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ONSOZ

Bu projede kisisel video bilgi yonetim sistemleri i¢in gerekli altyapi ¢alismalari yapilmig, bdyle
bir sistemin gelistirilebilmesi igin bir ¢ati tasarlanip, uygulanmigtir. Proje kapsaminda degisik
arastirma alanlarinda caligilmistir. Oncelikle videolarin ve anlambilimsel etiketlerinin
saklanabilmesi icin ontoloji-tabanh bir veri modeli gelistiriimistir. Bu veritabanindaki videolari
sorgulamak i¢in degisik sorgulama yontemleri arastiriimis ve orijinal arayGzler geligtirilmistir.
Videolarin igerigini sorgulamak igin gerekli etiketlerin (yari-) otomatik olarak g¢ikariimasi icin
video analiz ve bilgi ¢ikarim algoritmalari ¢alisiimig, yeni yaklagimlar gelistirilmistir. Projenin
diger 6nemli bir ayagi da kigisellestirmedir. Kullanici tercihlerine goére yeni icerik 6nerme
kapasitesini sisteme eklemek icin degisik yaklasimlar denenmis, ontoloji tabanh kullanici
profillerine gore yeni video Oneren bir sistem gelistiriimistir. Calismalarimizin sonuglari t¢
dergi makalesi ve onbir konferans makalesi olarak yayinlanmistir. Proje kapsaminda toplam
onii¢ yiiksek lisans tezi tamamlanmistir. Bu rapor, TUBITAK (Tirkiye Bilimsel ve Teknolojik
Arastirma Kurumu) tarafindan desteklenen 107E234 numarali, “Kigisel Video Bilgi Yénetim
Sistemleri i¢in bir Cati Gelistiriimesi” baslkli bu projenin g yillik proje suresinde yapilan
calismalari 6zetleyen proje sonug raporudur.

Dog. Dr. Nihan Kesim Cigekli



Ozet

Cokluortam icerigi e-ticaret, guvenlik, egitim ve eglence gibi pek c¢ok alanda
kullaniimaktadir. Ozellikle, cep telefonlari, kameralar ve kayit cihazlar gibi icerik (reten
kaynaklarin hizla gogalmasiyla kullanicilarin Urettikleri cokluortam verileri ¢arpici bir gekilde
artmaktadir. Kaynadi mobil cihazlar olsun, ya da televizyon yayinlari, Internet ya da ev
cihazlari olsun, kisilerin bu ¢cok miktardaki ¢okluortam verisini saklamak, aramak, erismek ve
tuketmek igin akilli ydntemlere ihtiya¢c vardir. Bu projede video igerigini tarif etmek, organize
etmek ve kigisellestirmek icin,bu blyuk miktardaki kisisel ¢okluortam verileri saklamanin,
etiketlemenin ve sorgulamanin gelismis yollarint mimkun kilacakbir video bilgi yonetim
sistemi catisiénerilmektedir. Onerilen sistemin ayirt edici 6zellikleri, ontoloji tabanli bir veri
modeli sayesinde videolari anlambilimsel iceriklerine goére saklayabilmesi, videolarin
iceriginin ontolojik olarak sorgulanmasi, (yari-) otomatik yontemlerle videolarin igeriklerinin
etiketlenmesi ve kullanici tercihlerine gére yeni videolarin 6nerebilmesidir.

Bu proje kapsaminda sunulan sistem, MPEG-7 ontolojisi tabanlidir ve bu alt yapi sisteme,
diger MPEG-7 ontolojisi uyumlu sistemlerle ortak bir dil Gzerinden haberlesebilme ve birlikte
calisabilirlik yetenegi kazandirmistir. MPEG-7 ontolojisi sistemde temel ontoloji olarak
kullaniimakta, kullaniciya ontoloji tabanh video icerigi etiketleme ve sorgulama kabiliyetlerini
saglayabilmek icin alana 6zel ontolojiler temel ontolojiye entegre edilebilmektedir. Sunulan
sistem, video veritabanlarinda, alana 6zel ontolojilerin kavramlari kullanilarak icerige yonelik
etiketleme ve uzay-zamansal veri modelleme islevlerini desteklemektedir. Bunlarin yani sira,
gelistirilen sistem alana 6zel ontolojik kavram ve nesnelere yodnelik ontoloji tabanli sorgularin
olusturulmasi ve islenmesine olanak saglar. Sorgular form-tabanl bir araylz araciigi ile
olusturulabilecegi gibi, MPEG-7 tabanh alan ontolojilerini anlambilimsel ve uzay-zamansal
sorgulamay saglamak icin gelisitirilen dogal dil sorgu arayiizii ile ingilizce ciimleler olarak da
sisteme girilebilir. Ayrica,ontoloji tabanli bilgi ¢cikarma ve sorgulama ydntemleri de calisiimis
ve bunlarin futbol alanina uygulanmasi gergeklestiriimigtir.

Bu projede videonun anlamsal igerigini tarif eden yardimci verilerin otomatik ¢ikariimasi
icin video analiz yontemleri ve video ile birlikte gelen metinden bilgi ¢ikarim ydntemleri
calisiimistir. Futbol, film ve haber biltenleri gibi yardimci veriyle etiketlenmemis ama
aciklayici metinle birlikte gelen videolari otomatik etiketlemek icin metinden bilgi ¢ikarim
yontemleri gercgeklestiriimistir. Uygulama alani olarak futbol maglari calisiimis, mag
Ozetlerinden macin 6nemli olaylari ve zamanlari ¢ikarilarak videolar MPEG-7 standardina
gore etiketlenmistir. Kisiye ait kameralardan ya da cep telefonlarindan edinilen ve metin
bilgisi olmayan videolarin ise video analiz yontemleri ile yari-otomatik etiketlenmesi igin
algoritmalar gelistirilmistir. Kullanici video igcinde 6énemli gérdigu insan yuzlerini birkag kez
etiketlemekte, etiketledikgce bu ylzler 6grenilmekte ve bir sire sonra videonun kalan
kisminda o ylzler otomatik olarak etiketlenebilmektedir. Bu baglamda insanlarinyas ve
cinsiyetlerinin kategorilendirmesi de yapilmistir. Ayrica belgesellerin, altyazilari kullanilarak
otomatik siniflandiriimasi ve 6zetlenmesi de gercgeklestiriimistir.

Kisisellestirme bu projenin diger dnemli bir arastirma yonidir. Bu projede,kullanicinin
bedenebilecedi yeni video igerigi dnermek icin melez bir video Oneri sisteminin tasarim,
gelistirme ve degerlendirme ¢alismalari yapiimistir. Kullanici tercihleri ontoloji tabanl profiller
ile tanimlanmaktadir.Geligtirilen 6neri sistemi hem benzer kullanici tercihlerini hem de benzer
video iceriklerini gbzénine almakta olup,farkl ontolojiler ile farkh iceriklerin énerilmesi icin
kullanilabilmektedir.
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analizi, dogal dille sorgulama



Abstract

Multimedia content is being used in a wide number of domains ranging from e-commerce,
security, education and entertainment. Specifically, the user generated volume of multimedia
data has been increasing dramatically with the advent of widely available content generating
sources such as mobile phones, camcorders and recorders. Whether from mobile sources,
or from TV broadcasts, or from the Internet or from home devices, there is a real need for
intelligent ways of storing, searching, retrieving and consuming this large amount of data of
individuals. In this project we proposea video information management framework for the
description, organization, and personalization of video content that will facilitate advanced
ways of storing, annotating and querying enormous amount of personal multimedia data. The
distinctive features of the proposed system are: its ability the store semantic contents of
videos with respect to its ontology-based data model; ontological querying of the semantic
content of videos; (semi-) automatic annotation of the video contents; and recommending
new contentaccording to user preferences.

The proposed system is based on MPEG-7 ontology which provides interoperability and
common communication platform with other MPEG-7 ontology compatible systems. The
MPEG-7 ontology is used as the core ontology and domain specific ontologies are integrated
to the core ontology in order to provide ontology-based video content annotation and
guerying capabilities to the user. The proposed system supports content-based annotation
and spatio-temporal data modeling in video databases by using the domain ontology
concepts. Moreover, the system enables ontology-driven query formulation and processing
according to the domain ontology instances and concepts. The queries can be not only
formed by form-based query interfaces but also entered as English sentences through a
natural language query interface which is developed for semantic and spatio-temporal
guerying of MPEG-7 based domain ontologies. In addition, an ontology-based information
extraction and retrieval approaches have also been studied and its application to soccer
domain is implemented.

In this project, we have studied different algorithms for video analysis and methods for
extracting information from the text accompanying the videos in order to automatically extract
metadata which describes the semantic content of the videos. New information extraction
methods have been developed to automatically annotate videos like soccer games, movies
and news which do not have any metadata but come with an explanatory text. Soccer videos
are studied as the implementation domain, by extracting the important events in a match and
their time periods from match reports, the videos are annotated according to the MPEG-7
standard. In addition, new methods have been developed for semi-automatically annotating
videoswhich are obtained from mobile phones or personal camerarecorders and do not have
any accompanying text. The user annotates the faces of people who are of special interest
manually for a few times, and as s/he annotates the system learns these faces and after
some time the system annotates those faces automatically in the remaining part of the video.
In this context, the categorization of age and gender has also been studied. In addition we
have also implemented automatic categorization and summarization of documentaries by
using their subtitles.

Personalisation is another important aspect of the project. This project, proposes the
design, development and evaluation of a hybrid video recommendation system to
recommend new content that the user would prefer. User preferences are represented as
ontology-based profiles. The proposed recommendation system considers both similar user
preferences and similar contents of videos and therefore can be used to recommend
different content with different ontologies.

Keywords:

Multimedia data management, information extraction from text, semantic querying ,recommender
systems, video analysis, natural language querying
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1. Giris

Video, goruntl, ses gibi ¢okluortam igerigin kullanimi her gecen gun yayginlasmakta, e-
ticaret, guvenlik, egitim, eglence gibi pek ¢ok alanda c¢okluortam verilerinin saklanmasina,
sorgulanmasina ihtiyag duyulmaktadir. Ozellikle mobil telefonlar, dijital kameralar, video kayit
cihazlari gibi icerik Ureten kaynaklarin genis ¢apta mevcut olmasi nedeniyle, Kisisel video,
gorintl ve ses kayitlarinin miktari da ¢arpici bir sekilde artmaktadir.Kaynagi ne olursa olsun
bu cokluortam verilerin verimli bir sekilde islenip, saklanmasi, taranmasi, icerigin
anlambilimsel olarak sorgulanmasi kaginiimaz hale gelmigtir.

Buyuk miktarda cokluortam verilerinin yonetilmesi bilisim teknolojileri alaninda aktif bir
sekilde g¢aligilan bir arastirma ve uygulama alanidir. Cokluortam verilerinin yonetilmesi,temel
olarak,video, goruntive sesle birlikte icerigi tarif eden yardimci verilerin de saklanmasini,
anlambilimsel olarak sorgulanmasini ve degisik ortamlardan erigsebilme yéntemlerini icerir.
Bu konuda simdiye kadar yapilmis pek ¢ok uygulama ve akademik calisma bulunmaktadir.
icerigi tanimlamak igin kullanilan yardimci verileri saklamak igin birgok standart gelistiriimistir.
Bunlar arasinda MPEG-7 en yaygin kabul géren standarttir. MPEG-7 kullanarak videonun
hem fiziksel icerigi hem de anlambilimsel igerigini tanimlamak ve saklamak mumkudnddar.
Ancak MPEG-7 standardinin ¢ok glglu bir ifade kabiliyetine sahip olmasi, ayni bilginin farkli
sekillerde gosterilebilmesi problemine yol agmaktadir. Bagka bir deyigle, ayni bilgi, ayni
standardi kullanan farkh sistemler tarafindan degisik depolanmakta ve sistemler arasinda
kopukluk olmaktadir. Uygulamalar arasinda birlikte ¢aligilabilirligi saglamak amaciyla MPEG-
7 standardi yerine MPEG7 ontolojisi kullaniimasi 6ngorilmustir.Ontoloji  kullanimiyla
cokluortam verilerin igerikleri uygulama alanina uygun olarak ¢ok detayli bir sekilde yardimci
verilerle etiketlenebilmekte ve bdylece icerik anlambilimsel olarak sorgulanabilmektedir.

Cokluortam veri arsivlerinde bir diger amag da kullaniciya-6zel igerigin saklanmasidir.Arsiv
icerigi kullanici tarafindan glncellenebilecegi gibi otomatik arama ajani tarafindan bulunan
yeni icerik ile de genisletilebilir. Yeni icerigin ¢ok c¢esitli kaynaklardan aranip bulunmasi ve
kisisellestiriimesi gerekir. Kisisellestirmede amag¢ kullanicilarin kendi tercihlerine en uygun
icerigi bulmalarini saglamaktir. Oneri sistemleri kullanici tercihleri ile igerigi eslestirmeye
calisan sistemlerdir. Kullanici tercihleri (profili) de ontolojik olarak tanimlanabilir. Bu durumda
ontolojik olarak etiketlen icerik ile kullanici tercihlerinin karsilastiriimasi anlambilimsel olarak
uygun icerigi bulmada kolaylik saglar.

Bu projede yukarida belirtilen ihtiyaclari ve tercihleri karsilayabilecek bir cokluortam veri
yénetim sistemi elde edebilmek igin gerekli teknolojiler arastirilip detayl altyapi ¢alismalari
yapildi. Projede, hem ses hem de goéruntl verilerini igerdigi icin 6zellikle videolarin yonetimi
konusu calisildi. Bu kapsamda ilk 6énce yardimci veri modellemesi (zerinde kapsamli
arastirmalar yapildi. MPEG-7 standardi ve MPEG-7 ontolojileri hakkinda bilgi edinildi.
Birlikte c¢aligabilirlik amaglandigi icin MPEG-7 standardini MPEG-7 ontolojisi haline getirme
¢alismalari baglatildi. MPEG7 standardini tamamen kapsayan Rhizomik modeli MPEG-7
ontolojisini kullanmaya karar verildi (GARCIA, 2005).

Bu karardan sonra video ydnetim sistemini gergeklestirme calismalari baslatildi. Bu proje
kapsaminda gelistirilen sistem, kullanicilara genel olarak bir video icerigi yonetim catisi
sunmaktadir. Gelistirilen sistem MPEG-7 ontolojisi tabanlidir ve alana 6zel ontolojilerin
MPEG-7 ontolojisine entegre edilmesine olanak saglamaktadir. MPEG-7 ontolojisi kullanimi
sisteme, yaygin bir standart olan MPEG-7 standartlariyla uyumluluk ve diger sistemlerle
ortak bir dil Gzerinden haberlesebilme ve birlikte galisabilirlik yetenedi kazandirmigtir. Ayrica,
alana Ozel ontolojilerin sisteme entegre edilmesiyle kullaniciya ontoloji tabanli video igerigi
etiketleme ve sorgulama kabiliyetleri sunulmaktadir. Gelistirilen video ydnetim sistemi bilgi
alanlarindan bagimsizdir, herhangi bir alana ve alan ontolojisine bagimli degildir. Birbirinden
farkli alan ontolojileri sisteme entegre edilerek video etiketleme ve sorgulama iglemlerinde bu
alan ontolojilerinin igerdigi kavramlar kullanilabilmektedir. Gelistirilen video ydnetim sistemi
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moduler bir yapidadir ve sistem ontoloji yonetimi, video etiketleme ve sorgu isleme alt
modaullerinden olugsmaktadir.

Videolari yardimci verilerle dogru ve detayli etiketleme, sistemin bagarisinda anahtar rolu
oynamaktadir. Clnkl videolarin icerigi yardimci veriler kullanilarak sorgulanmaktadir. Video
icerigini etiketlemek icin en naif yol elle etiketlemektir. Kullanici istedigi sahneleri, istedigi kisi,
nesne ya da olaylari ontolojiye uygun olarak etiketleyebilir. Etiketlerin hangi sahne
araliklarinda goérindikleri ya da ekranin hangi bolgesinde gorindikleri de acikga
isaretlenebilir. Ancak videolari elle etiketleme insan emegdi gerektiren ¢cok zahmetli ve vakit
alici bir is oldugu icin tercih edilmemektedir. Bunun yerine igerigin otomatik ya da yari-
otomatik etiketlenmesi arzu edilmektedir. Bu nedenle bu proje kapsaminda otomatik video
etiketleme galismalari yapilmistir.

Otomatik etiketlemede degisik veri kaynaklari kullanilabilir. Bunlardan en 6nemlisi videonun
kendisidir. Dijital icerik gorintu isleme ve Oruntu tanima yontemleri ile analiz edilip bilgi
cikarilabilir. Diger kaynak ise varsa video ile birlikte gelen metinlerdir. Mag 6zetleri, film/haber
alt-yazilari, isitme engelliler igin altyazilar (closed caption) bunlara &érnek olabilir. Bu
metinlerden de bilgi ¢cikarim yontemleri kullanilarak gok yararh etiketler ¢ikarilabilir. Baska bir
yontem de hem metin, hem gorintd, hem de ses verilerini birlikte kullanmaktir. Bu
kaynaklardan elde edilecek bilgiler birbirini tamamlayici nitelikte oldugu icin ¢ok daha kesin
etiketler elde edilebilir. Bu projede, videolari otomatik etiketlemek icin degisik video analiz ve
metinden bilgi c¢ikarim ydntemleri c¢alisildi. Video analiz yéntemlerini videolarin icindeki
insanlari tanima ve etiketleme amaci icin kullandik. Metinden bilgi ¢ikarim yontemleri ile mag
Ozetlerini ve belgesel alt yazilarini analiz ettik. Maclardaki 6nemli olaylari gergeklestikleri
zaman araliklariyla birlikte otomatik etiketleyen yontemler gelistirdik. Belgesel altyazilarini
kullanarak videolarin kategorilerini belirleyen ve videolarin 6zetlerini hazirlayan sistemler
gelistirdik. Hem video, hem metin analizi, hem de ses bilgisini kullanarak macglari daha dogru
zamanlamalarla etiketlemeyi basardik. Proje kapsaminda basglayan halen devam eden
calismalarimizda ise video analiz yontemleri ile insan vicudunu, belli kategorilerdeki
nesneleri taniyan programlar gelistirmekteyiz. Bu calismalarin sonunda insanlari ve belli
nesneleri iceren olaylari otomatik tanima ¢alismalari baglatmayi amacliyoruz.

