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Foreword

| present my habilitation thesis in view of obtaining the qud cation for conducting

PhD research at university level. It presents a summary of mynajor didactic
and scienti ¢ career achievements accomplished after nlng the doctoral studies.
After more than 12 years of research, during which | have caittuted to several
areas of multidimensional signal processing involving irge, video and multimedia
processing and analysis, my personal objective is to be abdemove a step forward
and coordinate PhD research.

The ability of conducting PhD research plays a critical rolén my strategy for the
evolution and development of the professional career, as [Phesearch constitutes
the basis research for any research institution as well asr fluture technological
progress. Currently, | am involved with supervising of PhD esearch for several
students at the University Politehnica of Bucharest as welhs o cially PhD co-
advisor at the University of Trento, Italy. Obtaining the habilitation will allow me
to take lead of PhD coordination and have the basis for a futerresearch laboratory.

Before discussing in detail all these aspects, | would like take advantage and
acknowledge the signi cant contribution of my colleaguesat all the achievements
presented in this manuscript.

I would like to express my gratitude to all of my students for heir hard work
and constant implication in the developed projects. In partular, | thank lonut
Mironi@, Anca-Livia Radu, Bogdan Boteanu, Gatllin Mit rea, Andrei Puri@a and
Alexandru Marin.

| would like to thank my university colleagues, Prof. Corneli Burileanu, Prof.
Adrian Badea, Prof. Vasile Buzuloid, Prof. Dragcs Burileanu, Assoc. Prof. Mihai
Ciuc, Prof. Constantin Vertan, for their constant support, precious advices, and
guidance during my professional career.

An important role was played by all of my colleagues abroad weh warmly thank
for their constant support and quality work developed togéter, in particular: Prof.
Nicu Sebe, Prof. Fausto Giunchiglia, Prof. Patrick LambertDr. Klaus Seyerlehner,
Assoc. Prof. Markus Schedl, Dr. Martha Larson, Prof. Beatte Pesquet-Popescu,
Dr. Adrian Popescu, Prof. Jenny-Benois Pineau, Prof. Henmg Maller, Dr. Claire-
Heene Demarty.

A special thanks to Monica, for her constant and unconditiaily support and
for accepting to share me with my passion for research duritige last 9 years!






Abstract

This habilitation thesis presents an overview of my main regrch results obtained
after receiving the PhD title in 2007. These results are prested in the context of
my resume and professional, didactic and research career.

During my 12 years of research, | have mainly worked in the ag of multidimen-
sional signal processing, i.eimage video and multimedia processing and analysis.
My contributions are grouped around three main topics, nani human-computer
interaction, medical imagingand content-based indexingand information retrieval).
My major research direction is however the work on contentased indexing and in-
formation retrieval. My research provided contributions b all the components of a
content-based retrieval system as well as solutions to selthis paradigm in some
particular application domains.

These contributions are in developingalgorithms for video temporal segmenta-
tion - temporal segmentation means decomposing the video int@ itemporal units
or shots. This is commonly used as a pre-processing step fay ather higher-level
analysis. My major contributions were in the development ofut, fade and dissolve
detection algorithms;algorithms for video content description | have developed a
number of techniques for representing color and action infoation in videos, con-
tributed to a technique for capturing temporal variation aswell as to multi-modal
description and fusion (text-audio-visual);algorithms for video summarization vi-
sualization of video data for video browsing requires e ciet summarization tools.
My contribution consisted in the development of algorithmdor video summariza-
tion and video skimming; algorithms for video genre tagging | have contributed
to the development of a system that allows for the indexing ofideo materials ac-
cording to video genres (e.g., movies, music, sports, etclhe research targeted
the particular case of web specic video materials. | have sb developed a tech-
nique for the automatic detection of the animated video geer algorithms for violent
scenes detection | have contributed to the development of an indexing systerfor
the automatic identi cation of violence scenes in typical Hllywood productions.
Moreover, | co-coordinated an evaluation benchmarking cgraign on this topic; al-
gorithms for search result diversi cation- typical content-based retrieval focuses on
the relevance of the results. However, the user is not alwaygerested in obtaining
identical replicas of the search queries. | have contribudeto the development of
several approaches for diversifying the search results irder to cover di erent topics
of the query. | also initiated and organized an evaluation ehmarking campaign
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on this topic; algorithms for relevance feedbackl have contributed to the develop-
ment of several relevance feedback techniques that explager feedback to improve
the relevance of image/video search results; anmdultimedia browsing systems |
have contributed to the development of several video and muhedia browsing in-
terfaces that allows for a virtual representation of the dasets and interactive user
experience.

My scienti ¢ results have been validated and disseminated ith more than 90
scienti ¢ publications, such as book chapter contributios (e.g., Springer Lecture
Notes in Computer Science, IGI Global, Springer Advances iGomputer Vision
and Pattern Recognition), international journal articles(e.g., SPIE Journal of Elec-
tronic Imaging - Impact Factor 1.1, Multimedia Tools and Apgications - Impact
Factor 1, EURASIP Journal on Image and Video Processing - Inagt Factor 0.6,
EURASIP Journal on Applied Signal Processing - Impact Facta0.8, etc), interna-
tional conference articles (e.g., ACM International Confence on Multimedia - MM,
ACM International Conference on Multimedia Retrieval - ICMR, ACM International
Conference on Multimedia Systems - MMSys, IEEE Internatical Conference on
Acoustic, Speech and Signal Processing - ICASSP, IEEE Intational Conference
on Image Processing - ICIP, International Conference on MiMedia Modeling -
MMM, etc) as well as contributions to international benchmaking campaigns (e.qg.,
MediaEval Benchmarking Initiative for Multimedia Evaluation).

My habilitation thesis is structured into two parts. Part 1 deals with my pro-
fessional, didactic and research achievements. It preseniny Curriculum Vitae
(Chapter 1), a brief overview of my teaching activity (Chaper 2), my research
activity in terms of scienti ¢ publications, attendance to international benchmark-
ing, committees, conferences and international cooperai (Chapter 3), discusses
the coordinated student projects (license, master as wels #hD and post-doctoral;
Chapter 4), my implication with projects and strategic progammes (Chapter 5),
and concludes by presenting in detail the most important senti ¢ ndings as enu-
merated in the previous section above (Chapter 6).

Part 2 of my thesis deals with the evolution and developmentfany professional
career and discusses my perspectives for conducting fundantal and applicative
research, for increasing the visibility of my research anduplications' impact, for
increasing the participation to international projects aml technological transfer, as
well as for teaching activities and coordinating student iearch and research groups.



Rezumat

Prezenta lucrare de abilitare realizeaz o treceren resh a rezultatelor de cercetare
obinute dum nalizarea tezei de doctorat n anul 2007. Aceste rezultate sunt
prezentate " contextul carierei profesionale, didactisi de cercetare.

Pe parcursul celor 12 ani de cercetare, am lucrat n prin@p’m domeniul pre-
lucarii si analizei de semnale multidimensionale, preem imagini, video si mul-
timedia. Contribufile aduse pot grupate ™ jurul a trei direcii principale, si
anume: interacie om-masire, imagistia medicabs i respectiv @utarea datelor dupa
coninut (@utarea informaiei). Totwsi, direcia p rincipah de cercetare o constituie
domeniul tehnicilor de @utare a datelor dupa coninut. Cercetarea realizat a adus
contribuii la toate componentele unui astfel de sistem at'si soluionarea acestei
paradigme pentru anumite domenii particulare de aplicaé.

Aceste contribuii vizeaza dezvoltarea dealgoritmi pentru segmentarea temporah
a secventlor video segmentarea temporah reprezin descompunerea unec/ente
video " parile constituente de baza numite si plane video. Aceast etam de pre-
lucrare este unul dintre pasii preliminarii unei analize @ nivel alt. Contributile
principale au constat ' dezvoltarea de algoritmi pentru €etecia tranzitilor de tip
\cut", \fade" si \dissolve"; algoritmi pentru descrierea contnutului video- am dez-
voltat o serie de tehnici de reprezentare a informaiei deutoare si aciune, am
contribuit la dezvoltarea unei metodologii de reprezentara variabiliaii temporale
M secvente video catsi la tehnici de descriere multimdaksi fuziune a datelor; algo-
ritmi de rezumare automat a secventlor videg vizualizarea datelor video necesia
de reguh rezumarea acestora. Contribuia principah aconstat n dezvoltarea de
algoritmi de rezumare " imagini catsi dinami@; algoritmi pentru clasi carea au-
tomat dum gen - am contribuit la dezvoltarea unui sistem de indexare ce prite
regruparea automat a documentelor video " funcie de gn (de exemplu M Ime,
muzi@, sport, stiri, etc). Cercetarea a vizat n particular platformele multimedia
de pe Internet. De asemenea, tot 'n aceash direcie, ameazvoltat un algoritm de
detecie a genului de animaie;algoritmi pentru detectarea pasajelor de violersa ™M
Ime - am contribuit la dezvoltarea unui sistem de indexare ce pmite identi carea
automat a scenelor de violerd ™ producii tipice de la Hollywood. Mai mult, am
contribuit la realizarea unei campanii de evaluare a acestgen de tehnici; algo-
ritmi de diversi care a rezultatelor @utrii de imagini - “n general, utilizatorul nu
este interesat doar de relevan@ rezultatelor cisi de dersitatea acestora. Am con-
tribuit la dezvoltarea mai multor abordari pentru diversi carea rezultatelor @ugarii
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de imagini pe platformele sociale. De asemenea, am iniiat coordonat o cam-
panie de evaluare a unor astfel de tehnicglgoritmi de tip \relevance feedback'
am contribuit la dezvoltarea mai multor tehnici de relevane feedback ce se folosesc
de expertiza utilizatorilor pentru a “mburagii rezu ltatele @utrii de date; sisteme

de navigare multimedia- am contribuit la realizarea mai multor sisteme software de
navigare M baze de date multimedia.

Rezultatele de cercetare obinute para’n prezent au fet validatesi diseminate
mai mult de 90 de publicatistiini ce precum: contribu fiila volume colective (de ex-
emplu Springer Lecture Notes in Computer Science, IGI Gloh&pringer Advances
in Computer Vision and Pattern Recognition), articole " eviste internaionale (de
exemplu SPIE Journal of Electronic Imaging - Factor de Impdcl.1l, Multimedia
Tools and Applications - Factor de Impact 1, EURASIP Journabn Image and Video
Processing - Factor de Impact 0.6, EURASIP Journal on Appleé Signal Process-
ing - Factor de Impact 0.8, etc), articole la conferine inernaionale (de exemplu
ACM International Conference on Multimedia - MM, ACM International Confer-
ence on Multimedia Retrieval - ICMR, ACM International Conference on Multi-
media Systems - MMSys, IEEE International Conference on Aastic, Speech and
Signal Processing - ICASSP, IEEE International Conferenaan Image Processing -
ICIP, International Conference on MultiMedia Modeling - MMM, etc), precum si
particiari la campanii de evaluare internaionale (de xemplu MediaEval Bench-
marking Initiative for Multimedia Evaluation).

Teza de abilitare este structurat m dowa pari. Part ea tai se adreseaza
prezentrii realiarilor profesionale, didactice si de cercetare. Aceasta prezina par-
cursul profesional (Capitolul 1), o trecere " revist a ativigaii didactice (Capitolul
2), rezumarea activiaii de cercetare: publicatile stiini ce, participarea la cam-
panii de evaluare, participarea " comitete stiini ce, participarea la organizarea
de evenimente stiini ce cét si cooperarea internaionah (Capitolul 3); prezina
proiectele studentsti coordonate la nivel de licend, master cat si studii doctor-
ale si post-doctorale (Capitolul 4), implicarea ™ proiete de cercetare si strategice
(Capitolul 5),si concluzioneaza prezentand ™ detali cele mai importante realizari
stiini ce asa cum au fost enumerate " paragraful anterior (Capitolul 6).

A doua parte a tezei se adreseaz prezentrii evoluiesi dezvolarii carierei pro-
fesionale. Aceasta discub perspectivele personale Yeea ce priveste cercetarea
fundamentah si aplicati\a, cresterea vizibiliat ii rezultatelor de cercetare si a im-
pactului publicatilor stiini ce, cresterea partic iparii la proiecte internatonalesi a
transferului tehnologic catsi perspectivele didacticei de coordonare a cerceurii.



Part |

Professional, didactic and research
achievements







Chapter 1

Curriculum Vitae

This section presents a brief introduction of my resume: edation, professional
experience, participation in professional committees, p&rience abroad, training
courses, as well as the main research and didactic areas giezkise.

1.1 Education

1997:baccalaureate degree , \Grigore Moisil" college - Bucharest, informatics-
math-physics department (overall appreciation 9.4/10), malyst programmer
title delivered by the Ministry of Education and Research oRomania;

2002:engineer's degree in electronics , University Politehnica of Bucharest,
Faculty of Electronics, Telecommunications and Informatin Technology, De-
partment of Applied Electronics, section: Computer Visiorand Arti cial In-
telligence (overall appreciation 9.56/10), graduation gject developed jointly
with LAMII, ESIA - Ecole Superieure d'Ingenieurs d'Annecy, France;

2003: master's degree in computational systems , University Politehnica
of Bucharest, Faculty of Electronics, Telecommunicationgand Information
Technology, Department of Applied Electronics, section: @nputational Sys-
tems Technology (overall appreciation 9.93/10), graduatn project developed
jointly with LISTIC, Polytech'Savoie, Annecy-France;

2003: master's degree derogation (DEA - Dipldme d'Etudes Approfondies)
from Universie de Savoie, France;

2007:PhD degree in electronic engineering and telecommunicatio ns,

University Politehnica of Bucharest, Faculty of Electroncs, Telecommunica-
tions and Information Technology, \very well" jury appreciation and \magna
cum laude" award;

2007:PhD degree in electronics, electrotechnics and automatics , Uni-
versie de Savoie, Polytech'Savoie, Annecy-France;
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2010-2013: postdoctoral researcher with LAPI - The Image Processing
and Analysis Laboratory, Faculty of Electronics, Telecommmications and In-
formation Technology, University Politehnica of Bucharets scholarship under
European Structural Funds, POS-DRU project EXCEL, ID6255qranked 3rd
out of 64 candidates).

1.2 Professional experience

2005-2006substitute teacher (\vacataire™) , Universie de Savoie, ESIA -
Ecole Sugerieure d'Ingenieurs d'Annecy, France, conduimg signal processing
seminars and laboratories;

2006-2007:temporary assistant professor (ATER - Attacle Temporaire

d'Enseignement et de la Recherche), Universie de Savoi€polytech'Savoie,
Annecy-France, CNU section 61: computer science and enginag, automat-
ics and signal processing (ranked rst in Haute-Savoie regi);

2007-2009: senior researcher , LAPI - The Image Processing and Analy-
sis Laboratory, Faculty of Electronics, Telecommunicatios and Information
Technology, University Politehnica of Bucharest; and pra@ct director of the
CNCSIS - Romanian National University Research Council, Hnan Resources
Programme, RP-2 project;

2008-present.courtesy faculty member  with Universie de Savoie, France;

2008-2014: lecturer with Faculty of Electronics, Telecommunications and
Information Technology, University Politehnica of Buchaest;

2012-present:.courtesy faculty member  with University of Trento, Italy;

2014-present:associate professor with Faculty of Electronics, Telecommu-
nications and Information Technology, University Politemica of Bucharest.

1.3 Professional committees

2014-present:administrative council member of the Romanian National
Institute for Research and Development in OptoelectronicsINOE 2000;

2014-present:technical program expert  for the Horizon 2020 Programme
(Romanian commission).
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1.4 Experience abroad

April 2008: invited researcher at LISTIC laboratory, Polytech'Savoie, Uni-
versie de Savoie, France;

September 2008invited researcher at VIVA laboratory, University of Ot-
tawa, Canada;

June 2009:invited researcher at LISTIC laboratory, Polytech'Savoie, Uni-
versie de Savoie and at Institut Gaspard Monge, Marne-lafalee, Universie
Paris-Est, France;

15 June - 31 July 2011invited researcher at LISTIC laboratory, Polytech
Annecy-Chambery, Universie de Savoie, France;

June 2012: invited researcher at LISTIC laboratory, Polytech Annecy-
Chamlery, Universie de Savoie, France;

July 2012: invited researcher at KnowDive laboratory, University of Trento,
Italy.

1.5 Training courses

14 - 16 May 2012:training course on \Evaluating the Impact of Develop-
ment Programs: Turning Promises into Evidence", Paul Gerdr, University
of California - Berkeley, Adam Ross, HDNCE, Joost de Laat, EEH World
Bank, Bucharest, Romania;

27 - 28 September 201Zraining course on \Evidence Informed Policy and
Practice in Education in Europe”, Institute of Education, University of Lon-
don, Institute of Educational Sciences, Bucharest, Romaani

1.6 Research and didactic expertise

research: video/image processing and analysis, content-based rietral, mul-
timedia, computer vision, machine learning, human-compat interaction;

didactic : video/image processing and analysis, multimedia indexgn com-
puter vision, computer science and software engineering.
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Chapter 2

Teaching activity

My didactic activity was carried out in parallel with the research, as the two com-
ponents are strongly connected. | have permanently integed valuable research
achievements with the university curricula (e.g., coursegpplications) to stimulate
students being actively part of the research innovation. Ortthe other hand, my
research was always coordinated with strong fundamentalebretic knowledge from
curricula (e.g., signal processing fundamentals).

My didactic activity started during the preparation of my PhD thesis and had the
following route. Between 2005 and 2006 | was substitute tdaar (\vacataire") with
ESIA - Ecole Sugerieure d'Ingenieurs d'’Annecy, Univerge de Savoie - France. Then,
between 2006 and 2007, | held a temporary assistant profasposition (ATER -
Attacle Temporaire d'Enseignement et de la Recherche) wht Polytech'Savoie, Uni-
versie de Savoie, Annecy-France. In 2008 | obtained a tened lecturer position
with the Department of Applied Electronics and Information Engineering (EAII),
Faculty of Electronics, Telecommunications and Informatin Technology (ETTI),
University Politehnica of Bucharest (UPB), where in 2014 | bcame associate pro-
fessor, position | currently held.

| was/am in charge with conducting several courses, labomtes and seminars
in various areas of signal processing and software enginegy as well as with coor-
dinating license and master thesis and doctoral and post-dimral research. During
my career, | have prepared and taught the following courses@ applications:

(2005 - 2007) Traitement du signal ": | was in charge with signal processing
seminars and laboratories at the department of Automatiquet Informatique
Industrielle - All, ESIA, Universie de Savoie (second yeg second cycle). Top-
ics include deterministic signals, spectral analysis, dptal prediction, ltering
of random signals, digital Iters and binary random signals

(2005 - 2007) Vision par ordinateur ": | was in charge with seminars and
laboratories on computer vision at the department of Automégue et Informa-

tique Industrielle - All, ESIA, Universie de Savoie (third year, second cycle).
Topics include image segmentation, region segmentation,otgh transform,

pattern recognition and color gradient;
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(2006 - 2007) VTraitement d'image ": | was in charge with seminars and lab-
oratories on image processing at the department of PhysiqégpligLee et In-
strumentation - PAI, Polytech Savoie, Universie de Savae (third year, second
cycle). Topics include image representation (sampling, uary transforms),
smoothing and contrast enhancement, gradient operators,athematical mor-
phology and classi cation of multi-spectral images;

(2006 - 2007) Programmation orienee objet  ": | was in charge with lab-
oratories on object-oriented programming at the departmerof Genie Logiciel
et Services - GLS, Polytech Savoie, Universie de Savoiee(®nd year, sec-
ond cycle). | taught Java language with event management, gphical user
interfaces and UML modeling (Uni ed Modeling Language);

(2008 - 2009) Analyse et traitement d'image ™ | was in charge with
laboratories on image processing at the Faculty of Engineeg in Foreign
Languages (FILS), French language department, UniversityPolitehnica of
Bucharest. Topics include punctual operations, neighbodod processing, in-
tegral processing and mathematical morphology;

(2008-present) Programarea calculatoarelor " (Computer Programming):

| am in charge with the C language computer programming cowrsat EAII,
ETTI-UPB (rst year, license cycle). In 2008 | have conceive the course
and developed the support materials The course covers the introduction of
computational systems and computer languages, fundamehta programming
(operators, conditional and repetitive structures, strutural data types), func-
tions and recurrence, working with pointers and data les. bm also in charge
with the laboratories whose topics follows closely the coas;

(2008-2010) Arhitecturi pentru semnale multidimensionale " (Archi-
tectures for Multi-Dimensional Signal Processing): | wasicharge with the
course and laboratories for multi-dimensional signal pressing, department
EAIl, ETTI-UPB, master programme on \Imagini, Formesi Int eligend Arti-
ciah" - IFIA (Images, Pattern Recognition and Arti cial Intelligence). Topics
include image acquisition and image, video and audio codiisgstems;

(2008-2013) Vehnici avansate de prelucrarea si analiza imaginilor
(Advanced Image Processing and Analysis): | was in chargetlwithe image

Imaterials are available to students at the following link: http://imag.pub.ro/ ~bionescu/
index_files/Page328.htm
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processing and analysis course, department EAIl, ETTI-UPBmaster pro-
gramme on \Sisteme Inteligente si Vedere Arti ciah" - SIVA (Intelligent Sys-
tems and Computer Vision). | have conceived the class suppanaterials?.
Topics include color representation systems, geometricatmisforms, punctual
operations, linear and non-linear Itering, mathematicalmorphology and uni-
tary transforms;

(2009-present) \ndexarea contnutului vizual " (Indexing of Visual Con-
tents): | am in charge with the module on video indexing techgues, depart-
ment EAIl, ETTI-UPB, master programme on \Tehnici Avansate de Imag-
isti@ Digitah" - TAID (Advanced Digital Imagining). | h ave conceived the
course materials [26, 9] | also conduct the laboratories whose topics in-
clude video information, color analysis, video temporal gicture and motion
analysis;

(2010-present) Prelucrarea si analiza imaginilor color " (Color Image
Analysis and Processing): | am in charge with the module ondeo analysis
and processing, department EAIl, ETTI-UPB, master programrme on \Tehnici
Avansate de Imagistia Digitah" - TAID (Advanced Digita | Imaging) and
\Tehnologii Multimedia " Aplicaii de Biometriesi Sec uritatea Informaiei" -
BIOSINF (Multimedia Technologies for Applications in Biometrics and Infor-
mation Security). | have conceived the course materi&ls| am also in charge
with the laboratories of this module;

(2011-present) Interfatire vizuah om-masira " (Human-Computer Inter-
action): | am in charge with the module on hand gesture recodgion, depart-
ment EAIl, ETTI-UPB, master programme on \Tehnici Avansate de Imagis-
tia Digitah" - TAID (Advanced Digital Imagining) and \T ehnologii Multi-
median Aplicaii de Biometriesi Securitatea Informatei” - BIOSINF (Multi-

media Technologies for Applications in Biometrics and Infonation Security).
| have conceived the course module and support materials. @topics include
hand gesture modeling and computer vision techniques forgjere recognition;

(2011-present) Computer vision. Analiza informatei vizuale " (Com-
puter Vision. Analysis of Visual Information): | am in charge with the mod-
ule on geometric camera calibration, department EAIl, ETTUPB, master
programme on \Tehnici de Analiz, Modelare si Simulare patru Imagisti@,

’materials are available to students at the following link: http://imag.pub.ro/ ~bionescu/
index_files/Page328.htm
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Bioinformatiasi Sisteme Complexe" - ITEMS (Analysis, Modeling and Simu-
lation for Imagining, Bioinformatics and Complex Systems)| have conceived
the course module and didactic materials [10];

(2011-present) Proiect de cercetare si documentare " prelucrarea
imaginilor " (Research project on the review of the state-of-the-art inm-
age processing): | am in charge with the semester project anage process-
ing literature overview, department EAII, ETTI-UPB, master programme on
\Tehnologii Multimedia ™ Aplicaii de Biometrie si Sec uritatea Informaiei" -
BIOSINF (Multimedia Technologies for Applications in Bionetrics and Infor-
mation Security). | have conceived the curricula whose tops include student
familiarization with accessing research information, caeiving consistent re-
search reports, conceiving and writing of scienti ¢ arti@s and familiarization
with dedicated editing tools such as the Latex environment.
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Chapter 3

Research activity

My research activity started early back in high school (1997&vhen | have developed
for my accreditation project on informatics a software toofor medical image pro-
cessing. It integrated a broad range of techniques for contpu tomograph (CT)
processing and analysis. The passion for research contidweith my license degree
thesis (2002) followed by my master degree thesis (2003)vd®ped with Universie
de Savoie, France. After graduating, | have enrolled a joinloctoral programme
between University Politehnica of Bucharest and Universitde Savoie which | have
successfully completed in 2007. Following my PhD, my reseharcontinued during a
post doctoral position at the university. At present time, ny research is conducted
as part of my tenured associate professor position.

This section presents the impact of my research activity inerms of scienti c
publications, attendance to international benchmarking @mpaigns, attendance to
international committees, organizing international corgrences and scienti ¢ events
and international cooperation. These are in my opinion hidi important assets for
the ability of leading competitive research in the eld. A dé¢ailed description of my
most relevant research work is presented in Chapter 6.

3.1 Scienti c publications

The scienti ¢ research developed so far has been dissematatwith more than 90
scienti ¢ publications (the most signi cant ones are preseted in the bibliography
section), which can be grouped around the following categes:

3 annotated datesets were made publicly available to the community to
support reproducible research (e.g., MediaEval Benchmanky Initiative for
Multimedia Evaluation data: search result diversi cation dataset [1], violent
scene detection dataset [2]; and multiple-instance basettl®o surveillance re-
trieval dataset [3]);

3 edited publications : a book volume (Springer Advances in Computer
Vision and Pattern Recognition), a conference proceedingslediaEval Mul-
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Citation indices Citations to my articles
All | Since 2009

Citations 340 292 I I
h-index 9 3 i . - m - . I I
2008 2011 2014

110-index 9 3 005

Figure 3.1: Citations of my work according to Google Scholdaccessed on 12-08-
2014).

timedia Benchmark Workshop, ACM Multimedia) and an upcomiig special
issue (Elsevier Image and Vision Computing - Impact Factor.2);

3 books (e.g., \Editura Tehni@a" and \MatrixRom" publishing hous es);

8 book chapters (e.g., Springer Lecture Notes in Computer Science, 1GI
Global, Springer Advances in Computer Vision and Pattern Rmgnition);

16 international journal articles (e.g., SPIE Journal of Electronic Imaging
- Impact Factor 1.1, Multimedia Tools and Applications - Im@ct Factor 1,
Eurasip Journal on Image and Video Processing - Impact Facet0.6, Eurasip
Journal on Applied Signal Processing - Impact Factor 0.8, Acemy Publisher
Journal of Multimedia, etc);

60 international conference articles (e.g., ACM International Conference
on Multimedia - MM, ACM International Conference on Multimedia Retrieval

- ICMR, ACM International Conference on Multimedia Systems- MMSys,

IEEE International Conference on Acoustic, Speech and SighProcessing -
ICASSP, IEEE International Conference on Image ProcessinrgCIP, Interna-

tional Conference on MultiMedia Modeling - MMM, International Conference
on Information Fusion - Fusion, International Workshop on ©ntent-Based
Multimedia Indexing - CBMI, International Workshop on Adaptive Multime-

dia Retrieval - AMR, IEEE International Conference on Inteligent Computer
Communication and Processing - ICCP, IEEE International Syiposium on
Signals, Circuits and Systems - ISSCS, etc);

A quanti cation of my research impact in the community is thenumber of cita-
tions, which according to Google Scholaris above 340, whereas the h-indéxs 9
(last accessed on 12-08-2014). Some statistics are presénh Figure 3.1.

Lhttp://scholar.google.ro/citations?user=11cvotAAAAA J&hl=en.
2http://en.wikipedia.org/wiki/H-index.
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3.2

International benchmarking

Some of the developed algorithms have been tested in sevensrnational bench-
marking campaigns to position them with respect to existingtate-of-the-art. | have
attended to the following campaigns:

3.3

2006: ARGOS Evaluation Campaign for Surveillance Tools of Video Contén
(algorithms for video temporal segmentation);

2008: Trecvid - BBC Rushes Summarization Campaign (algorithms for au-
tomatic video summarization);

2011:MediaEval Benchmarking Initiative for Multimedia Evaluation - Genre
Tagging Task (algorithms for automatic video genre taggingf Web videos);

2012:MediaEval Benchmarking Initiative for Multimedia Evaluation: Genre
Tagging Task (algorithms for automatic video genre taggingf Web videos -
best run ranked 2nd out of 29 runs, best system non-organizeonnected);
A ect Task: Violent Scenes Detection (algorithms for automatic violence de-
tection - best system, best run ranked 1st out of 35 runs); anSipoken Web
Search Task (algorithms for automatic speech retrieval);

2013:MediaEval Benchmarking Initiative for Multimedia Evaluation: A ect
Task: Violent Scenes Detection (algorithms for automaticislence detection);
Retrieving Diverse Social Images Task (algorithms for sedr result diversi -
cation); and Spoken Web Search Task (algorithms for automat speech re-
trieval);

2014:MediaEval Benchmarking Initiative for Multimedia Evaluation: A ect
in Multimedia: Violent Scenes Detection (algorithms for atomatic violence
detection) and Retrieving Diverse Social Images Task (algthms for search
result diversi cation).

International committees

The recognition of my scienti ¢ activity allowed me to join ©me of the major sci-
enti c communities in the eld, namely:

associate editor for the Academy Publisher Journal of Multimedia;

reviewer for:
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Scienti ¢ Bulletin of University Politehnica of Bucharest (SCOPUS);
SPIE Journal of Electronic Imaging (ISI, Impact Factor 1.1)
IS&T Journal of Imaging Science and Technology (ISI);

IEEE Transactions on Image Processing (ISI, Impact Factor.2);

Lot T et W et WY s S st )

IEEE Transactions on Circuits and Systems for Video Technogy (ISI,
Impact Factor 1.8);

IEEE Transactions on Multimedia (I1SI, Impact Factor 1.8);
Multimedia Tools and Applications (ISI, Impact Factor 1);
IEEE Signal Processing Letters (ISI, Impact Factor 1.7);
IET Computer Vision (ISI, Impact Factor 0.6);

Journal on Evolving Systems (SCOPUS);

Lt T et WY ot WY et WY et W S ]

SPIE Optical Engineering (ISI, Impact Factor 0.9).
technical program committee  for:

{ European Signal Processing Conference - EUSIPCO 2012, 2848 2014;

{ International Workshop on Content-Based Multimedia Indeing - CBMI
2012, 2013 and 2014;

{ ACM International Conference on Multimedia - MM 2012 and 204;

{ Workshop on Information Fusion in Computer Vision for Concet Recog-
nition, European Conference on Computer Vision - ECCV 2012,

{ European Workshop on Visual Information Processing - EUVIR013 and
2014;

{ MediaEval Benchmarking Initiative for Multimedia Evaluation 2013 and
2014;

{ IEEE International Conference on Acoustics, Speech, andgdial Process-
ing - ICASSP 2014,

{ International Workshop on Social Media Retrieval and Analgis, ACM
Special Interest Group on Information Retrieval - SIGIR 204,

{ IEEE International Conference on Image Processing, Thegryools and
Applications - IPTA 2014,

{ Paci c-Rim Conference on Multimedia - PCM 2014.

20



3.4 International conferences and events

During my career, | have been invited to be involved with orgaizing of several
major conferences and events in the eld, namely:

2010: co-chair and organizer of the workshop \Electronics, Telecommu-
nications and Information Technology in the World and in Romania", Di-

aspora Conference on Higher Education and Scienti c Resehlr University

Politehnica of Bucharest;

2009-2013chair for doctoral symposiums, PhD POS-DRU funded programmes,
University Politehnica of Bucharest;

2012: local arrangements chair  for the 20th European Signal Processing
Conference - EUSIPCO, Bucharest-Romania,

2012:chair for \Biomedical Image Analysis" and \Remote Sensing and Geo
graphic Signal Processing"” sessions at EUSIPCO, Bucharé&mania;

2012: publication co-chair  for the 10th International Workshop on Content-
Based Multimedia Indexing - CBMI, Annecy-France;

2012: co-organizer and co-chair of the special session \Automatic Indexing
of Internet Multimedia™ at CBMI, Annecy-France;

2012: co-organizer of the workshop \Information Fusion in Computer Vision
for Concept Recognition” at the European Conference on Comier Vision -
ECCV, Firenze-Italy;

2013: proceedings co-chair for ACM International Conference on Multime-
dia - MM, Barcelona-Spain;

2013-2014: co-organizer of the A ect Task: Violent Scenes Detection @
MediaEval, Barcelona-Spain;

2013-2014:lead organizer of the Diversity in Social Photo Search Task @
MediaEval, Barcelona-Spain;

2013: co-organizer of the Workshop on Event-based Media Integration and
Processing, co-located with ACM Multimedia, Barcelona-3pn;

2013: chair for \Image Processing II" session at IEEE ISSCS, lasi-Ronma;
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2013: awards and sponsorship co-chair for MediaEval 2013 Multimedia
Benchmark Workshop, co-located with ACM Multimedia, Barctona-Spain;

2013:coordinator of the panel session on \Future trends in events for media”
at the Workshop on Event-based Media Integration and Procsmg, co-located
with ACM Multimedia, Barcelona-Spain;

2014: local arrangements co-chair for IEEE International Conference on
Image Processing - ICIP, Paris-France;

2014: co-organizer of the Workshop on Human-Centered Event Understand-
ing from Multimedia, ACM Multimedia, Orlando-USA.

3.5 International cooperation

My research activity so far allowed me to establish a vast ngbrk of collabora-
tors around the world, e.g., Universie de Savoie - FrancePfof. Patrick Lambert),
Tebcom ParisTech - France (Prof. Beatrice Pesquet-Popseu), Universie de Bor-
deaux - France (Prof. Jenny-Benois Pineau), LIG Grenoble -r&nce (Research
director at CNRS George Quenot), TU Delft - The Netherlands(Senior researcher
Martha Larson), Queen Mary University of London - UK (Senioresearcher Tomas
Piatrik), Dublin City University - Ireland (Prof. Gareth Jo nes), University of Trento
- Italy (Prof. Nicu Sebe, Prof. Fausto Giunchiglia, Prof. Fancesco De Natale), Uni-
versity of Applied Sciences Western Switzerland (Prof. Hamg Muller), Johannes
Kepler University - Austria (Assoc. Prof. Markus Schedl), €chnicolor France (Se-
nior researcher Claire-Heene Demarty), University of Texas at San Antonio - USA
(Prof. Qi Tian), University of Edinburgh - UK (Assoc. Prof. Subramanian Ra-
mamoorthy), University of Houston - USA (Prof. loannis Kakaliaris), CERTH
Greece (Senior researcher Yiannis Kompatsiaris), Kiel Umrsity - Germany (Prof.
Ansgar Scherp), etc.

