stations and give expected total trip times based on
pre-ﬁxed speed and service times at stop stations. In each scenario,
we run two simulations. In the ﬁrst one, the artiﬁcial immune DSS
is not connected to the simulation of the transportation system so
that this latter is not regulated when disturbances occur. In the
second simulation, the artiﬁcial immune DSS is connected to the
simulation to monitor and regulate the status and behavior of
buses.
6.3. Scenario 1
In this scenario, n = 3 buses are supposed to serve s = 15 stations
within 1 (simulated) hour time (60 min). Consequently, at some
pre-ﬁxed bus speed (same for all buses), the interval of time that
separates 2 consecutive buses is 16 min. Each single station will
be served by a bus each 04 min. Fig. 13 shows the route of buses
along with the visiting hours at stop stations based on an initial
bus timetable that was determined for an early day rush hour
(from 08:00am to 09:00am). To simulate a trafﬁc congestion that
starts at 08:00am, the speed of bus agent n.1 is decreased in the
JADE platform so that this bus has 16 min delay. We will show step
by step, how the system detects this disturbance, identiﬁes its consequences, and interacts with the decision maker to suggest reaction decisions.

Fig. 14. Generated pathogens.

6.3.1. Detection of the disturbance
Each 10 min (control sampling period), the artiﬁcial immune
DSS analyzes data coming from the simulated transportation system. At simulation time t = 08:10 am, using rule based detection
(cf. Fig. 6), the system detects that bus n.1 has more than 5 min delay servicing stations 1, 2, and 3, which is not acceptable according
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Fig. 15. Propagation of the disturbance.

Fig. 16. An example of Th-cell suggested by the system.

Fig. 17. Modiﬁed Th-cell after adaptation.

to the normal functioning conditions deﬁned in the ‘‘Detection
Knowledge Base’’ (cf. Table 3). Consequently, the artiﬁcial immune
DSS creates a pathogen and ﬁlls its symptom epitope with an estimation of the amount of delay (16 min delay in this scenario). This

estimation is determined based on actual bus speed (provided by
the simulated multi agent sustem) and using distances between
stations contained in the description of our adapted scheduling
graph (cf. Section 5.2). The system also updates the context epitope
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Fig. 18. Modiﬁed bus timetable.

Fig. 19. Illustration of scenario 2.

Fig. 20. Timetables of all buses at arbitrary time t = t0.

of the pathogen to highlight that this disturbance occurred at a
rush hour. Then, the system reports this pathogen to the decision
maker, who conﬁrms the detection of a disturbance because he/
she does not tolerate the 16 min delay. The decision maker is also
given the opportunity to update the cause epitope of the pathogen
with information related to the cause of the disturbance (trafﬁc
congestion in this scenario). Pathogen 1 in Fig. 14 shows the
created pathogen.
6.3.2. Identiﬁcation of consequences
The artiﬁcial immune DSS propagates the estimated 16 min delay of bus n.1 through initial bus timetables (cf. Section 5.2) to
determine the set of stop stations that are affected by the delay,
and to determine possible overlaps with other buses. Both direct
and indirect impacts are determined.
Direct impacts are shown in Fig. 15. They correspond to the set
of stop stations that were supposed to be serviced by delayed bus
n.1 during the estimated 16 min delay (stop stations 1–5). Also,

due to this delay estimation, bus n.1 is expected to catch bus n.2
up and their timetables overlap at 08:16 am. Indirect impacts are
shown on top of Fig. 13. They correspond to potential stop stations
and buses that are expected to be delayed due to the propagation
of the disturbance. In this scenario, the 16 min delay indirectly impacts stop stations n.6–15.
Consequently, the symptoms epitope of Pathogen 1 (cf. Fig. 14)
is updated to integrate the delay at each affected stop station. It is
worth noting that the total delay of the trip is estimated to be
206 min, as shown in Fig. 14. A second pathogen (Pathogen 2, cf.
Fig. 14) is created to show that the delay impacts bus n.2 and that
this bus will also require corrective decisions.
6.3.3. Determination of a reaction strategy
The adapted clonal selection algorithm (CSA, cf. Section 5.3) is
used to ﬁnd a good combination of control decisions (combination
of decision variables set to 1 in the paratopes of B-cells) so that
deviation from expected timetables is minimized. The reaction