Gelistirilen sistem, alan ontolojilerine 6zgu kavramlar kullanilarak video icerigi zerinde
ontolojik kavramsal sorgulama, uzay-zamansal sorgulama, birlesik sorgulama (birden fazla
sorgu tipini birlestiriimesiyle olusturulan sorgu) kabiliyetleri sunmaktadir. Ontolojik kavramsal
sorgulamada bir videoda belirli kisilerin, nesnelerin ya da olaylarin gorundukleri sahneleri
sorgulamak mumkuin oldugu gibi etiketlenen objeleri ontolojik olarak genellemeler yaparak da
sorgulamak mumkindir. Ornegin, “Hakan Sikir” ontolojide insan-erkek-futbolcu zincirinde
etiketlenmis olsun. “Hakan SUkuridn goérindagd sahneler”,“Futbolcularin - gérandagi
sahneler” ve “Erkeklerin gérindigiu sahneler” sorgularinin hepsinin sonuglarinda Hakan
Sukdrdn gérindigu sahneleri gormek mimkin olmaktadir. Uzay-zamansal sorgulama yine
ontolojik kavramlarin belli video zaman araliklarinda ya da ekranin belirli bir bdlgesinde
gOrunup goériinmedigini sorgulamayi saglamaktadir. Birlesik sorgulamada ise farkli sorgulari
VE/VEYA baglaclari ile igice yazmak mimkin olmaktadir.

Kullanicinin butin bu sorgulama kabiliyetlerini kolaylikla deneyimlemesi icin farkh arayuzler
geligtirildi. En temel araylz batin sorgu cesitlerini farkli formlarla kullanima acgan form-tabanl
araylzdi. Bu sorgulama aracinin temel amaci sistemin bitliin sorgulama islevselligini
kanittamakti. Ancak kullanim kolayliy1 6n plana alininca kelime tabanli ontolojik sorgulama ve
dogal dille sorgulama yontemlerini arastirmak s6z konusu oldu. Kelime tabanli ontolojik
sorgulama futbol alanindauygulanmistir. Genel olarak, kullanilabilirlik, 6lgeklenebilirlik ve
sorgulama performansi sorunlariyla ilgilenilmistir. Alana 6zgu bilgi ¢cikarma, anlamsal ¢ikarim
yapma ve kurallar ile performans blylk 6élgiide arttiriimigtir. Olgeklenebilirlik ise, anlamsal
indeksleme yontemiyle elde edilmigtir.



Videolari dogal dille (ingilizce) anlambilimsel ve uzay-zamansal sorgulamak icin ise MPEG-7
tabanli alan ontolojilerini sorgulayabilen bir araylz gelistiriimistir. Kullanici sistemde
kavramsal, karmasik nesne (“VE”, “VEYA” ile baglanmis birden fazla nesne), uzaysal (sag,
sol. . . ), zamansal (6nce, sonra, en az 10 dakika 6nce, 5 dakika sonra. . . ), nesnesel
yoriinge ve yoénsel yoringe (dogu, bati, gineydogu, . . . , sag, sol, yukari . . . ) sorgulari
yapabilmektedir. Ayrica kullanicinin negatif anlam tasiyan sorgu yapabilmesini saglamak
amaciyla,dogal dil sorgu cumlesindeki negatif anlamlar da tespit edilebilmektedir. Girilen
sorgu cumlesi link ayristirici ile ayristinilip gerekli bilgiler ¢ikarildiktan sonra sorgu igerigi bir
SPARQL sorgusuna doénustirilmektedir. Bu sorgu da ontoloji Uzerinde yurGtildiglinde
cevap olacak video pargalarinin sure bilgileri sonu¢ olarak donduriimektedir. Bu slreler
video Uzerine dogru sahnelerin bulunmasini saglamaktadir.

Proje kapsaminda paralel olarak yurutulen diger 6énemli arastirma konusu da 6neri sistemleri
olmustur. Kigiye 6zel icerik bulma konusunda yaptiimiz arastirmalar kapsamina isbirlikgi,
icerik odakli ve melez oneri sistemleri ¢alisildi. Genelde melez sistemlerin daha basarili
Oneriler yapabildikleri gdézlemlendi. Bu nedenle farkh ortamlardan kisiye 6zel &neri
yapabilecek melez sistemler geligtirildi.

Yapilan buttin bu galismalar,projenin bu sonu¢ raporunda yenilik¢i yonlerine agirlik verilerek
anlatimistir. Rapor proje kapsaminda paralel olarak yuritilmis olan temel calisma
alanlarina goére organize edilmigstir.2. Kisimda ontoloji-tabanli video bilgi yonetim sistemi
sunulmaktadir.3. Kisimda videolarin (yari-) otomatik olarak anlambilimsel etiketlenmesi igin
gelistirdigimiz yontemler anlatilmaktadir. 4. Kisimda anlambilimsel sorgulama ydntemleri
gosterilmistir. 5. Kisim kullanici tercihlerine goére icerik bulma konusunda yaptigimiz
¢alismalari anlatmaktadir. 6. Kisimda proje son doneminde yapmis oldugumuz entegrasyon
isleri anlatiimaktadir. 7. Kisimda ise elde edinilen kazanimlar, sonuglar ve gelecekteki ilintili
arastirma konulari sunulmustur.

2. Ontoloji-tabanlh Video Bilgi Yonetim Sistemi

Projede Onerilen sistemin mimarisi ontoloji tabanli ¢okluortam veritabanina dayanmaktadir.
Cokluortam verileri (videolar, goruntuler, ses kayitlari vs.), anlambilimsel igeriklerinin
anlatildig1 yardimci verilerle birlikte saklanmaktadirlar. Anlambilimsel igerik ¢ok degisik
sekillerde saklanabilir. Literatirdeki g¢alismalar sonucunda birgok ¢okluortam yardimci veri
modelleri ortaya ¢ikmistir. Bu modelleri standartlastirmak amaciyla MPEG tarafindan bir
ISO/IEC standardi olan MPEG-7 geligtirilmigtir. MPEG-7, bir bilgisayar kodu tarafindan
erigilebilen bilginin anlamini bir dereceye kadar yorumlamay! destekleyebilen goklu ortam
icerik verisini tanimlamak icin bir standarttir. MPEG-7 standardinin kapsami ¢ok genis
oldugundan ayni video icerigi ¢ok farkh sekillerde tanimlanabilmektedir. Bu da birlikte islerlik
(interoperability) sorunlarina sebep olmaktadir.

Literattirde, birlikte islerlik sorunlarina bir ¢6zim olarak videolarin
etiketlenmesindeMPEG7’ye dayali ontoloji kullanimi dnerilmektedir (ARNDT, 2007;
TSINARAKI, 2007; GARCIA, 2005; HUNTER, 2001). Bu nedenleMPEG-7 standardini
MPEG-7 ontolojisi haline getirme calismalarini baslattik (TARAKCI, 2008). Gelistirdigimiz
sistemde MPEG7 standardini tamamen kapsayan Rhizomik modeli MPEG-7 ontolojisini
kullanmaya karar verdik(GARCIA, 2005). MPEG7 ontolojisinin temel amaci alan ontolojilerini
MPEG-7 ile kolayca entegre etmektir. Bizim gelistirdigimiz sistemde kullanicinin segtigi
herhangi bir alan ontolojisi ile etiketlenmis video icerigi kullandigimiz MPEG-7 ontolojisine
cevriimekte ve veritabaninda OWL dosyalari olarak saklanmaktadir (TARAKCI, 2008).
Sistemin video etiketleme moduli calisirken kullanici istedigi alan ontolojisini segebilmekte
ya da yukleyebilmektedir. Kullanici video icerigini bu secilen alanontolojisindeki kavramlara
gore etiketleyebilmektedir. Kullanicinin segtigi alanontolojisi (6r. Futbol, aile, haber vs.) en
Ust seviyedeki MPEG-7 ontolojisi ile sarilabilimekte; ontolojik olarak etiketlenmis video
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goruntileri yine ontolojik olarak sorgulanabilmekte; OWL dilinin 6zelligi olarak cikarimsal
sonuclar da kullaniciya sunulabilmektedir.

Gelistirilen bu temel altyapinin en énemli 6zelli§i mimarisinin herhangi bir alan ontolojisini
yuklemeye izin verebilecek sekilde esnek olmasidir. Kullanici futbol magclarini etiketlemek
istiyorsa bunun icin bir futbol alan ontolojisini yUklemesi yeterli olacaktir. Kullanici filmleri
etiketlemek istiyorsa film ontolojisi yukleyecektir.Videolar da bu ontolojilere gore etiketlenip
sorgulanabilirler.Ayrica gelistirilen ¢atinin tasarimi moduler oldugu i¢in yeni modiuller kolayca
eklenebilip, cikarilabilmektedir. Ornegin otomatik yiiz etiketleme modiilii, dogal dille
sorgulama moduli, metin bilgisinden otomatik bigi ¢ikarim moduili sisteme entegre
edilebilmiglerdir.

Projenin ilk senesinde ortaya ¢ikan bu goklu-ortam veri tabani sistemi, genel amagli bir video
bilgi yonetim sistemi elde edebilmek igin sonraki dénemlerde daha da gelistiriimigtir.
Gelistirilen video ydnetim sistemi moduler bir yapidadir. Sistemin genel mimarisi Sekil 1'de
gOsterilmistir. Sistem temel olarakontoloji yénetimi, video etiketleme ve sorgu igsleme alt
modullerinden olugsmaktadir.

Ontoloji yonetim modult, MPEG-7 ontolojisinin olugturulmasi, ilgili alan ontolojilerinin sisteme
eklenmesi, sistemden silinmesi ve eklenen alan ontolojilerinin MPEG-7 ontolojisiyle entegre
edilmesi kabiliyetlerini sunmaktadir. Ayrica, alan ontolojileri ile ana MPEG-7 ontolojisinin
entegrasyonu saglandiktan sonra, alana 6zgl ortak verilerin de ontolojik alt yapiya entegre
edilebilmesi saglanmistir. Ontoloji ydnetim modulinin tasariminda, ilk ontolojik altyapi temel
alinmistir. Daha sonra bu ontolojik alt yapiya, alana 6zgi uygulamalarda ortak olarak
kullanilan verilerin de entegre edilmesi saglanmistir. Bu ortak verilerin entegre edilip
kullaniimasiyla video igerigini etiketleme c¢abasinin azaltiimasi ve sorgu islemi sirasinda
kullaniclya alana 6zgu ortak bir dil sunulmasi saglanmistir.

Video etiketleme moduld, kullaniciya alana yonelik ontolojilere 6zgu kavramlari kullanarak
nesneler tanimlama ve tanimlanan bu nesneleri video etiketleme islemi sirasinda kullanma
imkani sunmaktadir. Ayrica ontolojik alt yapiya eklenmis olan alana 6zgu ortak veriler de
video etiketlemede kullanilabilmektedir. Video etiketleme islemi elle gerceklestirilirken, form
tabanli bir ara ylz Uzerinden etiketlenmek istenen nesne ve bu nesnenin ait oldugu alan
ontolojisi kavrami segilir. Daha sonra Uzerinde etiketleme yapilmak istenen video segilir ve
oynatilir. ilgili nesnenin gériindigi zaman araliklarinin baglangicinda video durdurulur ve
video ara yuzi Uzerinde etiketlenmek istenen nesne, en kiicik cevreleyici dikdortgen icine
alinarak isaretlenir. Etiketlenmek istenen nesneyi cevreleyen dikdértgen cizimi sayesinde
ilgili nesnenin video Uzerindeki koordinatlari alinmis olur. Daha sonra video tekrar oynatilarak
etiketlenmek istenen nesnenin ilgili alanda gorundugu tim zaman arahgi bilgisi alinir ve
etiketleme kaydedilir. Video Uzerinde ilgili nesnelerin etiketleme islemi tamamlandiginda,
etiketleme sirasinda elde edilen nesne koordinatlari ve nesnelerin gériindigi zaman araligi
bilgileri etiketlenmis olan nesneler arasindaki uzay-zamansal iligkilerin hesaplanmasinda
kullanilir. Bu sayede, secilen videolar, igerdikleri nesnelerin birbirlerine gére uzaysal ve
zamansal iligkilerini de igerecek sekilde etiketlenmis olmaktadir.

Olusturulan uzaysal iligkiler yonsel (kuzey, guney, dogu, bati), arayonsel (kuzeydogu,
kuzeybati, glineydogu, glineybati), pozisyona dayali (sol, sag, yukari, asagi) ve topolojik
(kesisen, icinde, iceren, cakisik, temas eden, ayrik, kapsayan, kapsanan) iligkiler olarak alt
gruplara ayrilmaktadir. Zamansal iliskiler de Allen tarafindan formdallestiriimis olan zamansal
iliskiler kimesini icermektedir (ALLEN, 1983). Nesneler arasindaki uzay-zamansal iligkilerin
tamami sorgu isleme asamasindan énce hesaplanarak sistemde saklanmaktadir, bdylece
sorgu isleme sirasinda bu hesaplamalari yapmak ve iligkileri yeniden olusturmak icin ekstra
bir caba harcanmamaktadir. Bu sayede sorgu igsleme slreci daha hizli ve verimli bir
performans gostermektedir.
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Sekil 1. Ontolojik Video Bilgi Yénetim Sistemi Mimarisi

Sorgu isleme mod(ilii, kullanicinin form tabanh bir ara yiz Uzerinden olusturdugu sorgularin
analiz edilmesi, islenmesi ve eslesen sonuglarin gdsteriimesi iglevlerini ydnetmektedir.
Gelistirilen sistemde alan ontolojilerine 6zgu kavramlar kullanilarak video icerigi Gizerinde
* Ontolojik kavramsal sorgulama,
* Uzay-zamansal sorgulama,
» Birlesik sorgulama (Birden fazla sorgu tipini birlestirimesiyle olusturulan sorgu)
kabiliyetleri gerceklestirilebilmektedir.

Ontolojik kavramsal sorgulamatipi sayesinde ilgilenilen nesnelerin, olaylarin ve kavramlarin
bulundugu sahneler listelenebilir. Ornegin, “Ahmet’in gérindigu sahneler”, “Herhangi bir
erkegin gorindugu sahneler” ve “Gol olayinin gergeklestigi sahneler” tarzindaki sorgular
ontolojik olarak olusturulabilir. Uzaysal iligkilere dayali sorgulamalarda nesnelerin birbirlerine
goére uzaysal iligkileri sorgulanir. Ornegin, “Ali'nin, Ayse’nin solunda oldugu sahneler”,
“Herhangi bir futbolcunun topa temas ettigi sahneler” gibi sorgular olusturulabilir. Zamansal
iliskilere dayali sorgulamalarda nesnelerin ve kavramlarin birbirlerine gére zamansal iligkileri
sorgulanir. Ornegin, “Ali'nin Ayse’den 6nce goriindigu sahneler”, “Herhangi bir insanin
herhangi bir arabayla ayni anda goérindugu sahneler” gibi sorgular olusturulabilir. Birlegik
sorgu kabiliyeti, sistemde ontolojik kavramlara yonelik sorgulari ve uzay-zamansal sorgulari
“‘“AND” / “OR” mantiksal baglacglariyla bir araya getirip birlestirerek sorgulama yapmayi
saglamaktadir. Bu sorgu tipleri bu raporun 4.kisminda daha detayli anlatiimaktadir.

Ontoloji-tabanli  video bilgi yonetim sistemi gelistirimesi kapsaminda vyaptigimiz

calismalardan U¢ yiksek lisans tezi cikmistir (TARAKCI, 2008; SIMSEK, 2009;
DEMIRDIZEN, 2010). Entegre edilmis sistemi anlatan dergi makalesi yazim agsamasindadir.

11



3. Videolarin (Yari-) Otomatik olarak Anlambilimsel Etiketlenmesi

Bu projede video igerigini otomatik olarak algilama ve yardimci veri ¢ikarma konusunda
cesitli arastirmalar yapilimig, yeni ydntemler gelistiriimistir Videolarin saklanmasi ve
sorgulanmasi icin etiket dedigimiz yardimci verilere ihtiya¢c vardir. Bu yardimci veriler
videonun anlamsal igerigini tarif eden bilgilerdir. Video iginde goériinen kisi, olay, nesne ya da
kavram gibi bilgileri icerebilir. Ancak ¢cogu video bu yardimci veriden yoksun oldudu igin igerik
anlatan bu bilginin videodan tercihan otomatik olarak c¢ikarilmasi gerekir. Cokluortam
verilerden (goruntl, video, ses gibi) bilgi ¢ikarimi oldukga c¢ok calisilan bir arastirma
konusudur. Genelde video analiz yontemleri, ses analizi, video/goruntu ile birlikte gelen
metinden bilgi ¢ikarim yontemleri ile yardimci veriler ¢ikarilabilir.

Bu projede gelistirilen video ybnetim sistemi istenen video sahnelerininelle etiketlenmesini
saglayan bir araylz icermektedir. Bu araylzle kullanici, istedigi sahneleri durdurmakta, belli
kisi, nesne ya da olaylari ekranda goérindukleri yerleri ve zamanlari ile birlikte
etiketleyebilmektedir. Bu etiketle isleminde alan ontolojilerindeki siniflar, bireyler ve veri/sinif
Ozellikleri kullanilabilmektedir. Daha sonra bu biriken yardimci veriler ontolojik olarak
sorgulanabilmekte, cesitli cikarimsal sonuglar da elde edilebilmektedir.