This is in particular important for keeping a permanent conact with the in-
ternational community and accessing a competitive resed&wenvironment (e.g., for
students).
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Chapter 4

Student coordination

In what concerns my ability of coordinating didactic and resarch activities, | have
successfully coordinated/currently coordinating more tan 3 license degree thesis,
17 master degree thesis, PhD research for 7 students as wesllaapostdoctoral re-
searcher. 17 of these thesis were developed jointly with uersities abroad, e.g.,
Universie de Savoie, Universie Paris-Est, University of Trento, Teecom ParisTech,
the students bene ting from local scholarhips as well as S@ates/ERASMUS mobil-
ity grants (I was in charge for 6 Socrates/ERASMUS mobility gants). A detailed
list of the developed projects is presented in the followingections.

4.1 License degree thesis

(2007-2008)Alexandra Racureanu : \Symbolic Description of the Action
Content in Animated Movies", developed jointly with LISTIC, Polytech'Savoie,
Annecy-France (Prof. Patrick Lambert);

(2008-2009Alexandru Marin  : \Investigations on Applying Stein's Principle
for SENSE pMRI Reconstruction in the Wavelet Domain", develped jointly
with LI, University Paris-Est, \Gaspard Monge" Institute, France (Prof. Jean-
Christophe Pesquet, C.R. CNRS dr. eng. Caroline Chaux);

(2008-2009Cosmin lon-Petrescu : \Motion Estimation Techniques in Video
Indexing”, LAPI, University Politehnica of Bucharest, Romania.

4.2 Master degree thesis

(2009-2010Diana Grama : \People Detection using Contour Information in
Video Surveillance Videos", LAPI, University Politehnicaof Bucharest, Ro-
mania;

(2010-2011)VIad Dima : \A 3D System for Navigating through Multimedia
Databases", LAPI, University Politehnica of Bucharest, Rmania;
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(2010-2011)George Zaharia : \Video Quality Assessment”, LAPI, University
Politehnica of Bucharest, Romania;

(2011-2012)Bogdan Alecu : \Robust Background Substraction”, developed
jointly with LISTIC, Polytech Annecy-Chambery, Annecy-France (Prof. Patrick
Lambert, Dr. Michel Cintract) and in cooperation with Eboo Slutions (pri-
vate company developing video surveillance solutions). &ates-ERASMUS
mobility;

(2011-2012)lulia Cazan : \Video Genre Classication”, developed jointly
with LISTIC, Polytech Annecy-Chambery, Annecy-France (Pof. Patrick Lam-
bert). Socrates-ERASMUS mobility;

(2011-2012)Anca-Livia Radu : \Crawling Media for Tagging Locations on
Large Scale", developed jointly with Department of Informtaon Engineering
and Computer Science, University of Trento, Italy (SR Julia Swttinger, Prof.

Fausto Giunchiglia);

(2012-2013)Caloa Anamaria - Mihaela  : \Automatic Multimedia Catego-
rization", LAPI, University Politehnica of Bucharest, Romania;

(2012-2013)Irina-Emilia Nicolae : \Versatile Layered Video Coding based
on Scalable Distributed Video Coding", developed jointly wh the Multimedia
Group, Teecom ParisTech, France (Prof. Beatrice PesquePopescu);

(2012-2013)Corina Macovei : \Multilateral Layered Video Coding Based on
Distributed Video Coding and Scalable Distributed Video Cding", developed
jointly with the Multimedia Group, Teecom ParisTech, Fr ance (Prof. Frederic
Dufaux);

(2012-2013Andrei Puri@ : \View Synthesis Techniques in Multiview Video
plus Depth Coding", developed jointly with the Multimedia Group, Teecom
ParisTech, France (Prof. Beatrice Pesquet-Popescu);

(2012-2013)lonut Dt : \Detection and Localization of Objects in Im-
ages", developed jointly with the MHUG group, University ofTrento, Italy
(SR Jasper Uijlings, Prof. Nicu Sebe);

(2013-2014)Bogdan Boteanu : \Enforcing Diversity in Photo Retrieval”,
LAPI, University Politehnica of Bucharest, Romania;
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(2013-2014)Andrei Filip : \Large-Scale Concept Detection in Videos", de-
veloped jointly with LISTIC, Polytech'Savoie, Annecy-France (Prof. Patrick
Lambert). Socrates-ERASMUS mobility;

(2013-2014)Nachlina Td : \Mining Events from Social Media using Vi-
sual Content, Contextual Information and Event Saliency Mdels", developed
jointly with the MultiMedia Signal Processing and Understading Lab, Uni-
versity of Trento, Italy (Prof. Francesco de Natale, Asso®rof. Giulia Boato);

(2013-2014Mihai Pwscas : \Logo/Commercial Detection", developed jointly
with the MHUG group, University of Trento, Italy (Prof. Nicu Sebe);

(2013-2014)VIad Ruxandu : \A Study on Holographic Compression Tech-
niques”, developed jointly with the Multimedia Group, Teecom ParisTech,
France (Prof. Beatrice Pesquet-Popescu). Socrates-ERAS mobility;

(2013-2014)loan Chera : \Multimedia Browsing Interfaces”, LAPI, Univer-
sity Politehnica of Bucharest, Romania.

4.3 Doctoral research

(2012 - 2013)lonut Mironi@a  : \Fisher Kernel Paradigm in the Context of
Image Retrieval”, research stage at the Department of Infaration Engineer-
ing and Computer Science, University of Trento, Italy (SR Japer Uijlings,
Prof. Nicu Sebe). Socrates-ERASMUS mobility. PhD superws Prof. Radu
Dogaru;

(2012 - 2015)Galin Mitrea  : \Content-based Multimedia Retrieval using
Cellular Neural Networks", University Politehnica of Buctarest. PhD super-
visor Prof. Radu Dogaru;

(2012 - 2015)Anca-Livia Radu : \Large Scale Media Analysis via Media
Fusion and Crowdsourcing”, co-tutelle thesis between Ureysity Politehnica

of Bucharest, supervisor Prof. Corneliu Burileanu; and Urersity of Trento,

supervisor Prof. Fausto Giunchiglia and co-advisor AssocProf. Bogdan
lonescu;

(2013 - 2016)Andrei Puri@ : \Semantic Video Coding", co-tutelle the-
sis between University Politehnica of Bucharest, superas Prof. Corneliu
Burileanu; and Teecom ParisTech, supervisor Prof. Freeric Dufaux and
Prof. Beatrice Pesquet-Popescu;
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(2013 - 2016)lonutDwt  : \Crossmedia Knowledge Extraction”, University
of Trento, supervisor Prof. Nicu Sebe and co-advisor Asso®rof. Bogdan
lonescu;

(2012 - 2015)oana Dumitrache : \Natural Computing for E cient Pattern
Recognition in Medical Imaging”, University Politehnica & Bucharest. PhD
supervisor Prof. Radu Dogaru;

(2013 - 2016)Camelia Moldovan : \Natural Computing with Applications
in Bioinformatics", University Politehnica of Bucharest. PhD supervisor Prof.
Radu Dogaru.

In particular, I am o cially co-advisor of two PhD students, Anca-Livia Radu
and lonutDuad, at the University of Trento, Italy.

4.4 Postdoctoral research

(2014 - 2015)onutMironi@a  : \Large Scale Content-Based Search of Multi-
media Information”, LAPI - Video Processing Group, Univergy Politehnica of
Bucharest. Scholarship under POS-DRU InnoRESEARCH, granD132395.
Supervisor Assoc. Prof. Bogdan lonescu.
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Chapter 5

Projects and strategic programmes

My research activity after nalizing the PhD was conducted & part of several re-
search and strategic projects/programs, namely:

5.1 Medical imaging and systems

2006-2008researcher , CEEX research grant \Digital Radiologic Image Anal-
ysis for the Monitorization of Orthopaedic Prosthesis", ower LAPI-University
Politehnica of Bucharest;

2007-2009researcher , research grant \Using Dog Cancer Model as Clinical
Pretrial for Human Oncology", PRECLIN, owner The Oncologidnstitute from
Bucharest-Romania;

2008-2011:in-charge with research at UPB, CNMP research grant \In-
tegrated System for Real-Time Assistance During the SurgtAct Through
3D Image Reconstruction and Visual Synchronization with Meae Commands”,
SIATRACH, owner University of Medicine and Pharmaceuticad \Carol Davila"
from Bucharest;

2012-2015:researcher , UEFISCDI research grant \SRSPIRIM - New Inno-
vative System for Radiation Safety of Patients Investigat by Radiological
Imaging Methods, based on Smart Cards and PKI Infrastructes"”, owner
ETTI - University Politehnica of Bucharest with partners: SC. CertSIGN
S.A. and \Carol Davila" Military Hospital, Bucharest.

5.2 Content-Based Indexing of Multimedia Doc-

uments

2007-2009:principal investigator , CNCSIS research grant \Content-Based
Semantic Retrieval of Video Documents, Application to Nagation, Research
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and Automatic Content Abstraction”, RP-2, owner LAPI, University Po-
litehnica of Bucharest;

2013-2015: principal investigator , UEFISCDI Innovation axis, product-
oriented grant, \Smart Video Surveillance System with Autonatic Localiza-
tion of Target Events" SCOUTER, owner UTI Grup, partner LAPI, University
Politehnica of Bucharest.

5.3 Networking

2006-2008:researcher , CEEX excellences project \The Software Infrastruc-
ture for the Data Acquisition System of the ATLAS Experiment, owner

\Horia Hulubei" Romanian National Institute for Nuclear Physics, partners
CERN-Geneve and LAPI-Bucharest.

5.4 Software development

2010-2013management team - project assistant, European Structural Funds,
POS-CCE RECOLAND, ID519, owner University Politehnica of Bicharest.

5.5 Strategic programmes

2008-2011:1T expert , project \Knowledge-Based Competitive Training of
PhD Students in the Main Domains of Our Society", European $uctural
Funds POS-DRU project, owner University Politehnica of Buarest, PhD
Scholarships Programme, ID7713;

2009-2012:IT expert , project ProDOC, \Competitiveness and Performance
in Scienti c Research through High Quality PhD Programme”, European

Structural Funds POS-DRU project, owner University Politdnica of Bucharest,
PhD Scholarships Programme, ID61178;

2010-2013implementing expert , project PROMISE, \An Integrated Mas-
ter's Degree Programme in the Fields of Sound, Image and Minttedia En-
gineering", European Structural Funds POS-DRU project, oner University
Politehnica of Bucharest, Master Programme, 1D61178;

2010-2013:short-term implementing expert , project ITEMS, \Analysis,
Modeling and Simulation Techniques for Imaging, Bioinformtics and Sys-
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tems", European Structural Funds POS-DRU project, owner Unersity Po-
litehnica of Bucharest, Master Programme, 1D61756;

2012-2015:management team , project CAMPUS, \University Politehnica
of Bucharest - Center for Advanced Research on Materials, dlucts and Inno-
vative Processes", European Structural Funds POS-CCE pmegt, owner Uni-
versity Politehnica of Bucharest, ID956;
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Chapter 6

Relevant research results

During my 12 years of research, | have mainly worked in the ae of multidimen-
sional signal processing, i.e., image, video and multimedprocessing and analysis.
My contributions can be grouped around three main topics, maely:

human-computer interaction
medical imaging
content-based indexingand information retrieval).

My major research direction is however the work omontent-based indexingand
information retrieval (known also as data indexing).

This chapter details the most important achievements on tisitopic. The presen-
tation will focus mainly on the results obtained after my PhD However, due to the
fact that some of them rely on some previous research, for tsake of readability, |
will brie y introduce those as well.

To situate my contributions, the following part consists ofa brief introduction
of the indexing concept.

6.1 Data indexing formalization

In general, the concept of data indexing is related to the nmin of data annotation
Data annotation is the process of describing data content thi additional informa-
tion, signi cantly reduced in size compared to the initial cata, but however enough
representative to preserve the key speci city of that data.These information are
known asdescriptorsor indexes.

Within a large collection of data, data without associated @ntent descriptions is
basically unaccessible for the common user, without the sikility of being included
in the search mechanism. Let's take for example a common leysgem of any
personal computer where information is preserved on someoisige devices, e.g.,
hard drive, external memory, etc. Without the le indexing g/stem that is integrated
in the operating system, data is basically a collection of Ond 1 with no specic
meaning for the user. Although the information is there, it$ basically unaccessible
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Dataset User interface
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Figure 6.1: The components of a general purpose content-bdsindexing system
(arrows depict the interaction between di erent blocks) [9.

for a (common) user. Enhancing this information with contenindexes, such as
appurtenance to a certain le, folder, information about catent type, date, etc will
allow further for data indexing and content-based search tiie needed information.

Data annotation is critical for the indexing mechanism but$ however not su -
cient. The annotations themselves are only additional datdypically low-level, i.e.,
numbers. To access the actual information, the user needs ltave some additional
tools that convert those data into a mechanism for visualing and searching. The
other two components of an indexing system are therefore amformation browsing
systemfor visualizing data and asearching mechanism

The diagram of a general purpose content-based indexing & is depicted in
Figure 6.1. The typical content-based retrieval mechanisiworks as follows:

content description : in a rst stage, content descriptors are computed for
the entire dataset. Descriptors are typically low-level iformation about the
properties of the data, e.g., color-texture-shape inforntian for images, audio
parameters for sound, motion information for video, etc; oeven high-level
descriptors such as textual descriptions. This process istmecessarily time
restricted and can be performed o -line before the system started for the rst
time. Also, depending on the data, e.g., for video, contenummarization can
be performed. This will provide the possibility of quickly vsualizing contents
for browsing;

user query : the user species the needed information via the formulain of
a search query. There are various approaches to formulate aegy, e.g., with
textual descriptions of the requested data (which is one ohé most popular),
by providing examples, by gestures, miming, etc;
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guery conversion to descriptors : the system converts the query in content
descriptors using the same mechanism as for the dataset dgsors;

search: the actual search is carried out by exhaustively comparinthe de-
scriptors of the query with the descriptors of the dataset. fis is performed
using a certain similarity measure, e.g., most commonly a slance metric.
The results yielding the lowest distance score are provided an ascending
order to the user as being the most representatives for theaseh;

user interaction : search results are provided to the user via the browsing
system that uses an intuitive data visualization interface Optional, search
results can be re ned and improved using users' feedback alitheir relevance,
technique known as relevance feedback.

My research provided contributions to all these componentsf a content-based
retrieval system as well as solutions to solve this paradigin some particular appli-
cation domains. These contributions are:

algorithms for video temporal segmentation . temporal segmentation
means decomposing the video into its temporal units or shotd his is com-
monly used as a pre-processing step for any other higherdéanalysis. My
major contributions were in the development of cut, fade andissolve detection
algorithms (presented in Section 6.2);

algorithms for video content description . | have developed a number of
techniques for representing color and action informatiomivideos, contributed
to a technique for capturing temporal variation as well as tanulti-modal
description and fusion (text-audio-visual; presented ine&tion 6.3);

algorithms for video summarization  : visualization of video data for video
browsing requires e cient summarization tools. My contritution consisted in
the development of algorithms for video summarization andideo skimming
(presented in Section 6.4);

algorithms for video genre tagging : | have contributed to the development
of a system that allows for the indexing of video materials aording to video
genres (e.g., movies, music, sports, etc). The researchgeted the particular
case of web speci ¢ video materials. | have also developedeghinique for the
automatic detection of the animated video genre (presentad Section 6.3.1);

algorithms for violent scenes detection : | have contributed to the de-
velopment of an indexing system for the automatic identi con of violence
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scenes in typical Hollywood productions. Moreover, | co-oodinated an eval-
uation benchmarking campaign on this topic (presented in $gon 6.5);

algorithms for search result diversi cation . typical content-based re-
trieval focuses on the relevance of the results. However etliser is not always
interested in obtaining identical replicas of the search auies. | have con-
tributed to the development of several approaches for divafying the search
results in order to cover dierent topics of the query. | alsoinitiated and
organized an evaluation benchmarking campaign on this tapipresented in
Section 6.6);

algorithms for relevance feedback : | have contributed to the development
of several relevance feedback techniques that exploit ugeedback to improve
the relevance of image/video search results (presented iecion 6.7);

multimedia browsing systems : | have contributed to the development of
several video and multimedia browsing interfaces that alles for a virtual
representation of the datasets and interactive user experice (presented in
Section 6.8).

6.2 Video temporal segmentation

Most of the existing video analysis techniques rely on tempad segmentation as a
preliminary processing step, because it provides a basicdanstanding of the movie
temporal structure. At its highest level of granularity, temporal segmentation means
parsing the video into its basic temporal units owideo shots A shot is de ned as
a continuous sequence of frames recorded between a cameriéckvon and 0. In
order to constitute the nal video (usually denoted the nal cut), in the editing phase
video shots are linked together by means efdeo transitions From this perspective,
temporal segmentation roughly means detecting the videoansitions that make the
connection between consecutive shots.

There are two categories of video transitions: sharp and giaal. The most
frequent are thesharp transitions or cuts. A cut is a direct concatenation of two
consecutive shots and produces an important visual discambity in the visual ow.
Depending on video genre, 30 minutes of video may account gy to 300 cuts [28].
On the other hand, there are thegradual transitions such as fades, dissolves, mattes,
wipes, etc [29]. Gradual transitions are short e ects. Theioccurrence frequency in
the sequence is more reduced, being at least one order meadass than cuts.

From the gradual transitions, the most commonly used withinentertainment
videos are thefadesand dissolves Fades are a gradual emerging of a certain image
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from a constant image, typically black (i.e., a fade-in se@nce) or vice-versa, the
gradual disappearance of an image into a black frame (i.e.,fade-out sequence).
Dissolves are closely related to fades (at some level theyndae perceived as the
superposition of a fade-out with a fade-in transition) andnvolve a gradual transi-

tion at pixel-intensity level of a certain image into anothe [30]. Compared to cuts,
for which most of the actual detection techniques are highlgccurate and common
detection ratios are above 95% (see early TRECVid campaig8l]]), gradual transi-

tions are much di cult to detect. This is mainly due to the highly complex content

transformations involved. Dissolve detection is one of thstill open issues, current
detection ratios being in average situated around 80%.

6.2.1 Cut detection

During my PhD | have developed an algorithm for the detectiorf cut transitions
that exploits second order derivatives of histogram distares between consecutive
frames and adaptive thresholding [28].

6.2.2 Fade detection

| have also improved a fade detection that exploits the specisignature of the
variance and mean values of the intensity and chromatic imagsignals. This work
was also conducted during my PhD [22].

6.2.3 Dissolves detection

After my PhD | have continued this direction in order to solvethe more complex
problem of dissolve detectioh As for the previous cases of cut and fade detection,
research was carried out in the particular case of animatedavies.

Artistic animated movies are very di erent from natural movies and even car-
toons in many respects [25]. First, they are created usingage variety of animation
techniques: paper drawing, salt animation, 3D synthesis,uppet animation, etc.
Therefore, contrary to natural movies, many animated moviare created frame by
frame thus a ecting the continuity of the visual ow. In the dissolve context, this

lthis work was developed in cooperation with Prof. Patrick Lambert, from LISTIC, Universie
de Savoie, Annecy-France. The presented results were pubhed in:

[23] B. lonescu, C. Vertan, P. Lambert, \ Dissolve Detection in Abstract Video Contents, IEEE
ICASSP - International Conference on Acoustic, Speech and i§nal Processing, Prague, Czech
Republic, 22-27 May, 2011,

[11] B. lonescu, P. Lambert, \ An Intensity-Driven Dissolve Detection Adapted to Synthetc Video
Contents", SPIE - Journal of Electronic Imaging, 22(2), 023011, 2013
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may rend ine cient the general assumptions on the gradual oparabolic evolution
of some intensity-based parameters, like the variance [33RAlso, this a ects the
motion content which is usually discontinuous (e.g., stop otion). Each animated
movie has a specic color palette, as colors are selected amiked by the artists
to express particular feelings. Therefore, there is a strgrcolor similarity between
shots. We mainly deal with ction or highly abstract movies,rich in visual e ects.
Usually, events don't follow any physical rules: characterappear/dissapear, they
can take any shape, color, etc. Contour/edge information eimges often from one
image to another and exiting/entering contour pixels may nbnecessarily be related
to dissolve transitions [34]. Overall, we deal with very copiex visual contents and
particularly, dissolve transitions usually show atypicabpatterns.

Contribution to state-of-the-art

To address these constraints, we proposed a straightforwlae cient dissolve detec-

tion [23, 11} that exploits the hypothesis advanced in [35] according to hich the

pixel intensity in terms of amount of fading-out and fadingin pixels should be high
during dissolves. The main novelty of our method is in the wawe carry out the lo-

calization of the dissolves within the discontinuity funcion. Instead of just applying

a global threshold, as most of the existing approaches do, wee a twin-thresholding
approach and the shape analysis of the signal. This approaahows to reduce false
detections caused by steep intensity uctuations (due to riee, movement, visual
e ects, etc), as well as to retrieve dissolves caught up intoér visual e ects or scene
movements (very frequent in animated movies). Additiona}i to overcome the re-
straint visual continuity of the animated movies, fading-oit and fading-in pixels are
selected at intensity level from a reduced time window of oplseveral frames.

Algorithm

For the detection, we use only pixel intensity information Wich is obtained with the

Y luminance component after converting initial RGB images to¥ CbCr color space
(Y - intensity, Cb, Cr - chromatic components). The method diagram is presented
in Figure 6.2.

For each analyzed frame at time indeX, denoted Iy, we rst determine the
number of fading-out pixels (denoted= OPy), i.e., pixels whose intensity decreases
during next w frames, and fading-in pixels (denoteé | P ) whose intensity increased
during previousw frames. Due to the reduced visual continuity of animated mass,

2a demo of the system is available here:http://imag.pub.ro/ ~bionescu/index_files/
DemoDissolves.wmv
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Figure 6.2: Diagram of the proposed dissolve detection [1{l]x is the frame at
time index k, N is the sequence lengthFP represent the fading pixels, 12;3
denote frames from time windoww). Left image exempli es the twin-thresholding
mechanism used for the detection.

we have restricted the search window to only a few frames. Ahé beginning of the
dissolve there are moré& OP than FIP . As the rstimage starts disappearing, the
number of FOP increases but alsd=1P as the nal image starts to appear. Both
ratios reach their maximum for the middle frame of the disseé. Finally, as the nal

image emerges more and mor€&,|P become more predominant tharF OP, which

nally disappear in the end.

In animated movies the constant presence of displacementsdvements or of
color e ects make this process to be likely unbalanced, i,garoportions of FOP and
FIP are not equal during dissolve. Therefore, instead of moniiag high values
of FOP and FIP , independently, we determine a normalized visual discontiity
function by taking a simple ratio of the two values, thus:

(FOP+ FIPy)
FP, =
k H W

(6.1)

whereH W is the image size. De ned in this way, as stated before, idégl FP
should reach its maximum for the dissolve middle frame (wheboth shot images
are as much as visible).

The main novelty of our approach lies however in the way we agrout the
localization of a dissolve within theFP function. We propose the following twin-
thresholding approach:

Case |:if F Py for the current framel « is greater than a rst threshold, denoted
c1 (Certain Threshold), I ¢ is very likely to be the middle frame of the dissolve,
being characterized by, both, high values df OP, and FIP respectively. If
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this value is a local maximum (both, previous and next valueare decreasing),
then a dissolve is declared in the time intervalk] tnax =2;K + tmax =2], where
tmax IS @n average estimate of a maximum dissolve length;

Case Il : on the other hand, if FP¢ for image | is greater than a second
threshold, denoted 11 (Tolerant Threshold), but still beneath <1, then the
image is considered to be a potential dissolve middle framiéurther validation
is to be performed and consists mainly on the shape analysisFoP values in
the neighborhood of the framd .

In the case of a dissolve, values &fPy should decrease, both, on the positive
and negative time axis. Therefore, we seek for the time monisnl;; < k and
Trignt >k, whenF Py starts increasing again, thus:

FPTIeft < FPTlen 1 " FPTrigm < FPTright +1 (6-2)

To quantify the relevance ofF P, with respect to neighbor values, we compute
the height of the peak on both sides, thus:

Diert = JFP«  FPry i Dright = JFPx  FPr, | (6.3)

Similar to the previous case, we decide that a dissolve ocpedl in the time
interval [k tmax =2; K + tmax =2] if the distance values are greater then a fraction of
F Py, that is:

Dift > 05 FP, » Dright > 05 FPy (64)

In this way, we ensure thatF Py is a local maximum, signi cant enough compared
to neighbor values and which has an increase on both sides oieast 50%, compared
to local neighbor minimum.

Intensity uctuations may also result in several represerdtive peaks of theF Py
function during the same dissolve. Therefore, we may by make select multiple
frames as dissolve middle frames within same transition. Tavoid this situation,
the nal step consists on fusing close overlapping dissosze

Validation results

To test our approach we have selected movies created with aghidiversity of ani-
mated techniques that fall in two categories of contents: ghly complex (abstract,
very complex visual contents, motion discontinuity - denad ") and average com-
plexity (average amount of visual e ects, motion content Iss discontinuous - denoted
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Table 6.1: Dissolve detection results [11].

| movie lcount | GD|FD| P | R |
"Ex-Enfant" " 75 65 8 89% | 86.7%
"Le Moine et le Poisson'$ 61 47 2 | 95.9% | 77.1%
"M. Pascal"" 98 76 2 | 97.4% | 77.6%
"Une Bonne Jourree"$ 19 19 0 | 100% | 100%
"Paradise"" 60 44 | 7 | 86.3% | 73.3%
"C ur de Secours" " 67 47 2 | 95.9% | 70.2%
"The Sand Castle"$ 72 62 2 1 96.9% | 86.1%

$ ). The test data set consists of 61 minutes of video footage cicontains a total
number of 452 dissolve transitions
To assess performance we use classic precision and recall:
GD GD

GD+FD’ "~ GD+ND (6.5)

whereGD is the number of good detections (True Positives - TP) D is the number
of false detections (False Positive - FP) andND is the number of non-detections
(False Negative - FN), whereGD + ND =452 (i.e., the total number of dissolves).
The detection results are summarized with Table 6.1.

Overall, we score 360 good detections and a very reduced n@nlof false de-
tections, i.e., only 23 (for most of the sequences 2). This leads to an average
precision of 94% and a recall of 78%. At sequence level, precision and recall
ranges from [863; 100]% and [7@®; 100]%, respectively. The highest detection ratio
is obtained for movie "Une Bonne Jourree" which has a more eessible content
(P = R = 100%), while the lowest detection ratio is obtained for thanovie "Par-
adise" due to its very complex content® = 86:26%,R = 73:33%).

We attempted to compare our approach against other referemenethods from the
literature. We use two con rmed approaches, namely: the asssment of the variance
of pixel intensities, which during dissolves should yield guadratic behavior [33],
and the use of Edge Change Ratio [34] for which edges were afea with a Canny
edge detector with automatic thresholding. The experimeat results proved that
classic methods tend to be rather ine cient when used on thigype of contents.

Figure 6.3 exempli es the three approaches for several regentative movies (for
brevity reasons, we limit to exemplify only four movies). Da to the discontinuous
nature of the motion content and to the presence of visual eats, variance of pixel

3movies are available for free preview or for purchasing at CTIA ( http://www.citia.info/ )
and/or on YouTube (http://www.youtube.com/ ).
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Figure 6.3: The proposed discontinuity functiorF P (in Red) [11] against intensity
variance (in Green, values are scaled to t the other functiss) and Edge Change
Ratio (in Black). Dissolves which were successfully detext are marked on the
temporal axis (0X) with vertical Red segments.

intensities do not follow a parabolic shape. Instead, it hagn unpredictable behav-
ior (see the Green line in Figure 6.3, e.g., movi€) or unexpectedly decreasing or
increasing during dissolves (e.g., movies, B or D). On the other hand, contour
information (i.e., ECR), whether for some particular cases it provides good disor
ination (similar to FP, see in Figure 6.3 the Black line for movi€), in general is
either non-discriminant (see movieA whereECR has small values during dissolves)
or highly sensitive to noise and visual changes (see moviieeand D where important
peaks are due not to dissolves but to noise, fading e ects amiportant changes in
object structure).
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Table 6.2: Dissolve detection processing time [11].

| image size (pixels) | frames/s | time processing 10 min.|

60 45 134 112s

120 90 128 117s

240 180 94 160s

480 360 72 208s

740 480 (original) 43 349s

On the other hand, the proposed method provides good resulits all situations
(see the good detections in Figure 6.3). Thanks to the shapaalysis, which adapts
to local contents, it is discriminant enough to retrieve disolves even when mixed-
up with motion (see the Red line in Figure 6.3, e.g., the rst dtected dissolve in
movie B or the second detected dissolve in movie which are successfully separated
from camera movement) and to avoid false detections (see n®¥ where camera
movement and other visual e ects are not taken as dissolvegspite their highFP).

The achieved results are very promising considering the deculty of the test
sequences or even compared to existing approaches, whicpligg to natural movies
achieve average detection ratios around 80%.

Finally, the proposed approach provides also good compuianal performance.
Table 6.2 presents the results obtained on a regular laptopmputer, CPU Intel(R)
Core(TM) i5 M460@2.53GHz, 4GB of RAM running on Microsoft Widows 7 -
64 bit (for calculations we consider a frame rate of 25 frame®er second). The
presented processing time includes also the delays causgdHhe visual interface, as
images are displayed as being processed (application depeld under Borland C++
Builder 6). For instance, at a frame resolution of 12090 pixels it achieves more than
128 frames per second (5 times faster than real time). Comgalr to using original
frame resolution, it is three times faster, for the later we @hieve only 43 frames per
second. Nevertheless, even in this case, the detection penis almost twice faster
than real time. In terms of detection errors, we obtain restd very similar at all
scales, therefore, by reducing the image size we increase gierformance e ciency.

Conclusions and future work

We proposed a dissolve detection approach that addresses thpeci city of the
animated videos. The proposed method exploits pixel intetiges in terms of amount
of fading-out and fading-in pixels. The main novelty of our rathod is in the way
we carry out the localization of the dissolves within the dontinuity function. We
use a twin-thresholding mechanism and the shape analysistbé signal.
Experimental tests conducted on more than 452 dissolve traitions show the
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potential of this approach in cases where traditional mettas (adapted to natural
movies) tend to fail. It allows to reduce false detections ased by steep intensity
uctuations (e.g., due to noise, movement, visual e ects, te), as well as to retrieve
dissolves caught up in other visual e ects or scene movemsnfvery frequent in
animated movies) leading to precision and recall ratios upt100%. In terms of
computational complexity, the proposed method performs & times faster than
real time on a regular computer.

The method seems to be less e cient when dealing with some yecomplex
scene changes and fade transitions that involve camera mment and special e ects.
Another limitation is the impossibility of determining the exact dissolve boundaries.
Future work will mainly consists on addressing this limitaton by investigating the
behavior of various features in the neighborhood of the stéend frames of a dissolve.

6.3 Video content description

As introduced at the beginning of this chapter, the contenbased retrieval mecha-
nism relies mainly of the data annotation process, i.e., theomputation of content

descriptors. Content descriptors should be computed to besaepresentatives as
possible for the underlying contents, invariant to variousransformations and noise
as well as in the same time e ciently represented (i.e., redted in size). Their rep-
resentative power in uence dramatically the performancefahe retrieval [9]. For

multimedia data, content descriptors can be extracted frorthree major information

sources:visual (e.g., information about colors, shape, texture, motion)audio (e.g.,

information that can be extracted from sound, such as speeemd music parame-
terization) and text (e.g., information from inlaid image text, subtitles, assoiated

metadata, text obtained with speech recognition, etc).

6.3.1 Multimodal content description

One of my rst contributions to content description was in the area of multi-modal
video representation with visual and audio informatiofy

“this work was developed in cooperation with Dr. Klaus Seyerhner, from Department of Com-
putational Perception, Johannes Kepler University, Linz-Austria, Dr. Christoph Rasche, Dr. lonut
Mironi@, Prof. Constantin Vertan, from LAPI, University  Politehnica of Bucharest, Romania, and
Prof. Patrick Lambert, from LISTIC, Universie de Savoie, Annecy-France. The presented results
were published in:

[16] B. lonescu, K. Seyerlehner, C. Rasche, C. Vertan, P. Lambert, Video Genre Categorization
and Representation using Audio-Visual Information", Journal of Electronic Imaging, 21(2), 2012.

[4] B. lonescu, K. Seyerlehner, 1. Mironi@, C. Vertan, P. Lambert, \ An Audio-Visual Approach to
Web Video Categorizatior!’, Multimedia Tools and Applications, 70(2), 2014.
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Contribution to state-of-the-art

We developed and adapted a certain number of techniques fardao, temporal struc-
ture, color content and spatial structure representation16, 4].

The proposedaudio featuresare block-level-based and have the advantage of cap-
turing local temporal information by analyzing sequencesf @onsecutive frames in
a time-frequency representation [40]Visual information is described using tempo-
ral information, color, and structural properties. Tempoal descriptors are derived
using a classic con rmed approach, that is, analysis of thénat change frequency
[36]. However, we use a novel way of measuring action contéinat assesses action
perception. Color information is extracted globally. In catrast to existing ap-
proaches, which mainly use local or low-level descriptorsch as predominant color,
color variance, color entropy, and frame based histogram37], our approach ana-
lyzes color perception. Using a color naming system, we qui@n color perception
with statistics of color distribution, elementary hues digribution, color properties
(e.g., percentage of light colors, cold colors, saturatedlors), and relationships
between colors [24]. The nal type of visual descriptor is fated to contour in-
formation. Unlike most existing approaches, which descibclosed region shapes
(e.g., with MPEG-7 visual descriptors [38]), contours arerbke down into segments
and describe curve contour geometry both individually andelative to neighbor
contours [39].

Approach

Audio descriptors . The proposed set of audio descriptors, callddock-level audio
features has the key advantage of capturing temporal information &ém the audio
track at a local level [40]. In contrast to standard spectrahudio features (e.g., Mel
Frequency Spectral Coe cient, Spectral Centroid, or Spectl Roll O ), which are
typically extracted from each spectral frame (capturing aitne span of 20 ms) of the
time-frequency representation of an audio signal, the proged features are computed
from a sequence of consecutive spectral frames calledlack Depending on the
extracted block-level feature, a block consists of 10 up tdaut 512 consecutive
spectral frames. Thus, local features can themselves capuemporal properties
(e.g., rhythmic aspects) of an audio track over a time span nging from half a
second up to 12 seconds of audio. Blocks are analyzed at a tamisrate and their
frames overlap by default by 50%, which results in one locadture vector per block.
These local vectors are then summarized by computing simggtistics (e.g., mean,
variance, or median) separately for each dimension of thecll feature vectors. A
schematic diagram of this procedure is depicted in Figure4.
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To obtain a perceptual time-frequency representation of #hvideo soundtrack,
the audio track is rst converted into a 2Z&Hz mono signal. Then we compute the
short-time Fourier transform and perform a mapping of the #quency axis according
to the logarithmic cent-scale because human frequency peption is logarithmic.
The resulting time-frequency representation consists of7/9ogarithmically spaced
frequency bands. The following complex block-level audiedtures are derived:

spectral pattern (number of frames constituting a block: 10 frames,:9 per-
centile statistics): characterizes the timbre of the sourichck by modeling the
frequency components that are simultaneously active. Theydamic aspects
of the signal are retained by sorting each frequency band did block along
the time axis. The block width varies depending on the extraed patterns,
which allows capturing temporal information over di erenttime spans;

delta spectral pattern (14 frames, 0 percentile statistics): captures the
strength of onsets. To emphasize onsets, we rst compute tltk erence be-
tween the original spectrum and a copy of the original spectm delayed by
three frames. As with the spectral pattern, each frequencyalnd is then sorted
along the time axis;

variance delta spectral pattern (14 frames, variance statistics): is basically
an extension of the delta spectral pattern and captures theaviation of the
onset strength over time;
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logarithmic uctuation pattern (512 frames, @ percentile statistics): cap-
tures the rhythmic aspects of the audio signal. In order to ésact the am-
plitude modulations from the temporal envelope in each banderiodicities
are detected by computing the FFT (Fast Fourier Transform) &éong each fre-
quency band of a block. The periodicity dimension is then reded from 256
to 37 logarithmically spaced periodicity bins;

spectral contrast pattern (40 frames, 01 percentile statistics): roughly
estimates the"tone-ness" of an audio track. For each frame within a block,
the di erence between spectral peaks and valleys in 20 subyids is computed,
and the resulting spectral contrast values are sorted alortige time axis in each
frequency band;

correlation pattern (256 frames, @ percentile statistics). To capture the
temporal relation of loudness changes over di erent frequney bands, the cor-
relation coe cients for all possible pairs of frequency batts within a block
are used. The resulting correlation matrix forms the corration pattern. The
correlation coe cients are computed for a frequency resotion of 52 bands.