74

S. Darmoul, S. Elkosantini / Knowledge-Based Systems 68 (2014) 58–76

strategy (Th-cell) of Fig. 16 is suggested to the decision maker. This
strategy assigns ‘‘half turn on line’’ decision for bus n.1 (HTOL set to
1, cf. Section 4.4), and ‘‘hold station’’ decision for bus n.2 (HS set to
1, cf. Section 4.4). Clearly, this strategy is conﬂicting with trafﬁc
congestion. It will yield extra waiting time for passengers and more
deviation from initial schedules, because bus n.1 will have to start
his route over in a context of trafﬁc congestion. The decision maker
chooses to reject and to adapt the suggested control strategy. Consequently, the artiﬁcial immune DSS stores this rejected strategy in
the ‘‘bad antibodies base’’ (cf. Section 5.5) so that similar decisions
are avoided in future similar context.
The decision maker ﬁxes the suggested reaction strategy to obtain the modiﬁed strategy of Fig. 17. For bus n.1, the modiﬁed strategy recommends to skip delayed stations and to go directly to
station n.6. For bus n.2, the modiﬁed strategy recommends to start
the route earlier than scheduled and in the same time to stop and
spend some extra waiting time at delayed stations. The modiﬁed
strategy is then sent to ARENA to evaluate its performance (cf. Section 6.3.4). After validation by the decision maker, the modiﬁcations brought to the suggested reaction strategy are stored in the
‘‘modiﬁcation knowledge base’’ (cf. Section 5.5), and the modiﬁed
strategy is stored in the ‘‘antibodies knowledge base’’ for future reuse (cf. Section 5.6).
6.3.4. Results
The application of the reaction strategy of Fig. 17 yields the
modiﬁed bus timetable of Fig. 18. Bus n.1 will directly go to station
n.6 to serve it as scheduled in the initial timetable. Bus n.2 will
start its route earlier than planned to overcome part of the delay.
The expected total trip delay after application of the corrective
decisions is expected to be reduced to 50 min (only at stations
1–5) instead of 206 min. Consequently, the artiﬁcial immune DSS
has been able to maintain the initial schedule, and to absorb part
of the delay, without rescheduling all disturbed buses and stations
from scratch.
6.4. Scenario 2
In this scenario, n = 5 buses are supposed to serve s = 30 stations
(cf. Fig. 19). All 5 buses of the network are disturbed. Buses n.1, 3
and 5 are delayed, bus n.2 is advanced and bus n.4 has a technical
problem.
At an arbitrarily chosen simulation time t = t0, the transportation system simulation is interrupted and 3 positions of each bus
are extracted: the real position, the theoretical position and the position using the regulation system. Results are presented in Fig. 20.
Fig. 20 shows that whatever the cause of the disturbance that
affects buses (advance, delay, technical problem), the regulation
system can help decision makers to recover expected timetable
execution. For example, without using the artiﬁcial immune DSS,
delayed bus n.1 is at station 24 when it should be at station 29.
Using the regulation system, the position of bus n.1 is corrected
to station number 30 (very close to the theoretical timetable).

7. Discussion
The immune concepts and mechanisms that we have presented
provide possible directions to address the key needs given in Section 5.7. Through this exploratory work, we have suggested one
possible way of implementing such considerations as knowledge
based decision support software tools. As a consequence, if the immune paradigm can certainly advance what we can do to cope with
disturbances in transportation systems, several important research
directions can be drawn from our exploratory effort.