Ancak elle etiketleme insan emegi gerektiren, cok zaman alici, zahmetli bir istir. Etiketlenen
icerigin zamanlarini dogru kaydetmekte hata payi yuksektir. Bu nedenle etiketlerin tercihan
otomatik, olmuyorsa yari-otomatik ¢ikariimasi istenmektedir. Video verisi Internet, televizyon,
DVD, kisisel kamera gibi degisik kaynaklardan elde edilebilir. Internet, T.V., DVD gibi
kaynaklardan elde edilen videolarla birlikte gelen birtakim metin bilgisi de bulunabilir. Ornegin
videonun indirildigi web sitesindeki yazilar, televizyondan kaydedilen programlarla ilgili
elektronik program bilgisi, DVD’deki filmlerin altyazilari gibi metin kaynaklari bilgi ¢ikarimi
amaciyla kullanilabilir. Bu metinler tek baslarina kullanilabilecekleri gibi, video gérintisu ve
metin bilgisi birlikte kullanilarak daha dogru bilgiler ¢ikarilabilir. Kisisel videolar igin ise metin
bilgisi yoktur; icerik bilgisi sadece goriintiilerden video analiz ydntemleriyle cikarilabilir.

Bu projede videolarin otomatik etiketlenmesi icin elde olan bitin verilerin kullanimini iceren
yontemlerin galisiimasi 6ngérilmustir. Diger bir deyisle, video ile gelen metin bilgisi, video
goOrintiistiniin kendisi, hem video hem metin iceriginin analizi gibi degisik yontemler denemis,
her yontem icin uygun uygulama alanlarinda deneyler yapilmistir. Bu kisimda videolari
otomatik etiketleme igin yapilan ¢alismalar anlatiimaktadir.

3.1. Metinden yardimci veri ¢ikarilmasi

Videolarin bir kismi igerigini agiklayan metin bilgisiyle bulunabiimektedir. Ornegin mag
anlatimlari, filmlerdeki altyazilar, haberlerin agiklamalari bu tlir metin bilgileridir. Bu projede
yardimci veriyle etiketlenmemis ama metinle birlikte gelen videolar bilgi ¢cikarim yéntemleri
ile otomatik etiketleme ¢aligmalari yapilmistir. Uygulama alani olarak futbol maglar
cahisiimistir.

Internet'te UEFA, sporx gibi sitelerde dakika bilgisi ile mag¢ 6zetlerini bulmak mamkuandur. Bir
web crawler yazilarak UEFA sitesinden UEFA kupasi ve UEFA sampiyonlar ligi maclarinin
ingilizce metin &zetleri indirildi. indirilen mag dzetleri NEKOHtmI ile parse edildi. Futbolcu
isimleri, takim isimleri, dakika bilgileri regular expression’lar ile tanimlandi ve metin icinde
bulunduklari yerler saptandi. Her cumledeki oyuncu isimleri, takim isimleri, dakika bilgisi
etiketlendi ve cimledeki diger butln kelimeler token olarak etiketlendi. Etiketlenmis cimleye
bir 6rnek asagidadir:
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<Hentencex
<Minute>87</ Minuce>
<FlayerMame>Crouch</ P layeriame:
<Token> (</Token>
<TeamrLiverpool</ Team:>
<Token>) </ Token>
<Tokenrhas</ Token>
<Tokenzan</ Token>
<Tokenreffort</Token>
<Tokenron</ Token>
<Tokenrgoal</Tokens>
<Tokenr.</Token>

</ 3entencer

Etiketlenen cimlelerden 6nce elle yaziimis kurallar vasitasiyla olay c¢ikarimi yapildi.
Maglarda 6nemli olan gol, korner, faul, offside, penalti gibi olaylar cimlelerden ¢ikartilip bir
XML dosyasi halinde saklandi. Ornegin korner olayini tanityan kural asagidaki gibi yazildi.

<Rule>
<Pattern>
<Minutesr</Minute>
<P layerNamer></ P layerName>
<Token: (</ Token:>
<Teamms </ Teat>
<Token=>) </ Token>
<Tokens>delivers</Tokens>
<Token>the</ Token>
<Tokenrcorner</ Token>
<Token>.</ Tokens>
</ Pattern>
<MatchEvent:>
<iCornerEvent>
<Minuter</Minute:r
<FlayverName></ P layerNsme >
<Team></ Teams>
</CornerEvent>
</MatchEvent>
</Rulex

Futboldaki 6nemli olaylari anlatmak icin kullanilan her cimle sekli icin kurallar yazildiktan
sonra etiketlenmis cUmleler haline getiriimis mag O6zetleri islenerek her mag¢ igin
anlambilimsel yardimci veriler otomatik olarak gikarildi. Cikarilan bu anlambilimsel yardimci
veriler MPEG-7 formatina donUstirilip video ile birlikte saklandi. Bu yardimci veriler
sayesinde magclar metin bilgisi ile senkrone bir sekilde saklanmis oldu. Boylece maglar
degisik sekillerde sorgulanabiliyor duruma geldi. Gelistirilen sorgulama sistemi ile maglarin
ilgili kareleri oyuncu adina, takim adina, dakika bilgisine ya da olaya gore
sorgulanabilmektedir. Sorgulama sistemi XQuery dilini kullanmakta olup, sorgu tipine gore
query degismektedir. Bunun igin de MPEG-7 (zerinde dinamik olarak sorgu olusturan bir
modul yazilmigtir. Buradan ddénen sorgu sonuglar liste seklinde goérintulenebilmekte ve
olayla iligkilendirilmis video varsa olay ani seyredilebilmektedir.

Daha sonra kurallari elle yazmak yerine, kurallari metinden otomatik 6grenmek icin
algoritmalar denedik. WHISK algoritmasini kullanarak maglardaki énemli her olay igin
kurallari supervised bir sekilde 6drenen bir program gelistirdik. Mac¢ Ozetlerinin yapisi
nispeten belirgin oldugu icin 6grenme algoritmasi basarili bir sekilde calisti. Bdylece mag
Ozeti ile birlikte gelen videolari otomatik olarak etiketlemek, bunlari video ile senkrone etmek
ve degisik sekillerde sorgulamak mumkun oldu.

Projede ayrica dile bagli oimadan mag¢ 6zetlerinden bilgi ¢ikarimi ¢alismalari yurataimastar.
Bircok gramatik ve sdzdizim hatasi olabilen ham mag 6zetlerinden bilgi ¢cikarimi yapabilmek
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icin her mac olayi igin elle olusturulan sablonlar kullaniimistir. Dilden bagimsiz oldugu igin
¢Ozumleyici, part-of-speech tagger, phrase chunker gibi herhangi bir dil isleme araci
kullaniimamistir. Diger otomatik bilgi ¢ikarim yaklasimlariyla karsilastirildiginda 6nerilen
sistemin kesinligi %85-%97 civarindadir. Bu yaklagim bagka alanlardaki metinlere ve dillere
de uyarlanabilir. Geligtirilen ydontem hem Tirkce hem de Ingilizce mac 6zetlerinde
denenmistir.Bu calismada G¢ ana adim vardir: Once web tarayici ile varolan mag 6zetleri
Sporx vs. gibi sitelerden indirilmektedir. Sonra bu sitelerdeki nizamh veriler kullanilarak her
magc o6zetindeki isimlendirilmis varliklar (named entities) etiketlenir. En son olarak iki seviyeli
s6zliksel analiz her mag¢ olayi igin mag¢ anlatimini ve sablonlari analiz ederek magtaki
olaylarin ¢ikarimini yapar.

Bu caligmalarimizi U¢ konferans makalesi olarak yayinladik (ALAN, 2008; GOKTURK, 2008;
TUNAOGLU, 2009). Ayrica bu konuyla ilgili bir yiksek lisans tezi ortaya c¢ikmistir
(GOKTURK, 2008).

3.2. Metin bilgisi ve Video Analiz yontemlerinin birlikte kullanilmasi

Futbol mag 6zetlerinden zamanlariyla ¢ikardigimiz olaylarin videodaki goérintisel sinirlarini
belirlerken karsilastigimiz sorunlardan birisi video zamaninin, olay zamaniyla eszamanli
olmamasiydi. Mag¢ dncesi ve devre arasinin da videoya dahil olmasi, ma¢ zamaniyla video
zamaninin senkronizasyonunu bozuyordu. Cikarilan olay etiketleri ve video gorintisinin
daha iyi eszamanli hale getiriimesi igin metinden gelen bilgilere ek olarak video analiz
yontemleri kullanarak olay sinirlarini otomatik olarak belirleme calismalari yapiimistir.

Televizyonda futbol kargilasmalari yayinlarinda birden fazla kamera kullanilir. Pozisyonlarin
onemine, cesidine gore belli araliklarla kameralar arasi gegigler yapilir, yayin degisik
kameralardan verilir, gerektiginde ayni pozisyonun degisik kamera acilariyla birka¢c kez
tekrari yapilir. Olaylarin yakalanmasinda ve sinirlarinin belirlenmesinde kamera degisimleri
onemlidir. Bu projede metin bilgisinden ¢ikarilan olay ve yaklasik dakika bilgisini ve videonun
bu dakikasi civarindaki kamera gegislerini kullanarak olayin tam sinirlari belirlenmeye
cahisiimistir.

Videolarin kamera degismeden bir seferde c¢ekilen pargasina ¢ekim diyoruz. Futbol
videolarinda ¢ekimleri 3 sinifa ayirabiliriz. Yakin plan, orta plan ve uzak plan ¢ekim (Bkz.
Sekil 2).

Sekil 2. Sirasiyla uzak plan, orta plan ve yakin plan goérinti

Olay sinirlarinin bulunmasi igin gerekli ilk adim, video analizi ile ¢ekimlerin bulunmasi ve
siniflandiriimasidir. Cekimlerin bulunmasi igin video gergeveleri (frame) teker teker okunup
her besinci frame bilgi gikarmak igin kullaniimistir. Bilgi toplama igin renk histogramindan ve
Canny kenar yakalama algoritmasindan yararlanildi. Renk histogrami, iki frame arasindaki
renk histogram farki, toplam histogram degisim degeri ve kenar pikselleri sayisi gibi 6zellikler
belirlendi.

Cekimleri SVM'de siniflandirmak i¢in model olusturma asamasinda Oncelikle veriler

incelenerek nasil bir model olusturulmasi gerektigine dair yapilan degerlendirme sonucunda,
uzak plan goruntilerini renk histogrami kullanarak diger goéruntilerden ayirt edebilecegimiz;
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yakin ve orta plan goérunttlerini de kenar piksel sayisini kullanarak ayirt edebilecegimiz
gézlemlendi. Bu bilgiler 1si§inda modelimiz iki SVM’den olusturuldu. ilk kisim renk histogram
bilgisi ile egitilerek uzak plan gérintilerin ayriimasinda kullanildi, ikinci kisim da ilk kisimda
ayrilamayan orta plan ve yakin plan goérantileri ayirmak i¢in kenar piksel sayisi ile egitildi.

Olay sinirlarinin bulunmasinda ses analizi de yapiimistir. Videonun her saniyesi icin bitiin
drneklerin rms(root mean square)i hesaplanip sesin buyukliguni ifade eden bir deger elde
edilmektedir.

Cekim bulma, siniflandirma ve ses analizinden elimizde bulunan veriler sunlardir:
1- Cekimler(baglangi¢c zamani, bitis zamani, uzunlugu).
2- Cekim Siniflari(Uzak Plan ¢ekim(F), Orta Plan Cekim(M), Yakin Plan Cekim(C)).
3- Ses buyukligu ortalamasi (Videonun her saniyesi igin).
4- Mac anlatimlarindan ¢ikarilan, olay ¢esidi ve olayin yaklasik gerceklesme dakikasi.

Bir futbol yayininda, genel yayin uzak plan gekimle yapilir. Bir olay gergeklesirken ya da
gerceklestikten sonra orta plana ve/veya yakin plana gegilir. Olay bittikten sonra tekrar
normale donulir ve uzak plan ¢ekime gegilir. Bu nedenle olaylari iki uzak plan gorunti
arasinda aramak cok mantikhdir. Sekil 3'de bir gol olayina ait ¢ekim dizisi bulunmaktadir.
Goruldugu gibi Gol olayi uzak plan ¢ekimle baslayip uzak plan ¢cekimle sona ermektedir.

[ ¢r Telele]v v [rsofefe]fe] ¢ |

Goal Timeline

Start Boundary End Boundary

Sekil 3- Ornek Gol Cekim Dizisi

Bu nedenle olaylarin sinirlarini belirlerken, yukaridaki gozlemden yararlandik. Metin
bilgisinden c¢ikarilanyaklasik dakika ve olay alinip,gelen dakikanin Oncesindeki ve
sonrasindaki Uger uzak plan “shot” belirlendi. Elimizdeki bu alti uzak plan goérinti (Far view)
arasinda olayin olma ihtimali olan bes aralik olusturuldu.

Ornek: F-----F-----F---referans dakika----F----F-----F

Elimizde bulunan ses ve video bilgileriyle her olay igin kurallar olugturuldu. Puanlama
sistemiyle bu kurallara en yakin olan aralik segilip bu araliktaki “shot” lar birlestirilerek olayin
sinirlari belirlendi.

Yukarida anlatilan ¢alismanin detaylari bir konferans makalesinde yayinlanmistir (BAYAR,
2010).

Bitun etiketlemeyi tamamen otomatize etmek igin videonun ilk yari ve ikinci yari
baslangiclarini bulmak gerekmektedir. Bu amacla futbol videolarinda bulunan zaman
gOstergesini kullanarak ilk yari ve ikinci yari baslangigc zamanlarini bulmaya calistik. Futbol
maglari videolarinda bulunan zamanlayicigenelde sad Ust veya sol Ust kosede
bulunmaktadir. Gérintide rakam bulma algoritmalari kullanilarak dijital saat ve dolayisiyla
videodaki frame belirlenebildigi icin video zamaniyla ma¢ zamani senkronize edilmis oldu.

Bu kapsamda yapilan ¢alismalar Haziran 2011'de mezuniyeti planlanan bir ylksek lisans
ogrencisinin tezinde anlatilacaktir.
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3.3. Video Analiz ile Yiiz Etiketleme

Projenin diger bir énemli modili de kullanici destegiyle anlambilimsel etiket ¢ikariminin
video analiz yontemleri ile yari otomatik yapmaya imkan veren etiketleme aracidir.
Etiketleme araci kisisel kameralardan, cep telefonlarindan ya da video kayit cihazlarindan
elde edilen videolari anlambilimsel iceriklerine gore yardimci verilerle etiketlemek amaciyla
kullaniimaktadir. Videodaki insanlarin gérundukleri sahneler kullaniciya gdsterildiginde
kullanici getirilen insanlari ylklenen alan ontolojisi yardimiyla anlambilimsel igerigi tarif
edecek kavramlarla etiketleyebilmektedir. Daha sonra sistem otomatik olarak o video i¢inde
benzer insanlari bulup kullaniciya géstermekte ve kullanicinin fikrini sormaktadir. Kullanici
yanhs bulunmus etiketleri dlzeltebilmektedir. Bu sekilde kullanicinin da 6grenme
déngusunun icinde olmasi ile kisa bir sire sonra pek c¢ok insan yari otomatik olarak
etiketlenebilmektedir. Bir sire sonra ise etiketlemenin tamamen otomatik olarak yapilabilmesi
mumkun olmaktadir.

Bu modilin gergeklestiriimesinde iki ylksek lisans tezi yapiimistir (YILMAZTURK, 2010;
YAPRAKKAYA, 2010). ilk tez (YILMAZTURK, 2010) kapsaminda videolar igindeki yizlerin
otomatik olarak bulunmasi, taninmasi ve otomatik etiketlenmesi icin kullanilabilecek
literatiirdeki en iyi algoritmalari uygulandi ve elde edilen sonuglar analiz edildi.ikinci tezde
(YAPRAKKAYA, 2010) ise elde edinilen tecribelere gore etkin bir yiz tanima ve etiketleme
araci geligtirildi. Bu iki tez kapsaminda yaptigimiz ¢alismalar asagida 6zetlenmigtir.

OpenCV Viola-Jones(VIOLA, 2001) ylz tespit algoritmasi ve “Lucas-Kanade Optical Flow
Feature Tracker” (BOUGUET, 2000) yiz takip algoritmalariyla yiz resimleri toplandi.“Local
Binary Patterns” (WOLF, 2008), “Discrete Cosine Transform” (EKENEL, 2005) ve “Histogram
of Oriented Gradients” (DALAL, 2005) yontemleriyle ylz resimlerinden 6znitelik vektorleri
cikartilarak, bu vektorler bir 6drenme modeli gelistirmek icin kullanildi. Kullanilan
siniflandirma algoritmalari arasinda “Nearest Neighbour”, “Linear Discriminant Analysis” ve
“Support Vector Machine” bulunuyordu. Cevrimici olarak sirali 6grenme yontemi kullanildi.
Bu yontemde videodaki bazi ylzler kullanici tarafindan etiketlendikten ve sistem gerekli
sayida veri topladiktan sonra bir 6grenme modeli gelistiriliyor ve videonun ilerleyen
bolimlerinde bu modele gore tespit edilen yuzlere isim énermesi yapiliyor. Kullanici ise, bir
yandan ylz tanima ve isim Onerisi yapilirken bir yandan sistemi yeni karsilasilan ylzlerle
glincelleyerek 6grenilen modeli gelistirebiliyor. Cevrimici 6grenme yapilabilmesi icin “Linear
Discriminant Analysis” ve “Support Vector Machine” algoritmalarinin verileri sirali olarak
isleyebilen turevleri kullanildi.  Siniflandirma igin geligtirilmis olan “Linear Discriminant
Analysis” algoritmasinin, verileri sirali gruplar halinde alarak glincellenebilen bir c¢esidi,
“Chunk Incremental Linear Discriminant Analysis” gelistirildi. Yine siniflandirma igin “Support
Vector Machine” yonteminin yeni verileri 6grenerek guncellenmesini iceren bir algoritma
hazirlandi.