Temporal structure descriptors . Temporal descriptors are derived by means of a
classic con rmed approach, that is, analysis of the shot chge frequency [36]. Unlike
existing approaches, we determine the action content based human perception.
First, we detect video transitions [41] using appropriate dols (e.g., cuts, fades,
dissolves). The temporal descriptors are then computed asllbws:

rhythm . To capture the movie's tempo of visual change, we de ne a bas
indicator, denoted + (i), which represents the relative number of shot changes
occurring within the time interval T, starting at the frame at time index i.
Based on 1, we de ne the movie rhythm as the movie's average shot change
speed, denoted/r, which is the average number of shot changes in the time
interval T for the entire movie, thusf +g;

action . We aim to de ne two opposite situations: video segments wita high
action content (denoted \hot action"”, e.g., fast changes,akt motion, visual
e ects) and video segments with low action content (denotetlow action”,
containing mainly static scenes). The process is illustratl in Figure 6.5.

First, at a coarse level, we identify segments containing aigh number of
shot changes (+ > 3:1), which are \hot action" candidates, and a reduced
number of shot changes ¢ < 0:6), which are low action candidates (see step
a in Figure 6.5). Thresholds were determined experimentglbased on human
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Figure 6.5: Action-based temporal segmentation [16] (th@X axis is the temporal
axis, vertical blue lines correspond to shot changes). \Heaiction" and \low action”
segments are indicated in red and green respectively. Letgedenote the processing
steps as described in the text.

perception: several persons were asked to manually clagsifdeo segments
into the two categories mentioned. On the basis of this grodntruth, we
determined average 1 intervals for each type of action content.

To avoid over-segmentation, we merge neighboring actiongseents at a time
distance smaller thanT seconds (the size of the time window, see step b in
Figure 6.5). Further, we remove unnoticeable and irrelevamaction segments
by erasing small action clips of length less than the analgstime window T.
Finally, all hot action clips containing fewer than Ng = 4 video shots are
removed because they are very likely the result of false deten and contain
one or several gradual transitions (e.g., a \fade-out” - \fde-in" sequence, see
step c in Figure 6.5). Using this information, we quantify tke action content
by two parameters, hot-action ratio HA) and low-action ratio (LA):

Tha . _ Tia

HA = LA =
Ttotal

- ]
Ttotal

(6.6)

whereTya and Ty a represent the total lengths of hot and low action segments,
respectively, andTy, Is the total length of the movie.

gradual transition ratio . The gradual transition ratio (GT) is computed
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as:

GT = Tdissolves + Tfade in T Tfade out (6.7)
Ttotal
where T, represents the total duration of all the gradual transitiors of type
X. This provides information about editing techniques whichare specic to
certain genres.

Color descriptors . Color information is a powerful mean for describing visual
perception. We propose an elaborated strategy which addses the perception of
color content. A simple and e cient way to accomplish this isusing color names;
associating names with colors allows creating a mental imagf a given color or color
mixture. We project colors onto a color naming system [43],nd color properties
are described using statistics of color distribution, eleemtary hue distribution, color
visual properties (e.g., percentage of light colors, warmolors, saturated colors,
etc.), and relationships between colors (adjacency and cplamentarity). Color
descriptors are extracted globally taking the temporal dirnsion into account.

Prior to parameter extraction, we project colors onto a morenanageable color
palette (initial images are true color). We selected the nedithering 216 color
Webmaster palette because of the high color diversity andsite cient color naming
system: each color is named according to the degree of huausation, and intensity
[27]. Color mapping is performed with a classic dithering seme, and colors are
selected in the L*a*b* color space. Further, the proposed tmr descriptors are
computed as follows:

global weighted color histogram  captures the global color distribution of
the movie. It is computed as the weighted sum of each individiishot average
color histogram:
Py 2 N °
hew (€) = 4% ML, (©)5 Tshot, (6.8)
i=0 i j=0 total

whereM is the total number of video shotsN; is the total number of frames
retained from shoti (to reduce computational load, each shot is summarized by
retaining p = 10% of its frames),hjshoti () is the color histogram of framg from
shot i, cis a color index from the Webmaster palette, and sy, IS the total
length of shoti. The longer the shot, the more important the contribution
of its histogram to the global histogram of the movie. Thus, alues ofhgw ()
describe global percentages of colors appearing in the nevi
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elementary color histogram . This feature is computed by:

K15 :
hE (Ce) = hGW (C)JName (ce) Name (c) (69)

c=0
wherec is an elementary color from the Webmaster color dictionang. 2
with . = f\Orange", \Red", \Pink", \Magenta", \Violet", \Blue", \Az  ure",
\Cyan", \Teal", \Green", \Spring", \Yellow", \Gray", \Whi  te", \Black" g, and
Name() is an operator that returns a color name from the palette ditionary.

Thus, each available color is projected ihg () onto its elementary hue, while

saturation and intensity information are disregarded. Ths mechanism removes
susceptibility to color uctuations (e.g., illumination changes) and provides
information about predominant hues;

color properties . These parameters aim to describe color perception by
means of light/dark, saturated/non-saturated, warm/cold colors and color
richness by quantifying color variation/diversity. Usingthe previously deter-
mined histogram information in conjunction with the color raming dictionary,
we de ne several color ratios. For instance, the light coloratio, Pjign: , which

re ects the percentage of bright colors in the movie, is comyped by:

15
Plight = hGW (C)jWIight Name (c) (610)
c=0
wherec is the index of a color whose name (provided byame(c)) contains
one of the words de ning brightness, andVign: 2 f \light", \pale”, \white" g.
Using the same reasoning and keywords specic to each colaoperty, we
de ne:

{ dark color ratio, denotedPy,r« , WhereWgq 2 f \dark”, \obscure”, \black" g;

{ bhard color ratio, denoted Py5,q, Which re ects the number of saturated
colors. Wharg 2 f\hard", \faded" g[ ., where ¢ is the elementary color
set;

{ weak color ratiq denoted Pyeak, Which is opposite t0Phaq, Wweak 2
fiweak", \dull" g;

{ warm color ratio, denoted Py , Which re ects the number of warm
colors; in art, some hues are commonly perceived to exhibévels of
warmth, namely: \Yellow", \Orange", \Red", \Yellow-Orang e", \Red-
Orange", \Red-Violet", \Magenta", \Pink" and \Spring";
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{ cold color ratio, denotedP.q 4, Where \Green", \Blue", \Violet", \Yellow-
Green", \Blue-Green", \Blue-Violet", \Teal", \Cyan" and \ Azure" de-
scribe coldness.

Further, we capture movie color richness with two parametsr Color variation,
Pvar,» Which represents the number of signi cant colors, is de e as:

P - CardfcthW (C) > varg
var — 216

(6.11)

where c is a color index, hgw Is the global weighted histogram de ned in
equation 6.8, andCard() is the cardinal function, which returns the size of a
data set. We consider a color signi cant if it has a frequencyf occurrence
in a movie of more than 1% (i.e., yar = 0:01). Color diversity, Py, which
re ects the number of signi cant color hues in the movie, is d ned using the
same principle, but based on the elementary color histograht ;

color relationship . The nal two parameters are related to the concept of
perceptual relationships between colors in terms of adjauey and complemen-
tarity. The parameter, P,4 re ects the number of perceptually similar colors
in the movie (neighborhood pairs of colors on a perceptualloo wheel, e.g.,
Itten's color wheel [44, 27]), andPcomp re ects the number of perceptually
opposite color pairs (antipodal).

Spatial structural descriptors . The nal set of parameters provides informa-
tion based on structure, that is, on contours and their relabns. So far, contour

information has been exploited to a very limited extent in wleo description. For

instance, some approaches use MPEG-7-inspired contour cigstors [38], such as
texture orientation histograms, edge direction histogras) edge direction coherence,
[45], which do not exploit real contour geometry and propeigs.

The adopted appraoch, in contrast, proposes a novel methochieh uses curve

partitioning and curve description [39]. The contour desgption is based on a char-
acterization of geometric attributes of each individual catour, for instance, degree
of curvature, angularity, and \wiggliness":

contour characterization . Contour processing starts with edge detection,
which is performed with the Canny edge detection algorithmdp]. For each
contour, a type of curvature space is created. This space It abstracted into
spectra-like functions, from which a number of geometric atbutes, such as
the degree of curvature, angularity, circularity, symmety and \wiggliness"”, are
derived. In addition to these geometric parameters, a numbef "appearance”
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parameters are extracted. They are based on simple statisdi obtained from
the luminance values extracted along the contour, such asntmast (mean and
standard deviation) and \fuzziness", obtained by convoluon of the image with
a blob lter. In summary, for a given image with n extracted and partitioned
contours, we obtain a list of 7 geometric and 4 appearance altutes for each
contour. For each attribute, a 10-bin histogram withn values, is generated;

pair relations . In addition to individual contour attributes, we also obtan
attributes for pairs of contours. Contour segments are rsgrouped as a list of
all n! pairs. From this long list of pairs, only a subset (approxirately 3 n)is
selected based on spatial proximity, meaning that their caour endpoints are
either proximal or in the proximity of other segments. For eeh selected pair, a
number of geometric attributes is determined: the angularicection of the pair,
the distance between the proximal contour endpoints, the sliance between the
distal contour end points, the distance between segment ¢en(middle) points,
the average segment length, the symmetry of the two segmentse degree of
bendiness of each segment, the structural biases which eags to what degree
the pair alignment is an L feature, a T feature, or a \closed" dature (two
curved segments facing each other as '()"). In total, 12 geatnic relational
attributes are extracted for the selected pairs. Again, foeach attribute a
10-bin histogram is generated;

The structural information is extracted only from a summaryof the movie. In this

case, we retained around 100 images that are evenly distribd with respect to

video transitions. As previously mentioned, at image levektontour properties are
captured with histograms. To address the temporal dimensio- at sequence level
- the resulting concatenated feature vectors are averaged form so the structure
signature of the movie.

Validation for animated genre detection

In the context of automatic content-based retrieval, a comwn task is the automatic
selection of the \animated" content from other video genresThe rst validation of
the proposed temporal structure and color descriptors wastfthe construction of
such a detector. Applications are with children program settion tasks.

To approach this task, descriptor parameters were tuned toptimal values with
respect to the speci city of animated movies, e.g., actiorhresholds were determined
after a user study on some representative movies, color pgptual schemes were
consider, etc [24].
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Validation tests were conducted on a diverse video databasee., 749 clips, with
a high diversity of genres and sub-genres (more than 159 hsurf video footage
retrieved mainly from several TV chains). The animated gemris represented with
209 sequences (54 hours) containing: artistic animated mes (source CITIA [32]),
Ims and cartoon series (source Disney, Pixar, DreamWorksnémation companies).
The non animated genre is represented with 541 sequences5(hOurs), namely: 320
commercials (4 hours, source 1980th TV commercials and Dauiynch clips; some
clips are containing both animated graphics and natural soes); 74 documentaries
(32 hours, both outdoor and indoor series, source BBC, IMAXQiscovery Channel);
57 movies (43 hours, both long movies and soap series, e.gierkds, X-Files); 43
news broadcasting (19 hours, source TVR Romanian Nationaklevision Channel);
16 sports (4 hours, mainly soccer and outdoor extreme sport80 music clips (3
hours, source MTV Channel: dance, pop, techno music).

Animated genre detection is carried out with a binary classiation approach,
i.e., considering two classes: animated and non-animateflach movie is represented
with a feature vector, according to the previously presentecontent descriptors (sev-
eral combinations are tested). For the classi cation, we @sthree approaches: the
k-Nearest Neighbors algorithm (KNN, with k=5, cosine distace and majority rule),
Support Vector Machines (SVM, with a linear kernel) and Linar Discriminant Anal-
ysis (LDA, applied on a PCA-reduced feature space) [47]. Thaethod parameters
were set to optimal values for this scenario after several gliminary tests.

As the choice of the training set may distort the accuracy ofhe results, we
have adopted an exhaustive testing. Tests were performed fdi erent amounts
of training data (see the beginning of Table 6.3). For each tsdests are repeated
using a cross validation approach, thus generating all pasie combinations between
training and test data, in order to shu e all sequences.

To assess performance, we use the classic precision andlrezi#os - see equation
6.5 - which are averaged over all the experiments.

Figure 6.6 depicts the obtained precision vs. recall curvésr di erent amounts
of training data and di erent runs. With KNN we obtain a precision and recall up
to 90:1% and 786%, respectively (using all descriptors), with LDA the preision
and recall are up to 747% (using all descriptors) and 929%, respectively (using
only action descriptors) while with SVM precision and rechlare up to 747% (using
he histogram) and 749%, respectively (using all descriptors). Overall, the higest
precision is achieved with KNN on all the descriptors, thus®1%, while the highest
recall is obtained with LDA on action descriptors, hamely 92%.

However, the best method in terms of both precision and retgiroves to be
KNN run on all action-color descriptors together. The restéd average precision,
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Table 6.3: Animated genre detection [24]: KNN on all tempotatructure and color
descriptors.

train | #train | #train | #test | #test | P | R 5 FD ND
(%) | seq. anim. | seq. | anim. | (%)| (%) # | pub. | doc. | mov. | news | sp. | mus.
10 75 21 674 188 68 | 66 | 124 | 58 24 5 15 5 9 0 64
20 150 42 599 167 76 | 70 | 117 | 37 12 4 10 4 7 0 50
30 225 63 524 146 80 | 73 | 106 | 26 7 4 6 3 6 0 40
40 300 84 449 125 84 | 74 | 92 17 5 3 3 2 4 0 33
50 375 105 374 104 87 | 715 | 78 12 4 2 2 1 3 0 26
60 450 126 299 83 88 | 76 | 63 9 3 2 1 1 2 0 20
70 524 147 225 62 89 | 77 | 48 6 2 1 1 1 1 0 14
80 599 168 150 41 89 | 718 | 32 4 1 1 1 0 1 0 9
90 674 189 75 20 90 | 79 | 16 2 1 1 0 0 0 0 4
Animated vs. all (KNN) Animated vs. all (LDA) Animated vs. all (SVM)
0.76
09 0.75
0.74
0.85
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0.8 :
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—%— KNN on hGW —>— LDA on hGW —»%— SVM on hGW
KNN on hE LDA on hE SVM on hE
—+— KNN on properties —+— LDA on properties —+— SVM on properties

Figure 6.6: Animated genre detection [24]: precision vs. aal curves for di erent
runs (action descriptors,hgw - equation 6.8,hg - equation 6.9, color properties and
all parameters together) and amounts of training data (% ofraining is increasing
along the curves).

recall, GD (good detections),FD (false detections) andND (non detections) are
presented in detail in Table 6.3 (for visualization purposeactual real data values
are to be rounded to nearest integer value).

The results are very promising considering the diversity dhe video material
(including a high variety of animated genres). For only 10%fdraining, average
precision and recall are around 70% when testing on 674 seoges from which
188 are animated, while for 50% training precision approaes 90% and recall 80%.
Also, one may observe the reduced number of false detectiomisile maintaining a
good detection ratio. For instance, using 70% training we tdin in average 48 good
detections, only 6 false detections and 14 non detections.
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To analyze which genres were wrongly classi ed in the animed category, we
present in Table 6.3 the distribution of false positives tohe other genres (we use
the notations: pub. = commercials, doc. = documentaries, mo = movies, sp. =
sports, mus. = music). From the six genres, the most distincte proves to be the
music genre. None of the clips were classi ed as animateddezdless the amount of
training). This is due to their very distinctive color signaure (typically darker colors
due to the intensive use of visual e ects) and a high visual sithm (lot of changes
over a short period of time). On the other hand, the most wroryg classi ed genre
are the commercials. This is mainly because many of them irve a lot of computer
graphics and animation (also there is a practical reason, ¢htest database includes
a lot of commercials, compared to the other genres). On theitd place are the
movies, which for a small amount of training tend to be confowded with animation
(several movies are science ction series, thus involvingy abstract contents). Other
genres, are misclassi ed occasionally.

Validation for web genre classi cation

Automatic labeling of video footage according to genre is @@mmon requirement in
indexing large and heterogeneous collections of video nraé especially to web col-
lections. The validation of the proposed audio-visual desptors was carried out in
the context of automatic classi cation of video accordingd genres, e.g., \cartoons",
\music”, \news", \sports", \documentaries”. Application s of such systems are in
the automatic categorization of videos for TV programs, vido selling platforms or
genre based visualization of web media in dedicated platfos such as YouTube.

Validation tests were carried out in the context of the 2011 MdiaEval Video
Genre Tagging Task [48] and addressed a real-world scenariamely the automatic
categorization of web video genres from the blip.tv media gtform?®.

The test dataset consisted of 2,375 sequences (around 42ark®f video footage)
labeled according to 26 video genre categories (the numberdrackets are the num-
bers of available sequences): \art" (66), \autos and vehes$" (36), \business" (41),
\citizen journalism" (92), \comedy" (35), \conferences aul other events" (42), \doc-
umentary" (25), \educational" (111), \food and drink" (63), \gaming" (41), \health"
(60), \literature" (83), \movies and television" (77), \mu sic and entertainment” (54),
\personal or auto-biographical” (13), \politics" (597), \religion" (117), \school and
education” (11), \sports" (117), \technology" (194), \environment" (33), \main-
stream media" (47), \travel" (62), \video blogging" (70), \web development and
sites" (40) and \default category" (248, comprises movieshat cannot be assigned
to any of the previous categories).

Shttp://blip.tv/
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The main challenge in classifying these videos comes fronethigh number of
di erent genres. Also, each genre category has a high vanedf video material, which
makes training di cult. Finally, video content available on web video platforms
is typically video reports, and diers from classic TV footage. Video material is
usually assembled in a news broadcasting style, which meagenre-speci ¢ content
is inserted periodically into a dialogue or interview scene

Classi cation perspective . For classi cation we used the Weka [49] environment,
which provides a great selection of existing machine leang techniques. We tested
methods ranging from simple Bayes to function-based, rulmsed, lazy classiers
and tree approaches (from each category of methods, we silddhe most represen-
tatives). Method parameters were tuned on the basis of prelinary experiments.

As the choice of training data may distort the accuracy of theesults, we used
a cross-validation approach. We split the data set into traiing and test sets, using
values ranging from 10% to 90% for the percentage split. Foag of the training data
classi cation was repeated for all possible combinationsebveen training and test
sets in order to shu e all sequences. Additionally, we test di erent combinations
of descriptors.

To assess performance, we used several measures. At the gydéevel, we com-
puted the classic precision and recall ratios - see equati@®b (averaged over all
experiments for a given percentage split). As a global measywe computedFggore
and average correct classi cation¢D):

PR, _——_ Neo
Fscore = 2 , CD=
score P + R NtotaI

(6.12)

whereNgp is the average number of correct classi cations, an . is the number
of test sequences.

The most accurate classi cation was obtained by using all alio-visual descrip-
tors in combination. For reasons of brevity, we present onithese results. Figure 6.7
shows the overall averag€..e and average correct classi catiorCD for a selection
of seven machine learning techniques (those providing theost signi cant results).

The global results are very promising considering the high dulty of this clas-
si cation task. The highest averageF.re is 463%, while the best average correct
classi cation is 55% (out of 475 test sequences, 261 werereotly labeled, obtained
for 80% training data). The most accurate classi cation telenique proved to be an
SVM with linear kernel, followed very closely by FunctionalTrees (FT), and then
k-NN (with k=3), Random Forest trees, Radial Basis Function(RBF) Network, J48
decision tree, and nally Bayes Network.

The most interesting results, however, were obtained at genlevel. Due to the
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Figure 6.7: Overall averagé=s... and average correct classi catiolCD achieved by
various machine learning techniques using all audio-visudescriptors [4].

high semantic content, not all genres can be classi ed cootty with audio-visual
information. We sought to determine which categories are ter suited for this
approach. Figure 6.8 shows the genre avera§eg.r. achieved by the linear SVM
and FT trees.

The best performance was obtained for the following genresd present results
for a 50% percent split and give the highest value): \literatre" (Fscore = 83%,
highest 87%) and \politics" (Fscore = 81%, highest 84%), followed by \health"
(Fscore = 78%, highest 85%), \citizen journalism" Fscore = 65%, highest 68%), \food
and drink" (Fscore = 62%, highest 77%), \web development and sites'Fgcore = 63%,
highest 84%), \mainstream media" Escore = 63%, highest 74%), \travel" (Fscore =
57%, highest 60%), \technology" Fscore = 53%, highest 56%). Less successful per-
formance was achieved for genres such as \documentaryFs{,e = 7% which is
also the highest), \school" Fscore = 10%, highest 22%) or \business" Fscore = 9%,
highest 14%).

Globally, classi cation performance increases with the aaunt of training data.
However, for some genres, due to the large variety of video t@aals, increasing the
number of examples may result in overtraining and thus in ragted classi cation
performance. It can be seen in Figure 6.7 that classi catioperformance decreases
as the proportion of training data increases (e.g., SVM lirgg for 90% training data).
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Figure 6.8: Averagd-or for linear SVM and Functional Trees (FT) using all audio-
visual descriptors and for a training-test data percentagsplit of 50% (numbers in
brackets are the numbers of test sequences in each genre)tival lines indicate the
min-max Fgore iNtervals of each genre (percentage split ranging from 10% 90%).

A clear di erence between FT and SVM is visible at genre levelGlobally, the SVM
tends to perform better on a reduced training set, while the Ftends to be superior
for higher amounts of training data (e.g., training data> 70%, see min-max intervals
in Figure 6.8).

Retrieval perspective . In this experiment, we assessed the classi cation perfor-
mance of the proposed descriptors from the perspective of mrfiormation retrieval
system. We present the results obtained for the 2011 Media&lWideo Genre Tag-
ging Task [48]. The challenge was to develop a retrieval mectism that works with
all 26 genre categories. Each participant was provided with development set con-
sisting of 247 sequences, unequally distributed with resgieto genre. Some genre
categories were represented with very few (even just one ard) examples. This ini-
tial set was to serve as a reference point for developing theoposed solution. The
participants were encouraged to build their own training 98 if required by their
approach. Consequently, to provide a consistent trainingada set for the classi ca-
tion task, we extended the data set to up to 648 sequences. Alilohal videos were
retrieved from the same source (blip.tv), using genre-rakd keywords (we checked
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for duplicates in the o cial development and test sets).

The nal retrieval task was performed on a test set consistmof 1,727 sequences.
In this case, the training-classi cation steps are to be pé&rmed only once. Up to
10 teams competed at this task, each one submitting up to 5 dérent runs (3 were
restricted to using only textual descriptors extracted frm speech transcripts, user
tags, and metadata).

In our case, the retrieval results were obtained using a binaranking in which
the maximum relevance of 1 is associated with the genre cabeg into which the
document was classi ed, while other genres have 0 relevance

To assess performance, we use the overall Mean Average Rieai (MAP) as
de ned by TRECVid ©:

MAP = — = — | P(Rix) (6.13)

whereQ = fa; :::; qg;g denotes a set of querieg which are represented in the data
set byfds; :::; dm, g relevant documentsR;, is the set of ranked retrieval results from

the top result to documentdy, and P () is the precision (see equation 6.5). When a
relevant document is not retrieved at all, the precision vaie in the above equation

Is taken to be O.

For classi cation we used the approach providing the most aarate results,
namely the SVM with a linear kernel. In Table 6.4 we compare ouesults with sev-
eral other approaches using various modalities of the viddoom textual information
(e.g., speech transcripts, user tags, metadata) to audiasual.

The proposed descriptors achieved an overall MAP of up to 12%ee team RAF
[57]). These were the best results obtained using audiow& information alone.
Use of descriptors such as cognitive information (face ststics), temporal infor-
mation (average shot duration, distribution of shot lengtls) [50], audio (MFCC,
zero-crossing rate, signal energy), color (histograms,lao moments, autocorrelo-
gram - denoted autocorr.), and texture (co-occurrence - deted co-occ., wavelet
texture grid, edge histograms) with SVM resulted in a MAP of éss than 1% (see
team KIT [56]), while clustered SURF features and SVM achi@d a MAP of up
to 9:4% (see team TUB [58]). We achieved better performance eveongared to
some classic text-based approaches, such as the Term Fremyelnverse Document
Frequency (TF-IDF - MAP 9:8%, see team UAB [53]) and the Bag-of-Words (MAP
5:5%, see team SINAI [52]) approaches. Compared to visual infwation, audio
descriptors seem to provide better discriminative power fdhis task.

6see treceval scoring tool at http://trec.nist.gov/trec_eval/
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Table 6.4:. Comparative results: MediaEval benchmarking & (selective results).

| descriptors | modality | method | decision| MAP | team

metadata text Negative multinomial | ranked | 39:37% | TUD [55]
diverg. list

clustered SURF, metadata | visual, Naive Bayes, SVM + | binary 30:33% | TUB [58]

text serial fusion
proposed audio, SVM with linear kernel | binary 12:08% | RAF [57]
visual

speech transcripts text Support Vector Ma- | ranked | 11:79% | LIA [51]
chines list

speech transcripts, meta-| text Bag-of-Words + Ter- | ranked | 11:15% | SINAI [52]

data, user tags rier IR list

speech transcripts, Deli-| text BM25F + Kullback - | ranked | 11:11% | UNED [54]

cious tags, metadata Leibler diverg. list

proposed audio SVM with linear kernel | binary 10:29% | RAF [57]

clustered SURF visual Visual-Words + SVM | binary 9:43% | TUB [58]
with RBF kernel

speech transcripts, meta-| text TF-IDF + cosine dist. | binary 9:4% | UAB [53]

data, user tags

speech transcripts text Bag-of-Words ranked 5:47% | SINAI [52]

list

proposed visual SVM with linear kernel | binary 3:84% | RAF [57]

hist., moments, autocorr., | visual multiple SVMs binary 0:35% | KIT [56]

co-occ., wavelet, edge hist.

structural (shot statistics) visual multiple SVMs binary 0:3% | KIT [56]

color, texture, aural, cogni- | audio, multiple SVMs binary 0:23% | KIT [56]

tive, structural visual

MFCC, zero cross. rate,| audio multiple SVMs binary 0:1% | KIT [56]

signal energy

cognitive (face statistics) visual multiple SVMs binary 0:1% | KIT [56]

The most e cient retrieval approach remains the inclusion 6 textual informa-
tion, as it provides a higher semantic level of descriptionhan audio-visual infor-
mation. The average MAP achieved by including textual desigtors is around 30%
(e.g., see team TUB [58] in Table 6.4). Retrieval performagds boosted by includ-
ing information such as movie names, movie ID frorolip:tv, or the username of the
video uploader; in this particular case, the reported MAP wa up to 56% (which is
also the highest obtained).

Conclusions and future work

We proposed four categories of content descriptors: blokkrel audio features, tem-
poral based descriptors, color perceptual descriptors asthtistics of contour geom-
etry. These descriptors were used with several binary clasation techniques to

classify video footage into animated and non-animated camt. We achieved very
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promising results when using temporal structure and colorescriptors together,
namely an average precision and recall ratios up to 90% and%_2respectively, and
a global correct detection ratio up to 92%.

Another validation consisted in approaching a real-world ideo genre classi -
cation scenario, i.e., the categorization of 26 video gesré&rom the blip.tv media
platform. With a classi cation approach, the use of audio-isual information may
be highly e cient in detecting particular genres, for instance, in our case \literature”
(we obtain Fscore = 87%), \politics” ( Fscore = 84%), and \health" ( Fseore = 85%),
and less successful for others, such as \schooFgs{,;e = 22%), and \business"
(Fscore = 14%). One can envisage a classi cation system which adaptise choice
of parameters to the target categories, for instance, usirgudio-visual descriptors
for genres which are best detected with this information, sy text for text-related
categories, and so on. With a retrieval approach, the proped descriptors achieved
the best results of all audio-visual descriptors in the coakt of the 2011 MediaEval
Video Genre Tagging Task [48]. They provided better retria@al performance than
other descriptors such as cognitive information (face statics), audio (MFCC, zero-
crossing rate, signal energy), and excelled even comparedsbme classic text-based
approaches, such as the Term Frequency-Inverse Documeneguency approach.

Future work on this subject should push forward descriptorg a higher semantic
level, like exploiting human concept detection as well as me sophisticated fusion
techniques.

6.3.2 Fisher kernel representation

In video, global features are often used for reasons of congtional e ciency, where
each global feature captures information of a single videsame. But frames in
video change over time (e.g., due to motion, changes, etc) i is one of the video
representative information. Therefore, one should searébr meaningful approaches
to capture that variation in time.

Another contribution related to content description is usng Fisher Kernel repre-
sentation to capture temporal changes in order to derive Hidy representative and
e cient content descriptors’.

"this work was developed in collaboration with Dr. lonut Mir oni@, from LAPI, University
Politehnica of Bucharest, Romania, Dr. Jasper Uijlings, Negar Rostamzadeh and Prof. Nicu Sebe,
from MHUG, University of Trento, Italy. The presented resul ts were published in:

[12] I. Mironi@, J. Uijlings, N. Rostamzadeh, B. lonescu, N. Sebe, \Time Matters! Capturing
Variation in Time in Video using Fisher Kernels ", ACM Multimedia, 21-25 October, Barcelona,
Spain, 2013.
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Contribution to state-of-the-art

Bag of Local Visual Features [61], which are currently somd the most popular
and e cient description approaches, capture the visual vaation in space for images
and in both space and time for video. The proposed Fisher Kexhapproach [12]
improves over the common k-means vocabulary by modelling ehdistribution of
features within each visual word. In contrast to Local VisubFeatures, Fisher repre-
sentation is applied at frame-based features, e ectivelyapturing variation in time
only (as there is no variation in space). Like Bag of Local Viml Features, all order-
ing is lost but all variation is captured. Using the Fisher rpresentation for modelling
variation in time, dissimilar frames will be represented byli erent mixture compo-
nents (i.e., clusters), preventing blending of unrelatecetures while enabling them
to co-exist in a single representation. This enables repesging videos which consist
of dissimilar parts (which may not even have a xed temporal mer) such as news
broadcasts that switch between the news-anchor and on-sii@otage. Furthermore,
similar frames that fall in the same mixture component will | modelled with re-
spect to the general distribution of that component, captung subtle variations in
time such as the di erent appearances of a person walking by.

The proposed description framework is general enough in ies of descriptor use
and applicability so that is able to address a broad range opglications, e.g., genre-
recognition, sports-recognition, daily activity recogrtion; all of these while keeping
a signi cantly reduced size of the descriptor compared torsilar approaches and a
performance close to real-time.

Algorithm

The Fisher Kernel [59] represents a signal as the gradienttivirespect to the prob-
ability density function that is a learned generative modebf that signal. Recently,
[60] introduced the Fisher Kernel as an improved visual vobalary for Bag-of-
Words. Its success shows that it meaningfully captures thaswal variation of local
descriptors.

We follow [60] and use a Gaussian Mixture Model with diagonabvariance ma-
trices as generative distribution. Speci cally, let ; and ; be the mean and standard
deviation of the i-th Gaussian centroid, let (i) be the soft assignment to the-th
Gaussian of thed-dimensional featurex; captured at framet. The gradient of the
GMM with respect to ; and ; are calculated as [60]:

1 X . Xt i

(6.14)
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The nal Fisher descriptor is obtained by the concatenatiorof the G}, and G}
fori =1;::;;k and has a dimensionality of Rd. Interpreting the formulas in terms of
variation in time, equation 6.14 averages related featureser time, which are related
as they fall in the same mixture component. Equation 6.15 metk the variation of
related features over the video sequence, capturing subtlisual changes (e.g., a car
driving by). The di erent mixture components capture drastc variations in time
such as a shot changes.

Validation results

Validation of this content representation scheme was caed out for three di erent

scenarios, namely: video genre classi cation, human aatioecognition and recog-
nition of daily activities. We normalise the Fisher vector lg taking the square root
followed by the L2-norm [60]. In contrast to [60], for classi cation we use $yport

Vector Machines (SVM) with RBF-kernels as these performedetter than linear

SVMs, even at an increased number of clusters for the latterWhen combining
di erent types of features we use weighted late fusion, leaing weights on our op-
timization sets (see equation 6.16).

Video genre classi cation . For video genre classi cation, experiments were con-
ducted on the 2012 MediaEval Genre Tagging Task [62], corigsig of 2,000 hours in
14,838 videos, labelled according to 26 genres such as \akiutos"”, and \comedy"
(see the complete list in Section 6.3.3 with the Experimentaiesults). Performance
is measured in terms of Mean Average Precision (MAP) as de dan equation 6.13.
We perform all parameter optimization on the training set with we split in two
xed, equally sized parts. We compare with the state-of-thart using the o cial
training set (5,288 videos) and test set (9,550 videos), asad with the task.

The Fisher representation is computed using the followingpe of descriptors [12]:
global Histogram of Oriented Gradients (HoG, 81 dimensiohsvhich calculates HoG
over the whole frame using a 3x3 spatial division, Colour Nang histogram (CN,
11 dimensions) of the whole frame, audio features (98 dimemss) which are general
purpose audio descriptors extracted over a standard periad 1.28 seconds around
the frame. Results of averaging features over the whole vaare presented as the
horizontal lines in Figure 6.9.

We determine the optimal number of clusters for each featur@s shown in Fig-
ure 6.9. First of all, one can observe the important improveent of the Fisher
representation over the baseline which simply averages tfeatures: even when us-
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Figure 6.9: Mean Average Precision (MAP) while varying the umber of cluster
centres on the MediaEval 2012 training set [62][12].

ing only a single centroid, CN achieves an improvement from8% MAP to 28%
MAP, HoG from 22% MAP to 38% MAP, and Audio from 34% MAP to 45% MAP.
The modelling of variation in time therefore signi cantly improves results. Increas-
ing the number of clusters increases performance even fugth both CN and HoG
increase an extra 5% MAP, reaching 33% MAP and 43% MAP at 800usters and
200 clusters respectively. Audio features increase to 47%AM at 50 clusters. We
will use this number of clusters in the next experiment. Thenal sizes of the Fisher
vectors are reasonable at 17,600 for CN, 42,000 for HoG, and® for audio features.
Results on 2012 MediaEval Genre Tagging Task [62] are shown Table 6.5.
For audio features our results are at 47% MAP much better thathe best result of
19% reported by team ARF [63]. For visual features only, at 46 MAP we perform
signi cantly better than the best result of 35% MAP reported by team KIT [64].
Remarkably, our combination of audio and visual features gids with 55% MAP
a better performance than the use of text from automatic speb recognition and
meta-data, which had the highest performance with 53% MAP (OB [65]).