 By design, the developed approach allows integrating not
only other and more causes of disturbances, but also other
and more indicators to describe the context of such disturbances, other and more symptoms to detect such disturbances, and other and more control decisions and
strategies to react to such disturbances. Integration of such
updates requires no modiﬁcation of the downstream mechanisms that are used to handle disturbances. This feature
makes our approach inherently generic, which is (to the best
of our knowledge) achieved by none of the existing
approaches.
 With regard to the evaluation of our approach, and the
assessment of its performance, our primary focus in this
work was on bringing a ‘‘proof of concept’’, i.e. to identify
immune concepts and mechanisms that are pertinent to
the transportation control problem, and to show that they
can provide decision makers with some support to handle
disturbances in a transportation system. Therefore, our Section 6 is indeed to be enriched with a deeper numerical
analysis to assess the performance of our approach, its complexity (both spatial and temporal), and its time of response
in more realistic situations. With this respect, we need to
ﬁnd and use simulation platforms and tools that allow
implementing and testing transportation control architectures. This task is not so evident, since despite our effort,
we failed to identify simulation platforms, whether open
source or commercial, which can help us implement and
test our control architecture (that is why we developed
our own validation tools). Developing an open source simulation platform to implement and test transportation control strategies is therefore a challenging research direction
in its own.
 At the beginning of the lifecycle of the system, decision
makers will be highly solicited to make the system learn
(supervised learning) several kinds of rules (detection;
rejection, and modiﬁcation rules). But as the system confronts with disturbances, it will gain experience from disturbance handling, capitalize expertise and relieve the heavy
intervention of decision makers. These will then only
assume the responsibility of checking system suggestions,
and validating or invalidating them. In the meanwhile, the
system has documented most of the decision makers’
knowledge about disturbances in the knowledge bases.
Assessing the scalability of the suggested tools is also an
important research effort to be undertaken.
 In this work, each time we introduced an immune concept
or mechanism, we suggested some ways of implementing
it. Certainly, some of our implementation choices will be
improved in future research. For example, for the needs of
this exploratory work, we implemented some of our concepts using vectors of binary or real number attributes.
Some other attributes were implemented as intervals of tolerance. Some mechanisms used exact comparisons or tests
of inclusion. Other representations could be investigated,
including for example fuzzy sets theory [61]. Fuzzy logic is
particularly interesting because it would allow coping with
uncertain, imprecise, or ill structured data. It would also
offer an alternate means to implement mechanisms and
functions, such as the detection function (fuzzy detection
of disturbances) or the reaction function (fuzzy activation
of suitable control decisions and strategies).
 The primary focus of this work is on maintaining the preestablished organization through maintaining initial timetables. We consider the problem of disturbances from the
point of view of vehicles and pre-established organization,
not from the point of view of passengers. Our choice can
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be more easily understood if we consider the overall multi
modal transportation system. In real life, a bus is connected
to other transportation means (e.g. metros, trams, etc.) at
transfer stations. Maintaining an initial timetable as much
as possible would allow limiting the propagation of disturbances to other transportation means, and consequently
maintaining the overall coherence and validity of the preestablished organization. We assume that passengers that
would have to suffer the inconvenience of modiﬁcations or
delays could be informed timely before any modiﬁcation
is applied, for example by means of Variable Message Sign
(VMS) systems on-board vehicles or at stations, so that they
can make their own advised decisions timely. Nevertheless,
for future work, passenger interests (e.g. regularity and
punctuality) could be taken into account for example by formulating the problem as a multi objective optimization one,
in which passenger interests are considered as an objective
to optimize, in addition to deviation from initial timetables,
or by imposing not to skip some key stop stations (e.g.
transfer stations).
 In this work, we suggested a centralized monitoring and
control decision support system, where a central software
tool collects all data about the transportation system, suggests all reaction strategies, and applies reaction decisions
back to the transportation system. It would be very challenging to consider the distribution of the decision making
process among the vehicles themselves, thus conferring
some intelligence to vehicles, and yielding to a distributed
monitoring and control architecture. Challenges include
data acquisition, technologies to implement on vehicles to
let them share data and have some intelligence, and coordination between vehicles to insure coherent, efﬁcient and
effective decision making. One of the objectives could be
to compare beneﬁts and drawbacks between centralized
and distributed control architectures in a transportation
system, particularly through performance evaluation and
assessment of both types of architectures.
8. Conclusion
The control of public transportation systems is indeed a very
complex task that involves multiple skills, requires multiple decision support tools, and relies on multiple technologies to process
important ﬂows of data and to make various types of decisions.
The task becomes even harder when management of disturbances
is considered. Unfortunately, our literature review showed that
only a few works tackled the disturbance management issue in
public transportation systems. Existing research and applications
suffer limitations with respect to several functions related to disturbance management. Such limitations include a restricted ability
to deal with different types of disturbances, and to suggest appropriate reaction strategies in a way that should be generic enough so
that no, or at least little, customization is required when a new
type of disturbance is considered. To the best of our knowledge,
no work exists that suggests ways to capture knowledge involved
during the management of disturbances in a transportation
system.
In this prospective research effort we show that biological
immunity can provide pertinent analogies to address such limitations. We identiﬁed immune concepts and mechanisms useful
when facing several kinds of disturbances in the context of the control of a public transportation system. We proposed a computer
based implementation for each identiﬁed immune concept and
mechanism. We designed and implemented the prototype of an
artiﬁcial immune decision support system (DSS), able to integrate
within Intelligent Transportation Systems (ITSs), and to involve

75

decision makers in the loop to control occurrences of disturbances.
For illustration purposes, we considered the case of a network of
buses, but the concepts, mechanisms, software implementations,
and architecture presented here are not speciﬁc to this kind of
transportation means only: our suggestions remain valid for other
uni-modal transportation means, and could be extended to multi
modal transportation. Our artiﬁcial immune decision support
architecture allows capturing several kinds of knowledge involved
in, and required for the disturbance management process. Capturing such knowledge would allow reusing it, for example by retrieving stored control strategies and adapting them to new
occurrences of similar disturbances that were managed in the past.
Our approach is inherently generic, which is second to none of the
existing approaches in the ﬁeld.
Through two scenarios of disturbances, the identiﬁcation of
their consequences on the transportation system, and the kind of
results that the artiﬁcial immune DSS can reach to maintain expected performance and reduce deviation from predeﬁned timetables, our implementation section showed that the proposed
immune concepts and mechanisms work, and that they can support decision makers during the disturbance management process.
To enhance this work, we discussed several research perspectives
and improvement directions. Such directions include for example
decentralizing the decision architecture, using other types of representations and tools, and extending the approach to consider multi
modal transportation.
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