Linear Discriminant Analysis, belli siniflara ait olan yuksek boyutlu Oznitelik vektor
topluluklarinin daha dusuk boyutlu bir uzaya yansitiimasi ve bu yansitilan uzayda ayni
siniftaki vektorlerin birbirlerine yakin, farkli siniftaki vektorlerin ise birbirlerinden uzak
yansimalara sahip olmasini hedefleyen bir ydntemdir. Chunk Incremental Linear Discriminant
Analysis (Chunk ILDA) (LI, 2003) ise yansitilan bu uzayin her gelen yeni veri grubuyla tekrar
tekrar sifirdan baslanarak hesaplanmasi yerine sadece vyeni gelen veriler igin
glincellenebilmesini saglayan bir yéntemdir.

Normalde iki sinifli siniflandirma problemlerini ¢ézmeyi hedefleyen SVM c¢oklu sinif
problemleri igin de genigletilebilir. Bunun i¢in “1 sinifa karsi digerleri” yéntemi ele alindi. Bu
yontemde 6grenilecek her bir sinif igin butlin diger sinif érnekleri yanhs 6rnek olarak kabul
edilir ve egitim yapilir. N sinif igin N adet SVM modeli egitilir. Siniflandirmaya sokulacak bir
ornek butin SVM modellerine sokulur ve cevap olarak “bu sinifa aittir (1)” ya da “bu sinifa ait
degildir (0 ya da -1 vb.)” kararlari yerine reel sayi degerleri olan ve isaret fonksiyonuna
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sokulmamis olan karar degerleri alinir. En ylksek degeri veren modelin sinifina atama
yapilir. SVM'i yeni gelen veriyle egitmek igin, butlin egitim verisini bastan kullanmak yerine
sadece o6nceden egitilen SVM modellerinin sundugu “destekgi vektorleri” (Support Vectors)
yeni veriyle beraber tekrar egitilir.

Standart olarak kullanilan “Single Kernel SVM”e ilave olarak “Multiple Kernel SVM” ile
verileri sirali olarak igleyebilen turevi gelistirildi. Bu yontem ile her bir yliz vektorini daha
klcuk bloklara ayirarak, her bir blok igin ayri kernel olusturuluyor. SVM’'e girdi olarak
verilecek kernel, bloklar icin olusturulan kernellerin ortalamasi alinarak belirleniyor.

Sistem ylz tanima yapilirken, énerdigi isimle beraber bir glvenilirik puani da sunuyor. Bu
puan yapilan 6nerinin ne kadar emin olarak yapildiginin bir dlgutudir. Bir video boyunca
yapilan butin tahminler ve glvenilirlik puanlari hesaba katilarak tanima basarisi oran olarak
grafiklendirildi. Guvenilirlik puanlari farkl esik degerlerine tabi tutuldu ve her bir esik degeri
icin, giivenilir kabul edilen tahminler arasindaki basari oranlar élgiildi. Iki farkli senaryo
hesaba katildi. Birincisinde video boyunca karsilasilan yiiz olarak tespit edilmis bitlin adaylar
bagari orani hesaplamasinda dikkate alindi. ikinci yéntemde yalnizca yizlerini 6grenmeyi
hedefledigimiz 6 bagrol karakteri icin yapilan tahminler Gzerinden basari oranlari hesaplandi.

islem yiki ve yiiz tanimada gosterilen basari oranlari dikkate alindiginda Histogram of
Oriented Gradients ve Nearest Neighbour ciftinin en uygun yéntem oldugu géruldd.

Bu calismalari 6zetleyen bir konferans makalesi yayinlandi (YILMAZTURK, 2010). Ayrica
makalenin uzun sekli Intelligent Data Analysis dergisine, bu calismalardan tlreyen baska bir
calismada Multimedia Tools and Applications dergisine gonderildi.

Otomatik etiketleme aracini gelistiren ikinci yiksek lisans tezinde insan yuizinin temel
bilesenlerini (gdzler, agiz, burun) otomatik olarak saptayan aktif gérinim modeli (AGM),
local binary patterns (LBP) ve discrete cosine transform (DCT) metodlarina dayali bir yiz
tanima ydntemi gelistiriimistir. insan yiiziiniin temel bilesenlerinin yerleri Haar dalgacik
benzeri Oznitelikler kullanan Haar Pespese Siniflandiricilar (HPS) ile saptanmaktadir.
Saptanan yuzlerin cilt rengi analizi ve agiz, burun varligi kontrollyle, gercek bir yiz olup
olmadigi kontrol edilir. Ylzin yeri saptandiktan sonra Aktif Gérinim Modeli (AGM) ile yize
ait dnemli noktalar bulunmaktadir. AGM'nin belirledigi 67 énemli nokta kullanilarak ytz belirli
bir sablona oturtulur. insan yiizi tanimada yiiksek basarm elde edebilmek igin giris
resimlerinin hizalanmasi (alignment) gerekmektedir. Genellikle getirilen ¢dzimler model
tabanli yaklasimlardan olusmaktadir. Bu model tabanli yontemler arasinda insan ylzu
hizalama isleminde en basarili sonucu aktif gérinim modeli (active appearance model,
AGM) vermektedir. Yontem, sekil ve Oruntu arasinda kurdugu model sayesinde hizli ve
gurblz bir sekilde bozulabilir (deformable) resim eslemesi yapabilmektedir. Bu projede insan
yuzine ait 6nemli noktalarin ¢ikartilmasi ve insan ylziine ait modelin kurulmasi asamasinda
AGM yoéntemi kullaniimigtir. Farkh aydinlatma kosullarindan etkilenmemek igin bulunan
yuzler historam egitlemesi yontemiyle belirli bir gri seviyeye getirilir. Bu 6n iglemlerden sonra
yuzln local binary pattern ve discrete cosine transform yéntemleriyle 6zellikleri gikarilir.

Bu calismanin iki farkh calisma modu vardir. ilki, egitim modudur. Bu modda, bulunan
yuzlerin LBP ve DCT Mod2 &zellikleri bir dosyaya yazilir ve daha sonra ¢ok siniflil SVM ve
Random Forest siniflayicilarina egitim amach verilir. Bu siniflandiricilar, ¢ikarilan 6zelliklerle
egitilir. ikinci mod, tanima modudur. Bu modda, egitilen siniflayicilar kullanilarak, videolarda
bulunan vyizlerin kime ait oldugu saptanir. Girdi olarak kullanilan videolardan gelen
gorintilerde bulunan yizlerin dnemli noktalari AGM metodu ile bulunduktan sonra yiz belirli
sablona oturtulur ve sonra histogram esitlemesi ile ylz belirli bir aydinlik degerine getirilir.
Daha sonra LBP ve DCT mod2 ozellikleri c¢ikanlir, SVM ve Random Forest
siniflandiricilariyla kime ait oldugu bulunur.

17



Farkli aydinlatma kosullarinda ¢ekilmis bircok videoda ve farkl televizyon dizileriyle yapilan
denemelerde, calismamizda kullanilan ydntemlerin olduk¢a basarili oldugu gorilmustir.
Video etiketlendirmede kullanilabilecek cinsiyet ve yas grubu tayini yapabilen hazir moduiller
de bu galismaya entegre edilmistir.

Bu galismalarimiz da bir konferans makalesinde yayinlanmistir (YAPRAKKAYA, 2010).

3.4. Videolarin Siniflandirilmasi ve Ozetlenmesi

Projede futbol alani disindadiger alanlarda da metin bilgisiyle gelen videolar lzerinde
etiketlemenin nasil yapilacagi Uzerinde c¢alismalar yapildi. Bu konuda detayli bir literatlir
taramasi yapildiktan sonra belgesel videolarinin otomatik etiketlendiriime, siniflandiriima ve
mantiksal 6zetinin gikariimasi i¢in uygun oldugu gorulda.

Video siniflandirmasi, videoya, daha 6nceden tanimlanmis video kategorilerinden birinin
atanmasidir. Bu siniflandirma, videodaki yazi, ses veya gorsel bilgiler kullanilarak
yapilmaktadir. Bu projede videolarin siniflandiriimasinda iki ayri yaklasim denenmistir.
Birinci yaklagim sirasiyla asagidaki adimlari icermektedir.

ilk adimda, alt yazi dosyasi analiz edilerek bu dosyadaki climleler c¢ikarilimig, ciimlelerin
sbzcuk turleri (part of speech tag) atanmistir. Bu atama icin Stanford Log-linear Part-Of-
Speech Tagger kullaniimistir (TOUTANOVA, 2003). Bu cumlelerdeki “stop word”ler (6rnegin;
“about”, “him”) mantiksal bir anlam tagsimadigindan, metinden gikariimistir.

ikinci adimda; altyazi dosyasindaki anahtar kelimeleri (keyword) secmek icin TextRank
(MIHALCEA, 2004) algoritmasi kullaniimistir. Bu algoritma uygulanarak; segilen her
kelimenin puani hesaplandiktan sonra, puani sifirin tGzerinde olan kelimeler anahtar kelime
olarak secilmistir. Daha sonra anahtar kelimelerin hangi anlamlarinda kullanildidini bulmak
icin “word sense disambiguation” algoritmasi (BANERJEE, 2002) kullaniimigtir.

Uglincti adimda; WordNet kullanilarak, anahtar kelimelerin alanlari (domain)bulunmustur. Bu
domain’lerin toplam sayisi (anahtar kelimelerde kag kere gectigi) hesaplanmis ve domainler
bu sayiya gore siralanmistir. Belgesellerin kategorilerinin belirlenmesinde belgesel adinin
onemli oldugu disinldimis ve belgesel adinda gegen kelimelerin de WordNet domain’leri
bulunmustur. Domain’lerin toplam sayisi hesaplandiktan sonra, domain eger belgesel adinda
geciyorsa, bu sayi dortte bir oraninda artirilmigstir.

Bir sonraki adimda her bir video kategorisinin hangi WordNet domaini ile alakali oldugu
belirlenerek, anahtar kelimelerin domainine gére videoya bir kategori atanmistir. Belgesel
kategorisi olarak 14 tane kategori tanimlanmistir ve bu kategorilerle ilgili WordNet domainleri
bulunmustur (KATSIOULI, 2007). Bu kategoriler; “Geography”, “Animals”, “Politics”,
“History”, “Religion”, “Transportation”, “Accidents”, “Sports”, “War”, “Science”, “Music”, “Art”,
“Technology” ve “People” kategorileridir. Videoya ait WordNet domainlerine sirayla bakilarak
herhangi bir kategorinin ilk domaini ile ayni olup olmadigina bakilmistir. Ayni olmasi
durumunda kategori atanmig, iki kategoride ayni olmasi durumunda kategorilerin ikinci
domainlerine bakilmistir. Higbir kategorinin ilk domaini ile ayni olmamasi durumunda
videonun siradaki WordNet domainine bakilarak kategori atanmasi yapilmistir.

Bu yaklasimin test edilmesinde 40 belgesel kullaniimig ve %75 basari elde edilmistir.
ikinci yaklagimda kategorisi bilinen videolarla 6grenme gergeklestiriimis ve dgrenilen bilgilerle
siniflandirma yapilmistir. Yaklasim 6grenme ve siniflandirma adimlarindan olugmaktadir.

Ogrenme agsamasinda her bir kategorinin genel domain dagilimi égrenilmistir. Ogrenme daha
once tanimlanan 14 kategori igin yapilmistir. Her kategoriye ait altyazi dosyalari birinci
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yaklasimdaki gibi islenmis ve boylece altyazi dosyalarinin domain’leri ve bu domain’lerin
sayllari belirlenmigtir. Kategorinin domain dagilimini belirlemek icin, her bir domain’in Tf*Idf
degeri hesaplanmistir. Bu deger herhangi bir domain’in diger tim domain’lere oranini
vermektedir. Boylelikle her bir kategorinin domain Tf*|df degerlerinden olusan bir matris elde
edilmistir

Siniflandirma asamasinda bir belgeselin siniflandiriimasi igin daha énce 6grenilen bilgiler
kullaniimistir.  Bir belgeseli siniflandirmak icin; belgesele ait altyazi dosyasi birinci
yaklasimda anlatildigi sekilde islenmis ve bdylece altyazi dosyasinin domain’leri ve bu
domain’lerin sayilari belirlenmistir. Belgeselin domain dagilimini belirlemek igin, her bir
domain’in Tf*Idf degeri hesaplanmistir. Ogrenme asamasinda elde edilen matris kullanilarak,
bu belgeselin domain dagilimiyla en ¢ok benzesen kategori domain dagilimi bulunmustur. Bu
benzerliginin bulunmasinda “Cosine Similarity” kullanilmigtir.

Bu yaklagsimin test edilmesinde 40 belgesel kullaniimistir. Bunlardan 22 tanesi 6grenme igin
kullaniimig, diger 18 tanesi siniflandirilmistir ve % 77 basari elde edilmistir.

Videolarin 6zetlenmesi, videoyu mantiksal olarak &6zetleyecek sekilde video kesitlerinin
secilmesi seklinde tanimlanabilir. Bu calismadaki video &zetlenmesi de video
siniflandiriimasinda oldugu gibi alt yazi dosyalari kullanilarak yapiimistir. Bu amagla énce
altyazi dosyasindaki cimleler ¢ikariimis ve bu climlelerin sézclk turleri Stanford Log-linear
Part-Of-Speech Tagger kullanilarak atanmigtir. Bu ciimlelerden videoyu 6zetleyecek 6nemli
cumlelerin secilmesi icin TextRank algoritmasi kullaniimistir. Ozetleyen ciimleler bulunduktan
sonra, bu cumlelerin altyazi dosyasindaki baslangi¢ ve bitis zamanlari belirlenmis ve bu
zamanlara karsilik gelen video kesitleri arka arkaya gdsteriimek suretiyle video &zeti
olusturulmustur.

Bu konuda yapilan caligmalar bir konferans ve bir dergi makalesi olarak
yayinlanmisti(DEMIRTAS, 2010a; DEMIRTAS, 2010b). Calismalarin detaylari ayrica bir
yuksek lisans tezinde anlatiimaktadir (DEMIRTAS, 2009).

3.5. Nesne tanima

Videolarin (Yari-) otomatik anlambilimsel olarak etiketlenmesikapsaminda insan ylzlerine ek
olarak belirli nesneleri de otomatik tanima ve ontolojik olarak etiketleme c¢alismalari yapildi.
Bu amagla projenin son déneminde bir yuksek lisans tezi kapsaminda kisisel videolarda
nesne takip etme, tanima ve anlambilimseletiketleme (semantic recognition) calismalari
yuratilmastar.

Bu calismada genel bir nesne tespit edici kullanilmaktadir (ALEXE, 2010).Nesne tespit edici,
her bir cergcevede olasi nesneleri kutu icinde isaretler. Bu kutu icindeki alanlar igin nesne
hiyerargine gore tanima iglemi gerceklestirimektedir. Tanima iglemleri SIFT(Scale-Invariant
Feature Transform) (LOWE, 1999) ve SURF(Speeded Up Robust Features) (BAY, 2008)
Oznitelik tanimlayicilari yardimiyla gercgeklestiriimektedir. SIFT ve SURF 0znitelik
tanimlayicilarindan gelen skorlar karsilastirilarak daha ylksek oranli sonug¢ veren &6znitelik
tanimlayicisinin tanima iglemi sonucu kullaniimaktadir (Bkz. Sekil 4).
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Sekil 4: Oznitelik tanimlayicilarinin kullanimi

Calismada kullanilan nesne hiyerarsisi Sekil 5'de gosterilmisti. Bu kapsamda
ilgilenilennesneler kisi, kedi, kdpek, at, kus, araba, bisiklet, masa ve TV/ekrandir.
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Sekil5 :Nesne Hiyerarsisi

Tanima islemi gercgeklestirildikten sonra bu nesnenin kime ait oldugu bilgisi elde ediimeye
calisiimaktadir. Kime ait oldugu bilgisi nesne hiyerargisinde en alt seviyede bulunan
elemanlardir. Ornegin kedi icin C1, C2 ve C3 farkli kisilere ait kedileri temsil etmektedirler. Bu
seviyede CoISIFT 6znitelik tanimlayicisi kullaniimaktadir.

Su an bu kapsamda gelistirilen algoritmalar TRECVID (SMEATON 2006) ve PASCAL
(EVERINGHAM, 2008) veri setleri ile denenmektedir. TRECVID veri seti proje kapsaminda
video veri seti olarak kullaniimakta; PASCAL veri seti ise nesne tespiti igin kullanilan genel
nesne tanimlayicinin(ALEXE, 2010)egitimi icin kullaniimaktadir. Bu tez c¢alismasinin
sonugclarinin Haziran 2011’de tamamlanmasi beklenmektedir.

3.6. Insan tanima

Proje kapsaminda sdrdurilen ve projenin son ddneminde baslayan baska bir tez
calismasinda da guvenlik kameralarindan elde edilmis videolarin islenerek insanlarin dahil
oldugu olaylar ya da aktivitelerin otomatik olarak tanimlanmasi hedeflenmektedir. Bu
problemi Gi¢ ayri sireg altinda ¢ézmeyi planliyoruz: insan tanima, insan takibi ve olay/aktivite
tanima. Tanimlanan her bir sure¢ Bilgisayarli Goérme literatirinde ayri birer c¢alisma
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sahasidir. Tez calismasi siresince ilk olarak problemin ¢ézimine yonelik bu sahalarda
dogrulugu/performasi kanitlanmis tekniklerin tespiti, ikinci olarak bu teknikleri kullanarak bir
uygulama gelistiriimesi hedeflenmektedir.