Human action recognition . For the second validation, we use the UCF50 Hu-
man Action Recognition dataset [69], which contains 6,60Cealistic videos from

YouTube with large variations in camera motion, object app&rance and pose, il-
lumination conditions, scale, etc. It has 50 mutual excluge categories such as
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Table 6.5: Comparison with State-of-the-Art in terms of Mea Average Precision
(MAP) on MediaEval Genre Tagging [62][12].

| Feature type | method | MAP (reported) | MAP (our method ) |
Audio Block Based Audio Features| 19.2% 47.5%
and 5-NN ARF [63]
Visual Visual descriptors (Color, | 35% 46%
Texture, rghSIFT) KIT [64]
Audio and | - - 55%
Visual
Metadata BoW Text ASR and metadata | 52.3% -
and Text | TUB [65]
ASR

Notations: SIFT - Scale Invariant Features Transform, BoW - Bag-of-Words, ASR
- text extracted with automatic speech recognition, KNN - K N earest Neighbors

\biking", \diving", \drumming" and \fencing". Performanc e is evaluated in terms
of classi cation accuracy (i.e., the percentage of the itesncorrectly classi ed from
the total number). We perform all optimization on half of thedataset, using 8-fold
cross-validation. We compare with the state-of-the-art usg the standard leave-
one-group-out cross-validation on the full dataset [69].

The Fisher representation is computed using the followingpe of descriptors [12]:
global Histogram of Oriented Gradients (HoG, with 9, 36, 81and 144 dimensions)
which calculates HoG over the whole frame using a 1x1, 2x2,3xand 4x4 spatial
division, global Histogram of Optical Flow (HoF, with 9, 36,81, and 144 dimen-
sions) which measures the average velocity of non-statiogaixels over a region in
9 orientations. We use a 1x1, 2x2, 3x3, and 4x4 spatial diwisi; Colour Naming
histogram (CN with 11, 44, 99, and 176 dimensions) using a 1x2x2, 3x3, and
4x4 spatial division. In all experiments, we combine di enat spatial divisions for a
single feature type using late fusion with equal weights. Ralts of averaging each
feature over the whole video are shown as horizontal lines kigure 6.10.

In Figure 6.10 we evaluate the performance with respect to énumber of GMM
clusters, where we use the same number of clusters for all spledivisions of a single
feature type. For CN and HoG the use of a single cluster impres the baseline with
6% and 5% respectively. More, clusters degrade performanae for this dataset
the visual changes are subtle and do not require di erent miMre components. For
HoF, using 50 clusters improves the baseline of 54% to 67%, 294 improvement.
Hence the optical ow changes drastically in time which is kst captured in multiple
clusters. Indeed, for example a baseball pitch has at leastree distinct movement
patterns: static (before the action), the pitch, and the bating. In the next experi-
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Figure 6.10: Classi cation accuracy on half of UCF50 sporf$9] while varying the
number of cluster centres (8-fold cross-validation) [12].

Table 6.6: Comparison with State-of-the-art on UCF50 dataet [69].

| Method | Accuracy |
Reddy et al. [69] 76.9%
proposed 74.7%
Solmaz et al. [71] 73.7%
Everts et al. [72] 72.9%
Kliper-Gross et al. [70] 72.6%
Solmaz et al. [71]: GIST3D| 65.3%

ment we use 1 cluster for CN and HoG, and 50 clusters for HoF.

We present the state-of-the-art in Table 6.6. As can be seethe proposed ap-
proach rank second with 74.7% accuracy after the 76.9% acaay of [69]. However,
we use only global features whereas all other good perforgimethods use compu-
tationally more expensive Space-Time Interest Points (SPIs). Only the GIST3D
entry of [70] does not use STIPs. They use global, frame-bddeatures plus linear
guantization. Our performance using the Fisher vector is agni cant 9.4% higher.

Daily activities recognition . The nal validation was carried out on the Daily
Activity Recognition - ADL dataset [73], consisting of ten luman activities such as
dialling a phone, peeling banana, and chopping banana. Eaabtivity is performed
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Figure 6.11: Classi cation accuracy on ADL daily activity [73] recognition on half
the dataset while varying the number of cluster centres [12]

Table 6.7: Comparison with state-of-the-art on ADL datase{73].

| Method | Accuracy |
proposed 97.3%
Wang et al. [76] | 96%
Lin et al. [77] 95%
Messing et al. [73] 89%

three times by ve people, totalling 150 videos. Performarecis measured in accuracy.
We do all optimization on half of the dataset and report nal results on the full
dataset. In both cases we use leave-one-person-out craa#dation [73].

As human pose and body-part motion are important for distingishing the dif-
ferent categories, for content description we extract bodpart features [74]. We
use the state-of-the-art body-part detector of [75] and exdct at every frame for
all 18 body-parts a Histogram of Optical Flow in 8 orientatios (144 dimensions).
The result of averaging this feature over the video is showrs dhe horizontal line in
Figure 6.11.

Figure 6.11 shows accuracy with respect to the number of GMMusters. Using
only a single cluster yields a performance improvement froifv% to 82% accuracy.
The best accuracy of 88% is obtained using 17 clusters. Noteat the number of
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clusters is relatively low, likely due to the smaller datage At 17 clusters, the nal
feature has 4,896 dimensions. We use 17 clusters when tegtim the full dataset.

We compare our work with other approaches in Table 6.7. As cdre seen, the
proposed approach yields the highest accuracy of 97.3%. Jishows that the Fisher
representation is also e ective for modelling variation irtime using local body-part
features.

Conclusions and future work

We proposed a scheme for using Fisher Kernel theory to modelriation in time for

frame-based video features. While the temporal order is lpshe temporal variation

is captured at two levels: similar features are grouped toteer while retaining

variation, which enables capturing subtle variations ovetime such as a exhibited
by a moving car. Dissimilar features are kept separate, prenting mixing features
from unrelated parts of the video while keeping them in a sihg representation,
which enables capturing di erent shots in a video.

We demonstrated that our framework is highly general: it atiwed signi cant
improvements on a wide variety of features, ranging from dal visual features, to
body-part features, and to audio features. We also demonated that our method
works on a wide variety of datasets: we obtained state-of-#hart performance on
UCF50 using global features instead of the more complex STRised in other meth-
ods. We improved the state-of-the-art on ADL daily activity recognition. We sig-
ni cantly improved the state-of-the-art on the 2012 MediaBr/al Genre Tagging task.

In future work we plan to model variation in time using Fisherkernels on more
advanced features such as STIPs.

6.3.3 Multimodal fusion

The essence of multimedia is in taking advantage of the infoition provided with
di erent modalities. As presented in the previous sectionsdealing with content-
based retrieval requires handling multi-modal informatin such as visual, audio and
text. A dedicated domain is with thefusion techniques for aggregating di erent in-
formation sources thus to bene t from the advantages of eadf them while reducing
the redundant information.

Currently, there are two fundamentally di erent directions: early fusion tech-
niques that aggregate content descriptors in the early stagof the processing (the
fused descriptors are the concatenation of all the descrgos) and late fusion tech-
nigues that perform the fusion later in the processing chajre.g., fusing the out-
puts of some single-modal classi cation systems. At the mamnt, there is no clear
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supremacy of one approach over the other, both approachesoywding state-of-the-
art results in rather di erent situations. Therefore, fuson should be adapted to the
speci city of the task.

The following contribution is in the investigation of the u® of various state-of-
the-art content descriptors extracted from di erent modaities and the e ciency of
early and late fusion mechanisms in the content-based regxial paradign?.

Contribution to state-of-the-art

We have conducted an in-depth evaluation and analysis [14f the performance
of multimodal video descriptors and early/late fusion schmaes with the objective
of evaluating an adequate combination of various modaligefor achieving highly
accurate classi cation. As case study, we experimented \withe video genre clas-
si cation task. We identify the following contributions of this work: providing an

in-depth evaluation of truly multimodal video description (automated and user-
generated text, audio and visual) in the context of a real-wtdl genre-categorization
scenario which can serve as guideline for other practitiorsein the eld; demon-

strating the potential of appropriate late fusion techniqes and achieving very high
categorization performance; demonstrating that notwithsnding the superiority of

user text based descriptors, late fusion can boost performze of automated content
descriptors to achieve close performance.

Approach

To perform early fusion, descriptors are combined beforedltlassi cation. The com-
bination takes place in the feature space, namely the feaes are concatenated into
one vector. The major drawback in this case is the dimensiaditg of the resulting
feature space that is basically the sum of all the concateread dimensions. High-
dimensional spaces tend to scatter the homogeneous clustef instances belonging
to the same concepts reducing the performance.

In contrast, late fusion combines the con dence values frordlassi ers run on
di erent descriptors. In our scenario, a classi er is suppged to provide some rele-
vance scores indicating the probability of each classi edem of belonging to some

8this work was developed in collaboration with Dr. lonut Mir oni@, from LAPI, University
Politehnica of Bucharest, Romania, Assist. Prof. Peter Knees, from Department of Computational
Perception, Johannes Kepler University, Linz-Austria, and Prof. Patrick Lambert, from LISTIC,
Universie de Savoie, Annecy-France. The presented rests were published in:

[14] I. Mironia, B. lonescu, P. Knees, P. Lambert, \An In-Depth Evaluation of Multimodal Video
Genre Categorization', IEEE International Workshop on Content-Based Multimedi a Indexing -
CBMI 2013, 17-19 June, Veszpem, Hungary, 2013.
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class. Naturally, each of the classi ers will tend to provid di erent scores for each
class. Late fusion involves the design of an aggregated slas combination func-
tion, f (xq; 5 Xn), with X; the relevance output of the classi eri, whose result is
better than any of its individual classi ers and as good as Esible. The aggregation
is carried out for each individual class. To achieve the natategorization, videos
are then sorted according to the new aggregated scoring fara results. Late fu-
sion focuses on the individual strength of modalities, wheas early fusion uses the
correlation of features in the mixed feature space.

For our study, we have selected several popular late fusiorp@oaches. For
each item and feature pair, classi cation yield$C con dence scores, one for each of
the target classes. Simple linear combination representswaeighted average of the
multimodal con dence values of each of the considered claess:

X
CombMean(d; g = i CV (6.16)
i=1
wherecv, is the con dence value of classiern for classq (g 2 f 1;:::; Cg), d is the
current item, ; are some weights antll is the number of classi ers to be aggregated.
In case of considering equal weights,; =;::;;= n, this is referred to as CombSum.

An extension of CombMean can be obtained by giving more imgance to the
items that are more likely to be relevant for current concest which leads to:

X
CombMNZ(d;q = F(d) i CV (6.17)
i=1
whereF (d) is the number of classi ers for which itemd appears in the topK of the
retrieved items and 2 [0; 1] is a parameter.

Finally, another useful perspective is to consider the randf each con dence level.
The score-based late fusion strategies require a normativa among all con dence
values in order to balance the importance of each of them, vahi is not the case of
the rank-based strategies. In our scenario, we use a commoathod for rank-based
fusion, that is Borda Count. The item with the highest rank oneach rank-list gets
n votes, wheren is the size of the dataset:

X
CombRankd; g) = i rank(cv) (6.18)

i=1

whererank () represents the rank of classi eri, ; are some weights andN is the
number of classi ers to be aggregated.
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Experimental results

Experimentation was conducted in the context of the 2012 MemEval Genre Tag-
ging Task [62]. The data set consists of up to 14,838 blip.tudeos that are divided
into a training set of 5,288 videos (36%) and a test set of 9®5novies (64%; we use
the same scenario as for the o cial benchmark). Videos areli@led according to 26
video genre categories speci ¢ to the blip.tv media platfon, namely (the numbers
in brackets are the total number of videos): \art" (530), \autos and vehicles" (21),
\business" (281), \citizen journalism" (401), \comedy" (515), \conferences and other
events" (247), \documentary" (353), \educational" (957),\food and drink" (261),
\gaming" (401), \health" (268), \literature" (222), \movi es and television" (868),
\music and entertainment” (1148), \personal or auto-biogaphical" (165), \politics"
(1107), \religion" (868), \school and education" (171), \ports" (672), \technol-
ogy" (1343), \environment" (188), \mainstream media" (324, \travel" (175), \video
blogging"” (887), \web development" (116) and \default catgory" (2349, comprises
movies that cannot be assigned to any of the previous categgs). The main chal-
lenge of this scenario is in the high diversity of genres, aMvas in the high variety
of visual contents within each genre category.

For content description we use a broad range of state-of-ttaet descriptors [14]:

aural information: standard audio features (196 values) - a common set of
general-purpose audio descriptors, namely: Linear Pretiie Coe cients, Line
Spectral Pairs, MFCCs, Zero-Crossing Rate, spectral ceoid, ux, rollo and
kurtosis, augmented with the variance of each feature overcertain window
(a common setup for capturing enough local context is taking.28 s). Video
temporal integration is achieved by taking the mean and statard deviation

of these descriptors over all frames;

visual information:;

{ MPEG-7 related descriptors (1,009 values) - describe theoflal color
and texture information over all the frames. We selected théollow-
ing representative descriptors: Local Binary Pattern, awicorrelogram,
Color Coherence Vector, Color Layout Pattern, Edge Histogm, Scal-
able Color Descriptor, classic color histogram and color mments [38].
For each sequence, we aggregate the features by taking theamedisper-
sion, skewness, kurtosis, median and root mean square stts over all
frames;

{ structural descriptors (1,430 values) - account for contaunformation and
relation between contours. We use the approach in [39] to @aneterize
the geometry and appearance of contours and regions;
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{ global Histograms of oriented Gradients (HoG - 81 values) epresent
the average of the well known HoG features. For the entire ssence we
compute the average histogram over all frames;

{ Bag-of-VisualWords of SIFT descriptors (20,480 values) -evcompute
a Bag-of-VisualWords (B-o0-VW) model over a selection of keframes
(uniformly sampled). For this task, we extract a visual vochulary of
4,096 words. The keypoints are extracted with a dense samgistrategy
and described using rgbSIFT features [78]. Descriptors aegtracted at
two di erent spatial scales of a spatial pyramidal image regsentation
(entire image and quadrants).

textual information: we adapted a classic Term Frequency-Inverse Document
Frequency (TF-IDF) approach. First, we lter the input text by removing
the terms with a document frequency less than 5%-percentité the frequency
distribution. We reduce further the term space by keeping dy those terms
that discriminate best between genres according to the?-test. We generate
a global list by retaining for each genre class, then terms with the highest

2 values that occur more frequently than in complement classe This results
in a vector representation for each video sequence that isbsgequently cosine
normalized to remove the in uence of the length of text data.We consider
following TF-IDF descriptors:

{ TF-IDF of ASR data (3,466 values,m = 150) - describes textual data
obtained from Automatic Speech Recognition of the audio sigl. For
ASR we use the transcripts provided with the dataset;

{ TF-IDF of metadata (504 values,m = 20) - describes textual data ob-
tained from user metadata such as synopsis, user tags, vidéte, infor-
mation that typically accompanies videos posted on the blips platform.

For classi cation, we have selected ve of the most popular gproaches that
proved to provide high performance in various informationatrieval tasks, namely
Support Vector Machines (SVM, with various kernel functios: linear, Chi-square
- CHI, Radial Basis Functions - RBF), k-Nearest Neighbor (WN), Random Trees
(RT) and Extremely Random Forest (ERF).

To assess performance, we report the standard Mean Averageéision (MAP),
as de ned in equation 6.13.

Performance assessment of individual modalities . The rst experiment con-
sisted on assessing the discriminative power of each indival modality and group
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Table 6.8: Classi cation performance of individual modaties (MAP) [14].

Descriptors SVM SVM SVM 5-NN RF ERF
Linear RBF CHI

HoG 9.08 % 25.63% 22.44% 17.92% 16.62% 23.44%

Bag-of-Visual-Words 1463 % | 17.61% 19.96% 8.55% 14.89% 16.32%

rgbSIFT

MPEG-7 6.12 % 4.26% 17.49% 9.61% 20.90% 26.17%

Structural descriptors | 7.55 % 17.17% 22.76% | 8.65% 13.85% 14.85%
Standard audio de-| 20.68 % | 24.52% | 35.56% | 18.31% | 34.41% | 42.33%
scriptors
TF-IDF of ASR 32.96 % | 35.05% | 28.85% | 12.96% | 30.56% | 27.93%
TF-IDF of metadata 56.33 % | 58.14% | 47.95% | 57.19% | 58.66% | 57.52%

of descriptors. Table 6.8 summarizes some of the results éthest performance per
modality is highlighted in bold).

The highest performance for visual information is achievedsing MPEG-7 re-
lated descriptors and Extremely Random Forest (ERF) clasgrs, MAP 26:17%,
followed closely by HoG histograms on SVM and RBF kernel, MAR5:63%. Sur-
prisingly, Bag-of-Visual-Words representation of featw information (rgbhSIFT) is
not performing e ciently to this task, MAP is below 20%. The audio descriptors
are able to provide a signi cantly higher discriminative paver, the highest MAP of
42:33% being achieved with the ERF classi er.

In what concerns the text modality, the use of metadata and Ralom Forest
classiers led to the highest MAP of 586% which is an improvement of more
than 16% over the audio. The use of ASR data alone is able onlg provide a
MAP up to 35:05% (with SVM and RBF kernel), which is less discriminative lian
using audio descriptors. Therefore, video descriptors camtperform at this point
the automated text descriptors. This is mostly due to the facthat ASR data is
extracted automatically, being inherently subject to erres (e.g., due to noise).

Performance of multimodal integration . Fusion techniques tend to exploit
complementarity among di erent information sources. In ths experiment we as-
sess the performance of various combination of modalities avell as of di erent
fusion strategies, from late fusion schemes to the simplencatenation of di erent
descriptors (i.e., early fusion).

For late fusion, weights (i.e., ¢ and F(d) values) are rst estimated on the
training set and tuned for best performance. To avoid overting, half of the training
set is used for training and the other half for parameter evahtion. The actual
classi cation is then carried out on the test set. MAP is repded in Table 6.9
(highest values per feature type are presented in bold).

In all of the cases, late fusion tends to provide better penfimance than early
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Table 6.9: Performance of multimodal integration (MAP) [14.

| Descriptors | Comb SUM | Comb Mean | Comb MNZ | Comb Rank | Early Fusion |

all visual 35.82% 36.76% 38.21% 30.90% 30.11%
all audio 43.86% 44.19% 44.50% 41.81% 42.33%
all text 62.62% 62.81% 62.69% 50.60% 55.68%
all 64.24% 65.61% 65.82% 53.84% 60.12%

fusion. Using only the visual descriptors the improvemensiof more then 8% over
simple descriptor concatenation (highest MAP is 381% using CombSUM). For
audio descriptors, highest MAP of 446% is achieved with CombMNZ, that is an
improvement of more than 2% over the simple use of all desdgps together. Audio

still provides signi cant superior discriminative power tian using only visual.

A signi cant improvement of performance is also achieved ifdextual descrip-
tors. We obtain the highest MAP score with CombMean, namely 881%, which is
an improvement of over 7% compared to early fusion. Althougtme simple concate-
nation of modalities manages to boost classi cation perforance up to a MAP of
60:12%, late fusion is able to exploit better the complementayi between descrip-
tors, achieving more than 5% of improvement. In what concesnthe late fusion
techniques, CombRank tends to provide the least accuratesuts in most of the
cases, while the other approaches tend to provide more ordesmilar results.

Therefore, in most of the cases late fusion proves to be a batichoice for multi-
modal genre classi cation. Firstly, it provides signi cartly higher performance than
early fusion. Secondly, late fusion is also less computatal expensive than early
fusion, because the descriptors used for each of the classs are shorter than using
the concatenation of all features. Finally, late fusion sysms scale up easier because
no re-training is necessary if further streams or modaliteeare to be integrated.

Comparison to state-of-the-art . The nal experiment consisted on comparing
the late fusion strategies against other methods from thetdrature. As reference,
we use the best team runs reported to 2012 MediaEval Video GerTagging Task
[62]. Results are presented in Table 6.10 by decreasing MARIwes.

The most e cient modality remains the exploitation of textual information as
it provides a higher semantic level of description than audivisual information. In
particular, the use of metadata proves to be the most e cientapproach leading
to the highest MAP at MediaEval 2012, 525% (see team TUB [65]). In spite of
this high classi cation rate, late fusion still allows for ggni cant improvement, for
instance CombMean on ASR and metadata achieves a MAP up to:82% - that
is an improvement of more than 10% over the best run at MediaBly2012 and of
around 25% over using the same combination of textual desmors (ARF [63]).
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Table 6.10: Comparison with 2012 MediaEval Video Genre Tamgy best runs [62]

| Team | Modality | Method | MAP ]

proposed all Late Fusion CombMNZ with all descriptors 65.82%

proposed text Late Fusion CombMean with TF-IDF of ASR and metadata | 62.81%

TUB [65] text Naive Bayes with Bag of Words on text (metadata) 52.25%

proposed all Late Fusion CombMNZ with all descriptors except for | 51.9%
metadata

proposed audio Late Fusion CombMean with standard audio descriptors | 44.50%

proposed visual Late Fusion CombMean with MPEG-7 related, structural, | 38.21%
HoG and B-0-VW with rghSIFT

ARF [63] text SVM linear on early fusion of TF-IDF of ASR and metadata | 37.93%

TUD [68] visual & | Late Fusion of SVM with B-o-W (visual word, ASR & meta- | 36.75%

text data)

KIT [64] visual SVM with Visual descriptors (color, texture, B-o-VW with | 35.81%
rghSIFT)

TUD-MM text Dynamic Bayesian networks on text (ASR & metadata) 25.00%

[66]

UNICAMP - | visual Late fusion (KNN, Naive Bayes, SVM, Random Forests) | 21.12%

UFMG [67] with BOW (text ASR)

ARF [63] audio SVM linear with block-based audio features 18.92%

Notations: SIFT - Scale Invariant Features Transform, TF-IDF - Term Fr equency-Inverse Docu-

ment Frequency, BoW - Bag-of-Words, ASR - text extracted with automatic speech recognition.

In what concerns the visual modality, best MAP at MediaEval 212 is up to 35%
(see team KIT [64]) and is obtained using a combination of cdaical color/texture
descriptors (e.g., HSV color histogram, L*a*b* color momds, autocorrelogram,
concurrence texture, wavelet texture grid and edge histogms) and B-o-VW of
rgbSIFT descriptors. Results show that using only B-o-VW ofeature descriptors
(e.g., SIFT, SURF - Speeded-up Robust Features), in spite dfeir reported high
performance in many retrieval tasks, is not that accurate,.g., MAP 23:29% using
SIFT, 23:01% with SURF-PCA. The CombMean late fusion of visual desgtors
provides an improvement over the best run of more than 3% (MAB8.21%).

Using only audio information, best reported run at MediaEva2012 achieves a
MAP of 18:92% (see team ARF [63]). In this case CombMean late fusion aidio
descriptors provides an improvement of more than 25% (MAP Z&P%).

Combining all the descriptors with CombMNZ we achieve a verfigh classi-
cation accuracy as MAP is up to 6582%, that is an improvement of more than
13% over the MediaEval 2012 best run. In spite of the high disminative power
of textual descriptors, the combination of all the modalites with late fusion is able
to exploit data complementarity at some level as the improvaent over using only
textual information is of 3%. This is a signi cant achievemat considering the scale
of the data set.
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From the modality point of view, metadata provides the highst discriminative
power for genre categorization. However, one should noteaththis information is
user generated (e.g., includes document title, tags and ussmmments and descrip-
tions) and cannot be determined automatically from the vide information, that
limits its applicability in real-time categorization scerarios. Approaching the clas-
si cation using only content information that can be compued automatically from
video data (ASR and audio-visual descriptors), late fusioms still able to provide
high classi cation performance leading to a MAP of 5B%, surpassing even some
metadata-based approaches, e.g., see team ARF [63] and TNV [66].

Conclusions and future work

We studied the contribution of various modalities and the rke of the fusion mecha-
nisms in increasing the accuracy of the classi cation regsl The study was carried
out in a real-world scenario using 26 blip.tv web video categes and more than
3,200 hours of video footage. The design of appropriate degtors and late fusion
integration allows to achieve a MAP up to 65.8%, that is a sigrtant improvement
of more than 13% over the best approach reported at the 2012 MeEval Genre
Tagging Task [62]. We prove that notwithstanding the supedrity of employing user-
generated textual information (e.g., user tags, metadatajhe proposed multimodal
integration allows to boost performance of automated conté descriptors to achieve
close performance. Future work will mainly consist in exptong spatio-temporal
data representation in this context.

6.4 Video summarization

Video information is massive spatio-temporal data, as jusbne minute contains
up to 1,800 static images, whereas video databases contasirauch as millions of
recordings. Browsing the database in the search of a specntovie or a particular
scene, can be a tedious task, as it is necessary to visualize whole content of the
movie. Visualizing each movie is, rstly ine cient, due to data redundancy, and
secondly, can be very time consuming, as it may take months fmrocess all the
video footage. An e cient solution for addressing this issa are movie abstracts
A movie abstract is a compact representation of the originalideo, signi cantly
shorter, which preserves most of the essential parts of theiginal video [79].
There are two fundamentally di erent types of video abstrats. The still-image
abstracts, known asvideo summaries(sometimes called static storyboards), are a
small collection of salient images (i.e., key frames) thatdst represent all the un-
derlying content at di erent levels of details. The movingimage abstracts, orvideo
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skims consist of a collection of image sequences. The existingle® skimming
techniques address two di erent approachessummary sequenceswvhich are clas-
sic abstracts covering the entire movie's content, anchovie highlights which only
summarize some of the most interesting parts of the movie. d&o highlighting tech-
niques are related to the characteristics of the events, wif should be considered
as representative for the underlying movie content [80].

Both video abstraction techniques are useful and have beesad extensively with
content-based video indexing systems for reducing browgitime, for improving the
quality of the search as well as reducing the computationabmplexity by replacing
the original movie in the processing steps. They are e cienin almost complemen-
tary situations: static abstracts, or video summaries, areasy to compute (they
contain only visual information), the computational compéxity can be greatly re-
duced (e.g., a quick summary can be produced by retaining omeage per shot) and
are easy to visualize (there is no need to synchronize datay the other hand, the
possibly higher computational e ort during the skimming piocess pays o during
the playback time as video skims make more sense providingetdynamic/motion
content.

| have contributed to the development of both types of abstrets, namely tech-
niques for trailer-like video highlights and techniques foadaptive summarization
which tends to follow the storyboard of the movi& These techniques were adapted
to the specicity of animated movies, which pose dierent pocessing challenges
compared to natural movies (a discussion is presented in 8en 6.2.3).

6.4.1 Video storyboard

The rst contribution in this area was to the development of echniques for video
summarization thus to create an image summary that followshe exact narration of
the video in a storyboard manner [25].

Contribution to state-of-the-art

The proposed storyboard-like summary is a collection of kdyames which are re-
trieved at shot level. To capture the shot visual activity, ve take advantage of the

Sthis work was developed in collaboration with Dr. Laurent Ott, Prof. Patrick Lambert, Prof.
Didier Coquin, from LISTIC, Universie de Savoie, Annecy-France, Dr. Alexandra Racureanu,
Prof. Vasile Buzuloiuy, from LAPI, University Politehnica of Bucharest, Romania. The presented
results were published in:

[25] B. lonescuy, L. Ott, P. Lambert, D. Coquin, A. Pacureanu, V. Buzuloiu, \ Tackling Action -
Based Video Abstraction of Animated Movies for Video Browsng", SPIE - Journal of Electronic
Imaging, 19(3), 2010.
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particularity of the animated movies of sharing speci c car palettes and we use
histograms of cumulative inter-frame distances. A variabl number of key frames
are extracted according to a histogram pattern and thus to gual contents. In this

way, we obtain a key frame for each di erent scene, not only athot level, but at

intra-shot level.

Approach

The proposed video summary aims to present one image for eactividual movie
scene, in a storyboard manner. The key frames are extractedl €hot level and
the number of key frames is adapted to the variability of the lsot visual content.
Basically, we attempt to extract one key frame for each groupf similar content
images. To do so, we inspired from color median ltering tectiques, in which the
output of the Iter is the most representative value, thus the one which minimizes
the cumulative sum of distances to all the other values. To paure the pattern of
visual changes, we estimate a histogram of cumulative intrame distances.
For each retained frame (typically we use a temporal sub-sging) of index
, from the current shot k, we compute its color histogram, denotedH{; (c), in
WhICh c is the color index,c 2 f 1;:::;125) in our experiments. To evaluate the
distance between frames, we use the classical Manhattantdisce, denoteddy (),
which provides a good compromise between the computatior@mplexity and the
quality of the results. We use a version of this distance wtids normalized to 1:
"2 i (O Hiiy ()
shotk shoty J

6.19

dM (Hshotk’ Hshotk) =

whereN, represents the number of pixels andandj are two frame indexes.
The normalized inter-frame cumulative distance for the cuent frame i of the
shot k, denoted D¢, (i), is given by the following equation:

1

Dsnot () = Earae) 1
shotk(l) Card(S) 1jzs;i61

dM (HShOtk’ HShOtk) (6'20)

whereS is the set of the retained frames for shat and Card() returns the size of a
set. This measure gives us information on the correlation treeen framei and other
frames. If the cumulative distance is low, we may conclude dh frame i is similar
to most of the shot frames, while if the distance is high, thethe image must be
di erent from most of the frames. The normalization has beemdopted to be able
to compare an histogram of cumulative distances of di erenshots.

The histogram of cumulative inter-frame distances,@,, is computed after
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quantifying Dspor, (1) values into Ny, bins, denoted Dghotk(i), in which 1 2 S and
q=1;:: Np. @, is further determined as:

X
@hotk (dg) = (Dghotk(i) dq) (6.21)
i2s

in which S is the frame set for shotk, d, is a quanti ed value of the normalized
cumulative inter-frame distance,qrepresents the bin index and (x) = 1 if x = 0 and
0 otherwise. A good tradeo between computational completyi and the precision
of the histogram isNy = 100.

Once the shot histogram is determined, we use the analysis tbe histogram
shape to measure how the visual activity is related to the disbution of cumulative
distances within the shot. After manually observing and arlgzing the histograms
of cumulative inter-frame distances for more than 50 shotsdm a large variety of
animated movies, we conclude that, despite the diversity dhe histograms, they
can be projected without signi cant information lost into only a limited number of
patterns, which are related to the type of shot content.

We use only four classes, as follows:

histograms with small distance  (pattern 1):. all the values of the cumu-
lative distance are small and therefore the variability ofte visual content is
reduced (shot content is almost constant). This occurs if #1 maximum cu-
mulative distance over the shot frames is below a certain tashold (e.g., 0.12,
empirically determined);

histograms with both small and high distances (pattern 2): most of
the cumulative distances are small, but there are a few framavhich are very
di erent from the others. This scenario corresponds to shetin which the
visual content is mostly constant, but presenting some sigonant short visual
changes (see shot [8612 8657] from movie \Ferrailles" in Figure 6.13). To
detect these situations, we aim at positioning a mean valuef ®gpor, With
respect to the minimum and maximum values. The pattern 2 histgrams are
detected if the gap between minimum and meaDgo, Vvalues is less than a
fraction (e.g., 0.2) of the gap between maximum and minimur® e, Values;

multi-modal histograms  (pattern 3): in this case the shot contains di erent
groups of similar frames. This scenario corresponds, in geal, to several static
scenes which are linked through camera motion, e.g., a 3D cand@ movement
with repetitive focuses on several points of the scene (sé®s[78 735] from
movie \The Buddy System" in Figure 6.12);
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pattern 3: The Buddy System shot [78 735]

selected key frames

4866 4859 4871 4873 - 4382 _ 4900 4905

pattem 2: "Le Roman de Mon Ame", shot [1167 1409]

selected key frames

#

Figure 6.12: Shot summarization using histograms of cumuize inter-frame dis-

tances [25]: 0X axis corresponds to histogram bins whil@Y axis corresponds to
histogram value. Each shot is summarized with several rementative images for
visualization purpose (bottom of the histogram). Selecte#fey frames are marked
with red rectangles (detailed on the right side of the histagm).

single-mode histograms (pattern 4): the histogram has only one mode,
but the cumulative distances are high. Such shots are compgalsof many
di erent frames suggesting a constantly changing content lich may result
from continuous motion or due to the use of special color e &

Some examples of histogram shapes and their correspondihgtscontents are
presented in Figure 6.12 and 6.13.
To constitute the abstract, we use the following reasoning:

rule 1 - For a shot with a cumulative histogram of pattern 1, i.e., small dis-
tances, and thus with low visual variability, we extract ony one key frame. If
fframe;g, with i = 1;::;;N (N is the number of frames) denotes the frame
set of the current shot, then, the key frameframe, is extracted according
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shot [8562-8612]

pattern 4: "Ferrailles",
0 -

Figure 6.13: Shot summarization using histograms of cumuize inter-frame dis-
tances (next) [25]:0X axis corresponds to histogram bins whileY axis corresponds
to histogram value. Each shot is summarized with several regsentative images for
visualization purpose (bottom of the histogram). Selecte#fey frames are marked
with red rectangles (detailed on the right side of the histagm).

to the following equation:

K = argmin jis 1.:::n of Dshot(i)9 (6.22)

in which Dgpet (i) is the cumulative inter-frame distance given by equation.g0.
Therefore, the key frame is the median image in terms of cunative distances;

rule 2 - A shot with both small and high distances (pattern 2) is repesented
with two key frames. This type of video shot contains mainly group of similar
frames, as well as some di erent content images. To capturbe content with
a reduced visual variability, the rst key frame is the media image, selected
according to equation 6.22. The second key frame aims at repenting the
changing content and is selected dsame |, with | given by:

| = argmaxjizs 1.:::n gf Dshot ()9 (6.23)

This frame is theoretically the most di erent one, providirg the maximal cu-
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mulative distance over all the other frames.

rule 3 - For shots with cumulative histograms of pattern 3, i.e., miti-modal,

which contain di erent groups of similar content frames, weanalyze the his-
togram peak repartition. The idea is to extract one key framéor each indi-
vidual group of similar pictures. To do so, we select one keyafne for each
histogram peak, as being the median image given by equatior28 when ap-
plied only to the frames which contributed to the peak value fahe histogram;

rule 4 - Finally, single-mode histograms (pattern 4) are represesd with two

key frames. In this case, the shot presents a high variabyit This is the
most di cult case, because a changing content requires a Ige number of key
frames. However, selecting many images, is not always e ¢ due to the

probability of capturing transition images. We use a compmise and the key
frames are selected with the same strategy as for the histagns of pattern 2,
thus according to equations 6.22 and 6.23 (the most commonage and the
most di erent one).

Validation results

The evaluation of video abstraction techniques is in gendra subjective task, as
it mainly relies on human perception, e.g., for a certain vieb sequence one may
produce, not one, but many abstracts to cope with some qualittonstraints.