Su ana kadar tez galismasi kapsaminda insan tanima ve insan takibi konulari Uzerine
literatur taramalar yapiimig ve tarama sonucu elde edilen yayinlar analiz edilip ilgili
tekniklerin avantaj ve dezvantajlari degerlendirilmistir. insan tanima ve insan takibi ile ilgili
OpenCV kutlphanesi kullanarak Optik Akis, Sablon Eslestirme (Bkz. Sekil 6), Kalman filtresi
ile nesne takibi, HOG tanimlayicisi ile insan tanima konularinda érnek kodlamalar yapilip
ilgili tekniklerin pratik olarak zayif/giclu yonleri gézlemlenmistir. Ayrica ilgili makaleler ile
birlikte paylasilan kodlar incelenmistir. Su ana kadar insan takibi yerine daha genis bir kiime
olan hareketli nesne takibi lzerine c¢alisilmistir. insan tanima ile ilgili kodlamalarin
tamamlanmasiyla birlikte 6nce insanin taninip sonra o insanin otomatik takip edilmesi
calismalari guncel olarak devam etmektedir.

Sekil 6.0ptik Akis ve Sablon Eslestirme ile ilgili 6rnek resimler

insan tanima ve insan takibi konulari Bilgisayarli Gérme diinyasinda olgunlasmis konulardir
ve literatlrde bu konular Uzerine yizlerce yayin bulunmaktadir. Ancak video’dan olay tanima,
insan aktivitesi tanima gibi st seviye anlamsal bilgi ¢ikarimi sahalari heniz
olgunlasmamistir. Bu kapsamda olay tanima ile ilgili olarak literatir taramasi devam
etmektedir. Kodlama agsamasina henuz gegilmemistir.

4. Anlambilimsel Sorgulama

Geligtirilen sistemde videolarin kendileri ile birlikte iceriklerini tanimlayan yardimci veriler
ontolojik olarak tanimlanmakta ve saklanmaktadir. Bu bilgilerin detayli ve kolay bir bicimde
sorgulanabilmesi gerekir. Bu projede video arsivinin detayli ve anlambilimsel olarak
sorgulanmasi igin degisik sorgulama yaklasimlari denenmis, form tabanli, kelime bazl ve
dogal dil (ingilizce) ile sorgulama yapabilen sistemler gelistiriimisti. Bu kisimda
anlambilimsel sorgulama konusunda yapilan ¢alismalar 6zetlenmistir.

4.1. Form-tabanl uzay-zamansal sorgulama

Projede gelistirilen sistemde, form tabanli bir araylz Uzerinden kullanicinin olusturdugu
sorgularin analiz edilmesi, islenmesi ve eslesen sonuglarin gésteriimesi mimkin olmaktadir.
Gelistirilen arayuz ile alan ontolojilerine 6zgu kavramlar kullanilarak video igerigi Uzerinde
e Ontolojik kavramsal sorgulama,
e Uzay-zamansal sorgulama,
o Birlesik sorgulama (Birden fazla sorgu tipinin birlestiriimesiyle olusturulan sorgu)
kabiliyetleri gerceklestirilebilmektedir.

21



Ontolojik kavramsal sorgulama, alan ontolojilerine ait kavramlari ve bu kavramlardan
olusturulan nesneleri kullanarak olusturulan sorgulari icermektedir. Bu sorgu tipi sayesinde
ilgilenilen nesnelerin, insanlarin, olaylarin, ya da ontolojide tanimlanmis kavramlarin
bulundugu/gériindigu video parcalari listelenebilir. Ornegin,  “Bagbakanin gérindigi
sahneler”, “Bir kadinin gériindigu sahneler” ve “araba kazasinin oldugu sahneler” tarzindaki
sorgular ontolojik olarak olusturulabilir.

Uzaysal sorgulamalar, uzaysal iligkilere dayali sorgulama ve bolgesel sorgulama olmak
Uzere ikiye ayrilmaktadir. Uzaysal iligkilere dayali sorgulamalarda nesnelerin/insanlarin
birbirlerine gére uzaysal iligkileri sorgulanir. Ornegin, “Ali'nin arabanin solunda oldugu
sahneler” gibi sorgular olusturulabilir. Bélgesel sorgulamalarda ise videonun oynatilacagi
alan Uzerinde dikdortgensel bir bolge secilerek ilgili bdlgeye yonelik sorgulamalar
yapilabilmektedir. Bolgesel sorgu igsleme sonucunda sorgu ara yuzu Uzerinden secilen belirli
bir nesnenin ya da alan ontoloji kavraminin ilgili bdlge igerisinde yer aldidi sahneler
kullaniciya dénilir. Ornegin “Bir oyuncunun ekranin saginda gérindigi sahneler” bu tir bir
sorgulamadir.

Zamansal sorgulamalar, zamansal iliskilere dayali sorgulama ve zaman tabanli sorgulama
olmak uzere ikiye ayrilir. Zamansal iligkilere dayali sorgulamalarda nesnelerin ve kavramlarin
birbirlerine goére zamansal iligkileri sorgulanir. Ornegin, “Hirsizin polisten énce goriindigi
sahneler”, “Bir hayvanin bir insanla ayni anda gorindigu sahneler’ gibi sorgular
olusturulabilir. Ayrica, zamansal sorgulama olaylar i¢in ve olaylara gére de yapilabilmektedir.
Ornegin, “Araba kazasindan sonra kavga olan sahneler” gibi bir sorgu olusturulup
islenebilmektedir. Zaman tabanli sorgularda ise sorgu ara yuzinden girilen bir zaman ya da
zaman araligi girdisi alinir ve girilmis olan bu zaman bilgilerinden 6nceki, sonraki ya da
girilen zaman araligindaki olaylar, nesneler ve kavramlar sorgulanabilir ve ilgili sahneler
kullaniciya dénuldr.

Birlesik sorgu kabiliyeti, sistemde ontolojik kavramlara yonelik sorgulari ve uzay-zamansal
sorgulari bir araya getirip birlestirerek sorgulama yapmayl saglamaktadir. Sistemde
desteklenmekte olan ontoloji tabanli kavramsal, uzay-zamansal, bdlgesel ve zaman tabanl
sorgu tipleri “AND” / “OR” mantiksal baglaclariyla birlestirilerek gegerli birlesik sorgular
olusturulur. Elde edilen birlesik sorgu, ilk olarak bir 6n islemeden gegirilir ve olusturulan sorgu
agaci Uzerinde sonug¢ kiimesini daraltacak sekilde diizenleme yapilir. Sorgu agacinin dallari
Uzerinde ilk 6nce “AND” baglaciyla bagh alt sorgular iglenecek sekilde bir yapi olusturulur.
Daha sonra sorgu agaci Uzerindeki alt-sorgular ayri ayri iglenir ve ilgili “AND” / “OR”
mantiksal baglacina goére alt-sorgu sonuglari birlestirilir. Ana sorgu agaci Uzerinden ilk dnce
“AND” baglaciyla bagl alt-sorgular islenip sonuglari birlestirilecedi icin daha ki¢lk bir sonug
kimesi Uzerinde calisihr. Cinkld “AND” ile bagh olan sorgu sonuglarinin kesisim kimesi
alinirken “OR” ile bagli kiimenin birlesim kiimesi alinmaktadir. Bu nedenle ilk dnce “AND” ile
bagli sorgular birlestirilerek sonug kiimesinin olabildigince kiiglik kalmasi hedeflenmistir. Alt-
sorgularin sorgu tiplerine gére ayri ayri islenip birlestiriimesiyle ana sorgunun sonucu adim
adim elde edilmektir.

Sistemde, tim sorgu tipleri icin hem genel sorgulama, hem de videoya 6zel sorgulama
Ozelligi desteklenmektedir. Olusturulan sorgu igin ara ylUz Uzerinden herhangi bir video
secilmezse, sorgu sonugclari bitiin veritabani tGzerinde aranip ilgili tim videolardan sahneler
gOsterilir. Ancak, 6zel bir video secilerek, ilgili sorgunun sadece o videoya ait verilerin
Uzerinde calistinimasi da saglanabilir ve sadece belirtilen videodaki sorguya eslesen
sahneler gosterilir. Bu sayede, kullaniciya video veritabanindaki tum videolar Gzerinde arama
ve veri erisimi kabiliyeti saglanmasinin yani sira sadece belirli bir video Uzerinde arama
yapma kabiliyeti de sunulmus olur. Kullanici sadece belirli bir video ile ilgileniyorsa, istedigi
verilere daha hizli bir sekilde ulasmis olur ve birden fazla videodan gelen farkl sahneler
arasinda ayristirma yapma islemleriyle de ugrasmamis olur.
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Sorgulama mekanizmasi, sorgu olusturma ve sorgu isleme kisimlarindan olusmaktadir.
Sorgu olusturma kisminda form tabanli bir kullanici ara ytzinden alinan sorgu verileri analiz
edilerek SPARQL sorgusu olusturulur ve olusturulan SPARQL sorgusu sorgu tipine gére ilgili
sorgu igleyicisine gonderilir (bkz. Sekil 7).
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Sekil 7. Sorgu isleme mimarisi

Sistemde sorgu isleyicileri girdi olarak bir SPARQL sorgu climlesi alir ve bu sorguyu
isleyerek eslesen sorgu sonuglarini déndirtr. Bu nedenle, sorgu olusturma ve sorgu isleme
kisimlari birbirine bagdimli degildir. Bu sayede, sistemin sorgu isleme modull, ilgili form
tabanh ara yuzden ve sorgu olusturma kismindan ayristirlip SPARQL sorgu cumlesi
olusturan baska bir sisteme baglandijinda da modiiler olarak caligabilmektedir. Ornegin,
dogal dille sorgu araylzu kullanilarak girilen dogal dil cimlelerini SPARQL sorgu climlelerine
dénustiren bir sistem, gelistirdigimiz sistemin sorgu isleme mekanizmasiyla entegre bir
sekilde calisabilmektedir. Ayni sekilde, sistemdeki manuel video etiketleme mekanizmasi da
MPEG-7 ontolojik yapisina uyumlu etiketleme yapan otomatik etiketleme moduluyle
degistirilerek yari-otomatik veya otomatik etiketleme yapan bir yapiya dénuastirdlebilir.
Geligtirilen sistemin bir bagka avantaji da, MPEG-7 ontoloji ve alana 6zglu ontoloji
entegrasyonu detaylarinin otomatik olarak yapilmasi ve kullaniciya goérinir olmamasidir.
Kullanici etiketleme ve sorgulama islemleri sirasinda sadece alana 6zel ontolojileri ve onlara
ait kavramlari gérmekte ve kullanmaktadir. Bdylece, MPEG-7 ontoloji yapilari ve detaylariyla
ugrasmamaktadir.

Sekil 8 ve Sekil 9'de sistemin form tabanli araylzunden kesitler verilmistir. Bu sekillerde
kavram sorgulamalari érneklendirilmistir. Sorgular belirli kisi bazinda olabilecedi gibi kigilerin
ait oldugu siniflar bazinda da sorulabilmektedir. ilk sekilde Peter Scherbatsky sorgulanmakta,
ikinci de ise herhangi bir erkegin goérindiglu sahneler sorgulanmaktadir. Sekil 10 ise ayni
kisinin videonun belirli zamanlarinda goraniup goérinmedigini sorgulamaktadir.
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Sekil 10. Zamansal sorgulama
Bu calismalarin detaylari bir yilksek lisans tezinde anlatimaktadir (DEMIRDIZEN, 2010).

4.2. Kelime-tabanl ontolojik sorgulama

Form-tabanli sorgulama her ne kadar detayli aramalara izin veriyor olsa da, kullanicilarin
belirli sorgu formlarini doldurmalari gerekmektedir. Kullanicilarin biyik bir kismi Google tarzi
kelime-tabanl aramaya alisik oldugu igin, ayni islevselligi kelime tabanl sorgulama yoéntemi
ile elde etme caligmalari yaptik. Bu yontem ile kullanicilar ¢ok daha rahat bigcimde sorgu
uretebilmektedirler. Ornegin, “Arda’nin Alex’e yapti§i fauller” ‘i ariyorsak, sorgu satirina “faul
arda alex” yada “arda alex faul” yazmak yeterli olacaktir. Bu yéntemin tek kusuru bazi
sorgularin anlam belirsizligine (ambiguity) neden olmasidir. Ornegin, yukaridaki sorgular
fazlalk olarak “Alex’in Arda’ya yaptidi fauller” ‘i de getirebilir.

Bu proje kapsaminda kelime-tabanli arama yéntemini gelistirip zenginlestirmek igin, ontoloji
ve anlamsal c¢ikarimdan (inference) faydandik. UEFA ve SporX sitelerindeki mag
anlatimlarinin sisteme yuklenip aranabilir hale gelmesi igin asagidaki adimlar izlendi.

1. “Web Crawling” yontemiyle s6zu gecen sitelerdeki mag bilgileri ve anlatimlar 6nce
XML'’lerde daha sonra Lucene index’lerinde saklandi.

2. Web’'den c¢ekilen bu bilgi ontoloji instance’lari olusturmak igin kullanildi. Bu bilginin
icinde maca ait oyuncular, takimlar, hakemler, goller, kartlar gibi temel bilgiler yer
almaktadir.

3. Bu temel bilgilerin yaninda mac¢ anlatimlari “dogal dilden bilgi ¢gikarma” yontemiyle
ontolojiye uygun olarak iglenerek daha karmasik bilgiler gikarildi. (Orn: kdse vurusu,
faul, vs)

4. Cikarilan her bilgi, bir ontoloji nesnesi olarak OWL dosyalarinda saklandi. Burada,
tim maca bir OWL dosyasi dersek, magin eylemleri de ontoloji objeleri (instance)
olmaktadir.

5. Bu asamada olusan OWL dosyalari anlamsal sorguya hazirdir. Daha Once
bahsedilen SPARQL ya da form-tabanli sorgulama araci bu OWL dosyalari tzerinde
arama yapabilmektedir.

6. Kelime-tabanli arama yapabilmek icin ise, mag eylemleri, Lucene® kullanilarak
indekslendi. Bunun igin, OWL dosyalarindaki bilgiler otomatik olarak okunup, her

'Apache Lucene. http://lucene.apache.org
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OWL objesi bir index entry’sine denk gelecek sekilde indexlendi. Anlamsal aramalara
izin verebilmek icin eylemlerin ontolojik bilgileri de index’e eklendi. Ontolojik bilgiler, o
eylemin sinift ve diger o6zellikleri (property) hakkinda bilgi vermektedir. Sorgu
basarisini yikseltmek amaciyla index’in belirli field’lari aramalarda 6n plana gikarildi.

7. Anlamsal c¢ikarimin (inference) sorgu basarisina etkisini gézlemlemek amaciyla, bir
onceki adimda olugsan OWL dosyalari anlamsal ¢ikarim isleminden gegirildi. Bunun
icin agik kaynak kodlu Pellet?yazilimi kullanildi. Olusan OWL dosyalari 6. Adimda
anlatildigi gibi indexlendi. Anlamsal ¢ikarim sonucunda elde edilen bilgiler de index’te
uygun field’lara eklenerek aranabilir icerik zenginlestirildi.

Performans kiyaslamasi amaciyla, sadece diz metin kullanilarak ayrica bir index
olusturuldu. Elde edilen tim indeksler 10 farkli sorguyla test edildi. Dogal dilden bilgi
ctkarma yonteminin ve anlamsal ¢ikarimin sorgu performansina etkileri gdézlemlendi. Yapilan
testlerde bazi sorgularin anlamsal gikarim olmadan cevaplanamadigi ortaya ¢ikti. Benzer
sekilde, dogal dilden bilgi ¢gikarma ydnteminin sorgu kalitesini artirdigi gérildi. Bu ¢calismanin
detaylari bir konferans makalesinde anlatiimistir (KARA, 2010).

Daha sonra, 6nerilen bu yontemi bagka yéntemlerle karsilastiran cesitli deney ve analizler
yapilmistir. ilk etapta ayni basarinin sorgu genisletme yontemleriyle de elde edilip
edilemeyecegini gérmek gerekiyordu. Bu ylzden domain bilgisi kullanarak sorgu genigletme
yapabilen bir modul geligtirildi ve bu énerilen yontemimizle karsilastirildi. Sorgu genigletmeye
Ornek verecek olursak: “goal’ kelimesini barindiran sorgular, “score”, “miss” ve bunlarin
tirevleriyle, “punishment” sorgusu ise, “yellow card” ve “red card” gibi alt-siniflarla
genigletilmistir. Genigleyen sorgular dogrudan free-text Uzerinde c¢alistirilmistir. Yapilan
kargilastirmalarda, bu ydntemin sorgu perfomansini bir miktar artirdigi, fakat anlamsal
indeksleme metoduna yaklagsamadigi gézlemlenmistir.

ikinci etapta belirsizlikler (ambiguities) ile ilgili analizler yapildi. Belisizlikler kelime-tabanli
sorgulama ydntemlerinin en blUyUk sorunudur. Genel olarak iki cesit belirsizlikten s6z
edebiliriz: sbézclksel (lexical) ve yapisal (structural) belirsizlikler. Sozclksel belirsizlikler
essesli kelimelerden kaynaklanmakla beraber yapisal belirsizlikler bir ciimlenin birden fazla
anlami oldugu durumlarda ortaya cikar. Sdézciksel belirsizlikleri ¢ézebilmek igin word
disambiguation yontemleri gereklidir. Ancak vyapisal belirsizlikler anlamsal indeksleme
sayesinde ¢oziilebilir. Ornek olmasi amaciyla, mevcut uygulamamiza sdzcik takimi destegi
ekleyerek basit yapisal belirsizlikleri gzmeye ¢alistik.

Yapisal belirsizliklere 6rnek olarak, “foul Alex Ronaldo” sorgusu verilebilir. Bu sorguda kimin
kime faul yaptigi sistem tarafindan anlasilamamaktadir. Bu sorunu ¢ézmek icin, “to X”, “by X”
ve “of X” gibi s6zcuk takimlariyla indeksi geniglettik. Bunun igin, indekse iki yeni field ekledik:
bir adet 6zne i¢in ve bir adet nesne icin. Bu field’lere 6znenin veya nesnenin ismi ile buna
karsilik gelen edat birlestirilerek konulmustur.

Yeni indeksin performansi eskisiyle karsilastiriidi. Bunun igin, 3 adet yapay sorgu hazirlandi.
ilk sorgu, dzneyi belirleme performansini dlgmektedir (Faul'ti yapan oyuncu daniel). ikinci
sorgu, ilk sorguya bir nesne ekleyerek belirsizlik yaratmaktadir. Uglincii sorguda 6zne ile
nesnenin yerleri degistirilmistir. Eski index belirsizlikleri czmede zorlanmaktadir; sirekli ayni
oyuncuyu 6zne olarak se¢mektedir. Fakat yeni index her durumda belirsizlikleri basarili bir
sekilde ¢ozmektedir.

Kelime tabanli ontolojik sorgulama kapsaminda yaptigimiz bu ¢alisma ve analizler bir yuksek
lisans tezinin kapsamindadir (KARA 2010). Tezin icerigi bir dergi makalesi olarak anlatilip
Information Systems dergisine gonderilmistir. Makale halen degerlendirme asamasindadir.

%pellet: The Open Source OWL DL Reasoner. http://clarkparsia.com/pellet/
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4.3. Dogal Dille sorgulama

Projede, sisteme dogal dille sorgulama kabiliyeti ekleyen bir araylz geligtiriimistir. Temel
olarak ama¢ MPEG-7 tabanli alan ontolojilerini anlamsal ve uzay-zamansal sorgulamak icin
bir dogal dil (ingilizce) kullanmaktir. Gelistirilen video bilgi yonetim sisteminde sorgulanan
temel ontoloji, alan ontolojilerini Rhizomik MPEG-7 ontolojisine ekleyerek olusturulur.
Kullanici sistemde kavramsal, uzaysal, zamansal, nesnesel yoriinge ve yonsel yodriinge
sorgulari yapabilmektedir. Kavramsal sorguda, kullanici ilgilendigi nesneleri sorgulayabilir.
Bununla birlikte, uzaysal sorgu tipi kullanilarak nesnelerin birbirine gére yerleri (sag, sol, vs.)
sorgulanabilir. Kullanici, nesnelerin birbirine gore gortnus sirasini sorgulamak i¢in zamansal
(bnce, sonra, vs.) sorgu tipini kullanir.  Nesnelerin yoringelerini ve belirli bir yone giden
(dogu, bati, giineydodu, vs.) nesneleri bulmak igin ise, sisteme ydriinge sorgusu yoneltir.
Batln bu sorgu tipleri dogal dille soruldugunda cevap olan video goéruntulerini déndiren bir
modul geligtirildi.

Kullanici sisteme dogal dilde bir sorgu cumlesi girdiginde, bu cumle link ayrigtirici
kullanilarak ¢ozimlenmektedir (EROZEL, 2008). Sorgu tipine gore, sistemde ©nceden
tanimli olan kurallar kullanilarak, sorgu cimlesinden nesneler, nesne o6zellikleri, uzaysal,
zamansal, ve yorungesel iligkiler ile zaman bilgileri ¢ikarihr. Cikarilan bilgiler kullanilarak,
dogal dil sorgu cumlesi, SPARQL sorgu cumlesine cevrilmektedir. Daha sonra SPARQL
sorgusu ontoloji Uzerinde g¢alistirilip, elde edilen sorgu sonuglari, nesneler arasinda uzaysal,
zamansal, ve yorungesel iligskiyi hesaplamak icin kullaniimaktadir. Sorgu cimlesinde sorulan
iliskiyi saglayan sonuglar kullaniciya gosterildikten sonra kullanici, sorgu sonuglarini
kullanarak video igerigi Uzerinde gezinebilmektedir.

Geligtirilen bu sisteme kompleks nesne sorgusu da eklenmistir. Kullanici kompleks nesne
sorgusunu kullanarak, “VE” ve “VEYA” ile baglanmis birden fazla nesneye ait bilgileri
sorgulayabilir. Ayrica, kullanicinin negatif anlam tasiyan sorgu yapabilmesini saglamak
amaciyla, dogal dil sorgu cimlesindeki negatif anlamlar da tespit edilebilmektedir. Béylece
kullanici, bir nesnenin videoda goérindigu zaman araliklarini sorgulayabildigi  gibi,
gorunmedigi araliklar1 da sorgulayabilir.

Sistemdeki zamansal sorgu tipi, zaman filtresi eklemek suretiyle gelistiriimistir. Zaman filtresi
kullanarak, iki nesne arasindaki “en az 5 dakika/saniye O©nce/sonra”, “en fazla 5
dakika/saniye ©Once/sonra”, “5 dakika/saniye oOnce/sonra” ve “5 ile 10 dakika/saniye
once/sonra” zamansal iligkileri sorgulanabilmektedir. Yonsel yoriinge sorgusu ise, “asagi’,
“yukar1”, “saga”, ve “sola” iligkilerini destekler hale getiriimistir. Bu kapsamda vyapilan
calismalardan bir yiksek lisans tezi tamamlanmistir (ALACA-AYGUL, 2010). Ayrica bir dergi
makalesi yazilmis ve Knowledge-based systems dergisine goénderilmigtir. Makale halen

degerlendirme asamasindadir.

5. Kullanici tercihlerine gore icerik bulma

icerik kigisellestirme uygulamalari varolan veri miktari ile birlikte artmaktadir. Onem kazanan
bu uygulama alanlarindan biri de ¢okluortam igeriginin kisisellestiriimesidir. Bu ¢alisma alani
makine 6grenme ve istatistiksel veri analizi ydntemleri uygulanarak kullanicilarin icerik arama
uzayini daraltmayi ve kullaniciya kendi ge¢misi g6z 6ninde bulundurularak kendisi ile en
fazla ilgili olan igerige ulagsmasini amaglamaktadir. Bu, kullanicilarin gegmis tercihlerinin elde
edilmesini ve kullanici modellerinin veri Gzerinden dgrenilerek yaratiimasini gerektirir.

Projede bu konuda bes yuksek lisans tezi c¢alismasi yapildi. Bu tezlerden doért tanesi
tamamlandi (OZBAL, 2009; KARAMAN, 2010; ERYOL, 2010; OZTURK, 2010), besincisi de
tamamlanma asamasindadir. Kigisellestirme ve tercihe gore oOneri sistemleri ¢ok popdler
arastirma konulari oldugu igin literatirde (genelde ayni veri seti Uzerinde) gok farkl
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yontemler denenmektedir. Projede bu konuda farkli 6grencilerle farkl boyutlarda arastirmalar
yapildi ve degisik yontemler gelistirildi. Edinilen tecriibelere goére projede 6ngorildigu
sekilde ontoloji-tabanli kullanici tercihlerine goére icerik bulma yéntemini son tez kapsaminda
tamamlama asamasindayiz. Asadida bu konuda yaptidimiz arastirma ve gelistirme
calismalari 6zetlenmistir.

5.1. Melez sosyal onerisistemleri icin olasiliksal sakl1 anlam analizi

Projede ilk etapta igbirlik¢i (collaborative) ve icerik-bazli (content-based) 6neri sistemlerinin
birlesiminden olusan melez (hybrid) yéntemler (izerinde calisildi. isbirlikgi yontemler, ayni
filmlere yakin dizeyde oy veren kullanicilarin birbirine yakin oldugu 6ngoérisi Uzerine
kurulur. Bu sistemlerde iki kullanicinin birbirine benzerli§i hakkinda bilgi elde etmeye
calisilirken, bu iki kullanicinin ¢ok sayida izledigi ortak filmin bulunmasi gerekir. Veri
seyrekligi nedeniyle bu bilgi her zaman elde edilememektedir. Seyreklik problemine parallel
olarak, popular filmlerin en ¢ok ortak izlenen filmler olmalari sebebiyle sistem az sayidaki
popdler filmi tekrar tekrar dnerecektir. Bir diger problem de soguk baslama problemidir. Bir
kullanici sisteme dahil oldugunda izledigi filmler sistemdeki bir bagka kullanicinin izledigi
filmlerle 6rtismedikge, bu kullanici sistemden tatmin edici 6neriler alamayacaktir.

TUm bu problemler, iligskisel bilginin sadece ‘ortak izlenen filmler’ verisinden hareketle elde
edilmeye calisilmasindan kaynaklanmaktadir. Ortak izlenen filmler verisi, filmlerin icerigi
hakkinda daha detayl bilgi elde edilerek desteklenebilir. Bu sayede yukarida bahsedilen
seyreklik, popller 6éneriler ve soguk baglama problemlerinin éniine gegcilebilmektedir. icerik
bazli yontemler sayesinde zor elde edilen ‘ortak izlenen filmler’ verisi yerine ‘benzer icerige
sahip’ filmler verisi kullanilabilmektedir. Bdylece sistem ¢ok sayida ayni filmi izlemis
kullanicilari aramak yerine benzer igerikli filmleri izlemis kullanicilari aramaktadir ve bu
verinin erisimi daha kolay olmaktadir. Ayni zamanda populer olan bir film ile ayni konuda
olan poptler olmayan bir filmi de sistem 6nerilebilmektedir. Fakat icerik bazli yontemlerin
faydali olabilmesi icin icerigin &6grenilebilir bir fonksiyon ile ifade edilebiliyor olmasini
gerektirir. Bu amagla makine 6grenme yontemleri kullanilarak icerik, 6znitelikleri ile ifade
edilir.

Proje kapsaminda yapilan ilk ¢alismalarimizdaki amag kullanici ve filmlerin ayni anlamsal
uzaya tasinmasi ve bu uzayin tim elemanlar arasindaki uzakhg! ifade edecek metrikleri
O0grenecek algoritmalarin uygulanmasiydi. Bu sayede kullanicilarin birbirleri arasindaki
uzaklik, filmlerin birbirleri arasindaki uzaklik ve kullanici film arasindaki uzaklk hakkinda
nicelik bilgisi edinilmektedir. Uzaklik bilgisinin 6nemi, sistemin verdigi Onerinin hangi
kaynaklar tarafindan ne oranda etkilendigini bildirebilmesinden dolayidir. Béylece verilen
Oneri, sistem tarafindan aciklanabilir hale gelir. Hangi etkenlerin dnerinin verilmesinde etkili
oldugunun kullaniciya bildirilebilmesi sayesinde kullanicidan dnerinin verilmesinde etkili olan
etken veya etkenlerin dogru/yanhs oldugdu ile ilgili geri bildirim alinabilmesini saglar. Bu bilgi
sayesinde oOneri sisteminin 6grendigi kullanici-kullanici/film-film/kullanici-film iliskilerindeki
hatalar daha isabetli bir sekilde giderilir.

Kisisellestirme konusundaki en blyuk problemin verinin 6zetlenmesi (modellenmesi) oldugu
gorulmustir. Bu problemle ilgili farkli yaklasimlar incelenmistir. Projede bu amacla bir
istatistiksel 6neri modeli gelistiriimistir. Bu ©6neri modeli bir dizi log-benzerlik formulint
kapsar. Bu formuller bir istatistiksel dagihmi temsil eder. Kullanici ve filmler farkh
parametrelerle ifade edilen istatistiksel dagilimlar olarak temsil edilir. Film ve kullanicilar
hakkinda bilgi ediniimesi de bu parametrelerin glincellenmesini icerir. Sistem daha sonra bu
istatistiksel dagilim fonksiyonlari Uzerinde c¢alistirilacak sorgular ile kullanici-kullanici/film-
film/kullanici-film benzerligi hakkinda olasiliksal ¢ikti Gretir.
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Bu calismalar sonucunda ortaya ¢ikan ylksek lisans tezinde (ERYOL, 2010), melez sosyal
Oneri problemi icin cati olarak, istatistiksel temel saglayan olasiliksal sakli anlam analizi
yontemini (Probabilistic Latent Semantic Analysis) onerilmistir. Farkli veri melezlestirme
yaklagimlari Gzerinden deneyler hazirlanmigtir. Bu esnek olasiliksal model Uzerinde ag
dizenleme ve model harmanlama yaklagsimlari sosyal given aginin kolektif filtreleme
surecinde kullanimi i¢in 6nerilmistir. Deneylerde, Onerilen ydntemler basarili bir sekilde
temel seviye yontemlerden daha yuksek bagari gostermistir. Arastirma sonucunda, 6nerilen
yontemlerin oy ve sosyal glven agi verilerini teoriye uygun olarak bir arada modelledigi
gosterilmistir.

5.2. icerik destekli isbirlikgi filtreleme yaklasimi

Bu calismada, ag tabanh bir film oOneri sisteminin tasarimi, gergeklestirimi ve
degerlendiriimesi yapilmistir. Bu sistem, kullanicilarina IMDb'deki butin film bilgilerine
ulagsmanin yaninda, bu filmler hakkinda yorumda bulunup ilgilerini gekebilecek film Onerileri
alabilme imkani tanimaktadir.

Sistemde kullanilan film verileri, 'Bilgi Cikarimi' teknikleri ile internetteki en genis kapsamli
film veritabani olan IMDb'den elde edilen tur, konu, kast, yénetmen, yil, oy, isim, slogan, dil,
sure, sirket ve anahtar kelime bilgilerini icermektedir. Bu verilerin ¢ikarimi igin IMDbPy adli bir
Python paketinden yararlanilarak IMDb'nin gtincel bir yerel kopyasi olusturulmustur.

Geleneksel 6nerme sistemlerinin, kullanilacak veri seyrekken, yani komsu nesne ya da
kullanici sayisi az oldujunda basarisiz oldugu goérlimustir. Bu basarisizigin 6nine
gecebilmek igin, bu caligma kapsaminda gelistirilen sistem, eksik veri tahmini ve lokal/global
benzerlik kavramlarina dayali ve de hem kullanici, hem de nesne tabanli bir igbirlikgi
(kolaborative) filtreleme tekniginden yararlanmaktadir. Kullanici tabanh tahminler, benzer
kullanicilarin oylari iglenerek, nesne tabanli tahminler ise benzer nesnelerin oylari ile bu
nesnelerin icerik olarak benzerliginin harmanlanmasi sonucunda olusturulmaktadir. Bu islem
sonucunda elde edilen tahminler, ancak belirli bir esik degerinin Uzerine ulastiginda
yapilmaktadir. Bu sirada kullanilan bitlin benzerlik hesaplamalarinda 'Pearson Correlation
Coefficient' tan faydalanilimistir.

iki filmin igerik olarak benzerliginin hesaplanmasi igin, Bilgi Cikarimi modiilii sayesinde elde
edilen bitln verilerden yararlaniimistir. Bunlardan metin tabanli olanlari, cesitli NLP teknikleri
ile islenmistir. Uygulanan islemler sonucunda her film, bir vektor ile ifade edilir hale
getirilmigtir. Boylelikle iki film arasindaki benzerlik, Cosine Benzerligi metodu ile
bulunabilmektedir.

Kullanici tabanli tahminlerin yapilmasinda kullanilan 'global benzerlik' kavrami sayesinde,
aktif herhangi bir kullanicinin lokal komsu sayisinin yetersiz olmasi durumunda, daha fazla
komsunun ortaya cikmasi saglanmaktadir. Bunu basarmak igin, diugumleri kullanicilar,
kenarlar ise kullanicilar arasindaki lokal benzerlik miktari olarak belirlenen bir ¢izge
olusturulmusg ve bu gizgedeki iki kullanici arasindaki global benzerlik, ait olduklari iki dugum
arasindaki maksimum uzaklik olarak belirlenmistir. Bu hesaplamalar icin Floyd-Warshall
algoritmasindan faydalaniimaktadir.

Olusturulan sistemin basarisini var olan sistemlerle karsilastirabilmek icin MoviLens veri
kiimesinden yararlanilmistir. Bunun igin tahmin edilen oylarin gercekte verilmis oylarla
kargilastirimasi yontemi kullaniimistir. Bu yiiksek lisans calismasinin (OZBAL, 2009)
detaylari hem bir konferans hem de bir dergi makalesinde yayinlanmistir (OZBAL, 2010;
OZBAL, 2011).
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5.3. Isbirlik¢i yontemlerle desteklenmis icerik tabanli 6neri sistemi

Bu galismada, isbirlik¢i ve igerik tabanl filireleme yontemlerinin her ikisine de dayanan bir
film oOneri sistemi olan ReMovender(KARAMAN, 2010)gelistiriimistir. Bu calismanin ayirt
edici noktalari, kullanicilar arasinda iliski kurma metodolojisi ve filmlerin icerik bilgilerinin
kullaniima seklidir. ReMovender, kullanicilara filmleri bir ve bes araligindaki oylarla oylama
firsati vermektedir. Eksik verileri tamamlamak amaciyla, bu oy bilgilerini isbirlik¢i yontemle
kullanicilar arasinda benzerlik bulmada kullanmaktadir. icerik tabanl kisimda ise, filmlerin
icerik bilgileri kullanilarak bu filmler iliskilendiriimekte ve kullanicilara éneriler sunulmaktadir.

Film 6neri sistemlerinin kargilastigi en buyuk problemlerden biri olan veri seyrekligi, sistemin
ileri strdigu yontemle kismen c¢ozilmustir. Verilen oylar kisith oldugunda, érnegin bir
kullanici az sayida filme oy verdiginde, bu kullanicinin zevkini tahmin edebilmek oldukca
zordur. Bu noktada igerigi bir kenara birakip, isbirlikgiisbirlik¢i bir sekilde bu kullanicinin oy
vermedigi bazi filmlere verebilecegi muhtemel oylar tahmin edilerek veri seyrekligi biraz da
olsa yenilmis olmaktadir. Yeterli miktarda veriyi elde ettikten sonra, filmlerin igerikleri
(yonetmenleri, tirleri, anahtar kelimeleri, 6zetleri, vs.) kullanilarak, bu filmler arasindaki
benzerlikler bulunmakta ve bu benzerlik degerleri kullanilarak, hentiz oylanmamis filmler [0,5]
araliginda siniflandiriimaktadirlar.