To test the pertinence of the abstraction approaches, we takadvantage of the
e ciency of user studies. We have conducted a user study inlong 27 people (stu-
dents, didactic personnel and several animation experts,ittv ages varying from
21 to 49). The tests were performed on a selection composed16f animated
movies from CITIA [32], namely: \Casa" (6minl15s), \Circuit Marine" (5min35s),
\Ferrailles" (6minl5s), \Frarcois le Vaillant" (8min56s), \Gazoon" (2min47s), \La
Bouche Cousue" (2min48s), \La Cancion du Microsillon" (8nm56s), \Le Moine et le
Poisson" (6min), \Paroles en I'Air* (6min50s) and \The Buddy System" (6min19s).

The test protocol consisted in showing the participants, st, the entire movie
and then, the proposed abstracts. The video summaries areegented as slideshows,
1 image/1.5 seconds. After visualizing each abstract, theafticipants were asked
to answer several questions concerning the quality of theqposed abstracts. The
answers are quanti ed into several degrees for which a scaseassigned. For each se-
guence, we then, compute the average score, which providesozerall appreciation,
as well as its standard deviation, which gives informationkeout the consistency of
the results.
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Figure 6.14: Comparison between the proposed adaptive sumry [25] (odd lines,
symbol 1) and the abstract obtained with one image per shot (iddle frame, even
lines, symbol Il): shot boundaries are depicted with red vécal lines, the shot
number is depicted with white (extract from the full summary of movie \Circuit

Marine", temporal order from top to bottom and left to right).

Several results are illustrated in Figure 6.12, 6.13 and @.1Overall, the proposed
video summarization strategy gives a good representatior the shot contents, key
frames being selected according to the complexity of eachosh

Figure 6.12 and 6.13 present some examples of shot summar@s di erent
patterns of cumulative histograms. For instance, multi-mdal histograms conclude
with one key frame for each individual group of similar picttes, e.g., the shot [78
735] from the movie \The Buddy System", which contains a 3D c¢@inuous camera
motion with several focuses on some interesting points ofdlscene, is summarized
with one representative frame for each focused point, or thehot [4847 4906] in
which the key frames correspond to each of the two di erent saes. On the other
hand, visual e ects and constant changes may lead to some iacial histogram
modes and thus to redundant key frames, as it is the case wittafne 2561 extracted
from shot [2204 3172], movie \Le Roman de Mon Ame". Shots containing only
one group of similar frames and several visual changes arensoarized with one
common image and one image which captures the variability ¢fie content, see
shot [1167 1409] from the movie \Le Roman de Mon Ame" or shot [8612 8657]
from movie \Ferrailles”. Due to histogram invariance, consint shots are summarized
with only one image, despite any object motion of other smathovements, see shot
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Video summary

Do you think that the proposed summary fits well the movie content ?
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0

Casa Circuit Ferrailles Francoisle  Gazoon LaBouche LaCancion Le Moine et Parolesen The Buddy
Marine Vaillant Cousue du le Poisson 'Air System
Microsillon

What do you think of the length of the video summary ?
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Figure 6.15: The results of the user evaluation campaign [R5he oX axis corre-
sponds to the tested movies while th@Y axis corresponds to the movie average
score, the standard deviation is depicted with vertical segents and gray bars cor-
respond to the number of \don't know" answers.

[3246 3433] from movie \Gazoon".

Figure 6.14 compares the proposed video summary against arslard approach,
I.e., extracting one image for each shot (the middle frame)he adaptive summary
provides more details for a changing content (e.g., shots &, 12, 19, 24, 32 from
Figure 6.14), while only one frame is extracted from constashots (e.g., shots 2,
27, 31, 40, 47 from Figure 6.14). Overall, this results in agiure story of the entire
movie action content.

However, a less subjective evaluation is given by the usemgpaign. The results
are presented in Figure 6.15. For the video summary, the eualtion consisted in
answering two questions, thus: Do you think that the proposed summary ts well
the movie content ? (score ranges from 0 to 10: 0-don't know, 1,2-not at all, 3;4
very little, 5,6-partially, 7,8-almost entirely, 9,10-etirely) and \ What do you think
of the length of the video summary"qscore ranges also from 0 to 10: 0-don't know,
1.2-too short, 3,4- short, 5,6-appropriate, 7,8-long, 9ivery long.)
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Concerning the representation of the underling movie contes, the proposed
video summary achieved an average score, over all the seques) of @ and an av-
erage standard deviation of 1.7 thus preservingimost entirely the movie contents
while for the length of the movie an average value of 6.1 and average standard
deviation of 1.5 thus preserving, in generalan appropriate length However, the
summary was less e cient for movies with a very complex cont#, when the num-
ber of \don't know" answers was important, e.g., 11 for the moe \La Cancion
du Microsillon", or when the perception of the movie variesrom one user to an-
other one, e.g., \Le Moine et le Poisson" (high dispersion tiie answers, standard
deviation 2.3).

Conclusions and future work

We addressed the issue of video summarization for conterad®d browsing of ani-
mated movies. We proposed a storyboard-like summary, whidbllows the movie's
events by providing each particular movie scene with one kdésame. This is carried
out at shot level by capturing the shot visual activity with histograms of cumulative
inter-frame distances. The number of key frames is adapted the distribution of
the histogram's modes and thus suits the shot's visual comte The performance
of our approach has been conrmed through several end-usdudies, as well as
through the manual analysis of the results. On the whole, thproposed abstracts
were appreciated as being su ciently representative of thenovie's content, and
were the appropriate length (neither too long nor short). Oe possible drawback is
the length of the summary for movies with high activity contat which tends to be
too long. Future work will mainly address the possibility ofadapting the proposed
framework to the case of natural movies.

6.4.2 Video trailer

The second contribution consists of developing techniquésr video skimming and
in particular for creating trailer-like abstracts. These #stracts are highly compact
and present only some of the most exciting action parts of th@ovies [25].

Contribution to state-of-the-art

The proposed trailer-like video highlight is based on detsrining movie action seg-
ments. This is done by analyzing the movie, both at inter-stidevel (action is high-
lighted by selecting movie segments with a high frequency wideo transitions over
a certain time-window) and at inter-frame level (computingframe visual activity).
Globally, the use of inter-shot analysis is not a particuldy new idea, being more or
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less adopted by some other approaches, e.g. [81]. The ngvelt this work is rather
in the e ciency of this relatively standard approach, when ransposed and adapted
to the speci city of the target animated movies, e.g., we déawvith short animated
movies (i.e., less than 15-17 minutes) which reduces the spaf the action segments
within the movie, color is an important feature as we deal wit artistic movies in
which the author's concepts are transmitted through the mae color palette, etc.
Also, to solve the problem of producing video highlights fomovies with a predom-
inant static content we adapt the concept of action to the maoe average rhythm.
Despite the complexity of the content, in our approach we caider some simpli -
cations, e.g., most of the movies are without dialog or commiaries, therefore, the
sound is disregarded, and so is the issue of image-sound Byoization.

Approach

To produce a video highlight similar to the concept of a videtrailer, we use a simple
and e cient approach. It basically consists in summarizingthe movie's action clips.
Action detection is performed using the algorithm proposetbr rhythm and action
descriptors, which is presented in Section 6.3.1 (see FiguB.5). The result is the
segmentation of the movie into action and non-action segnmisn

As stated before, with this approach, the trailer capturesite movie \most un-
common” parts. The movie trailer is computed as follows:

m

trailer = t ¥ sedy, (6.24)

m=1 n=1

where M is the number of action clips,N, represents the number of video shots
within the action clip m, and sedqj, is an image sequence which contain®o of
the shot n frames. As the action takes place most likely in the middle & shot,
the sequence is shot-centered. Retaining a number of fransording to the shot
length, provides longer shots with more details, which are one valuable as they
contain more information.

The choice of parametep is related to the histogram of cumulative inter-frame
distances, @, . de ned in equation 6.21 for the creation of the video storybard
(see Section 6.4.1). This histogram captures the varialijiwithin the shot frames,
which provides complementary information to the action angsis.

We adapt the amount of the retained shot information to its vsual activity.
Therefore, for shots with a cumulative histogram of patterri or 2 (see also Figure
6.13), which contain similar color information, we use a srilar value of p, around
15%. On the other hand, for shots with cumulative histogramef patterns 3 or 4 (see
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Video trailer

Do you think that the proposed trailer contains the most
important parts of the movie ?
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Figure 6.16: The results of the user evaluation campaign [R5he oX axis corre-
sponds to the tested movies while th@Y axis corresponds to the movie average
score, the standard deviation is depicted with vertical segents and gray bars cor-
respond to the number of \don't know" answers.

also Figure 6.12), which contain much more action informain, we usep = 35%.
The values ofp were empirically determined after the manual analysis of geral
animated movies. The constraint is, rst of all, to ensure tle visual continuity of
the trailer as well as to preserve an optimal trailer length.

Validation results

Experimental validation was conducted on the same datasend user study pre-
sented in the previous section, Section 6.4.1, for the vidstoryboard evaluation.
For the trailer evaluation, the user evaluation consistedni answering two ques-
tions namely: \Do you think that the proposed trailer contains the most imp@ant
parts of the movie ? (score ranging from 0 to 10: 0-don't know, 1,2-not at all, 3-
very few, 5,6-some, 7,8-almost all and 9,10-all of them) andvhat do you think of
the length of the proposed trailer *?(score range from 0O to 4. 0-very short, 1-short,
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Table 6.11: A comparative study of the achieved trailer lert (action ratio = action
length/movie length).

Movie Length Trailer Shot-based | # Shots | Action | Comp.
length skim length ratio ratio
\Frarcois le Vaillant" 8min56s | 1min25s 2minil5s 164 70% 6:1
\La Bouche Cousue" 2min48s 16s 42s 39 525% | 10:1
\Ferrailles" 6minl5s | 1min31s 1min34s 138 98% 4:1
\Casa" 6minl5s 42s 1min30s 49 87% 9:1
\Circuit Marine" 5min35s 55s 1min22s 125 87% 6:1
\Gazoon" 2mind7s 35s 42s 31 89% 4:1
\La Cancion du Mi- | 8min56s 52s 2minl3s 97 55% 10:1
crosillon”
\Le Moine et le Pois- 6min 55s 1min30s 99 74% 71
son"
\Paroles en I'Air" 6min50s 57s 1min42s 63 7% 71
\The Buddy System" | 6min19s| 1min 1min36s 77 7% 6:1
\A Viagem" 7min32s| 1min 1min48s 54 71% 8:1
\David" 8minl2s 23s 1min58s 27 40% 21:1
\Greek Tragedy" 6min32s 24s 1min36s 29 48% 16:1

2-appropriate, 3-long and 4-very long). The results are deged in Figure 6.16.

Overall, the proposed video trailer was perceived as provwnd) almost all the
important parts of the movie with a global average score, over all the sequences, of
7.7 and a standard deviation of 1.3. This corresponds to oupal, as video trailers
do not aim at providing all the action contents or exciting pats. Compared to
the video summary, thanks to the dynamic content, the traile was naturally more
attractive for the viewers, thus the answers are less disged (smaller standard
deviation) while the number of \don't know" answers is redued (5 vs. 14).

The trailer length, was consideredppropriate, with a global average score of 2.6
and a standard deviation of 0.6. However, for movies with a edominant action
content, e.g., \Frarcois le Vaillant", \Ferrailles", the trailer tends to be longer.

In Table 6.11 we compare the length of the proposed trailer rgis the original
movie and a standard skimming approach which consists in ehing p% frames
from each individual video shot (we take p=25% which is clost the averagep
value used with the trailer construction). One may notice tht the trailer provides a
good reduction of the original movie contents, with an avege compression around
9:1, while the max value is up to 21:1. This is done while praseng the movie
most important parts, as con rmed by the previous results. Aso, compared to the
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standard approach, in most cases, the trailer is more e cign The only cases when
the trailer approaches the skim length is for some of the m@s with a predominant
action content, that is a high action ratio (see in Table 6.1the movies with an
action ratio above 85%).

Conclusions and future work

We addressed the issue of video summarization for conteraged browsing of ani-
mated movies. We proposed a trailer-like video highlight, lich provides only the
most interesting parts of the movie. Our approach is based drighlighting action
through the analysis of the movie's rhythm (frequency of shiochanges) coupled
with the analysis of the shot's visual activity. We adapt thenotion of action to each
movie's content to solve the problem of producing trailersof movies with a more
or less static content.

The performance of our approach has been con rmed throughvegal end-user
studies, as well as through the manual analysis of the ressitOn the whole, the pro-
posed abstracts were appreciated as being su ciently repsentative of the movie's
content, and were the appropriate length. The proposed tri@r achieves a good
reduction of the original video content, i.e., average comgssion ratio 9:1, while
still preserving most of the interesting parts of the movie.Naturally the trailer is
attractive for the viewers, thanks to the dynamic content.

Future work will mainly consist of improving the criteria used for action detection
by considering motion information. At a certain level, the vsual changes caused by
motion are captured with the histograms of cumulative inteifframe distances, but
getting speci ¢ information about fast camera/object moton would be more valuable
for the production of the video trailer.

6.5 Violent scenes detection

Video broadcasting footage (e.g., YouTube, Dailymotion)sinow the largest broad-
band tra c category on the Internet, comprising more than a quarter of total tra c
(source CISCO systenms). In this context, one of the emerging research areas is the
automatic Itering of video contents The objective is to select appropriate content
for di erent user pro les or audiences.

A signi cant interest was shown fordetecting violent sceneg movies (or a ect
content) which is an important requirement in various use cges related to video on
demand and child protection against o ensive content.

Ohttp://www.cisco.com
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Apart from the inherent scienti ¢ challenge, solving this @radigm requires rst
an adequate formalisation of this highly subjective concgpi.e., violence. Another
important aspect is the validation of the techniques. Befa 2011 (i.e., the Medi-
aEval A ect Task: Violent Scenes Detection [100]), there waa lack of a standard
consistent and substantial evaluation framework (both fnm the dataset and anno-
tations point of view). This limited signi cantly the repro ducibility of results in
the community and consequently the advances in this speci ®ld. Each of the
proposed methods tended to be tested on closed data, usuallgry restraint and
annotated for very particular types of violence.

6.5.1 Violence classi cation

In this area, | have rst contributed to the development of anautomated tech-
nique for the detection of video segments that contain physal violence or accidents
resulting in human injury or pain in typical Hollywood productions [15}.

Contribution to state-of-the-art

In the context of the current state-of-the-art, we proposed di erent perspective
that exploits for the violent scenes detection the use of milgvel concepts in a
multiple neural network fusing scheme. The proposed apprda goes beyond the
current state-of-the-art along these dimensions: by addssing a highly complex
scenario where violence is considered to be any scene invgvhuman injury or
pain; thanks to the fusion of mid-level concept predictionsghe method is feature-
independent in the sense that it does not require the desigri adapted features;
violence is predicted at frame level which facilitates detéing segments of arbitrary
length, not only xed length (e.g., shots).

this work was developed in cooperation with Jan Schister, fom Intelligent Music Process-
ing and Machine Learning Group, Austrian Research Institute for Arti cial Intelligence, Vienna-
Austria, Assoc. Prof. Markus Schedl, from Department of Conputational Perception, Johannes
Kepler University, Linz-Austria and Dr. lonut Mironi@, from LAPI, University Politehnica of
Bucharest, Romania. The presented results were publishedi
[15] B. lonescu, J. Schister, I. Mironi@, M. Schedl, \ A Naive Mid-level Concept-based Fusion Ap-

proach to Violence Detection in Hollywood Movie§, ACM International Conference on Multimedia
Retrieval - ICMR 2013, Dallas, Texas, USA, April 16 - 19, 2013

[96] J. Schister, B. lonescuy, I. Mironi@, M. Schedl , \ ARF @ MediaEval 2012: An Uninformed
Approach to Violence Detection in Hollywood Movie$, MediaEval Workshop, vol. 927, CEUR-
WS.org, ISSN 1613-0073, Pisa, Italy, 4-5 October, 2012.
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Figure 6.17: Violent scene detection diagram [15].
Approach

Given the high variability in appearance of violent scenesnimovies and the low
amount of training data that is usually available, training a classi er to predict
violent frames directly from visual and auditory features sems rather ine ective.
We propose instead to use high-level concept ground-truttbtained from manual
annotation to infer mid-level concepts as a stepping stonewards the nal goal.
Predicting mid-level concepts from low-level features shtnl be more feasible than
directly predicting all forms of violence (highly semantigz Also, predicting violence
from mid-level concepts should be easier than using directihe low-level features.

A diagram of the proposed method is shown in Figure 6.17. Firsve perform
feature extraction. Features are extracted at frame level.The resulting data is
then fed into a multi-classi er framework that operates in tvo steps. The rst step
consists oftraining the system using ground truth data. Once we captured data
characteristics we mayclassify unseen video frames into one of the two categories:
\violence" and \non-violence". Violence frames are aggrated to segments.

To train the system we use ground truth data at two levels: gnand truth related
to concepts that are usually present in the violence sceneasich as presence of \ re",
presence of \gunshots"”, or \gory" scenes and ground truth la&ed to the actual
violence segments. We used the data set provided with the 20MediaEval A ect
Task: Violent Scenes Detection Task [82].

The mid-level concept detection consists of a bank of clagss that are trained
to respond to each of the target violence-related conceptat this level, the response
of the classi er is optimized for best performance. Tests arrepeated for di erent
parameter setups until the classi er yields the highest accacy. Each classi er state
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is then saved. With this step, initial features are therefar transformed into concept
predictions (real valued between [0;1]).

The high-level concept detection is ensured by a nal classr that is fed with
the previous concept predictions and acts as a nal fusionitseme. The output of
the classi er is thresholded to achieve the labeling of eadiname as \violent" or
\non-violent" (yes/no decision). As in the previous case, @/use the violence ground
truth to tune the classi er to its optimal results (e.g., seting the best threshold).
The classi er state is again conserved.

To choose the right classi cation scheme for this particulafusion task, we con-
ducted several preliminary experimental tests using a brdavariety of classi ers,
from functional-based (e.g., Support Vector Machines), desion trees to neural net-
works. Most of the classi ers failed in providing relevant esults when coping with
high amount of input data, i.e., labeling of individual frames rather than video seg-
ments (e.g., a movie has around 160,000 frames and the traigidata consist of
million frames). The inherent parallel architecture of netal networks tted well
these requirements, in particular the use of multi-layer peeptrons. Therefore, for
the concept and violence classi ers (see Figure 6.17) we doypa multi-layer per-
ceptron with a single hidden layer of 512 logistic sigmoid s and as many output
units as required for the respective concept.

Networks are trained by gradient descent on the cross-enpy error with back-
propagation [83], using a recent idea by Hinton et al. [84] tionprove generalization:
for each presented training case, a fraction of input and haign units is omitted from
the network and the remaining weights are scaled up to compsate. This helps gen-
eralization in the following way: by randomly omitting units from the network, a
higher-level unit cannot rely on all lower-level units beig present and thus cannot
adapt to very speci c combinations of a few parent units onlylnstead, it is driven
to nd activation patterns of a larger group of correlated urits, such that dropping
a fraction of them does not hinder recognizing the pattern.

Validation results

To validate our approach we use the 2012 MediaEval A ect taskViolent Scenes
Detection [82] dataset. It proposes a corpus of 18 Hollywoadovies of di erent
genres, from extremely violent movies to movies without vience. Movies are di-
vided into a development set, consisting of 15 movies: \Arnggaddon", \Billy Elliot",
\Eragon", \Harry Potter 5", \l| am Legend", \Leon", \Midnigh t Express", \Pirates
of the Caribbean 1", \Reservoir Dogs", \Saving Private Ryah, \The Sixth Sense",
\The Wicker Man", \Kill Bill 1", \The Bourne Identity”, and \ The Wizard of Oz"
(total duration of 27h 58min, 26,108 video shots and violeeauration ratio 9:39%);
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and a test set consisting of 3 movies: \Dead Poets Society'Fight Club", and \In-
dependence Day" (total duration 6h44min, 6,570 video sho&nd violence duration
ratio 4:92%). Overall the entire data set contains 1,819 violencegseents.

Ground truth is provided at two levels. Frames are annotatedccording to 10
violence related high-level concepts, namely: \presenceatood", \ ghts"”, \presence
of re", \presence of guns", \presence of cold weapons", \cachases" and \gory
scenes" (for the video modality); \presence of screams",igshots" and \explosions"
(for the audio modality) [85]; and frame segments are labeleas \violent"/\non-
violent".

For experimentation, we employ the following content desipators:

audio (196 dimensions): we use a general-purpose set of audio dpswrs:

Linear Predictive Coe cients (LPCs), Line Spectral Pairs (LSPs), MFCCs,
Zero-Crossing Rate (ZCR), and spectral centroid, ux, roth, and kurtosis,

augmented with the variance of each feature over a window of8& centered
at the current frame [86, 87];

color (11 dimensions): to describe global color contents, we usket Color
Naming Histogram proposed in [89]. It maps colors to 11 uniksal color
names: \black", \blue", \brown", \grey", \green", \orange ", \pink", \purple",
\red"”, \white", and \yellow";

features(81 values): we use a 81-dimensional Histogram of Orientedadients
(HoG) [88];

temporal structure (single dimension): to account for temporal information
we use a measure of visual activity. We use the cut detector {28] that
measures visual discontinuity by means of di erence betweeolor histograms
of consecutive frames. To account for a broader range of digant visual
changes, but still rejecting small variations, we lower théhreshold used for
cut detection. Then, for each frame we determine the numbef detections in a
certain time window centered at the current frame (e.g., foviolence detection
good performance is obtained with 2 s windows). High value$ this measure
will account for important visual changes that are typicaly related to action.

The classi ers are trained on the development data while thactual evaluation
was carried out on the testset.

To assess performance, we use classic precision and recatlened in equation
6.5 as well as the global Fscore, see equation 6.12. Values averaged over all
experiments.
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Table 6.12: Violence shot-level detection results at 2012 ddiaEval A ect task:

Violent Scenes Detection [82].

| team | descriptors | modality | method || precision recall  Fscore |
ARF-(c) concepts siljlsilgl' proposed 46.14%  54.40% 49.94%
ARF-(a) audio audio proposed 46.97%  45.59% 46.27%
ARF-(av) al:)dGlo,tempo(r:gllor, \"’/‘i‘éi';’" proposed 32.81%  67.69% 44.58%
Shanghai . . .
trajectory, SIFT, | audio- temp. smoothing + 0 0 0
gc;?gkong STIP, MFCC visual SVM with 2 kernel 4143%  46.29% 43.73%
audio, color, .
ARF-(ve) | 106, temporal & | 2udio proposed 31.24%  66.15% 42.44%
[96] concepts visual
fusion SVM with
TF-IDF B-0-AW | audio- HIK and ? kernel
0, 0, 0,
TEC [95] [99], audio, color | visual & Bayes Net. & 31.46%  55.52% 40.16%
Naive Bayes
TUM [91] Zzg[gy&s"’ec”a' audio SVM linear kernel || 40.39%  32.00% 35.73%
ARF-(v) g‘;'r‘;rl’ HOG, tem- | isual proposed 25.04%  61.95% 35.67%
color texture hierarch. fusion of
LIG [93] SIFT. B-0-AW of | 2udio- | SVMs & KNNs Il 0 5100 45 0905 32.38%
MECC visual with conceptual
feedback
audio, B-0-AW | audio- SVM with RBF
! 0, 0, 0,
TUB [97] MFCC, motion visual kernel 19.00% 62.65% 29.71%
DYNI [94] {\gg]'LBP exture | \isual Eevr'r\]"el with linear | 1o soop  63.079 24.95%
concept learned .
NII [90] from texture & | visual ievr'r\:'el with  RBF | 19 4006  89.93% 20.24%
color

Notations: SIFT - Scale Invariant Features Transform, STIP - Spatial-Temporal Interest Points,
MFCC - Mel-Frequency Cepstral Coe cients, SVM - Support Vec tor Machines, TF-IDF - Term
Frequency-Inverse Document Frequency, B-o-AW - Bag-of-Adio-Words, HIK - Histogram Intersec-
tion Kernel, k-NN - k Nearest Neighbors, RBF - Radial Basis Function, MS-LBP - Multi-Scale Local

Binary Pattern.

Shot-level prediction

The rst experiment addressed the shot-level prediction

(shot segmentation for the movies was provided by organize82, 85]). We assessed
di erent feature combinations: ARF-(c) - use of only mid-lerel concept predictions;
ARF-(a) - use of only audio descriptors (the violence classr is trained directly on
the audio features); ARF-(v) - use of only visual features; RF-(ac) - use of only
audio-visual features; ARF-(avc) - use of all concept and dio-visual features (the
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Figure 6.18: Precision-recall curves for the proposed ok scenes detection ap-
proach [15].

violence classi er is trained using the fusion of concept edictions and features).

A summary of the 2012 MediaEval best team runs is presented Table 6.12 (re-
sults are presented in decreasing order Bfscore values). The use of mid-level con-
cept predictions and multi-layer perceptron (see ARF-(c)janked rst and achieved
the highest Fscore of 4994%, that is an improvement of more than 6 percentage
points over the other teams' best runs, i.e., team Shanghaigkong [92],F score
of 4373%. For our approach, the lowest discriminative power is pvided by us-
ing only the visual descriptors (see ARF-(v)), where thd-score is only 3565%.
Compared to visual features, audio features seem to show teetdescriptive power,
providing the second besF score of 4627%. The combination of descriptors (early
fusion) tends to reduce their e ciency and yields lower pedrmance than the use of
concepts alone, e.g., audio-visual (see ARF-(av)) yields & score of 4458%, while
audio-visual-concepts (see ARF-(avc)) 424%.

Another observation is that, despite the use of general pugse descriptors, the
representation of feature information via mid-level congas allows better perfor-
mance than other, more elaborate content description appeiohes or classi cation,
such as the use of SIFTs, B-0o-AW of MFCC or motion information
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Figure 6.19: Examples of violent segment detection in movitndependence Day"
[15] (the oX axis is the time axis, the values omY axis are arbitrary, ground truth
is depicted in red while the detected segments in blue).

Figure 6.18 details the precision-recall curves for our apggach. One may observe
that the use of concepts alone (red line) provides signi célly higher recall than the
sole use of audio-visual features or the combination of adirfa precision of 25% and
above.

Arbitrary segment-level prediction . The nal experiment is conducted at seg-
ment level. Video segments of arbitrary length are tagged &solent"/A\non-violent".

Using the mid-level concepts, we achieve average precisamd recall values of
42:21% and 4038%, respectively, while theé= score amounts to 4127%. This yields
a miss rate (at time level) of 5@69% and a very low false alarm rate of only 6%.
These results are also very promising considering the di dty of detecting precisely
the exact time interval of violent scenes, but also the subgévity of the human
assessment (re ected in the ground truth). Comparison witlother approaches was
not possible in this case as all other teams provided only gHevel detection.

Figure 6.19 illustrates an example of violent segments deted by our approach
in the movie \Independence Day". For visualization purpose some of the segments
are depicted with a small vignette of a representative frame

In general, the method performed very well on the movie segnis related to
action (e.g., involving explosions, rearms, re, screamsand tends to be less e cient
for segments where violence is encoded in the meaning of hunations (e.g., st
ghts or car chases). Examples of false detections are due ¥sual e ects that
share similar audio-visual signatures with the violencestated concepts. Common
examples include accentuated st hits, loud sounds or the psence of re not related
to violence (e.g., see the rocket launch or the ghter ight érmation in Figure 6.19,
rst two images). Misdetection is in general caused by lim&d accuracy of the
concept predictors (see last image in Figure 6.19, where sofocal explosions Imed
from a distance have been missed).
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Conclusions and future work

We presented a naive approach to the issue of violence detentin Hollywood
movies. Instead of using content descriptors to learn dirtg how to predict vio-
lence, as most of the existing approaches do, the proposedagach relies on an
intermediate step consisting of predicting mid-level vigince concepts.

Content classi cation is performed with a multi-layer pereptron whose parallel
architecture ts well the target of labeling individual video frames. The approach is
naive in the sense of its simplicity. Nevertheless, its e ciecy in predicting arbitrary
length violence segments is remarkable. The proposed apgeb ranked rst in the
context of the 2012 A ect Task: Violent Scenes Detection at ldiaEval Multimedia
Benchmark (out of 36 total submissions).

However, the main limitation of the method is its dependencen a detailed an-
notation of violent concepts, inheriting at some level its tliman subjectivity. Future
improvements will include exploring the use of other infor@tion sources, such as
text (e.g., subtitles that are usually provided with movie D/Ds).

6.5.2 Benchmarking violent scenes detection

Another contribution to this speci c area was in developinga formalization for the
concept of violence in Hollywood productions and in de ninga common evalua-
tion framework (annotated dataset and benchmarking), witm the 2013 MediaEval
A ect Task: Violent Scenes Detection [106f

Contribution to state-of-the-art

In the literature, violent scene detection in movies has reoved very little attention
so far. Moreover, comparing existing results is impossibleecause of the di erent

2this work was developed in cooperation with Dr. Claire-Heene Demarty, Dr. Gadric Penet,
from Technicolor R&D, France, Assoc. Prof. Yu-Gang Jiang, fom Fudan University, Shang-
hai, China, Assist. Prof. Vu Lam Quang, from MMLAB, Universi ty of Information Technology,
Vietnam, Assoc. Prof. Markus Schedl, from Department of Conputational Perception, Johannes
Kepler University, Linz-Austria, Guillaume Gravier, from IRISA & INRIA Rennes-France, and
Mohammad Soleymani, from iBUG, Imperial College London-UK The presented results were
published in:
[5] C.-H. Demarty, B. lonescu, Y.-G. Jiang, V.L. Quang, M. Schedl, C. Penet, \Benchmarking Vi-
olent Scenes Detection in Movie$ IEEE International Workshop on Content-Based Multimedi a
Indexing - CBMI 2014, 18-20 June, Klagenfurt, Austria, 2014
[2] C.-H. Demarty, C. Penet, B. lonescu, G. Gravier, M. Soleymani, \Multimodal violence detection
in Hollywood movies: State-of-the-art and Benchmarking, in book \Fusion in Computer Vision -
Understanding Complex Visual Content”, Springer International Publishing Switzerland ACVPR
- Advances in Computer Vision and Pattern Recognition, 2014
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de nitions of violence adopted. As a consequence, methodses from a lack of
standard, consistent and substantial datasets. The Media&l A ect Task: Violent
Scenes Detection (which has been run annually since 201 1nstitutes a rst attempt
to address all these needs and establish a standard with stabf-the-art performance
for future reference.

We developed the 2013 edition of the benchmarking [5], whicbmpared the 2011
and 2012 [2] editions, formalized two distinct use case seeios for the de nition of
violence (i.e., an objective and a subjective de nition) vth the aim to understand
how di erent scenarios in uence the systems' performanceFurthermore, a very
consistent benchmarking dataset was made publicly availedbproviding full anno-
tations for no less than 25 Hollywood movies. Finally, the 2@ edition allowed the
evaluation of systems that make use of external data (e.grom Internet) which
allows for testing open systems.

Dataset

The 2013 edition of the dataset was built on top of the 2012 edtin [100]. In total,
the dataset contains 25 Hollywood movies of di erent genreand di erent amounts
of violence (from extremely violent movies to movies withduviolence), namely:
\Armageddon", \Billy Elliot", \Eragon", \Harry Potter 5", \l am Legend", \Leon",
\Midnight Express", \Pirates of the Caribbean 1", \Reservar Dogs", \Saving Pri-
vate Ryan", \The Sixth Sense", \The Wicker Man", \Kill Bill 1 ", \The Bourne
Identity”, \The Wizard of Oz", \Dead Poets Society", \Fight Club", \Indepen-
dance Day", \Fantastic Four", \Fargo", \Forrest Gump", \Le gally Blond", \Pulp
Fiction", \The God Father" and \The Pianist"

The main novelty of the 2013 benchmarking consists of adopt two di erent
de nitions of violence according to two di erent use case &mnarios:

objective de nition - the rst use case scenario is a following of what was
proposed in the previous years, where targeted violent segnts are those
showing \physical violence or accident resulting in injury or paih Although

it was designed to be as objective as possible, this de nitiohas proven to
lead to inconsistencies/ambiguities between the annotatesegments and the
original Technicolor use case [85], e.g., not really violesegments such as
\somebody hurting himself while shaving" were consideredsaviolent whereas
segments depicting dead people but without showing the causf death were
discarded from the annotations;

subjective de nition - to experiment with another perspective of violence,
the second use case features a more subjective de nition,nmay violent seg-
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ments are \those which one would not let an 8 years old child see becahsy t
contain physical violence

Data was annotated for both use case scenartds For the objective de nition,
the annotations were carried out by three human assessorsngsthe following proto-
col. Firstly, two annotators labelled all the videos sepataly. During the annotation
process, no discussions were held between them in order floe pprocess to be to-
tally independent. Secondly, a third master annotator mergd all their annotations
and reviewed the movies once again to minimize the chance oissing any violent
segments. Doubtful annotations were solved via panel digsions. Each annotated
violent segment contains a single action of violence wherewpossible. However, if
there are multiple actions in a continuous segment, the segmt was annotated as a
whole. The annotation granularity was decided to be at framé&evel.

For the subjective de nition, the annotations were carriedout by seven human
assessors (5 regular annotators and 2 master annotators)ivéh the speci city of
this scenatrio it is worth mentioning the pro le of the annotdors: regular annotators
were graduate students (single with no children) and mastennotators were lectur-
ers (married with children). In this case the following probcol was used. Firstly,
two regular annotators labelled all the movies separatelysecondly, the third regular
annotator merged, reviewed and also revisited the movies tetrieve any possible
missing violent segments. Once again, no discussions weedlbetween annotators.
Finally, a fourth master annotator reviewed the data from a prent perspective and
re ned the results. All the uncertain (borderline) cases we solved via panel dis-
cussions, involving di erent people from di erent countres and culture, to avoid
cultural bias in the annotations. In contrast with the objedive de nition where
violent segments focused on violent actions and their ressil the subjective vio-
lent segments focus on the overall context of violent scene&s a result, subjective
segments tend to be slightly longer than the objective ones.

As for the previous editions of the benchmark, in addition tageneral violent
segments annotation, a set of 10 high-level violence reldteoncepts were annotated:
\presence of blood", \ ghts", \presence of re", \presenceof guns”, \presence of cold
weapons”, \car chases", \gory scenes", \gunshots", \expsoons" and \screams" [2].

The dataset is divided into a development dataset intendedf training the sys-
tems and a test dataset for the actual benchmarking [100]. Ehdevelopment set
contains 32,678 shots (as obtained with automatic segmetitan) from 18 movies for
a total duration of 35h18min. According to the objective denition, violent shots

Bthe 2013 violent scenes detection dataset is publicly avable and can be down-
loaded from http://www.technicolor.com/en/innovation/research-i nnovation/
scientific-data-sharing/violent-scenes-dataset

97



cover 12% of the shots and 9.12% of the total duration, whergdor the subjective
de nition, violent shots represent 21.45% of the shots and4174% of the duration.
These gures highlight the fact that globally the subjective de nition proposes seg-
ments of longer durations, and therefore covers a bigger partion of the database.
The 2013 test set consists of 7 movies (containing non vioteto highly violent
movies; total duration of 14h44min and 11,245 shots).