Filmler siniflandirilirken, bir filmin iceriginde bulunan alanlarin kullanici agisindan farkl
Olcilerde o6nem tasidigi g6z ©Onlnde bulundurularak, filmler arasindaki benzerlikler
hesaplanirken her alana farkl agirliklar verilmektedir.

Alabilece@i degerler sinirli olan tur, yonetmen, dil gibi 6zellikler siniflandiriirken, oneri
sistemlerinde kullanilmaya oldukga uygun olan “Naive Bayes Classifier” yontemi
kullanilmaktadir. Anahtar kelime, 6zet gibi metin 06zelligi tasiyan Oozellikler arasindaki
benzerlikler ise metinler arasinda benzerlik bulmaya yarayan araclar kullaniimaktadir.

icerik (izerine kurulmus olmasina ragmen veri seyrekligini isbirlikci yollarla engelleyen bu
sistem, su ana kadar yapilmis diger film dneri sistemlerine oranla daha basarili olmustur. Bu
calismanin detaylari bir ylksek lisans tezinde ve bir dergi makalesinde anlatiimaktadir
(OZBAL, 2010; OZBAL, 2011).

5.4. Bir cizge algoritmasina dayali melez video 6neri sistemi

Bu calismada da yeni icerik bulma ve 6neri yapma konusunda igerik bazl filtreleme ve
isbirlikci filtreleme teknikleri birlestirilerek kullaniimistir. Bu ¢alismada, gunimuazin populer
video paylasim sitesi olan YouTube ortam olarak kullaniimigtir. YouTube, Uzerinde gelistirme
yapacak kisiler icin Uygulama Programi Arabirimi (UPA) saglamaktadir®. UPA, YouTube
Uzerindeki icerigin belirli bir bélimine ulasima olanak saglamaktadir. Ancak, bu ¢alisma icin
gerekli olan veri kimesini desteklememektedir. Bu nedenle kullanilacak veri kiimesinin bir
modul yardimiyla toplanmasi gerekmistir. Bu modulin gelistiriimesi icin Java Platformu ve
YouTube tarafindan saglanan UPA kullanilarak, YouTube kullanicilari bilgilerini, izledikleri ve
oy verdikleri videolari ve bu oy degerlerini kapsayan bir veritabani olugturulmustur ve bu
veritabaninin surekli guncel tutulmasi saglanmigtir.

Literatlrli taradiimizda YouTube Uzerinde en Umit verici ¢alismanin sadece kolaboratif
yaklasim kullanarak geligtirilen Adsorption algoritmasi(BALUJA, 2008)olduguna karar verdik.

3YouTube Developer's Guide: Data API Protocol.
http://code.google.com/apis/youtube/2.0/developers_guide_protocol.html
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Adsorption algoritmasi bir cizge (graph) algoritmasidir. Gelistirdigimiz melezsistem,cizge
tabanli bu algoritma esas alinarak yapild1.

Calismada,oncelikle Adsorption algoritmasi aynen gergeklestiriimistir. Daha sonra
algoritmaya, YouTube'da her videonun etiketlerinden yararlanilip, igerik bazh filtreleme
eklenmistir. Béylece, elde edilen melez (hybrid) sistemle daha dogru 6neriler elde edilmistir.
Adsorption algoritmasina goére kullanicilar ve videolar bir grafigin dugumlerinden her birini
olusturmaktadir. Ornek bir gizge asagidaki sekilde gorilebilir:

Kullaricilar Yideolar

Orijinal Adsorption algoritmasinikullanilan dneri sistemi ¢ fikri icermektedir. Buna goére bir
videonun bir kullanici igin uygunlugu asagidaki kosullarla belirlenmektedir:

1. Kullanici ve video arasinda kisa bir yol varsa

2. Kullanici ve video arasinda birkag yol varsa

3. Kullanici ve videonun arasinda yuksek dereceli olmayan yollar varsa

Kullanilan ana mantikta bazi diagumlerin etiketleri mevcuttur. Algoritma, c¢izge Uzerinde
gezinerek bilinen etiketlerin bilinmeyen digiumlere aktarilmasi esasina dayanir. Bunun
sonucunda da her dugum icin bir olasihik dagihmi elde edilmektedir. Video &neri
sistemlerinde de cikti olarak elde edilen bu olasilik dagilimindan yararlaniimaktadir.

Geligiguzel yurime sistemiyle Adsorption’da etiketleri bilinen her digumun gdlge dugumu
olusturulur. (BALUJA, 2008)'de golge dugum ve asil digum arasindaki agirhgin cesitli
parametrelerle degisebilecedi belirtiimistir. Ancak gerceklestirimi yapilmamistir. Bu projede,
var olan algoritma gergeklestiriimis, ek olarak golge digumler ve asil digumler arasindaki
yakinliga karar verirken degisik elementlerden yararlaniimigtir. Ayrica bir katki da elde edilen
olasilik dagilimi tzerinde yapilmaktadir. Oncelikle her kullanicinin daha énce izlemis oldugu
videolardan ve bu videolara verdigi oylardan vyararlanilarak bir kullanici profili
olusturulmustur. Bu profil, YouTube’da her video igin var olan video etiketleriyle karsilastirilip
profile benzer videolarin yararina énerme orani arttirilmistir.

Son katki da bir esik degerinin belirlenip uygulanmasidir. Buna gore, bu degerin Uzerinde
kalan videolar 6neri sisteminde kullaniimaktadir. Degerlerde esitlik s6z konusu oldugunda ise
videonun ortalama begeni dederi ve izlenme sayisi gibi nicelikler gozéninde bulundurularak
Oneri gerceklestirimektedir.

Adsorption algoritmasi, bu eklemelerle YouTube veri tabani Gzerinde test edilmigtir. Elde
edilen sonuglar beklendigi gibi makuldur, ancak veri kimesinin daginikligi sebebiyle dusuk
seviyede cikmistir. Bu nedenle algoritmanin basarisini teyit etmek icin verileri daha duzenli
olan bir veri tabaninin kullanilmasi gindeme gelmistir. Yapilan arastirmalarla MovielLens
veri kuimelerinden birinin bu amagcla kullanilabilecegine karar verilmigtir. MovielLens,
GroupLens tarafindan gelistirilen, web-tabanli ve su anda aktif olarak c¢alisan bir film 6neri
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sistemidir®. Kullanicilarin cesitli filmlere oy (rating) vermesiyle calisir. Bu sebepten zaman
icinde gercek kullanicilardan ve filmlerden olusan glgli bir veri tabani olusmustur.
MovieLens gelistiricilere destek olmak amaciyla, degisik ihtiyaglara karsilik verebilecek
cesitli veri tabanlarini paylagsmistir.

Projede, YouTube’den elde edilen veri tabaninin yani sira MovieLens’in hazir olarak
sundugu veri tabanlarindan biri kullaniimigtir. Bunun sebebi, daha 6nce belirtildigi gibi,
Youtube veri tabaninin daginik olmasi ve galismanin ikinci bir platform kullanilarak daha
degerlendiriime istegidir. MovieLens veri kimesi kullanilarak yapilan degerlendirmeler
sonucunda, beklendigi gibi daha basarili sonuglar elde edilmistir.

Bu asamaya kadar dnce sadece Adsorption algoritmasinin degerlendiriimesi yapildi. Bu
noktadan sonra icerik bazli tekniklerin 6zelliklerinden de yararlanma caligmalari yapildi.
Adsorption algoritmasi kullanicilar igin dagihm listesi donmektedir. Adsorption’dan elde
edilen dagiimlar daha 6nce kullanicilarin gecgmisi kullanilarak olusturulan profillerle
birlestirme fikri denendi. Degerlendirme oncellikle YouTube veri kimesi Uzerinde yapildi.
Elde edilen sonuglar yine yuksek degildi ancak sadece Adsoption kullanilarak olusturulan
sonuclardan daha basarili oldu. Melez sistem, MovieLens veri kimesi Uzerinde de
degerlendirildi. Elde edilen sonuclara goére Adsorption algoritmasi tek basina énerilerde %10
gibi bir basari gosterirken gére melez sistem %15-%20 arasinda basari gosterdi.

Bu galisma bir ylksek lisans tezinin konusu olmustur (OZTURK, 2010). Calisma ayrica bir
konferans makalesi olarak kabul olmustur (OZTURK, 2011).

5.5. Ontoloji-tabanh kullanici tercihlerine gore video oneri sistemi

Bu calismada kullanici tercihlerini kullanan bir igerik dneri sistemi gelistirilmistir. En verimli
sonucun alinabilmesi icin igcerik tabanli ve igbirlik¢i 6neri mekanizmalarini birlikte kullanan
melez bir strateji uygulanmistir. Sistem, kullanici profillerinin olusturulmasi, kullanicilarin
gruplanmasi ve icerik énerme olmak Uzere ¢ temel fonksiyonu yerine getirir. Kullanici
profillerinin hazirlanmasi ve aday igerigin degerlendirilip kullaniciya énerilmesi asamalarinda
icerik tabanli; aday igeriklerin bulunmasi asamasinda ise igbirlik¢i yaklasim agirlikli olarak
kullanilir. Kullanicilarin gruplanmasi ise kullanici gecmisi veya icerik Uzerinde kullanici
tercihlerine gore yapilabilir.

Sistem, kullanicilarin daha 6nceki davraniglarindan yola g¢ikarak onerilecek igerikle ilgili
tercihlerini belirler ve bu tercihlere gore kullanicinin profilini olugturur. Kullanici profillerinde,
kullanicinin daha 6nce degerlendirip oy verdigi iceriklerden olusan kullanici gegmisi ve
kullanici tercihleri yer alir. Kullanici tercihi igeriklere ait ayirt edici 6zellikler, bu &zelliklerin
kullanicinin segimindeki etkisi ve her 6zelligin alabilecegi degerlerin kullanici tarafindan
bedeni derecesi yer alir. Kullanicinin her 6zellik ve degeri icin begenisi, o kullanicinin,
Ozelliklerin ait oldugu icerigi begeni duzeyi yani verdigi oy ile belirlenir. Kullanicinin yiksek oy
verdigi iceriklerde ortak degerlere sahip olan fakat her kullanici igin farklihik gdsteren
ozellikler, kullanicinin segimlerinde énemli etkiye sahip demektir. Ozelliklerin degerlerinin
bedeni dizeyi ise, icinde yer aldiklari tim iceriklerin begeni dizeyi ile orantilidir.

isbirlikci 6neri mekanizmasinin kullanilabilmesi icin kullanici profillerinden yola gikilarak,
tercihleri benzer olan kullanicilar gruplar altinda toplanir. Gruplama dogrudan iceriklerin
aldiklari oylarin ya da kullanicilarin profillerinin benzerligine gdre yapilabilir. Kullanici
profillerinin benzerligi temel alindiginda, kullanicilarin tercihlerinde 6ne c¢ikan elemanlar
belirlenir. Gruplar en ¢ok ortak 6zelligi paylasan profiller bir araya getirilerek olusturulur.

*MovieLens veri kiimesi, http://www.grouplens.org/node/73, son erisim 13.07.2010.
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Kullaniciya o6nerilecek aday icerikler, kullanicinin ait oldugu grup icerisindeki diger
kullanicilarin  begendikleri icerikler arasindan segcilir. Aday icerikler, o6neri yapilacak
kullanicinin profili ile karsilagtirihr. Kullanici profilinde yer alan tercihlere en benzer 6zellikler
iceren adaylar kullaniciya onerilir. Hem igbirlik¢i onerinin uygulanacagi gruplarin icerik tabanh
olarak olusturulmasi hem de isbirlik¢i dneri mekanizmasi ile belirlenen adaylarin igerik tabanl
olarak filtrelenmesi ile bu iki mekanizma birlikte kullaniimis olur.

Kullanici profilleri, icerik tabanh tercihleri daha iyi temsil edebilmek Uzere, bir ontoloji ile
temsil edilir. Igerikler de iyi tanimlanmis bir alan ontolojisinden segilir. Bu, igerikler ve
Ozellikleri arasinda anlamsal baglarin kurulmasini mimkdn kilar. Bu c¢alismada iyi
tanimlanmis olmasi ve yeterli veriye sahip olmasi nedeniyle film alani secilmigtir. Film alan
ontolojisi olarak Freebase ontolojisinin®film alani kullanilimistir. Kullanici oylari igin ise
MovieLens veri setleri kullaniimistir. MovieLens kullanici profilleri ile Freebase’den elde
edilen icerikler eglestirilerek kullaniciya ait gerekli veriler elde edilir. Bu verilerin elde
edilmesinden sonra kullanici profillerinin olusturulmasi, kullanicilarin gruplanmasi ve 6neri
islemleri girdi olarak kullanilan ontolojiler ve verilerin yapisindan badimsizdir. Dolayisiyla
sistem, farkli ontolojiler ile farkli igeriklerin énerilmesi igin kullanilabilir.

Yukarida belirtilen iglevselligi gerceklestirecek sistemin c¢att mimarisi Sekil 11'de
gosterilmistir. Profil Uretici ve Oneri Motoru sistemin ana fonksiyonlari gergeklestiren temel
elemanlardir. Veri toplayici ve Ontoloji Okuyucu/Yazici farkli ontoloji ve igeriklere gore
verilerin toplanmasini ve temel elemanlara gereken girdinin saglanmasindan sorumludur.
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kaynag kaynagi
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= Veri Toplayic
z
=
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3 Profiller
=
'_g Profil Uretici
£ Kullanici
Gruplan
Gneri Motoru Oneriler
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Ontoloji semalan
Sekil 11 — Oneri sistemi cati mimarisi

Profil Uretici, kullanici profillerinin yaratiimasindan sorumlu Profil Olusturucu ve profillerin
gruplanmasindan sorumlu Profil Gruplayicrdan olusur.

Profil Olusturucu, girdi olarak veri toplayicidan kullanicinin iceriklere verdigi oylari, igerige ait
ayirt edici o6zellikler ve oylanan iceriklerin bu 6&zelliklerinin degerlerini alir. Film o6neri
sisteminde kullanicinin izledigi filmler ve filmlere verdigi oylar; filmlerin “oyuncu”, “tar”,
“yonetmen’”, vb. ozellikleri ve bu 6zelliklerin ornekleri girdiyi olusturur. Her 6zellik igin en ¢ok
tekrarlanan érneklerin tekrarlanma sayilari belirlenir (i,). Her bir dzellik icin i, degerinin, tim
in degerlerinin toplamina orani o 6zelligin agirigini gosterir. Tuim &zelliklerin agirliklari
toplami 1’e esittir. Orneklerin aldigi oylar filmin hangi 6zelligi olarak yer aldiklarina gére
degisir. Ornegin, A kisisinin farkli filmler veya ayni filmde birden fazla rolii olmasi durumunda,

> http://www.freebase.com
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“oyuncu” olarak oyu ile “yénetmen” olarak oyu farkli olacaktir. Sekil 12 12'de bir kullanici
profilinin bir bolimu gosterilmistir.

Profil Gruplayici, kullanicilari profillerinin benzerliklerine gore istenen sayida gruplara ayirir.
Kullanicilarin gruplanmasinda k-means algoritmasinin  bir uyarlamasi kullanilir. Her
kullanicinin en 6ne ¢ikan (oyu en ylksek olan) tercihleri segilerek her kullaniciya ait birer
profil vektoru olusturulur. Begeni siniri 3.5 olarak belirlendiginde, Sekil 12$ekil 12'deki gibi bir
kullanici profilinden olusacak profil vektdrt basitce Sekil 13’teki gibidir. Kullanicilar arasindan
gruplarin  merkezlerini olusturacak rastgele profiller secilip baslangic grup profilleri
olusturulur. Baslangigta grup profilleri merkez olarak kullanicinin profil vektora ile belirlenir.
Gruplama algoritmasinin her yinelemesinde kullanicilar kendi profil vektorleriyle en ¢ok ortak
tercihlere sahip gruba eklenir; tim kullanicilar eklendikten sonra, gruptaki kullanicilarin profil
vektorlerinde ortak olarak en ¢ok yer alan tercihlerle grup profili gtincellenir. Bir grup profili,
gruptaki kullanicilarin ortak tercihlerini belirten bir profil vektord, gruba ait kullanicilar ve bu
kullanicilarin en ¢ok oy verdikleri iceriklerden meydana gelir.