Benchmarking results

The proposed benchmarking framework was validated durindh¢é 2013 MediaEval
A ect Task: Violent Scenes Detection [100]. It required paricipants to automati-

cally detect violent portions of Hollywood movies by the usef multimodal features.
Participants' systems were trained using the developmentath whereas the actual
validation was carried out on the test dataset. The two de niions of violence con-
sidered were evaluated as two di erent sub-tasks.

For each subtask, participants were allowed to submit the lowing types of runs
(up to 5 runs): shot-based classi cation without use of anyx@ernal data other than
the content of the DVDs (shot segmentation is provided by oanizers), shot-based
classi cation with use of external data, segment level clascation without external
data (participants are required to provide segment boundas independently of the
shot segmentation) and segment level classi cation with éarnal data. In each case,
each shot or segment has to be provided with a con dence scof®r both subtasks,
the required run is the run at shot level without use of exteral data.

In 2013, the proposed benchmarking has seen a substantiairease in participa-
tion, in total, 59 runs have been evaluated, divided betweetihe objective (36 runs
- 30 were targeting shot level prediction and 6 segment levptediction) and the
subjective (23 runs - 21 runs for shot level prediction whilenly 2 for the segment
level prediction) subtasks.

To assess performance, similar to the last years' benchmangs, several metrics
were computed, from false alarm and miss detection rates, BEprecision/recall,
MediaEval cost (a function weighting false alarms and misdedetections) to De-
tection Error Trade-o curves and Mean Average Precision. Bwever, in 2013, the
o cial metric was selected to be the standard Mean Average Rrision (MAP), as
de ned with equation 6.13. In particular, in 2013, systems @are optimized for a
cuto point of 100 top ranked violent segments (MAP@100).

Evaluation in terms of MAP . Table 6.13 reports the MAP@100 and MAP met-
rics for the best team runs for both objective and subjectiveise cases as well as
for shot and segment level evaluation (notations: a - audi®, - visual, ¢ - mid-level
concepts, | - late fusion and e - early fusion; highest valuase represented in bold).
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Table 6.13: Overall MAP@100 and MAP (%) for best team runs att13 MediaEval
A ect Task: Violent Scenes Detection [100] (according to th o cial metrics).

objective subjective

team shots segments shots segments

runid MAP | MAP| runid MAP | MAP| runid MAP | MAP| runid | MAP | MAP

@100 @10Q @100 @100

FUDAN runs 55.3 | 51.1] - - - runs 68.2 | 58.6 -
[101] (ave-l) (ave-l)
LIG[105] | run2 | 52.1 | 50.5] - - - runl |69 | 67.3

(av-l) (av-l)
FAR runl 49.6 | 47.6 | run5 35 345] - - -
[102] (@ (ave-)
TUDCL run2 46.9 | 38.7| runl 42 343 - - -
[106] (av-l) (av-l)
NII-UIT runl 436 | 234 - - - runl 59.6 | 37.9
[108] (avc-I) (avc-1)
TECH- runl 33.8 | 28.8| run3 125 | 146 | runl 53.6 | 44.6| runl | 44.8 | 35.3
INRIA (ca) (Cav-l) (ca) (Ca)
[109]
VIREO run4 316 | 31.6]| - - - run4 68.9 | 67.5
[104] (ave-l) (ave-l)
MTM runl 7.4 1261 - - - - - -
[107] (av-e)
VISILAB - - - run2 149 | 13.9| - - -
[103] (v)

What is interesting to notice is that regardless of the use sa scenario and the
granularity of the prediction, highest performance is ackved when including mid-
level information with multimodal late fusion approachesgee avc-l): objective shot-
level prediction - MAP 51.1%, FUDAN run5 [101], objective ggment-level - MAP
34.5%, FAR run5 [102], subjective shot-level - MAP 67.5%, REO run4 [104]. At
modality level, visual information alone seems to provideob little discriminative
power for this high level task, e.g., VISILAB run2 [103] is db to achieve a MAP
of only 13.9% which is less than half the performance of the diesystem. Another
interesting result is that in particular, using audio modaity alone, it allows to achieve
very good performance, e.g., for objective use case FAR rufiD2] leads to a MAP
of 47.6% while TECH-INRIA runl [109] reaches a MAP of 44.6%ifthe subjective
scenario. This may be due to the fact that most of the violentcenes in movies tend
to come with speci ¢ audio signatures.

In what concerns the granularity of the predictions, shot-bBsed estimation is
more accurate than the prediction at arbitrary length segmds, e.g., TUDCL run2
[106] leads to MAP=38.7% for shot level while the same run aielves MAP=34.3%
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for segments (the di erence is greater for the best performg runs). Tagging directly

some prede ned shots is indeed a classi cation task, and trefore easier than the
task at segment level, where a step of boundaries segmentatis involved. Further-

more, systems proposing oversegmented events at segmewellavill be penalized
during MAP computation, as potentially a higher number of fése alarms (one per
segment) may be ranked in the rst 100 returned results.

The predictions of the subjective use case scenario lead igrs cantly higher
results than for the objective one, e.g., highest MAP at shdével is 51.1% (FUDAN
run5 [101]) for the objective scenario while the same run aekes up to 58.6% for
the subjective one. A possible explanation comes from thecfahat the subjective
annotations lead to longer and more unitary shots than for th objective one, where
the focus was on identifying each particular individual scee.

Finally, in what concerns the cuto point, reporting MAP@ 1@ leads to slightly
better results than the overall MAP prediction. This is usetll in case the violence
prediction system is considered from the perspective of retval where violence
segments are searched within the movies. In this case, highperforming system is
the one retrieving the largest number of best results at therst top ranks.

Evaluation of false and missed detections . As shown in Figure 6.20, the
overall performances in terms of false and missed detectsoare similar for the
best participants and reach 20% false alarms for 20% missegtettions for objective
de nition at shot level, and 25% false alarms for 25% missecttéctions for subjective
de nition at shot level. For runs at segment level and for theobjective scenario,
performances vary from one system to another and achieve agt 40% false alarms
for 25% missed detections. Recall/precision curves showath regardless of the
scenario, all systems reach high recall values (which cap®nds to the targeted
operating point, where one does not want to miss any violentene) at the expense
of very low precision values (between 0.1 and 0.2). The rel\a rarety of the events to
detect in the dataset (8.28% of the duration for objective ah13.91% for subjective)
partly explains these values. Last, it should be noted thathe ranking of the best
performing systems slightly changes while considering ediprecision or false and
missed detections curves, compared to the o cial ranking sed on MAP@100.

Conclusions and future work

We developed the 2013 MediaEval A ect Task: Violent Scenesdiection and in-
troduced a common benchmarking framework for evaluation #t included the for-
malization of two di erent perspectives of the concept of wlence (objective and
subjective). Judging from the results, we believe that therpposed task stands as
a consistent and standardized benchmarking framework forolence detection in
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Figure 6.20: Misdetections/false alarms and precision/call curves for best partici-
pant runs at 2013 MediaEval A ect Task: Violent Scenes Deteon [100] (see also
Table 6.13).

movies. Its publicly available annotated dataset providea relevant testbed for the
evaluation of a broad category of multimodal approaches.
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Several perspectives may be drawn for future extensions dig framework: we
should head towards a qualitative evaluation, in addition® the quantitative metrics
currently used; we should investigate strategies to exparttie task to other types
of video material, e.g., user-generated content, and seewhthe proposed systems
generalize to dierent types of content; we will continue pomoting multimodal
approaches to the task by encouraging participants to use taelata (e.g., from the
Internet) as a complement to the classic audiovisual feates.

6.6 Search result diversi cation

Multimedia, such as videos and images, make for an importashare of the data
distributed and searched for on the Internet. Current photosearch technology is
mainly relying on employing text annotations, visual, or mee recently on GPS
information to provide users with accurate results for theiqueries.

Retrieval capabilities are however still below the actual eeds of the common
user, mainly due to the limitations of the content descriptos, e.g., text tags tend
to be inaccurate (e.g., people may tag entire collections tia unique tag) and
annotation might have been done with a goal in mind that is dierent from the
searchers goals. Automatically extracted visual descripts often fail to provide high-
level understanding of the scene [110] while GPS coordingateapture the position of
the photographer and not necessarily the position of the qoeand they can again
be assigned for a large set of images regardless of exacttjmrs.

Until recently, research focused mainly on improving theelevanceof the re-
sults. However, an e cient information retrieval system slould be able tosumma-
rize search results and give a global view so that it surfaces rétsuthat are both
relevant and that are coveringdi erent aspects of a query, e.g., providing di erent
views of a monument rather than duplicates of the same persgire showing almost
identical images. Relevance was more thoroughly studied existing literature than
diversi cation [111, 112, 113] and even though a considetabamount of diversi -
cation literature exists (mainly in the text-retrieval community), the topic becomes
more and more important, especially in multimedia [114, 11316, 117].

6.6.1 Mechine-crowd diversi cation

| have contributed to the development of a hybrid image sedncdiversi cation ap-
proach that takes advantage of both machine and human compmttonal power. Ma-
chine computation allows for a fast pre-processing of ther{ge input data whereas
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the nal re nement of the results is performed by humans via mwd-sourcing*.

Contribution to state-of-the-art

Research on automatic media analysis techniques reachea ghoint where further
improvement of retrieval performance requires the use of ersexpertise. We pro-
posed a hybrid machine-human approach [17, 6] that acts as apt layer in the
retrieval chain of current social media platforms.

The proposed approach goes beyond the state-of-the-art ihe following direc-
tions: although the issue of results diversi cation was afrady studied in the lit-
erature, we introduce a new re-ranking scheme that allowsrfbetter selection of
both relevant and diverse results; we provide a crowd-studgf the diversi cation
task which has not been yet addressed in the literature and perimentally assesses
the reliability of the crowdsourcing studies for this partcular task; we study the
perspective and the e ciency of including humans in the comytational chain by
proposing a uni ed machine-crowd diversi cation approachvhere machine plays the
role of reducing the time and resource consumption and crosa@lircing Iters high
quality diverse and representative images.

Approach

The proposed approach involves the following steps:

machine retrieval : photos are retrieved using best current retrieval technol
ogy, e.g., using text and GPS tags on current social media flarms. These
results are numerous (hundreds) and typically contain nofsand redundant
information;

machine media analysis : automated machine analysis is used to Iter the
results and reduce the time and resource consumption to alldbetter crowd-
sourcing. We designed a new approach that re-ranks the resuaccording to

4this work was developed in collaboration with Anca-Livia Radu, from LAPI, University Po-
litehnica of Bucharest, Romania, Dr. Maria Merendez, Dr. Julian Swttinger, Prof. Fausto
Giunchiglia, Assoc. Prof. Antonella De Angeli, from the Department of Information Engineering
and Computer Science, University of Trento, Italy. The presented results were published in:
[6] A.-L. Radu, B. lonescu, M. Merendez, J. Settinger, F. Giunchiglia, A. De Angeli , \ A Hybrid
Machine-Crowd Approach to Photo Retrieval Result Diversi cation”, 20th International Confer-
ence on MultiMedia Modeling - MMM2014, 8-10 January, Dublin, Ireland, 2014.
[17] A.-L. Radu, J. Swsttinger, B. lonescu, M. Merendez, F. Giunchiglia, \ Representativeness and
Diversity in Photos via Crowd-Sourced Media Analysi$, 10th International Workshop on Adaptive
Multimedia Retrieval - AMR 2012, October 24-25, CopenhagenDenmark, 2012.
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Figure 6.21: Proposed re-ranking approach [6] (epresents an image an@ denotes
the clusters).

the similarity to the \most common" image in the set for improsing repre-
sentativeness followed by a clustering mechanism that isesp cally designed
to ensure the diversi cation by retaining only the best rankd representative
images in each cluster;

crowdsourcing analysis : to bridge further inherent machine semantic gap,
crowdsourcing is used as a nal re nement step for selectinigigh quality di-
verse and representative images. To cope with the inherentoevd reliability
problem, we designed two adapted studies for both represativeness and di-
versi cation. The nal objective is to summarize the query wth very few
results which corresponds to the typical user scenario th&trowses only the
top results.

Machine processing . The proposed method diagram is presented in Figure 6.21.
It involves the following steps:

step 1 for each of theN images in the initial noisy image setS, we describe the
underlying information using visual content descriptors.Then, we determine
using the features of all images a Synthetic Representatilmage Feature SRI)
by taking the average of the Euclidean distances between atage features;
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step 2 for each image,;, i = 1;:::;;N, we compute the average of the Eu-
clidean distances to the rest of the images 8 which leads to aN-dimensional
array. The value of SRI is subtracted from the array which is sorted in ascend-
ing order. The new position of each value will account for thentermediate
new rank of its corresponding image;

step 3 supposing that most representative images are among thestr re-
turned, for the nal re-ranking we average the two ranks (irial rank and the
intermediate one determined in step 2) which yielddl average values. Values
are again sorted in ascending order and images are re-arradgccordingly;

step 4. all re-ranked images are clustered iM clusters using a k-means ap-
proach based on their visual content. Preliminary tests reirns good perfor-
mance forM around 30;

step 5 a SRI;, j =1;::5;M, is computed as presented in step 1 and a new
re-ranking is performed by re-iterating steps 1, 2 and 3 ovéhe set of images
inside each clusterC;. Each cluster's rst ranked image is considered to be
representative (denotedRl;);

step 6 from all Rl images, we select only a small set 8f(P << M ) highest
ranked images (ranking according to the nal rank computedn step 3). This
will ensure also the diversi cation of the results.

Crowdsourcing processing . To bridge further the inherent semantic gap of auto-
matic machine analysis techniques, we use a crowdsourcimqgpeoach. We designed
two studies that are adapted to our diversi cation task, whee crowd is involved
to re ne and improve machine-analysis results with the nalgoal of determining a
high quality set of representative and diverse images. Lowanetary cost, reduced
annotation time and results close to expert-based approaeh [118] are some of the
reported advantages of crowdsourcing that made it very saible for solving multi-
media tasks. However, crowdsourcing is not a perfect systenot every task can be
crowdsourced and quality control is usually an issue [119].

For the experimentation we used the Crowd owef meta crowdsourcing plat-
form which uses an automatic quality control based on gold s (i.e., for avoiding
un-relevant user input such as random responses or compubmsts). Gold units are
unambiguous questions for which an answer is provided by tmequester. Contrib-
utors need to answer at least 4 gold questions with a minimum0% accuracy to
get their answers included in the results. In Crowd ower regesters can create jobs,

Shttp://crowdflower.com/
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which consist of a data le and units. Units contain the taskdo be performed and
are instantiated using the data le. Before ordering, requeters can calibrate the
number of judgements per unit, number of judgements per pagand worker pay
per page.

The rst designed study addressed the representativenes$ retrieval results -
experimentation was conducted on a search for representagiand diverse images
with monuments/locations (which stood as validation datast for our approach).
The representativeness task collected data on the variablecations (i.e., indoor,
outdoor), relevance, and representativeness. In this studrelevant pictures contain,
partially or entirely, the query monument. Representativeimages are prototypical
outside views of a monument. Relevance is an objective copteéndicating the
presence/absence of the monument, or part of it, while rementativeness is a more
subjective concept that might depend on visual context or peonal perception. The
task was divided in two parts: rst, participants were familarized with the task and
provided with a contextualized visual example of the monunme query (Wikipedia
entry of the monument). Secondly, contributors were askedtanswer questions on
location, relevance, and representativeness for a givernrieval result.

The second study addressed the diversi cation of the resslt The diversi cation
task collected data on perceived diversity among the set oépresentative pictures
of the same monument that were provided by the representaémess study above.
Participants assessed visual variation considering the@igase scenario of constitut-
ing a monument photo album. As for the previous task, rst paticipants were given
an introduction to the task accompanied with some visual exaples including a link
to the Wikipedia page of the monument. Afterwards, contribtors were asked to
answer whether they would include the provided pictures inhie photo album.

Validation results

To validate our approach we use a data set of more than 25,000ages depicting 94
Italian monument locations, from very famous ones (e.g., ®fona Arena") to lesser
known to the grand public (e.g., \Basilica of San Zend®). Images were retrieved
from Picasd’, Flickr® and Panoramid® using both the name of the monument and
GPS tags (with a certain radius). For each monument, when ailable, we retain

the rst 100 retrieved images per search engine, thus arourDO images in total
per monument. To serve as ground truth for validation, eachfahe images was

8data set is available athttp://www.cubrikproject.eu , FP7 CUDbRIK project.
http://picasaweb.google.com/

Bhttp://flickr.com/

http://panoramio.com
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Table 6.14: Average precision for various descriptor conmaitions of the proposed
re-ranking approach [6].

autocorr| CCV | hist. | c.layout| c.struct | c.moment | edgehist| LBP | LTP
57.70% | 58.80%| 57.98%| 57.70% | 60.00% | 60.80% 56.67% | 56.58% | 57.68%

all
. c.struct & | c.struct | c.momen
Harris STAR | MSER | SURF | GOOD GOOD & HoG | &G00D ggls(:

57.84% | 58.87% 59.17%‘ 59.18%‘ 60.39% | 60.59% 59.02% | 59.71% ‘58.43%

all color desc. &
GOOD

58.33% | 58.33%| 58.73%

c.n.hist | HoG

manually labeled (as being representative or not) by severexperts with extensive
knowledge of monument locations.

Validation of machine media analysis . To assess performance, we use the classic
precision as de ned in equation 6.5. The rst test consistedn determining the

in uence of the content descriptors on the precision of theasults. We experimented
with various state-of-the-art approaches:

MPEG-7 and related texture and color information we compute color autoco-
rrelogram (autocorr.), Color Coherence Vector (CCV), colohistogram (hist.),
color layout (c.layout), color structure (c.struct), cola moments (c.moment),
edge histogram (edgehist.), Local Binary Patterns (LBP), bcal Ternary Pat-
terns (LTP) and color histogram in [89] (c.n.hist);

feature descriptorsthat consist of Bag-of-Visual-Words representations of idi
togram of oriented Gradients (HoG), Harris corner detectofHarris), STAR
features, Maximally Stable Extremal Regions (MSER), Speed Up Robust
Feature (SURF) and Good Features to Track (GOOD). We use 4,00words
dictionaries, experimentally determined after testing derent dictionary sizes
with various descriptors.

Table 6.14 summarizes some of the results (we report the giblaverage precision
over all the results of the 94 monument queries; descriptoese fused using early
fusion). Most interesting is that for this particular set-yp, very low complexity
texture descriptors are able to provide results very close tthe use of much more
complex feature point representations. Therefore, for adiier computational speed,
one may go along with a simpler approach without loosing perfmance. The highest
precision is provided by color moments, 68%, which are further employed for the
machine-crowd integration.

107



Table 6.15: Performance comparison of the re-ranking [6] thviother approaches
(average precision).

| proposed | method in [120]| Picasa | Flickr | Panoramio |
[ 608% |  46.8% | 39.47%| 5351%| 39.85% |

(a) - initial retrieval ( rst 10 images) (d) - initial retrie val (rst 10 images)
. g : A
i

£ o
| (§ Sl

(c) - nal results after crowd sourcing (f) - nal results after crowd sourcing

Figure 6.22: Output example for the proposed approach [6]a)(b)(c) results for
query \Rialto Bridge" and (d)(e)(f) results for query \Castle of Otrantd' (image

sources: reference Wikipedia (image in red rectangle), etls Picasa, Flickr and
Panoramio).

Another interesting result is the limited representative pwer provided by auto-
matic content descriptors in this context. Regardless theshture used, the disparity
of the performance is within a [56%;60%] precision intervalThis basically shows
the limitation of automated machine analysis and the need faddressing other in-
formation sources. Nevertheless, results achieved by nmeedinalysis show signi cant
improvement over the initial retrieval.

Table 6.15 compares these results against the initial reéwal given by the three
image search engines and an approach from the literature. &laverage improvement

108



in precision over initial retrieval is more than 16%. In addion, we achieve an
improvement of more than 23% over the approach in [120], that very promising.

To have a subjective measure of performance, several exaenpdsults are illus-
trated in Figure 6.22 (for visualization reasons, we also splay a Wikipedia picture
of the query - depicted with the red rectangle). One may obser that compared
to the initial images, the automatic machine analysis allog/for signi cant improve-
ment of representativeness and diversity. However, not dlhe results are perfect,
the limited representative power of content descriptors nyadead to misclassi cation,
e.g., in Figure 6.22.(b) some of the initial duplicates areltered - Figure 6.22.(a)
images 4 and 8, but near-duplicates may appear in the nal ralis, e.g., Figure
6.22.(b) images 2 and 5.

Validation of crowdsourcing analysis . The representative study was conducted
between 15th and 21st November 2012. Each unit contained ommeage, which was
judged by at least three contributors. Contributors earned).07$ per unit. Con-
tributors from 20 di erent countries located in diverse wold regions were allowed
to access the job. In total, 228 contributors judged 5,377 its. Due to platform's
quality control method, 18% of the units were annotated mor¢han three times.
Contributors performed an average of 23.7 units (SD=25.5)ithh a minimum of 8
and maximum of 174 units. Most of the contributors were locad in India (21%),
Indonesia (18%), USA (15%), Germany (14%), Canada (9%), lka(8%), and Mo-
rocco (6%).

Reliability analysis was calculated using Kappa statist& that measure the level
of agreement among annotators discarding agreement givey dhance (values from
-1 to 1) [121]. As general guideline, Kappa values higher tha.6 are considered
adequate and above 0.8 are considered almost perfect [11Bjr this study, xed
marginal multirater Kappa was used [121]. This variation ofCohen's Kappa is
indicated when the number of categories is xed and there armore than two raters.
For analysis purposes, only images annotated exactly thréienes were considered.
In total, 749 images were considered in the reliability angsis. Reliability among
annotations achieve a Kappa value of 0.7 for location, 0.44rfrelevance and 0.32
for representativeness.

In order to aggregate crowd-sourcing results, the averagalwe among contribu-
tors' judgements for location, relevance and representaéiness was calculated. First,
categorical values (i.e., \Indoor", \Outdoor", \yes", \no") were coded into binary
values. \Indoor" judgements for the variable location wereoded with 1 and \Out-
door" judgements were coded with 0. For the variables relewee and representa-
tiveness, pictures annotated with \yes" were coded with 1 ahthose annotated with
\no" took the value 0. Average values were calculated per irga and variable, and
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mapped onto a binary distribution. For location, pictures vith average value equal
or above 0.5 were coded as indoor locations. For relevanceal aepresentativeness,
pictures with average values equal or higher than 0.5 werensidered both as related
and representative.

Averaged results indicate that 81% of the images depict an woor location, 63%
contain at least a part of the monument and 57% are represetitze. As the de nition
of representativeness used in this paper implies that a pige is representative if
it depicts an outdoor scenario, distributions were also aallated considering just
images annotated as outdoor. In this case, results show th#te percentage of
images containing the monument is up to 66%, the percentagé representative
pictures is 60%.

Images judged as representative were included in the divigystask, grouped by
monument. The diversity study was conducted on November th26th. In total, 499
images grouped in 82 units (i.e., monuments) were annotateds the estimated time
per unit was similar as in the representativeness study, cwibutors also earned 0.07$
per unit. Units were judged by at least three contributors. i total, 62 contributors
participated in 262 units. Number of performed units per cdnbutor varied from 2
to 24 units. Most of the contributors were located in Indonea (30%), Italy (26%),
India (24%), Germany (5%), Brazil (4%), and United Kingdom 4%). Results were
averaged and mapped onto a binary distribution using a sinait procedure as in the
representativeness study.

Aggregated averaged results indicate that: 48% of the mon@mt-grouped images
contain all representative and diverse images; some 73% bketgrouped images
contain at least 75% representative and diverse images, 9@fothe group images
contain at least 50% representative and diverse images.

Crowdsourcing is a promising approach for human validationThe results of this
study support existing research which identify low costs @ahreduced annotation
time as the advantages of using crowdsourcing. However cdseurcing is not a
perfect system, issues such as quality control and reliabjl of results need further
investigation. Automatic quality control methods, as the gld units used in this
study, can be a good option since data cleaning is a time-consing and tedious
task. However, they do not always ensure high quality datajree answers can only
be rejected at runtime, they may attract more spammers, malious, and sloppy
workers [119].

Reliability of results may vary depending on the level of sybctiveness of the
measured variable. For example, annotations for the variséblocation (i.e., indoor
or outdoor) achieve an adequate level of reliability, whiléhe reliability of the anno-
tations for representativeness is quite low. These resuisggest that representative-
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ness is a concept subject of individual variations (e.g.,sual perception, previous
experiences, level of expertise), image features (e.g.ygpective, color, and scene
composition), or monuments' features (e.g., popularity, idtinguishable features, and
kind of monument). These issues should be further investigal and considered in
the development of methods for aggregation of crowd-soungiresults, since current
aggregation methods may underestimate the value of hetemgeous answers [122].

Validation of the machine-crowd . The nal experiment consisted in analyzing
the performance of the whole machine-crowd chain. The ovélraverage precision
after the crowd step is up to 78% which is an improvement ovehé machine anal-
ysis and initial retrieval results (see Table 6.15). Sevdraxamples are depicted in
Figures 6.22.(c) and 6.22.(f). In general, if enough repesgative pictures are pro-
vided after the machine analysis, the crowdsourcing stepl@alvs for increasing the
diversity among them; while for the case when not enough regsentative pictures
are available, the crowdsourcing tends to increase the redece (this is usually due
to the fact that these pictures are already highly diverse, ut not that relevant).

Conclusions and future work

We addressed the problem of enforcing representativenessdadiversity in noisy
images sets retrieved from common social image search eeginWe introduced a
hybrid approach that combines a pre- ltering step carried at with an automated
machine analysis with a crowdsourcing study for nal re nenent. The motivation
of using the media analysis is also to reduce the workload ihe crowdsourcing tasks
for enabling better results.

Experimental validation was conducted on more than 25,00thptos in the con-
text of the retrieval of photos with monuments. Results showhat automatic media
analysis reached the point where further performance imprement requires the use
of human intelligence, since regardless the image descofs use, they are limited
to reach only up to 60% precision. Instead, the further use afowdsourcing led to
an improving of both representativeness and diversity in # nal results. Thanks
to the initial diversi cation of the results, after crowdsourcing some 73% of the
grouped images contained a promising number of at least 75%presentative and
diverse images.

Overall, the use of machine and human validation allows fordtter performance
than using solely the automated media analysis. The fact tlharowdsourcing acts
like a human computational machine allows its integrationn the processing chain.
Depending on the complexity of the content descriptors (e.gBag-of-Visual-Words),
crowdsourcing may Yield faster response than the machinealysis, but it is limited
in the accuracy of the results for large data sets and thererunning it directly on
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the initial data is not e cient. Crowdsourcing is not capable of providing perfect
result, despite the use of human expertise. The main reasmthat low monetary
costs attracts people with limited experience to the task ahresults may be variable.

Future work will mainly consist on adapting the proposed apmach to the large
scale media analysis constraints.

6.6.2 Benchmarking search results diversi cation

Another contribution is the introduction and development ¢ a new evaluation
framework and dataset within the 2013 MediaEval Retrievingiverse Social Im-
ages Task [123], designed to support the emerging area obmnhation retrieval that
fosters new technology for improving both the relevance arttiversi cation of search
results®.

Contribution to state-of-the-art

Besides the scienti ¢ challenge, another critical point othe diversi cation ap-
proaches are the evaluation tools. In general, experimehtalidation is carried out
on very particular and closed datasets, which limits the rapducibility of the re-
sults. Another weakness are the ground truth annotations #t tend to be restrained
and not enough attention is paid to their statistical signi cance and consequently
to the statistical signi cance of the entire evaluation franework. A solution are the
benchmarking activities that provide a framework for evalating systems on a shared
dataset and using a set of common rules. The results obtainade thus comparable
and a wider community can bene t from it.

We designed and developed a new benchmarking framework witte 2013 Me-
diaEval Retrieving Diverse Social Images Task [123, 7] anid dataset [1] (Div400),
which focus on fostering new technology for improving bothetevance and diversi-
cation of search results with explicit emphasis on the actal social media context.

20this work was developed in collaboration with Anca-Livia Radu, from LAPI, University Po-
litehnica of Bucharest, Romania, Dr. Maria Merendez, from the Department of Information
Engineering and Computer Science, University of Trento, laly, Prof. Henning Maller, from Uni-
versity of Applied Sciences Western Switzerland, Sierre, Bitzerland, Dr. Adrian Popescu, from
CEA-LIST, France, and Babak Loni, from Multimedia Signal Pr ocessing Group, Delft University
of Technology, The Netherlands. The presented results werpublished in:
[1] B. lonescu, A.-L. Radu, M. Merendez, H. Mudller, A. Popescu, B. Loni, \ Div400: A Social Im-
age Retrieval Result Diversi cation Dataset”, ACM Multimedia Systems - MMSys, 19-21 March,
Singapore, 2014.

[7] B. lonescu, A. Popescu, H. Maller, M. Merendez, A.-L. Radu, \ Benchmarking Result Diver-
si cation in Social Image Retrieval ", IEEE International Conference on Image Processing - ICIP
2014, 27-30 October, Paris, France, 2014.
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These two characteristics of retrieval results are antinoity i.e., the improvement of
one of them usually results in a degradation of the other.

In the context of the current state-of-the-art we identify the following main con-
tributions: the evaluation framework focuses on improvinghe current technology
by using Flickr's relevance system as referertée(i.e., one of the state-of-the-art
platforms) and addresses in particular the social dimensiare ected in the nature
of the data and methods devised to account for it; while smalt in size than the
ImageCLEF collections [115, 124], the proposed dataset tains images that are
already associated to topics by Flickr. This design choicengures that there are
many relevant images for all topics and pushes diversi catn into priority; unlike
ImageCLEF, which worked with generic ad-hoc retrieval scanos, a focused real-
world usage scenario is set up, i.e., tourism, to disambigeathe diversi cation
need; nally, a comparison of expert and crowdsourced grodrtruth production is
performed to assess the potential di erences between labdareal life evaluations.

Dataset

Given the important social role of geographic queries and efr spatio-temporal in-
variance, the dataset was constructed using a retrieval ofhptos with landmark
locations scenario. For 396 locations, up to 150 photos (WiCreative Commons re-
distributable licenses) and associated metadata are regxied from Flickr and ranked
with Flickr's default \relevance" algorithm.

To compare di erent retrieval mechanisms, data was colleetl with both textual
(i.e., location name -keywordg and GPS queries keywordsGP$. Location meta-
data consists of Wikipedia links to location webpages and &information and
photo metadata includes social data, e.g., author title andlescription, user tags,
geotagging information, time/date of the photo, owner's name, the number of times
the photo has been displayed, number of posted comments, kawetc.

Apart from these data, to support contributions from di erent communities,
some general purpose content descriptors are provided fdret photos - visual de-
scriptors, e.g., Histogram of oriented Gradients, Local Bary Patterns, MPEG-7
related features, etc; and textual models, e.g., probatstic models, Term Frequency-
Inverse Document Frequency (TF-IDF) weighting and social F-IDF weighting (an
adaptation to the social space) [125].

The dataset provides 43,418 photos and is divided into devsetof 50 locations
(5,118 photos, in average 102.4/location) intended for tiaing and atestsetof 346

2Lnttp://www.flickr.com/services/api/
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Table 6.16: Expert and crowd annotation statistics for Div@0 [1].

| devset(expert) testset(expert) | testset (crowd) |
relevance (annotations - avg.Kappa - % relevant img.)

6(6) - 0.64 - 73  3(7) - 0.8 - 65| 3(175) - 0.36 - 69
diversity (annotations - avg.clusters/location - avg.imgcluster)
1(3)-11.6- 6.4 1(4)- 13.1 - 5| 3(33)-4.7-325

locations (38,300 photos, in average 110.7/location) fovauation??.
Data are annotated for both relevance and diversity of the mitos. The following
de nitions were adopted:

relevance - a photo is relevant if it is a common photo representation of
the location, e.g., di erent views at di erent times of the day/year and under
di erent weather conditions, inside views, creative viewsetc, which contain
partially or entirely the target location (bad quality photos are considered
irrelevant) - photos are tagged as relevant, non-relevant avith \don't know";

diversity - a set of photos is considered to be diverse if it depicts colamen-
tary visual characteristics of the target location (e.g., rast of the perceived
visual information is di erent - relevant photos are clusteed into visually sim-
ilar groups).

Annotations were carried out mainly by experts with advancg knowledge of
location characteristics. To explore di erences betweenxperts and non-experts
annotations, a subset of 50 locations from theestsetwas annotated using crowd-
workers (via the CrowdFlowef? platform). In all cases, visual tools were employed
to facilitate the process. Annotations were carried out byeyveral annotators and
nal ground truth was determined after a lenient majority voting scheme. Table
6.16 presents the number of distinct annotations (the numiveof annotators is de-
picted in the brackets), Kappa inter-annotator agrement gevsetreports weighted
Kappa [127],testsetreports Free-Marginal Multirater Fleiss' Kappa [126] as der-
ent parts of the data are annotated by di erent annotators) ad cluster statistics.
Expert annotations achieved a good agreement as average Kaps above 0.6 and
up to 0.8 (values above 0.6 are considered adequate and ab@\are considered al-
most perfect [127]). Only 0.04% of the photos achieved \ddrknow" answers. The

2’the dataset was made publicly available [1] and can be downked at http://traces.cs.
umass.edu/index.php/mmsys/mmsys.
23nttp://crowdflower.com/
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diversity annotations lead to an average of around 12 clusg&#location and 5-6 im-
ages/cluster. For the crowd annotations, the agreement iggsi cantly lower, namely
0.36, and up to 1% of the photos achieved \don't know" answerghich re ects the
variable backgrounds of the crowd (on average it leads to 4clusters/location and
32.5 images/cluster).

Benchmarking results

The proposed benchmarking framework was validated durindh¢é 2013 MediaEval
Retrieving Diverse Social Images Task [123]. The task reged participants devel-
oping techniques that allow the re nement of the initial Flickr retrieval results by
selecting a ranked list of up to 50 photos that are equally revant and diverse repre-
sentations of the query. During the competition, participats designed and trained
their methods on thedevsetdataset (50 locations and 5,118 photos) while the actual
benchmarking was conducted on th&estset (346 locations and 38,300 photos).

Participants were allowed to submit the following types of uns: automated
techniques that use only visual information unl), automated techniques that use
only text information (run2), automated techniques that use multimodal informa-
tion fused without other resources than providedr(gn3), human-based or hybrid
human-machine approachesin4) and a general run where everything was allowed
including using data from external sources like the Interrig(run5). In total, the
task received 38 runs from 11 participant teams.

Performance is assessed for both diversity and relevanceheTmain evaluation
metric is Cluster Recall at X (CR@X) [115], de ned as:

N
CR@X = — (6.25)
Nt

where N is the number of image clusters represented in the rsK ranked images
and Ng; is the total number of image clusters from the ground truth ; is limited
to a maximum of 20 clusters from the annotation process). Daed this way, CR@X
assesses how many clusters from the ground truth are repneteel among the top
X results provided by the retrieval system. Since clusters @amade up of relevant
photos only, relevance of the topX results is implicitly measured byCR@X , along
with diversity.

To get a clearer view of relevance, Precision at XP(@X) is also used as a
secondary metric and de ned as:

P@ = —" (6.26)



whereN, is the number of relevant pictures from the rstX ranked results. There-
fore, P@X measures the number of relevant photos among the top results. To
account for an overall assessment of both diversity and pision, F1@X was also
reported which is the harmonic mean o€R@X and P @X .

Evaluation was conducted for di erent cuto points, X2f 5,10,20,30,40,59 In
particular, submitted systems were optimized with respecto CR@10 (i.e., for 10
images returned) which was the o cial metric. CR@10 was ches because it ensures
a good approximation of the number of photos displayed on derent types of screens
and also in order to t the characteristics of the dataset (atmost 150 images and 20
clusters per location). It is worth mentioning that given the de nition in equation
6.25,CR@10 is inherently limited to a highest possible value of 0.,7&s on average
the dataset has 13 clusters per location (see Table 6.16). Weport the average
values over all the locations in the dataset.

Keywords vs. keywords and GPS retrieval . Retrieval with GPS information
yields more accurate results than using solely keywordsge.for the initial Flickr
results, P@10 with keywords is 70.45% compared to 78.81%ngdGPS data in addi-
tion. Diversity is however slightly higher for keywords, CE210 is 39.85% compared
to 34.37% using GPS as results are sparse. In the following feeus on presenting
the average overall results.

Evaluation per modality . Figure 6.23 plots overall precision against recall aver-
ages for all participant runs (38) at a cuto at 10. Forvisual approacheshighest
diversi cation is achieved with a Greedy optimization of VIAD+SURF descrip-
tors, CR@10=42.91% - SocSens runl [133], while lowest dsveation is provided
by a matching graph approach also with feature point inform#on (RootSIFT and
Hessian), CR@10=29.21% - ARTEMIS [138]. Using simple colmformation (his-
tograms and detection of faces) still achieves high recak,g., CR@10=40.76% -
BMEMTM runl [132], which proves that there is no superiorityof classes of de-
scriptors, the di erence in performance being mainly relad to the method.
Compared to visual,text information tends to provide better results (see green
points). Highest diversi cation is achieved using a re-raking with Lucene and
Greedy Min-Max optimization, CR@10=43.06% - SOTON-WAIS ro2 [128] where
data are represented with time-related information. On thether end, bag-of-words
of TF-IDF data and web inspired ranking leads to CR@10=35.78 - UEC run2
[136]. Surprisingly,human approachesvere less e ective than the automatic ones
as users tend to maximize precision at the cost of diversitg.g., BMEMTM run4
[132] achieves P@10=89.36% but CR@10 is only 29.63%. Howdugnan-machine
integration improves also the diversity, e.g., CR@10=4(B4% - SocSens run4 [133].
Overall, the best performing approach isnultimodal, namely CR@10=43.98% -
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Figure 6.23: Precision vs. cluster recall averages at 10 iges at the 2013 MediaEval
Retrieving Diverse Social Images Task [123].

Table 6.17: Precision and cluster recall averages (%) fordi¢eam runs at the 2013
MediaEval Retrieving Diverse Social Images Task [123].

team best run [P@10 P@20 P@30 P@40 P@50R@10 CR@20 CR@30 CR@40 CR@50
SOTON-WAIS run3 || 81.58 77.88 74.14 7059 66.67 43.98 6197 72.16 78.44 82.43
[128]
SocSens runl [133] || 73.3 74.87 76.03 71.45 59.15| 4291 63.14 72.28 74.73 74.84
CEA run2 [137] 769 76.39 7565 74.09 7153 | 4236 6249 73.46 B81.48 86.68
UPMC run3 [129] 7825 73 7254 70.99 68914226 62.68 74.7 8154 854
MMLab run3 [134] 75.15 74.04 73.35 71.85 69.7] 41.89 62.36 74.92 82.05 86.53
BMEMTM run1 [132] || 73.89 71.64 71.82 71.15 69.2740.76 61.39 71.84 7935 84.4
MUCKE run2 [135] || 72.43 72.28 71.83 70.8 68.8438.92 5749 68.77/ 7684 83.06
TIAINAOE  run2 || 70.91 71.36 71.46 70.45 685138.85 57.32 6897 77.19 82.28
[130]

LAPI run2 [131] 71.7 7111 68.96 64.77 57.9537.74 57.34 68.2 7472 77.22
baseline Flickr 7558 72.89 7194 70.8 68.77/36.49 53.46 6558 74.11 79.88
UEC runl [136] 70.56 70.92 70.76 69.48 67.5236.33 5448 67.43 7572 81.54

ARTEMIS runl [138] || 53.83 33.79 22.69 17.02 13.6129.21 33.06 33.1 33.1 33.1

SOTON-WAIS run3 [128], it improves diversi cation of the shte-of-the-art Flickr
initial results with at least one additional image class.

Table 6.17 presents the o cial ranking of the best team appraches for various
cuto points (highest values are in bold). In addition to theinformation from Figure
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Table 6.18: Expert vs. crowd annotations - precision and dter recall averages (%)
for team best runs at 2013 MediaEval Retrieving Diverse Satilmages Task [123].

expert GT crowd GT
P@10 CR@1Q P@10 CR@1(
SOTON-WAIS run3 [128] | 87.55 41.29 | 77.14 74.5

SocSens runl [133] 7959 4139 | 7286 76.36

team best run

CEA run2 [137] 82.65 40.81 | 70.82 72.87
UPMC run3 [129] 84.08 41.51 74.9 78.8
baseline Flickr 79.80 33.45 | 68.16 66.43

6.23, Table 6.17 shows that the precision tends to decreasiwhe increase of the
number of images as it is more likely to obtain non-relevantigtures. On the other
hand, cluster recall increases with the number of picturessat is more likely to get
pictures from additional classes.

Ranking stability analysis . To determine the statistical signi cance of the re-
sults and thus to examine the relevance of the dataset, a sility test was run [124].
Stability is examined by varying the number of topics whichs used to compute
performance. Stability tests are run with di erent topic subset sizes, which are
compared to the results obtained with the full testset (346dpics). For each topic
subset, 100 random topic samplings are performed to obtaitable averages. Spear-
man's rank correlation coe cient [139] is used to compare th obtained CR@10
rankings and the obtained values are 0.61, 0.86, 0.93, 0.9®7, 0.98, 0.99 for sub-
sets which contain 10, 50, 100, 150, 200, 250 and 300 topicdhe3e results show
that there is little change in the ranking when at least 100 tpics are used. The size
of the testset is clearly su cient to ensure statistical signi cance of the ranking and
therefore of the results.

Expert vs. crowd annotations . Performance assessment depends on the sub-
jectivity of the ground truth, especially for the diversi cation part. The nal ex-
periment consisted of comparing both results achieved withxpert and crowd an-
notations. Table 6.18 presents the four best team runs (higkt results are depicted
in bold; results on a selection of 50 locations from testsetplthough precision re-
mains more or less similar in both cases, cluster recall igjsi cantly higher for the
crowd annotations. This is due to the fact that workers tend @ under-cluster the
images for time reasons. Nevertheless, what is interestirggthe fact that regardless
of the ground truth, the improvement of the baseline is basadly the same: 7.84%
for experts compared to 8.07% for the crowd, which shows thagsults are simply
translated but the relevance is still the same. Crowd annot@ns are an attractive
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alternative to expert annotations, being fast - order of hais compared to expert
ones that require weeks - while the performance is similar.

Conclusions and future work

We designed and developed a benchmarking framework for riéswiversi cation of
social image retrieval and validate it during the MediaEval2013 campaign. The
strong participation in a rst year (24 teams registered andll crossed the nish
line) shows the strong interest of the research community ithe topic. Similar
to the strong impact of other evaluation campaigns in multiredia retrieval [140,
141, 142] an important impact can also be expected from thiagk. Several groups
increased speci ¢ aspects of the results on the strong Flickaseline, particularly
linked to diversity. Approaches combining a large variety fomodalities from manual
re-ranking, GPS to visual and text attributes have the potetal to improve results
quality and adapt to what users may really want to obtain as rsults, which can
be situation-dependent. Detecting objects such as facesswvalso used. Via the
analysis of the clusters of relevant images, several catege can likely be deduced
and used in connection with detectors for these aspects totopize results. The
crowdsourcing part of the relevance judgments is clearly amption as the results
described in the paper show. There are di erences in the rd®ibut the e ort to
cost ratio is an important part and crowdsourcing can likelyhelp to create much
larger resources with a limited funding. Strict quality cotrol seems necessary to
assure the crowdsources quality and this can likely also peb obtain better results.

For a continuation of the evaluation campaign it seems imptant to look into
criteria that can stronger discriminate the runs, so basidly making the task harder.
More clusters are an option. A larger collection is also an bpn but creating
diversity ground truth for large collections is tedious andxpensive. Crowdsourcing
could be a valid approach also for this, as the experiments k.

6.6.3 User tagging credibility estimation

Another novel contribution to image search result diversication was in develop-
ing an approach for user tagging credibility estimation of lpotos to improve both
relevance and diversity of the retrievat.

24this work was developed in collaboration with Alexandru Gmsa@, Dr. Adrian Popescu, from
CEA-LIST, France, Dr. Anil Armagan, from Bilkent Universit y, Ankara, Turkey, and Prof. loannis
Kanellos, from TELECOM Bretagne, France. The presented reslts were published in:

[8] A.L. Gns@, A. Popescu, B. lonescu, A. Armagan, |. Kanellos, \ Toward Estimating User
Tagging Credibility for Social Image Retrieval', ACM International Conference on Multimedia -
ACM MM 2014, 3-7 November, Orlando, Florida, USA, 2014.
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Contribution to state-of-the-art

The proposed approach diversi es the retrieval results usj a k-Means algorithm
with user-based cluster ranking [8]. The novelty comes frorelevance improvement
obtained by integrating user tagging credibility. In an intial step, credibility scores
are computed by probing user tag-image pairs against a largeray of visual concept
models learned from ImageNet [143] and by aggregating classion scores at user
level. At retrieval time, images are re-ranked based on theredibility scores of
the users who uploaded them. This work's contribution to thestate-of-the-art is

mainly in investigating user tagging credibility in the coriext of social multimedia

mining, a problem which was marginally studied. It provides/aluable ndings to

respond to questions such as: is it possible to automaticakestimate user tagging
credibility for Web 2.0 multimedia data? how should credibity be integrated in

existing multimedia retrieval systems? or, what is the adtibnal complexity of

credibility estimation?

Approach

User tagging credibility is estimated by exploiting ImageMt visual models [8]. For
each user - user information is provided with the retrievedmages, in particular
experimentation was carried out with the Div400 dataset thauses Flickr data, see
Section 6.6.2 and [1] - we download at most 300 images whosdual annotations
match at least one ImageNet concept. Flickr annotations arselected either from
tags or from the image title and are all referred as tags heréar. We perform
multi-word detection in order to match multi-words from ImageNet. Tags are tested
against corresponding ImageNet concepts to obtain indiwicl relevance scores. User
tagging credibility estimation (denotedcred(U)) is obtained by averaging scores from
individual tag-image pairs.

Visual models are built on top of ImageNet concepts, which aioften ambiguous,
and tested for Flickr annotations. For instance, if an unknen image annotated with
\dog" is tested, which of the di erent senses of \dog" shoulde used? An inspection
of Flickr results shows that most images annotated with \dogdepict \animals" but
there are some of them which depict \dog" as \food" and \dog" & \support". Our
credibility estimator should be able to automatically selet the right sense of \dog"
for the content of the tested image.

A simple way to process ambiguity is to compare the tag-imagpair to all models
available for the tag and retain only the maximum classi caibn score. Preliminary
tests showed that this procedure has good behavior and it ieus used in the exper-
iments. Beyond ambiguity, another problem is the coveragd bmageNet, with some
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important senses of words not being included. For instancierlin” is represented
as \car" but not as \city". These problems represent limitaions of our method and
their tackling would probably improve credibility estimations.

We propose a retrieval method which diversi es images usirigMeans and im-
proves relevance with credibility estimations. Let.g = f(l1;Uy); (12;U,); (13; Uy);
5 (In;Uw )g be the ranked list of Flickr images (initial retrieval resuls) which
should be re-ranked to improve the diversity and relevanceHere (;;U;) denote
image-user pairs. Our retrieval method can be broken downtathree steps: initial
Itering, cluster ranking and image ranking:

image ltering . In this step, we remove fromL¢ all pairs (I;; U;) for which
Ii quali es for face or blur removal (most likely to be non-releant);

cluster ranking . After image Itering, we perform k-Means clustering to
diversify the topic representation. LetCg = fCy; Cy;:::; Ckg be the clustered
version ofLg. Inspired by [120], we rank clusters based gfUsers, the number
of distinct users which contribute to each cluster. Rankindpased on#Users

gives priority to clusters which show social consensus. Whées appear with
#Users, they are broken by using the top Flickr rank among the imageef

the user with the highest credibility scorecred(U) from each cluster. As a
result, we obtain CR = fCjz; Cy;Cy;:i1;Cig, a list of clusters ranked using
social cues. For comparison, we also rank clusters based beit raw image
count (#¥lmages);

image sorting . We exploit credibility estimation to sort images within cls-
ters. Let C. = f(l1;Uy); (I3;Us); (Ig;Uy)g be a cluster with its images ranked
by Flickr. Assuming that cred(Us) > cred(U,), the sorted representation of
the cluster will be CR = f(13;Us); (11;Uy); (Is; Uy)g. In CR, priority is given
to images uploaded by users with higher credibility scoresThe nal image
ranking, LE, is obtained by iterating overCR, the ranked list of clusters, and
by selecting each time the rst unseen image froreR.

Validation results

Validation was carried out on the Div400 dataset [1] (see @ sSection 6.6.2). It
consists of a development dataset (50 tourist locations wit5,118 photos) and a
testing dataset (346 locations with 38,300 photos). Eachdation is represented with
up to 150 photos and associated metadata retrieved with FKcs default \relevance”
algorithm.

Relevance and diversity annotations are available for eagthoto. Photos are
considered relevant if they depict a common photo represeation of the location.
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Figure 6.24: CR@10 performances with di erent clustering @thods and di erent
numbers of clusters on the testset of Div400 [1]Sort denotes the type of image
sorting used within clusters.Cred is a sorting based on user credibility andlickr is
the original Flickr ordering. \Cluster" denotes the cluste ranking method. #Users
and #lmages represent the user and image counts of a cluster.

A set of photos is considered to be diverse if it depicts congphentary visual char-
acteristics of the target location. Clusters are manually wlt from relevant images
of each location. The main objective of the evaluation from @400 [1] is diversity,
which is captured with cluster recall at N (CR@N, see equatio6.25). However,
since a good retrieval method should nd a good compromise taeen relevance
and diversity, we also report precision (P@N, see equatior26) and their harmonic
mean, F1@N.

Clustering Analysis . In Figure 6.24, we illustrate the impact of the number
of clusters on clustering performances. Within each clusteCred, the credibility-
based image sorting outperforms the use of the initial Flicksorting in all settings.
Intuitively, the best overall results are obtained whertUsers and Cred are combined
for inter- and intra-cluster ranking. With 30 clusters, Flickr + #Users brings a 2
CR@10 points improvement of results compared tlickr + Images This result
conrms the conclusions of [120], namely that the use of saticues for cluster
ranking is bene cial. More importantly, the introduction of credibility estimation
(Cred + #Users) further improves CR@10 by 4 points. We present results oneh
testset because they are obtained by averaging a larger nuemlof topics. However,
similar results are obtained on the devset an@€red + #Users with 30 clusters is
used for further experiments.
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Table 6.19: Comparison of retrieval results obtained with ickerent methods on
DIV400 and CR@N, P@N and F1@N metrics. SOTON-WAIS [128] andcSens
[133] are the two most e cient retrieval methods proposed athe 2013 MediaEval
Retrieving Diverse Social Images Task [123].R [8] corresponds to a setting with

Cred+ #Users and 30 clusters.

| Method | metrics | @10 | @20 | @30 |
P 81.58% | 77.88% 74.14%

SOTON-WAIS [128] CR 43.98% | 61.97% | 72.16%
F1 5455% | 66.07% | 70.19%

P 73.3% 74.87% | 76.03%

SocSens [133] CR 42.91% | 63.14% | 72.28%
F1 52.09% | 65.95% | 70.87%

P 78.22% | 71.54% | 69.27%

proposed LR CR | 45.67% | 65.82% | 78.01%
F1 55.26% 65.9% 70.73%

Global performance

In Table 6.19, we present the results obtained with the

best credibility based retrieval method proposed. It combes clustering and user
credibility estimates and produces a re-ranked list of ima&gLE. For comparison,
we also present results obtained by the two most e cient extsng methods tested on
the experimentation dataset during the 2013 MediaEval Reieving Diverse Social
Images Task [123]. To understand the impact of face and bluemoval, we brie y
present results obtained when we skip one of these steps. Wh® pre- ltering is
used, CR@10 is 44.37%. The use of blur removal or of face resh@ugments the
score to 44.76% and to 45.36%, respectively. While imageeling is bene cial, the
main contribution comes from the use of credibility and of wex centered clustering.

A comparison of our method to SOTON-WAIS team [128] and Soc$se team
[133] shows that cluster recall is improved at all cut-o poits. For CR@10, the
o cial metric of the 2013 MediaEval Retrieving Diverse So@l Images Task, the
improvement is close to 2 and 3 percents. Conrming other rakks obtained on
Div400, which show that clustering hurts precision, the P@1lobtained with L} is
lower than those obtained in [128]. However, the F1@10 scakour method is
slightly better. This comparison shows that our approach isompetitive.

Conclusions and future work

We introduced the exploration of user tagging credibility stimation in image re-
trieval. Evaluation results show that credibility is a goodcomplement to direct
text and/or visual content analysis. A credibility model based on text-image pairs
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assessment was proposed. The main limitations of our methodme from: the mis-
match between the background visual resource and the datéseised for retrieval,
the limited amount of modeled tags available for some useithe imperfection of vi-
sual models and the exclusive use of tag-image content reteits. Credibility scores
were obtained by comparing user tags to ImageNet conceptstiivho adaptation to
the evaluation dataset, which is made of tourist locationsThe fact that credibility
estimations are e ective even in this di cult setting, accounts for their usefulness.

In the future, we will extend the background visual resourcen order to narrow
the gap between it and retrieval datasets. New concepts cam llearned from noisy
Web datasets and their availability would contribute to thereduction of the number
of users for which reliable credibility scores cannot be adihed.

6.7 Relevance feedback

Content-based retrieval systems are inherently limited bthe gap between the knowl-
edge automatically extracted from the recorded data and itactual semantic mean-
ing. Apart from the methods which attempt to improve that gap exclusively via
machine learning techniques, another visited solution ittake advantage of the
human expertise in the retrieval process, process known r@¢evance feedback

Globally, a typical retrieval relevance feedback scenarican be formulated as
following: for a certain retrieval query, user feedback isecorded in a very restrained
result window by marking results asrelevant or non-relevant Then, the system
computes a better representation of the information neededolsed on this ground
truth and retrieval is further re ned (e.g., by re-ranking the initial results). Rel-
evance feedback can go through one or more iterations of tlssrt until a certain
precision is achieved.

6.7.1 Hierarchical clustering relevance feedback

| have contributed to the development of a relevance feedbatechnique that employs
an hierarchical clustering scheme for learning relevant /an-relevant results.

5this work was developed in cooperation Dr. lonutMironi@ and Prof. Constantin Vertan, from
LAPI, University Politehnica of Bucharest, Romania. The pr esented results were published in:

[18] I. Mironi@, B. lonescu, C. Vertan, \ Hierarchical Clustering Relevance Feedback for Content-
Based Image Retrieval, IEEE/ACM 10th International Workshop on Content-Based M ultimedia
Indexing, 27-29 June, Annecy, France, 2012.

[20] I. Mironi@, B. lonescu, C. Vertan, \ The In uence of the Similarity Measure to Relevance
Feedback, 20th European Signal Processing Conference, August 2733 Bucharest, Romania, 2012.
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Contribution to state-of-the-art

The proposed relevance feedback is based on an agglomeeatierarchical cluster-
ing (HCRF) scheme [18, 19, 20]. A typical agglomerative HC rsttegy starts by
assigning one cluster to each object in the feature space. €y similar clusters are
progressively merged based on the evaluation of a speci edstdnce metric. By
repeating this process, HC produces a dendrogram of the atfe which may be
useful for displaying data and discovering data relationgbs. This clustering mech-
anism can be very valuable in solving the relevance feedbgmioblem by providing
a mechanism to re ne the relevant and non-relevant clusters the query results.
A hierarchical representation of the similarity between ojects in the two relevance
classes allows us to select an optimal level from the dendramm which provides a
better separation of the two than the initial retrieval.

The main advantages of the proposed approach are rst with #h computational
e ciency of the hierarchical clustering compared to other lustering techniques used
in the literature for similar tasks, such as Support Vector Mchines. Furthermore,
unlike most relevance feedback algorithms, e.g., FRE [148occhio [145], the pro-
posed approach does not modify the initial query or the sinaitity measure. The
remaining retrieved items are simply clustered accordingdtthe class label. Hier-
archical clustering has been previously used in relevaneeéiback but implemented
di erently. For instance, [146] proposed the QCluster algithm for image retrieval.
It generates a multi-point query to create a hierarchy of clsters followed by use of
a Bayesian classi cation function. In our approach, we simyp exploit the dendro-
gram representation of the two relevance classes. Expermme validation on several
datasets and retrieval scenarios proved the superiority tfis approach compared to
the existing literature.

Approach

The proposed hierarchical clustering relevance feedback based on the general
assumption that content descriptors provide su cient repesentative power that,

within the rst window of retrieved results, there are at least some items relevant to
the query that can be used as positive feedback. This can besared by adjusting

the size of the initial feedback window. Also, in most casefere is at least one
non-relevant item that can be used as negative feedback. Th&orithm comprises

three steps:

retrieval . We provide an initial retrieval using a nearest-neighbortsategy.
We return a ranked list of the Ngy items most similar to the query using
the Euclidean distance between features. This constitutéle initial relevance
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Algorithm 1 Hierarchical Clustering Relevance Feedback [18].

N clusters Ngrv; clusters f Cgq;Cy;::i;Cy
for i=1"! Ngusters do
for j =i! Ncusters do
compute sim[i][j I;
sim[j]li] sim[i]i];
end for
end for
while  (Ncusters ) do
fmini;minjg=
argmin i jc, ;Cj 2f same relevance class g(Sim (16 D:
Nlusters Neusters 15
Cmin = Cmin; [ Cminj;
for i=1"! Ngusters do
compute sim[i][min];
end for
end while
TP  0; current _item Nry +1;
while ((TP 1) K (current _item <)) do
for i=1 ! Ngusters dO
compute sim[i][current _item];
end for
if (current _item is classi ed as relevant) then
TP TP +1;
end if
current _item current _item + 1;
end while

clusters g’

feedback window. Then, the user provides feedback by margimelevant re-
sults, which triggers the actual mechanism,;

training . The rst step of the proposed algorithm consists of initiaking the

clusters. At this point, each cluster contains a single iterfrom the initial rele-

vance feedback window. Basically, we attempt to create tweeddrograms, one
for relevant and one for non-relevant items. To assess siarity, we compute

the Euclidean distance between cluster centroids. Once wave determined
the initial cluster similarity matrix, we attempt to merge progressively clusters
from the same relevance class (according to user feedbackjng a minimum

distance criteria. The process is repeated until the numbeaf remaining clus-
ters becomes relevant to the categories in the retrieved wiow (regulated by
a threshold );

updating . After nishing the training phase, we begin to classify thenext
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items (outside the relevance feedback window) as relevantrmon-relevant with
respect to the previous clusters. A given item is classi edsarelevant or non-
relevant if it is within the minimum centroid distance to a cluster in the relevant
or non-relevant dendrogram.

Algorithm 1 summarizes the steps involved. The following riations were used:
Ncusters 1S the number of clusterssim([i][j ] denotes the distance between clustef
and C; (i.e., centroid distance), represents the minimum number of clusters which
triggers the end of the training phase (set to a quarter of theumber of items in a
browsing window), ; is the maximum number of searched items from the database
(set to a quarter of the total number of items in the database) , is the maximum
number of items that can be classi ed as positive (set to theize of the browsing
window), TP is the number of items classi ed as relevant, andurrent _item is the
index of the currently analyzed item.

Validation for image retrieval

The rst validation was conducted in the context of the imageretrieval systems. We
experimented on the Microsoft Object Class Recognitiéh dataset, which sums up
to 4,300 images distributed into 23 categories (e.g., \anais", \people", \airplanes”,
\cars", etc) as well as on the Caltech-1F1 dataset, which contains a total of 9,146
images, split between 101 distinct objects (including fasge watches, ants, pianos,
etc) and a background category.

For image content description we tested several state-dfi¢-art approaches, namely:
MPEG-7 image descriptors [38]: Color Histogram DescriptprColor Layout De-
scriptor, Edge Histogram Descriptor and Color Structure Dgcriptors; classic color
descriptors: Autocorrelogram, Color Coherence Vectors drColor Moments; and
feature detectors: SURF, SIFT, Good Features to Track (GOO] STAR, Acceler-
ated Segment Test (FAST), Maximally Stable Extremal Regios (MSER) and Har-
ris Detector available with the OpenCV library (Open SourceComputer Visiorn?®).
Features were represented with a Bag-of-Visual-Words mdde

To assess performance, we compute the overall Mean Averagedtsion (MAP)
as de ned in equation 6.13.

The evaluation consisted of systematically considering @aimage from the database
as query image and retrieving the remainder of the databaseaordingly. Experi-
ments were conducted for various retrieval browsing wind@yNgry, ranging from

26http://research.microsoft.com/en-us/projects/object classrecognition.
2Thttp://lwww.vision.caltech.edu/lImage _Datasets/Caltech101.
28http://opencv.willowgarage.com/wiki.
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Figure 6.25: Mean Average Precision for retrieval using vaus descriptor set -
metric combinations [18].

20 to 50 images. For brevity reasons, in the following we pesg only the most
representative results which were obtain foNg, = 30.

The user feedback was simulated automatically from the knawclass membership
of each image. Compared to real user feedback, this has thevaitage of providing
a fast and extensive simulation framework, which otherwiseould not be achieved
due to physical constraints (e.g., availability of a signicant number of users) and
inherent human errors (e.g., indecision, misperception).

The in uence of the similarity measure In the rst experiment we analyze the
in uence of the distance measure on the performance of a dasretrieval system.
In this respect, we use the classic nearest neighbor retré\step of the relevance
feedback algorithm. Figure 6.25 presents the MAP obtaineair the two data sets
and the aforementioned features. Although the descriptogrovide in average more
or less comparable performance on same data set, resultsvghbat the distance
measure plays a critical role.

In the case of the Microsoft dataset which has lowest divetgiof classes, the
best results are obtained with Bhattacharyya using MPEG-7 escriptors (MAP of
57%) followed by Canberra and Clark using classic color degtors (MAP of 55%
and 54%, respectively) which is an improvement of around 18&bove the average
descriptor value. Results are signi cantly decreasing onhe Caltech-101 dataset
which contains ve times more categories. The highest acagy is achieved again
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Figure 6.26: Mean Average Precision for retrieval with relance feedback using
various descriptors and metrics [18].

for the classic MPEG-7 descriptors using Bhattacharyya an€anberra distances
(MAP of 23:4% and 232%, respectively). In this case, the improvement is of at
least 5% above the average descriptor value. However, it siteh be considered the
fact that Bhattacharyya is one of the most computational expnsive solutions.

It can be noted that some distance measures can be less addgtethe structure
of the descriptors, an example are Bhattacharyya and Canlyer which performed
signi cantly worst with Bag-of-Visual-Words representaton of feature descriptors
(see SURF, SIFT, Harris and GOOD in Figure 6.25). Another irgresting result
is that the classic Euclidean distance, despite its populidy, proves to have poor
discriminant power in most of the cases.

Relevance feedback evaluatiorForm the previous experiment it can be seen that
the retrieval performance is relatively low with either of he methods. In this exper-
iment we test the advantage of using relevance feedback. Wampare the proposed
approach against other validated methods from the literatte: Rocchio algorithm
[145], Relevance Feature Estimation (RFE) [144], Supportéétor Machines (SVM)
[147], Decision Trees (TREE) [148], AdaBoost (BOOST) [149Random Forest [150],
Gradient Boosted Trees (GBT) [151] and Nearest Neighbor (NN152]. As for the
previous experiment, we assess similarity using variousstince measures. Each
experiment is conducted using only one feedback iteratiolkome of the results are
presented in Figure 6.26. For brevity reasons, we depict gnthe results obtained
with the distance measure providing the highest performaec

From the relevance feedback point of view, globally, all thetrategies provide
signi cant improvement in retrieval performance comparedo the retrieval without
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Table 6.20: Improvement achieved by the proposed hierarchl clustering relevance
feedback (HCRF) [18].

Microsoft dataset

descriptor 1st MAP 2nd MAP 3rd MAP
MPEG-7 | HCRF - 80% | BOOST - 72% NN - 72%

Color desc.| HCRF - 80% RFE - 68% BOOST - 68%

Caltech-101 dataset
descriptor 1st MAP 2nd MAP 3rd MAP
MPEG-7 | HCRF - 32% RFE - 28% GBT - 27%

SURF HCRF - 32% | BOOST - 27% NN - 26%

relevance feedback. Better performance is naturally obtaed when targeting a more
reduced number of image categories. For instance, on the kisoft data set (23
classes) relevance feedback MAP is up to 80% (proposed methtCRF), compared

to only 57% without relevance feedback (improvement of 23%)On Caltech-101
(102 classes) the highest MAP is 32% (proposed HCRF) compdr® 23% without

relevance feedback (improvement of 9%).

The proposed approach tends to provide better retrieval parmance in most of
the cases. Table 6.20 summarizes some of these results. kher Microsoft data set,
the highest increase in performance is achieved for MPEG-@striptors, namely 8%
compared to BOOST; while for Caltech-101, the highest incase is of 5% for SURF
compared also to BOOST. Less accurate results are obtainext flescriptors such as
FAST, STAR or MSER due to their limited discriminant power for this particular
task. From the distance point of view, results show that thex is no general preference
for a certain distance metric. As expected, the choice of thsice is dependent on the
type of content descriptors. Nevertheless, Canberra and Bttacharyya distances
prove to be more reliable for use with classic numeric contedescriptors, such as
MPEG-7 and color descriptors, while Tanimoto provided be#r performance for
Bag-of-Visual-Words approaches.

Validation for video retrieval

Video retrieval validation was conducted on the 2011 Media&l Video Genre Tag-
ging Task dataset [48], which contains 2,375 web sequencabeled according to
26 genre categories (e.g., \'art”, \autos", \comedy", etc) Each sequence was rep-
resented with the audio-visual descriptors proposed in SeEm 6.3.1. As for the
previous experiment, user feedback was simulated automally from the known
class membership of each video (i.e., the genre labels). Idd@ion to MAP, we
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Figure 6.27: Precision - recall curves obtained with the ppmsed hierarchical clus-
tering relevance feedback (HCRF) [4] for di erent size broging windows.

Table 6.21: MAP obtained with the proposed hierarchical cktering relevance feed-
back (HCRF) [4].

| RF method | 20 seq. window| 30 seq. window| 40 seq. window| 50 seq. window]|

Rocchio [145] 46:8% 43:84% 42:05% 40:73%
FRE [144] 48.45% 45:27% 43:67% 42:12%
SVM [147] 47:73% 44:44% 42:17% 40:26%
proposed 51:27% 46:79% 43:96% 41:84%

report also precision and recall (see equation 6.5).

Figure 6.27 compares the precision - recall curves obtainadth the proposed
approach, with those of several other approaches, namely &hio [145], Feature
Relevance Estimation (FRE) [144] and Support Vector Machies (SVM) [147]. The
proposed approach (HCRF) provides an improvement in retne@l, particularly for
small browsing windows (e.g., 20, 30 video sequences, see i line in Figure
6.27). With increasing window size, all methods tend to coevge at some point to
similar results. Table 6.21 summarizes the overall retrial MAP. For the proposed
approach, the MAP ranges from 4B% to 513%, which is an improvement over the
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other methods of at least a few percents.

Conclusions and future work

We proposed a relevance feedback approach that uses the &iehical clustering of
the query results. Experimental testing performed on sewar standard databases
using state-of-the-art descriptors and distance measurpsoved its e ciency.

Although descriptors provided more or less comparable rétwval results, the
choice of the distance measure proves to be highly criticalrfthe performance. Dis-
tances such as Canberra and Bhattacharyya proved to be morgiable for use with
classic numeric descriptors, such as MPEG-7 and color daptors, while metrics
such as Tanimoto provided better performance for Bag-of-$ial-Words approaches.
The proposed approach was validated in both image and videetrieval scenarios
outperforming other approaches from the literature which mkes it valuable for
solving the retrieval paradigm. Future work will mainly inwlve considering the
constraints of large-scale indexing.

6.7.2 Fisher Kernel-based relevance feedback

Another approach to relevance feedback was from the perspee of Fisher Kernel
representatiort® (see also Section 6.3.2).

Contribution to state-of-the-art

We proposed a new relevance feedback approach adapted intjgatar to video re-
trieval that uses a combination of Fisher Kernels (FK) with Sipport Vector Machine
Classi ers (SVM) [13]. FKs are a powerful framework which gobines the advan-
tages of a generative algorithms with the strengths of disoninative approaches.
The main idea of FK is to describe a signal with a gradient veot derived from a
generative probability model, e.g., Gaussian Mixture Mode GMM, and then train
this representation with a discriminative classi er, i.e, in most of the cases SVMs.
FKs have been successfully applied to many elds, from imagategorization [153],
to audio indexing [155] and handwritten word-spotting [154 but to our knowledge,
it never been used in relevance feedback or in video classition (more information
is presented in Section 6.3.2).

In order to describe a document, most of the relevance feedhkastrategies use
a single feature vector, but, video documents can be congidé as a sequence of

2%this work was developed in collaboration with Dr. lonut Mir oni@, from LAPI, University
Politehnica of Bucharest, Romania, Dr. Jasper Uijlings, ard Prof. Nicu Sebe, from MHUG,
University of Trento, Italy. The presented results were published in:
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Algorithm 2 The Fisher Kernels Relevance Feedback Algorithm [13].

initial parameters:
Labeled sample setX; and labelsY;;
Unlabeled sample seX;;
SVM classi er parameters (C, );
n: the window size
start:
do 10% PCA reduction for all multimodal features
altering features step:
compute GMM centroids for Xj;
for x Xi do
FK(x) = FK(x;GMM );
normalize FK (x);
end for
training - re-ranking step:
train SVM( C, ) using FK features
for x Xr do
FK(x) = FK (x;GMM );
normalize FK (x);
compute h(x) = SvmCon denceLevel(FK (x));
end for
sort h(x) values
show new ranked list according tch(x) values

scenes, and the features from each scene can be used to moddl retrieve the
video content. Because we use the FK framework, we can intatg the spatial
relationship of the video scenes in our relevance feedbagdpeoach. In addition, the
proposed approach allows a fast implementation similar to@assical SVM relevance
feedback strategy, but with a higher increase of performaac

Approach

We introduced the following relevance feedback approacheés Algorithm 2). Using

a single video as query, we rank all videos using a nearestghbor strategy. Then
the user selects from the tom videos which ones are relevant and which ones are
not, wheren is typically small (e.g., 20 in our experiments). We learn aanerative
Gaussian Mixture Model (GMM) from rst n retrieved documents. Then we re-
represent the topk videos using a Fisher Kernel (FK) representation with resme

to this GMM (as de ned in Section 6.3.2), wherek is typically large (e.g., 2000 in

[13] I. Mironi@, B. lonescu, J. Uijlings, N. Sebe, \Fisher Kernel based Relevance Feedback for
Multimodal Video Retrieval”, ACM International Conference on Multimedia Retrieval - | CMR
2013, Dallas, Texas, USA, April 16 - 19, 2013.
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our experiments). We only consider the togk as it is unlikely that relevant videos
are ranked lower in the initial ranking. Afterwards, we tran an SVM on the FK
vectors of the topn user labeled results. We apply this SVM on the tojx videos to
obtain a nal ranking. The algorithm involves the following steps:

altering features after user's feedback . After the initial query, using
nearest-neighbor search, we train a Gaussian Mixture Modeh the features
of the top n videos, regardless of their true relevance. In a practicgbplication
this would allow the training of the Gaussian Mixture Model n the background
during the time that the user is giving feedback. For optimiation reasons we
initialize the centroids with a k-means output.

To make the Fisher Kernel computationally feasible, we rstapply Principal
Component Analysis (PCA) on the original feature vectors athe documents.
We compute PCA individually on each feature type and reducéhe dimensions
by 10%. After having obtained the mixture model, we converttte original
features of the topk videos into the FK representation according to equations
6.14 and 6.15. For both the GMM clustering and the Fisher pregtion we use
the software from [153].

Finally, we perform normalization on the FK vectors as this W signi cantly
increase performance.

training - re-ranking step . We use the FK representations of the tom
videos along with the labels obtained using feedback fromefuser to train a
two-class SVM classi er. SVMs are appropriate for relevamecfeedback as they
are relatively robust to the situation in which only few traning examples are
available.

Validation experiments

For testing, we use the 2012 MediaEval Video Genre Taggingtdaet [62] consisting
of around 15,000 sequences (up to 2,000 hours of video foe)a¢abeled according
to 26 video genre categories (e.g., \art", \autos and vehie$", \business", etc - see
the complete list in Section 6.3.3 with the Experimental radts). Video description
is carried out with the following type of descriptors:

audio features

{ block-based audio features (11,242 values) [40] - captuteettemporal
properties of the audio signal. We use the audio descriptonstroduced
in Section 6.3.1;

134



{ standard audio features (196 values) [86] - we used a set aigmal-purpose
audio descriptors: Linear Predictive Coe cients (LPCs), Line Spectral
Pairs (LSPs), MFCCs, Zero-Crossing Rate (ZCR), and spectraentroid,
ux, rollo and kurtosis, augmented with the variance of ead feature
over a certain window (we used the common setup for capturirenough
local context that is equal to 1.28 s). For a clip, we take the pan and
standard deviation over all frames.

visual descriptors

{ MPEG-7 related descriptors (1,009 values) [38] - we adoptetandard
color and texture-based descriptors such as: Local Binanakern (LBP),
autocorrelogram, Color Coherence Vector (CCV), Color Laya Pattern
(CLD), Edge Histogram (EHD), Scalable Color Descriptor (SO), clas-
sic color histogram (hist) and color moments. For each sequee, we
aggregate the features by taking the mean, dispersion, skesgs, kurto-
sis, median and root mean square statistics over all frames;

{ global HoG (81 values) [88] - from this category, we computdofpal His-
togram of oriented Gradients (HoG) over all frames;

{ structural descriptors (1,430 values) - the structural desiption is based
on a characterization of geometric attributes for each indidual contour,
e.g. degree of curvature, angularity, circularity, symmey and \wiggli-
ness", as proposed in [39] and introduced in Section 6.3.1.

text descriptors Term Frequency - Inverse Document Frequency (TF-IDF)
extracted with automated speech recognition algorithms (8R), with 3,466
values (ASR is provided with the dataset [62]) - we use the stdard TF-IDF
approach. First, we lIter the input ASR text by removing the terms with a
document frequency less than 5%-percentile of the frequegrdistribution. We
reduce further the term space by keeping only those terms thdiscriminate
best between genres according to the 2-test. We generate albgll list by
retaining for each genre class, the m terms (e.g., m = 150) \Wwithe highest 2
values that occur more frequently than in complement classeThis results in
a vector representation for each document.

All the visual and audio descriptors are normalized th; norm, and text descriptors
to cosine normalization.

User feedback is automatically simulated from the known cta membership of
each video document (ground truth is provided with the datahses). This approach
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Table 6.22: Comparison between feature MAP using di erent etrics without rele-
vance feedback [13].

| Feature | Manhatan| Euclidian| Mahalanobis| Cosinus| Bray Curtis | Chi Square | Canberra
HoG 17.02% 17.18% | 17.07% 17.00% | 17.10% 17.07% 16.67%
structural 10.87% 10.55% | 11.14% 2.18% | 10.92% 11.58% 14.82%
desc.
MPEG-7 12.37% 10.85% | 21.14% 08.69% | 13.34% 13.34% 25.97%
related
standard 7.76% 7.78% 29.26% 15.28% | 7.78% 8.04% 1.58%
audio desc.
block-based | 19.33% 19.58% | 20.21% 21.23%| 19.71% 19.99% 20.37%
audio desc.
text TF- | 8.32% 7.15% 5.39% 17.64% | 20.40% 9.83% 9.68%
IDF ASR

allows a fast and extensive simulation which is necessarydwaluate di erent meth-
ods and parameter settings.

To assess performance, we use classic precision and resek equation 6.5) and
Mean Average Precision (MAP) (see equation 6.13). In our euation we systemat-
ically consider each document from the database as a querycdment and retrieve
the remainder of the database accordingly. Precision, rdcand MAP are averaged
over all retrieval experiments. Experiments were conduddefor various browsing top
n, ranging from 10 to 30 documents. For space and brevity reasy in the following
we shall present only the results using the top 20 videos peingdow. The general
observations in this paper hold for all values af.

Evaluating feature metrics . Some distance measures are better adapted to the
structure of the descriptors than others [13]. We tested a bad variety of metrics.
Their performance is presented in Table 6.22. We concludeaheach feature has
its own preferred metric. In the rest of our experiments we esfor each feature its
best metric as indicated in Table 6.22 with bold.

Relevance feedback using Fisher Kernels . In this experiment we study the
in uence of Fisher Kernel parameters on the system's perfmance. In the rst
experiment we analyze the in uence of the number of Gaussiarentroids. Figure
6.28 presents the variation of MAP using a di erent number ofsaussian centroids.
It can be observed that the best results are obtained using lgna single Gaussian
centroid. In this case the size of Fisher Kernel descriptomsill be 2 times bigger
than the document descriptor.

The second experiment presents the in uence of Fisher noriization strategies
on system performance. In [153], it was demonstrated that @ normalization
strategies can improve the performance of Fisher Kernels.aMave tested four nor-
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Figure 6.28: The in uence of GMM centroids on system perforance [13].

Table 6.23: The in uence of di erent normalization stratedges on relevance feedback
performance (MAP) [13].

| Normalization/ Features | Visual | Audio | Text |
without normalization 37.25% | 38.68% | 31.13%
L1 36.82% | 37.97% | 29.83%
L2 39.22% | 41.94% | 30.51%
Log norm. 38.61% | 42.01% | 35.07%
PN 38.51% | 41.37% | 34.93%
PN + L2 norm. 39.20% | 42.98% | 30.12%
PN + L1 norm. 39.46% | 43.23% | 31.71%

malization algorithms and some combination,of them: L1 noralization, L2 normal-
ization, power normalization § (x) = sign(x) jxj) and logarithmic normalization
(f (x) = sign(x)log(1 + jxj)). The results are presented in Table 6.23.

It can be observed that using the combination of L1 normalizeon - alpha nor-
malization we obtained the best results for visual and audideatures, while the
highest performance for text features is obtained with logahmic normalization.
Another observation is that using the L1 normalization alor, the results are lower
than in the case when L1 is used in combination with other noratizations.

In order to compare our algorithm with other relevance feedick approaches, we
have selected the settings that provide the greatest imprement in performance:
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Figure 6.29: Precision-recall curves for di erent contentlescriptors and combina-
tions: 1 - combination of all visual descriptors, 2 - standaraudio features, 3 - text

descriptors and 4 - combination of all features [13].

Table 6.24: Comparison of the proposed FK relevance feedkadth state-of-the-art

algorithms in terms of MAP (%) [13].

Feature without | Rocchio | NB BOOST | SVM RF RFE FKRF FKRF
RF Linear RBF

HoG 17.18 | 25.57 24.18 | 26.72 26.49 | 26.89 | 27.5 29.46 29.59
structural 14.82 | 21.96 23.73 | 23.63 2462 | 24.69 | 23.91 | 26.28 23.96
MPEG-7 25.97 | 30.88 34.09 | 32.55 32.90 | 36.85 | 31.93 | 40.50 40.80
all visual 26.11 | 32.76 34.15 | 35.76 35.88 | 39.08 | 32.43 | 38.01 38.23
standard 29.26 | 32.71 34.88 | 32.88 38.58 | 40.46 | 44.32 | 44.80 46.34
audio

block-based | 21.23 | 35.39 35.22 | 39.87 31.46 | 33.41 | 31.96 | 43.96 43.69
audio

text 20.40 | 32.55 26.91 | 26.93 3470 | 34.70 | 25.82 | 34.84 35.14
all desc. 30.29 | 37.91 39.88 | 38.88 4093 | 45.31 | 44.93 | 45.43 45.80

one GMM centroid, L1 normalization with alpha normalization for audio and visual
descriptors and logarithmic normalization for text descptors. We also used 2 SVM
kernels: a linear SVM classi er and a nonlinear RBF kernel.

Comparison to state-of-the-art techniques
approach against other validated algorithms from the litemture, namely: the Roc-
chio's algorithm [145], Relevance Feature Estimation (RFE144], Support Vector
Machines (SVM) [147], AdaBoost (BOOST) [149], Random Forts(RF) [150] and

Nearest Neighbor (NB) [152].

. In the following, we compare our

Figure 6.29 presents the precision-recall curves after omeration of feedback for
di erent descriptor categories. Globally, all relevancededback strategies provide
signi cant improvement in retrieval performance comparedo the retrieval without
relevance feedback (see the dashed black and blue lines igufe 6.29).
performance is naturally obtained with audio descriptorswhile text and visual
descriptors have similar performance. The highest increas system performance
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Table 6.25: Comparison between the proposed Fisher Kerndalevance feedback
with RBF kernel on all data and RF RBF (MAP) [13].

| Feature | proposed FK for all data | proposed FK with RBF kernel |
visual desc. 34.02% 38.23%
standard audio desc.| 38.25% 46.34%
text desc. 32.37% 35.14%

is obtained using standard audio descriptors, increase ofA® from 29:35% (without
RF) to 46:34% and with all combined features from 30.29% to 45.80%.

We present in Table 6.24 the MAP values for di erent featuresombinations. The
proposed approach (FKRF) has the highest values for most dfi¢ cases, except for
the combination of all visual descriptors, where the Randoifrees relevance feedback
achieves the highest performance values. The highest ingse in performance is
obtained using MPEG-7 descriptors, increase of 4 MAP perdsnfrom 40.80% using
proposed FKRF and RBF kernel to 385% with Random Forests) and block based
audio (from 43.96% using proposed FKRF with linear kernel t89.87% using Boost
relevance feedback).

In most of the cases, RFE and Random Forests provide good réspubut still less
than our approach. We conclude that the proposed approach proves the retrieval
performance, outperforming some other existing approache

Fisher representation on all data . We could also generate a Fisher Kernel
representation by learning a GMM orall the data. A valid question is therefore: do
we obtain good results because the Fisher Kernel represdiga in general is more
powerful than our initial features, or are our performancemprovements caused by
altering the features with respect to the topn results? In the former case, we can
just alter the features once o -line, which would speed up eoputation. Yet, if this

is the case we would just prove that the Fisher representatias more powerful than
our initial features, independent of our relevance feedbasetting.

To test this, we train a GMM on all the feature vectors of the wble dataset,
and represent all videos as Fisher vectors with respect toishglobal mixture model.
We use these features in the SVM relevance feedback framekvand compare this
with our proposed FK relevance feedback. Notice that the opldi erences between
these two systems are on what data the GMM is learned and whehet features are
changed to the Fisher representation. GMM orall drastically reduce the system
performance. The results are presented in Table 6.25.

We conclude that altering the data based on the top videos is crucial for
obtaining good performance. This validates our claim thathe Fisher Kernel is
particularly suited for use in a relevance feedback applitan.
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chunks [13].

The in uence of GMM centroids on system perforance using video

Table 6.26: Comparison between the proposed global FKRF anemporal FKRF
(MAP) [13].

Feature FKRF FKRF Temporal FKRF | Temporal FKRF
Linear RBF Linear RBF

HoG 29.46% 29.59% 32.12% 32.87%

MPEG-7 related | 40.50% 40.80% 44.69% 45.43%

Temporal Fisher representation for relevance feedback In the following,
we prove the superiority of the FK relevance feedback apprdawhen we use more
then one feature per video document. We experimented with twtypes of visual
descriptors: HoG descriptors and MPEG-7 related descripte. We extract a small
collection of salient frames using [156], and compute a vaifeature for each image.
Now, every frame models the parameters of the existing modahd the feature space
becomes more complex. In this case, we estimate that the nuemlof centroids used
by the Fisher vectors is higher than one. Figure 6.30 presarthe variation of MAP
using a di erent number of Gaussian centroids. It can be obsed that the best
results are obtained using 5 to 10 number of centroids.

We present in Table 6.26 a comparison between the MAP valuektbe proposed
global FKRF and temporal FKRF. The temporal Fisher represetation for relevance
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feedback tends to provide better retrieval performance inllacases with more than
4 percents increase of performance (from 29.59% to 32.87% HoG features and
from 40.80% to 45.43% for MPEG-7 related descriptors).

Conclusions and future work

We proposed a new relevance feedback approach that uses €isKernels (FK).

Tested on a large scale video database (MediaEval 2012) ansing several multi-
modal descriptor schemes (i.e., visual, video and textual)he proposed approach
improves the retrieval performance outperforming some oth existing approaches.
We also present a novel method to train the relevance feedlaalgorithm, using

more than one feature per video. The experiments with visuaescriptors showed
that using more features vectors to describe a video documgeinstead of only

one, the performance is drastically improved. We proved thave don't need large
vocabularies to train the FK framework, we achieve the bestgrformance with
only 5-10 words. This makes the proposed approach implemahte for a real time
RF approach. Future improvements will mainly consist in adgting the method

to address a higher diversity of video categories (use of theternet). Another

improvement is the usage of more elaborated spatio-tempofaatures.

6.8 Multimedia browsing

Apart from the retrieval mechanism, another important compnent of a content-
based retrieval system is theébrowsing system(see Figure 6.1). Approaching this
task requires de ning an environment for browsing multime information, from

the software architecture point of view. | have contributedto the development of
two multimedia browsing interface£’.

30this work was developed in cooperation with loan Chera, VladDima and Alexandru Marin,
from LAPI, University Politehnica of Bucharest, Romania. T he presented results were published
in the following articles and thesis:

[21] B. lonescu, K. Seyerlehner, C. Rasche, C. Vertan, P. Lambert, Content-based Video Descrip-
tion for Automatic Video Genre Categorization"”, 18th International Conference on MultiMedia

Modeling - MMM 2012, 4-6 January, Klagenfurt, Austria, 2012.

[22] B. lonescuy, P. Lambert, D. Coquin, A. Marin, C. Vertan, \ Analyzing Animated Movie Con-
tents for Automatic Video Indexing”, in Machine Learning Techniques for Adaptive Multimedia

Retrieval: Technologies Applications and Perspectives, Gl - Global Printing House, Eds. Chia-

Hung Wei et al., pp. 228-260, (ISBN 978-1-61692-859-9), 201

[ Vlad Dima: \A 3D System for Navigating through Multimedia Databases", dissertation thesis,
University Politehnica of Bucharest, Romania.

[] loan Chera: \Multimedia Browsing Interfaces”, dissertation thesis, University Politehnica of

Bucharest, Romania.
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Figure 6.31: MovieGlobe feature-based 3D movie represetiba in a spherical co-
ordinate system (inclination- , azimuth-' , radius+). Each movie from the data set
is represented by a point with which we associate an image mgjte. Views A to E
are screenshots taken from di erent perspectives (the pasof view used are shown
in the chart). In views A-E, representative genres are annated.

Experiment 1 - MovieGlobe - a 3D image/video browsing interface. The rst ex-
periment consisted in simulating a image/video browsing &ronment in which items

are represented via content descriptors. We have developadlient-server architec-
ture which provides a virtual 3D browsing environment for inage/video databases
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[22, 21]. Items are displayed in a spherical coordinate sgst, and each item is rep-
resented by one key frame. The user interface resembles tiodtGoogle Earti¥! (by

which we were inspired): the user ies virtually through a \world of images/videos".

User interaction consists of moving freely in the 3D enviranent, zooming on the
items as well as visualizing items' properties (e.g., deguiion, watching a movie,

etc)*?.

Figure 6.31 exempli es our interface by presenting severatreen shots achieved
when displaying a small video database according to des¢ap coordinates, namely
the rst three principal components of the descriptors propsed in Section 6.3.1.
Due to similarity in content and structure, movies re-groupaccording to genre, e.g.,
the most clearly grouped genres are news (see view B) and ¢pdgsee view C).

The main drawback of this platform was the used technology,ding programmed
in Java 3D. This technology limited in the rst place its portability, both on di erent
platforms and in time, as well as its processing capabilise- all the data has to be
uploaded in the RAM memory which limits signi cantly the number of displayed
items (e.g., to hundreds of videos, or a few thousand images)

Experiment 2 - MediaView - a 3D multimedia browsing interface. Motivated by
the success of the rst interface, we proceeded with develog of a more complex
browsing system. The new interface inherits the idea of digying multimedia items
on a sphere and use Google Earth like interaction. Howevehis$ application focused
on providing a more general framework addressing not only age/videos but all
type of multimedia including audio.

The system was developed using Visual C++ which makes it high portable
and easily upgradable in the future (it can be compiled on armachine). Then, the
key feature is in the capability of displaying in real-time &rge datasets of all types
of media information, from image, video to audio data. This as possible by an
e cient allocation and pre-caching of resources. Tests calucted with more than
150,000 items (image-video-audio) show real-time browgirtapabilities even when
run on a regular laptop computer.

Apart from displaying multimedia items according to user speci ed coordinates,
the system provides also a basic searching system which usek-nearest neigh-
bor approach. Resources for displayed items, e.g., contefgscriptors, have been
externalized in order to increase its generality. Basicgllitem coordinates can be
generated with any existing technology, such as Matlab emenment or OpenCV.
The interface with the system is as general as possible andeasXML (Extensible
Markup Language) descriptions.

3Lhttps://www.google.com/earth/
32a demo is available athttp://imag.pub.ro/ ~bionescu/index_files/MovieGlobe.avi
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(a) Random coordinates

(b) Color histogram descriptors (PCA)

Figure 6.32: Screenshots of the proposed MediaView (repetation in a spherical
coordinate system - each multimedia item is represented Wwian image vignette).
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Figure 6.32 presents two screenshots of the proposed intexd when displaying
a 120,000 image database (image source Flickr). In Figure38.(a), images are
displayed using randomly generated coordinates. In Figur@.32.(b) each image
is positioned according to the rst three principal componets of a global color
histogram descriptors. One can observe that images are dea¢d according to their
predominant colors.

Preliminary tests show the e ciency of this platform in displaying large scale
datasets. Future work consists mainly in integrating this bowsing environment
with the previous approaches and coming up with a nal contdrbased multimedia
information retrieval system.
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Chapter 7

Evolution and development of
professional career

The future evolution and development of my professional caer will follow naturally
the directions presented in the previous parts of the habiétion thesis. | identify the
following strategic directions whose schedule is synthesd with the Gantt diagram
in Table 7.1:

conducting fundamental and applicative research;
increasing research visibility;

increasing publications' impact;

increasing participation to international projects;
teaching and student coordination;

coordination of a research group;

technological transfer.

Each of these points is developed in the following.

7.1 Fundamental and applicative research

In what concerns my current and future research, it will maily target the aspects re-
lated to the processing and analysis of multimedia informein, multimedia retrieval
and its large-/very large- scale and real-time implicatios, domain which gains more
and more popularity due to the explosion of Internet and soai media.

Whether more than one decade ago the availability of multintka contents was
very low, today we can witness a \multimedia revolution™. Acessing multimedia
content, i.e., images, sound, text or video, became part ofiodaily routine.
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Table 7.1: Gantt diagram of the long term strategy for the deslopment of the professional career.

action | <2007 | 2008 | 2009 | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 |
Fundamental video: temp. segm., multimedia: visual-audio-text, fusion, multimedia: large scale retrieval system,
& applicative color, action, motion, classi cation/clustering, machine learning, database management,
research and summarization. 3D interfaces, crowdsourcing. intelligent browsing interfaces.
Increasing EUSIPCO, organizing benchmarking campaigns (MediaEval),
research CBMI, MM, conference committees: ICIP, EUVIP, IPTTA, MM, ICMR,
visibility MediaEval. tehnical programe committees, reviewer, editor.
Increasing

publications' 2 1Sl 11Sl 11Sl 21Sl | 11SI articles in high impact journals (> 12 ISl articles)
impact

Increasing participation to international projects,
part. to Grant RP-2 Grant SCOUTER participation to strategic programmes,
int. projects (4-6 projects proposals per year).
Teaching

& student PhD Lecturer Assoc. Prof. Professor
coordination

Coordination

of a research Coord. of the video group with LAPI Coord. of the multimedia lab with CAMPUS
group

Technological UTI Grup Attracting companies in the eld: Adobe, Google,
transfer video surveillance Facebook, Samsung, Yahoo, etc.




The technological advances of the acquisition and procasgisystems (e.g., mo-
bile terminals, computational systems, data storage, sang devices, etc) and infor-
mation transmission protocols (e.g., wireless telecommigations, high-speed local
area networks, multimedia telecommunication standards sh as 3G and 4G, etc) led
to an exponential increase of the transitioned multimediaata. An addition to this
is the spreading of the Internet to more and diverse social mi@s together with the
huge success and popularity of the on-line social platfornis.g., Facebook, Twitter,
LinkedIn, Google+) and multimedia platforms (e.g., YouTule, DailyMotion, Picasa,
Flickr, and so on).

Apart from the production of, lets say, commercial multimed contents (i.e.,
produced by companies for commercial reasons, such as daie@ment movie pro-
duction), a new type of multimedia arrived, namely the perswal multimedia data.
The development of the on-line social media platforms eas#te possibility for peo-
ple around the world to share personal (amateur) data, e.gsharing personal photos,
private collection movies, video reports, video bloggingnd so on. These sources
are actually signi cant multimedia content providers, e.g, the Facebook social net-
work sums in 2014 more that 1.3 billion users that upload andhare various type of
multimedia contents every day.

The data exchanging dynamics on the Internet is actually ashishing, every-
thing taking place now in \real-time" from every multimedia terminal, mobile (e.g.,
smartphone) or xed (e.g., personal computer). By a simpleduch of a button
video recordings or pictures are uploaded in the on-line anenment. The following
statistics are edi catory for the current scale of the multmedia \consumption" over
the Internet: over 100 hours of video are uploaded every mitauon the YouTubé
platform, more than 600 years of videos from YouTube are begrwatched daily on
Facebook, more than 900 video recordings from YouTube areasbd every minute
on the Twitter 3 platform. From the transitioned multimedia information, videos are
the most frequently used over the Internet. It is estimatedhat by 2015 more than
1 million minutes of videos (674 days) will transit the Intenet each second (source
CISCO Systems$).

In this context, the actual issue is not the lack of informatn, but on the contrary,
the di culty to deal with this huge amalgam of media in order to provide the user
with only the relevant data for its needs. We reached the pdimvhere this task cannot
be performed manually by humans and it is imperatively necsary to address this
in an automatic manner, e.g., by using computers.

Yhttps://www.facebook.com/
2http://lwww.youtube.com/
3https://twitter.com/
“http://www.cisco.com
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guery example

Figure 7.1: Content-based search example on Google Imager8k for a \water
lily" (image on the left). Images on the right are the rst mog relevant results by
decreasing similarity (order from top to bottom and left to ight).

This emerging area is know asultimedia information retrieval and it is situated
at the con uence of domains such as signal processing, cortgguvision, pattern
recognition and machine learning. Current research in theeld targets mainly the
development of algorithms and technologies for replicaty) in an automatic manner,
the human understanding of multimedia contentsThis knowledge is to be used for
achieving data searching capabilities that provide resudtclose to the ones humans
would select.

A potential solution to the problem of multimedia information retrieval was dis-
cussed earlier in the context of content-based retrieval afnages and was relying
on automatic indexing techniques. Transposed to the actuaontext, these tech-
nigues have now to adapt, on one hand, to the processing of ageuamount of data,
e.g., 1 minute of video is the equivalent of 1,500 static imag and therefore only
one video sequence is the equivalent of an entire image atilen; and on the other
hand to deal with changing contents (temporal data) and muitmodal information
(image-audio-text). Despite the current technology that hows for huge computa-
tional capabilities (e.g., a regular mobile phone featuresow several CPUs), the
complexity of the multimedia information retrieval requires optimization and par-
allel computing to be able to perform with decent results. Heever, dealing with
large-scale data is still an open issue.

To have an idea of the current retrieval capabilities, | takefor example the
image retrieval systems that have now more than 2 decades aistence (e.g., the
Query By Image Content - QBIC system was released by IBM in 199 Each of
us searched over the Internet for images and noticed that thteue content-based
search capabilities, e.g., searching for images similarthven example image or the
ability of specifying the image contents, are still far fromthe way a human would
solve the problem (see the example in Figure 7.1). Multimeslretrieval capabilities,
although mostly missing, are obviously signi cantly less elveloped and are mainly
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limited to be extensions of the image retrieval ones (e.ggrfvideo, image search is
extended at individual frames without taking into account he temporal context or
moving information).

Currently, there are no multimedia retrieval systems pubtly available, the only
existing ones being experimental, closed, adapted to spealomains (e.g., sports
videos, news broadcasting, Hollywood productions, etc) drcapable to perform only
o -line due to the high computational complexity.

The existing web multimedia platforms are actually relyingfor performing the
information retrieval solely on text data, such as content escriptors provided by
users when uploading the data. This information has its linétions as it cannot be
determined automatically (requiring user's input), is notalways available, tends to
be noisy and is not re ecting the actual data contents, e.gysers may tag an entire
collection with the same description.

In this context, my long term research will target both fundanental and applica-
tive research in this high impact emerging area. The nal owome is the possibility
of developing a multimedia information retrieval system de to cope with large-
Ivery large-scale multimedia data speci c to Internet. As pesented in the previous
sections, results so far that addressed punctual aspectssnich a system, starting
from data pre-processing, multi-modal content descriptim indexing mechanisms
and intelligent browsing interfaces, show very encouraginand promising perspec-
tives. My research will focus mainly on bridging the sensomd semantic gaps of
this system by developing:

techniques forspatio-temporal content description of multimedia with
speci ¢ emphasis on very low computational complexity andeal-time perfor-
mance;

techniques formulti-modal data fusion  of various information sources: vi-
sual, temporal, audio, text;

techniques formachine learning adapted to multimedia such as exploration
of the new paradigm of deep learning;

hardware and software solutions foreal-time computation  such as parallel
computing and distributed systems;

high precision retrieval mechanisms that exploit thdéauman in the loop con-
cept which makes use of the human computational power via salcplatforms
(e.g., crowdsourcing and gami cation);

intelligent browsing interfaces for multi-modal data visualization and search;
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a fully functional multimedia retrieval system

These are high impact research directions and constitute eéhfuture of the mul-
timedia information retrieval domain.

7.2 Increasing research visibility

Attendance to international forums is an important asset fomaximizing the impact
of the research in the scienti c community and therefore cdnbuting to the global
progress. My strategy to strengthen and improve the impactfany research as well
as to increase the institutional visibility at international level consist of:

benchmarking : maintaining a healthy involvement with coordinating and
organizing of international benchmarking campaigns, asfity started in 2013

with the co-organizing of the A ect Task: Violent Scenes Dedction and or-
ganizing of the Retrieving Diverse Social Images Task withithe prestigious
MediaEval - Benchmarking Initiative for Multimedia Evaluation. Benchmark-

ing activities provide a framework for evaluating systemsroa shared dataset
and using a set of common rules. The results obtained are thaemparable
and a wider community can benet from it which widens signi antly the

impact of the research;

technical committees : participating in the technical committees and or-
ganization of the main scienti c conference and events frorthe eld, e.g.,
ACM MM International Conference on Multimedia, IEEE ICIP International
Conference on Image Processing, ACM ICMR International Céerence on
Multimedia Retrieval, IEEE/ACM CBMI International Worksh op on Content-
Based Multimedia Indexing, etc;

reviewing committees : participating in the reviewing committees of the
main journals from the eld, e.g., IEEE Transactions on Mulimedia, Multi-

media Tools and Applications, IEEE Transactions on Image Picessing. This
will ensure a permanent contact with the latest innovationsand current ad-
vances;

conference participation : disseminating the main research results by at-
tending the major conferences in the speci c area of multindéa information
retrieval.
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7.3 Increasing publications' impact

One of the main institutional evaluation criteria is the nunber of scienti ¢ publi-
cations and their estimated impact factor in the eld (e.g.,Thomson Reuters ISI
Impact Factor). In this respect, my short term objectives ag:

high impact journal publications  : signi cantly increasing the number of
publications in high ranked journals, some publications ar currently under

development, e.g., Elsevier Computer Vision and Image Undg¢anding, Else-
vier Image and Vision Computing, whereas some are alreadybsuitted being

currently under review, e.g., IEEE Transactions on Circug and Systems for
Video Technology, Multimedia Tools and Applications. | taget to achieve the
acceptance of more than 2 articles each year;

number of citations : increasing the impact of the research which is visible
through the number of citations, i.e., the number of times th research nd-
ings were used by other researchers in their work. Maintamgy a permanent
dissemination and contact with the international communiy will contribute
to signi cantly increase the number of citations. Accordiig to Google Scholar,
my citations increased from 2009 with more than 86% (from 4®t340) which
corresponds to the period after my PhD when | was actively imlved in the
community. Given the impact of my current research, | expecthat in the
following 5 years to reach more than 1,000 citations.

7.4 Increasing participation to international projects

My participation and coordination of national research grats was more or less
achieved at a constant rate. The critical point is the increse of the participation
to international programmes such as the freshly started Hmon 2020 funding pro-
gramme for which | am currently a technical program expert {fr the Romanian
commission).

My long term objective is to be able to coordinate such projéz My research
activity so far allowed me to establish a vast network of caborators around the
world, see Section 3.5, which keeps me in a permanent contagth existing inter-
national projects (some of my students are developing themaster or PhD theses
within European projects) and project proposal perspectes. Each year | am in-
volved with submitting 3-4 international project proposas which o ers promising
perspectives.

In parallel with the research projects, an important role iglayed also by the
strategic programmes, such as the ones funded under Europé@tructural Funds
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(ESF) (e.qg., infrastructure investments, human resourcegvestments, etc). In this
respect, my short and long term objective is to contribute tahe development of the
institution human resources and infrastructure and increse the absorbtion of ESF
funds. A concrete example is my involvement with the managinteam for the con-
struction of the new research center of the University Pokhnica of Bucharest,
CAMPUS - Research Center for Advanced Materials, Productsnd Processes

funded under POS-CCE ESF axis, which is expected to be nakd in 2015.

7.5 Teaching and student coordination

In my opinion, research and didactic activities must me condtted and developed in
close relation as these two are strongly connected. Valuablesearch achievements
should be constantly included with the university curricua (e.g., courses, applica-
tions) to substantiate new research directions; whereassearch should be funded
on strong fundamental and theoretical basis using existingalidated knowledge.

The development of my didactic career addresses in priorithe transfer of the
relevant research results with the curricula of the Facultyf Electronics, Telecom-
munications and Information Technology, by developing newaboratory platforms,
scienti ¢ seminars, courses in the areas related to multidea and information re-
trieval, student projects (semester projects, year proj&x license and master thesis)
as well as improving the existing ones; activities which | atinuously carry over
since the nalization of my PhD in 2007 (see Chapter 2).

At long term, given the high importance of this eld, | consicer the possibility of
introducing a new master degree programme focusing on alktlaspects of multime-
dia retrieval, starting form pre-processing, content desiption, retrieval to coding
and database design. This is in-line with the industrial séors where research on
multimedia becomes more and more important with domains shias surveillance,
entertainment, telecommunications, medical, military, €.

7.6 Coordination of a research group

Research on multimedia information retrieval and its relatd areas is a major topic
worldwide. There are currently many research groups in theternational commu-
nity dedicated to this eld. Unfortunately, at national lev el, research on this topic is
still developing. In this context, my strategy is to have thebasis for a research group
on multimedia information retrieval with the University Politehnica of Bucharest.

Shttp://www.campus.upb.ro/
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The prerogatives for this action were already created back 2009 when thanks
to the CNCSIS RP-2 research grant | developed a new researctogp on video
processing and its infrastructur® as part of The Image Processing and Analysis
Laboratory, Faculty of Electronics, Telecommunications ad Information Technol-
ogy. This initiative will continue with the construction of the University Politehnica
of Bucharest's new research center, CAMPUS - Research Center Advanced Ma-
terials, Products and Processes (to be nalized in 2015). Ehcenter will contain 41
research laboratories in various areas of engineering. larpcular, | am in charge
with the new Multimedia Content Processing and Analysis Labratory which pro-
vides the perspective of leading an independent researclogp.

The ability of conducting PhD research plays a critical rolén my strategy as PhD
research constitutes the basis research unit for technologl progress. Currently,
I am involved with the coordination of PhD research for seval students at the
university as well as o cially PhD co-advisor at the Universty of Trento, Italy.
Obtaining the habilitation will allow me to take lead of PhD mordination and have
the basis for a future research laboratory, attracting funithg and research projects.

7.7 Technological transfer

The main objective of the didactic and research activitiessithe training of the new
generations for the active life as well as pushing forwarddenology via technological
transfer. Therefore, an important aspect is the permanenbninection of the research
with the industry, which is the potential bene ciary of the results.

In this respect, my strategy is to involve as much as possibmpanies from
the eld to stimulate potential technological transfer andinnovation. Currently
| am running a product-oriented innovation project with UTI Grup (2013-2015),
Romanian leading company in the elds of security and videausveillance. | plan to
extend this type of cooperation to other potential compang e.g., Adobe Romania,
Samsung Romania, Facebook Romania, Yahoo, etc and theref¢oo close a research-
development-product cycle. This is even more important inhie context of the new
research laboratory | will coordinate in the Research Centéor Advanced Materials,
Products and Processes of the University Politehnica of Bhoarest (see also the
previous section).

Shttp://imag.pub.ro/VideolndexingRP2/
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