Profil Uretici, son iriin olarak kullanici profilleri ve kullanici gruplarmi olusturur. Bu Grinler
Oneri Motoru tarafindan kullanilir.
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Sekil 12 — Kullanici profili
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Sekil 13 — Profil vektori

Oneri Motoru, kullaniciya ait profili ve kullanicinin iginde bulundudu grubun profilini
kullanarak kisiye icerik 0nerisinde bulunur. Kullanicinin ait oldugu grubu bularak, o gruptaki
kullanicilar tarafindan ylksek oy alan yani tercih edilen icerikleri 6nermek tzere aday olarak
belirler. Aday bir icerigin her 6zelliginin(f) tim degerlerinin(i) kullanicinin profilindeki oyunu(ry)
ve Ozelligin agirhgini(ws) kullanarak, Y (urixw;)  formuld ile kullanicinin aday igerige
verebilecedi oyu tahmin eder. En ¢ok oyu alan adaylari sirayla kullaniciya onerir. Sekil
14’teki gibi bir film onerilmek Uzere aday olarak belirlendiginde, bu filmin Sekil 12'deki
kullanici profiline gore alacagi oy 0,33 x (0 + 2,5) + 0,27 x 5 + 0,4 x 3,5 = 3,575'ir.
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Sekil 14 - Film 6rnek ontolojisi

Veri Toplayici, sistemin, kullanilan farkli veri tirleri ve kaynaklarinin farkinda olan kismidir.
Profili olusturmak igin gerekli verileri hazirlar. Film oneri sisteminde bu modul, Profil
Olusturucu’nun kullanilan veri setlerine bagimli islemler eklenek MovieLens/Freebase Profil
Olusturucu olarak genigletiimesi ile gergeklestirilir. Modul, buna ek olarak verileri gekmek igin
FilmSorgulayici, Ozellik Sorgulayici ve Oy Sorgulayici alt moddillerini igerir. Tasarlanan film
Oneri sistemine 6zel olarak gergeklestiriimis sistem mimarisi Sekil 15'te gosterilmigtir.
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Sekil 15 - Film 6neri sistemi mimarisi

Oy Sorgulayici, MovieLens veri setinden kullanicilarin izledikleri filmleri ve verdikleri oylari
alir. MoviLens verileri kullanici oylari ve filmler icin olmak UGzere iki ayri siradan erigimli dosya
halinde bulunurlar. Buradan elde edilen filmler sadece adlari ile tanimlandiklarindan sistem
icin gerekli anlamsal bilgiyi sunamazlar. Film Sorgulayici, kullanicilarin izledikleri filmleri
Freebase ontolojisinde bularak, ontolojik tanimlarla oylamalari eslestirir. Bu da Ozellik
Sorgulayicinin oylanmis olan filmlerin istenen &zelliklerinin degerlerini yine Freebase
ontolojisinden bulmasina olanak saglar.
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Ontoloji Okuyucu/Yazici, kullanilan ontolojilerdeki (sistem disinda veya icinde tanimli)
gerekli kaynaklarin URIlerini ve gerekirse ontoloji semalarini iceren sozliklerin timuana
belirtmek igin kullaniimistir. Ontolojileri okuyup yazma, ontolojilerde yer alacak kaynaklari
olusturma iglerinde gdérev alir.

6. Sistem Entegrasyonu

Projenin son déneminde, proje siresince paralel yarimus olan ¢alismalarin sonuglarini, tek
bir sistem altinda, beraber isleyecek sekilde bir araya getirmek icin entegrasyon calismalari
yapilmistir. ilk etapta (DEMIRDIZEN 2010)'deki yiksek lisans tezi kapsaminda gelistirilen
MPEG-7 ontolojisine dayali, alan ontolojilerinin entegrasyonuna izin veren, ontolojik
kavramlar kullanilarak video etiketleme ve sorgulama yapilabilen video yénetim sistemine,
(GOKTURK, 2009)deki yiksek lisans tezi kapsaminda gelistirilen futbol videolarindan
MPEG-7 standardina uygun ust veri ¢ikaran ve XML formatinda c¢ikti Greten programi ve
(ALACA-AYGUL, 2010)'deki yiiksek lisans tezinde 6nerilen MPEG-7 tabanli alan ontolojilerini
anlamsal ve uzay-zamansal sorgulamak icin gelistirilen dogal dil sorgu arayizi entegre
edilmistir. ikinci etapta da (YAPRAKKAYA, 2010)'deki yiiksek lisans tezinde gelistirilen yiiz
tanima araci sisteme dahil edilmigtir. Sekil 16’de, entegrasyon plani 6zetlenmigtir.

SISTEM
NLP Sorgulama Araci Metinden yardimci
veri ¢cikarimi
o’ J
Video Yonetim Sistemi YUz Tanima Araci
o’ .

Sekil 16- Entegrasyon Plani

Video ydnetim sistemi MPEG-7 ontolojisine dayali bir yapida oldugu igin, benzer sekilde
MPEG-7 ontoloji tabanl sistemlerle uyumlu bir sekilde calisabilir olmasi ve ortak bir dil
uzerinden haberlesebilmesine imkan saglamaktadir. Ancak, sistemin MPEG-7 standardinda
etiketlenmis videolari da arsivleyip sorgulamaya izin vermesi sistemin daha genis video
kaynaklarinca kullanabilecegini saglayacagi icin tercih sebebidir. Ornegin (GOKTURK,
2008)'de gelistirilen futbol videolarindan yardimci veri ¢ikarma programinin ¢iktisinin MPEG-
7 standardi ile uyumlu XML dosyalaridir.Bu tip videolari da sisteme ekleyebilmek igin video
yonetim sisteminin MPEG-7 standardina uygun XML dosyalarini da kabul edebilmesi
gereksinimi dogmustur.

MPEG-7 standardi ile uyumlu XML dosyalarinin, MPEG-7 ontolojisine igeri aktariimalari
(import) islemi, teknik farklihklardan dolayi bir yordamin tanimlanmasini gerektirmistir. Bu
yordamin ilk adimi igin, 6ncelikle XML dosyalari RDF formatinda elde edilmelidir. Bu iglem
ReDeFer projesi (http://code.google.com/p/redefer/) kapsaminda dizgin bir bigimde
gerceklestiriimektedir. Bu projenin ekibinden kaynak kodu istenerek, islemi gergeklestirmek
icin gerekli olan kod pargasi projede kullaniimistir.
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MPEG-7 ontolojisindeki ve (Uretilen RDF dosyasindaki isim wuzaylari (namespace)
uyusmamaktadir. isim uzaylarindaki bu farkhlik, iceri aktarim sirasinda ayni sinif (class), veri
Ozelligi (data property) veya nesne 0Ozelligi (object property) olan unsurlarin, farkli isim
uzaylarinda olmalari nedeniyle farkh unsurlar gibi davranmalarina yol agmaktadir. Bu durum
da, cikarsama (inference) islemi sirasinda ontolojinin yararlarindan faydalanamamaya sebep
olmaktadir. Bu sorunu c¢Ozmek icgin, video yoOnetim sistemine igeri aktarilacak RDF
dosyalarina, sistemin kullandigi MPEG-7 ontolojisinin isim uzayini enjekte etmek
gerekmektedir. Bunun igin bir isim uzayi degistiricisi ile 6nce MPEG-7 uyumlu XML dosyasi
degistirimekte ve ReDeFer araci ile RDF dosyasina c¢evirme islemi degistiriimis XML
dosyasina uygulanmaktadir. Bu sayede yapilan igeri aktarma igleminde ayni sinif, veri
Ozellikleri ve nesne o&zellikleri ayni unsur olarak ele alinabilmekte ve cikarsama islemi
sirasinda dogru sonu¢ alinmaktadir.

MPEG-7 standardi ile uyumlu XML dosyalarinin igeri aktariimasi islemini kisaca 6zetlemek
gerekirse, oOncelikle sistemin MPEG-7 ontolojisinin isim uzayini enjekte ederek XML
dosyasini yeniden yazmak, degistiriimis XML dosyasini ReDeRer araci ile RDF formatina
cevirmek ve ana sistemde MPEG7 modeline RDF dosyasinin igeri alinmasi iglemini
uygulamak olarak adimlayabiliriz. Bu iglem her ne kadar futbol videolarindan yardimci veri
Uretme aracinin entegrasyonu icin tanimlanmis olsa da, aslinda genel tanimli olmasi
nedeniyle herhangi bir MPEG-7 uyumlu XML dosyasini sisteme dahil edebilir. Bu durumda,
MPEG-7 XML'i ile ¢alisan herhangi bir sistemle kolayca entegre olunabilir, veri alis verisi
saglanabilir.

(ALACA-AYGUL, 2010)deki yiiksek lisans tezi kapsaminda sunulan dogal dil sorgu
araylzinin entegrasyon calismalari da tamamlanmistir. Bu tezin geligtiriimesinde .NET
ortami kullaniimasi, video yonetim aracinin ise Java teknolojileri ile gelistiriimesi nedeniyle,
sistemlerin entegrasyonu igin en kolay yol web servisleri olarak ortaya ¢cikmigtir. Bu nedenle,
video yOnetim sisteminin temel fonksiyonlari web servisleri olarak yeniden yazilmistir. Dogal
dil sorgu arayizul igcin de web servisleri hazirlanmig, bu web servislerini kullanarak, entegre
edilen sistemin dolduruldugu (populate) veritabaninda dogal dil ile sorgulama yapmaya
imkan veren bir web arayuzu hazirlanmigtir.

Ayrica (YAPRAKKAYA, 2010)'deki yiksek lisans tezi kapsaminda hazirlanan yiz tanima ve
etiketleme aracinin entegrasyonu da, video yonetim sisteminden acilan web servisler
araciligiyla gerceklestiriimistir. Bu entegrasyon iginin detaylari asagida aciklanmigtir.

(DEMIRDIZEN, 2010)'deki yiiksek lisans tezi kapsaminda Java platformu {izerinde gelistirilen
web tabanli video yonetim sistemi videolardaki kigilerin ve olaylarin el ile anlambilimsel
olarak etiketlenmesi esasina dayanmaktadir. (YAPRAKKAYA, 2010)'deki yiksek lisans tezi
kapsaminda C++ ile Windows isletim sistemine &zel olarak gelistirilen yazilm da videolarda
gorunen yuzleri tespit edip 6grenen, 6grendidi yuzleri ayni videonun devaminda ya da baska
videolarda bulan bir yazilimdir. El ile yapilan islemlerin en azindan bir kismini otomatik
yapabilmek amaciyla insan yizu etiketleme isleminin otomasyonunun bu iki tez ¢iktisinin
entegrasyonu ile yapilabilecegi dusunaldu.

Yazilimlarin birbirlerinden bagimsiz olarak farkli platformlarda farkhi yazihm dilleri ile
geligtirilmis olmalarindan dolay! entegrasyon igin fakh ¢dzimler Gretme gereksinimi doddu.
Oncelikle entegrasyon icin iki alternatif belirlendi: yazihmlarin tamamen web tabanl
calismasi ya da yari kullanici tarafinda calisan yari web tabanli melez bir sistem
gelistirimesi. Oncelikle tamamen web tarafinda galisabilecek bir yazihim igin 6n arastirmalar
yapildi. CGl (Common Gate Interface), Fast CGI ve server pushing teknolojileri kullanilarak
ornek yazilimlar gelistirildi. Baska bir alternatif olarak da ylz tanima yaziiminin JAVA ile
tekrar geligtiriimesi planlandi. Ancak etiketlenecek videolarin upload gereksinimi, fazla bant
genisligine ihtiya¢c duymasi ve gorinti isleme isleminin ylksek performansa ihtiyac duymasi
nedenleri ile bu ¢dzim yolundan vazgecildi. ikinci alternatif olan melez bir sistem gelistirme
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Uzerinde karar kilindi. Ancak burada da JAVA tabanl bir sistem ile C++ tabanl diger
sistemin haberlesmesi sorunu ortaya ¢ikti ve bu sorunun web servis teknolojisi kullanilarak
¢6zlme ulastirilmasina karar verildi.

Sistemlerin otomatik hale getiriimesindeki ama¢ daha kisa sirede daha hizli ¢ézimler
uretmektir. Bu baglamda yiz tanima sistemindeki performans sorunlari giderildi, yazhimin bir
video karesini igleme suresi 0,5 — 0,8 sn araligindan 0,03 — 0,05 sn gibi bir araliga
dusirulerek yazihmin c¢alisma hizi arttinldi, bdylece gercek zamanli video igleme olanagi
saglandi.

Java tabanli video yonetim sistemi ile C++ tabanli ylz tanima yaziiminin haberlesmesi igin
ortak web servis olusturulmasina karar verildi. Bu nedenle video yonetim sisteminin bazi
fonksiyonlarinin kullanilmasina izin veren bir web servis gelistirildi.Web Servis sunucusunun
sundugu fonksiyonlarin C++ tabanh yiz tanima yazihminda kullanilabilmesi igin GSoap2
yazihm kitliphanesi kullanilarak istemci (client) tarafi web servis yazilimi gelistirildi.istemci
tarafi web servis yazilmi yliz tanima yazilimina entegre edilerek, yuz tanima yazilimina
otomatik etiketleme yapabilmesi i¢in yeni fonksiyonlar eklendi ve yazilim bu cgergevede
yeniden duzenlendi.YUz tanima yaziimina yeni fonksiyonlarin eklenmesi ve etiketleme
sisteminin gerektirdigi bir takim arayuz zorunluluklari nedeni ile yiz tanima yazilimina yeni
bir araylz gelistirildi ve entegrasyon tamamlandi.

Bu entegrasyon iglemi sonucunda kigilerin otomatik olarak etiketlenmesini saglayacak melez
bir sistem gelistirilmis oldu. Gelistirilen sistemin semasi Sekil 17'de verilmistir.
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Ontolojik - g
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Video u A Web Servis E f A&
‘ P Etiketleme ‘]_ N | A 'l |
Sistemi — - - Client i B i
Vert Jena Web Servis - Yiiz Tanima
Tabani Api . Yazilimi
lees Server

Sekil 17.Y{z tanima ve etiketleme modullinin entegrasyonu

Son doénem gercgeklestiriien entegrasyon islemleri sonucunda olusan sisteme METU
Advanced Video Information System (MAVIS) adini verdik.Sisteminin son halinin semasi ise
Sekil 18'de gosterildigi gibidir. Bu sistemin tanitimina http://mavis.ceng.metu.edu.tr
adresinden ulagilabilmektedir.
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Sekil 18.MAVIS — Genel Mimari
7. Sonuclar

Bu projede, ontoloji tabanh, anlambilimsel icerige yoOnelik etiketleme ve sorgulama
yapilmasina olanak saglayan bir video bilgi yonetim sistemi g¢atisi geligtirilmistir. Sunulan
sistem, MPEG-7 ontolojisi tabanhdir ve bu sisteme, diger MPEG-7 ontolojisi uyumlu
sistemlerle ortak bir dil UGzerinden haberlesebilme ve birlikte c¢alisabilirlik yetenegi
kazandirmigtir. Gelistirilen sistemde, ontoloji tabanli kavramsal sorgulama, uzay-zamansal
sorgulama, bdlgesel ve zaman tabanli sorgulama kabiliyetleri basit sorgu tipleri olarak
gerceklestirilebilmektedir. Bunlarin yani sira, basit sorgularin "(*, ")", "AND" ve "OR"
operatorleri ile birlestiriimesiyle birlesik sorgular olusturulabilmektedir. Tum bu sorgu tipleri
icin, sistem, hem genel hem de videoya 6zel sorgulama yapabilmeyi desteklemektedir. Bu
sayede, kullaniciya video veritabanindaki tim videolar Uzerinde arama ve veri erisimi
kabiliyeti saglanmasinin yani sira sadece ilgilenilen belirli bir video Uzerinde arama yapma
kabiliyeti de sunulmaktadir. Sorgular hem form-tabanli hem de dogal dille sorguya izin veren
araylzlerle yapilabilmektedir.

Metin bilgisinden yardimci veri c¢ikartma alaninda yapilan c¢alismalarla belli alanlardaki
videolar icin metin bilgisi kullanilarak yardimci veri ¢ikarmak, videolari siniflandirmak ve
Ozetlemek mumkin olmugtur. Ayrica hem metin bilgisi hem video analiz ydntemlerinin
birlestiriimesi c¢alismalari futbol alaninda glzel sonuglar vermistir. Bu konularda yapilan
calismalar uluslararasi konferans ve dergilerde yayinlanmigtir.

Video analiz yontemleriyle videolarin yari-otomatik etiketlenmesi kapsaminda yapilan yiiz

bulma, tanima ve etiketleme calismalari ile bu amag icin en elverigli algoritmalar belirlenmis
ve uygulanmistir. Elde edilen sonuglara gore, video bilgi yonetim sistemine gerekli girdileri

39



sa@layabilecek, ylzleri yari-otomatik bir sekilde taniyip etiketleyen, yas ve cinsiyet
siniflandirmasi yapabilen bir modul gelistiriimistir. Bu konuda yapilan ¢alismalaruluslararasi
konferanslarda yayinlanmis ve iki dergi makalesi dederlendirmeye sunulmustur.

Gelistirilen video yonetim sistemi c¢atisi modiler bir yapidadir ve sistem ontoloji yonetimi,
video etiketleme ve sorgu igleme alt modullerinden olugsmaktadir. Bu nedenle yeni moddiller
kolayca eklenebilip, gikarilabilmektedir. Proje kapsaminda otomatik yiz etiketleme moduld,
dogal dille sorgulama moduli,metin bilgisinden otomatik bigi ¢ikarim modull sisteme entegre
edilerek, calisan bir prototip sistem gelistiriimistir.Bu sisteme “METU Advanced Video
Information System” adi verilmigtir.Entegre edilen sistem ve alt moduillerin demolari
http://mavis.ceng.metu.edu.tr adresinde sunulmaktadir.

Bu projede temel olarak U¢ ana arastirma konusunda calismalar yapilmistir. Bunlar
cokluortam veritabani sistemleri, video ve metinden bilgi ¢cikarimi ve 6neri sistemleridir. Proje
calismalari sonucunda bu alanlarda elde edilen kazanimlar yeni projeler olusturmak igin
yeterlidir. Yeni projeler bu l¢ temel alanda daha da detayli calismalar baslatabilir. Ornegin
metinden yardimci veri gikarma ¢aligmalar gesitli yonlerde ilerleyebilir. Farkh alanlar igin yeni
algoritmalar geligtirilebilir. Belgeseller yerine haberler ya da filmler Uzerinde calismalar
yapilabilir. Televizyon yayinlarindan yardimci veri gikarilabilir. Video analizi ile metin bilgisi
birlikte kullanilarak daha senkrone yardimci veri ¢ikarilabilir. Video analizi icine ses bilgisi de
eklenebilir.

Video igcindeki yuzleri, nesneleri, insan vicudunu tanima ve etiketleme calismalari daha da
gelistirilip insan gérsel zekasinin sahip oldugu cikarim (ing. Inference) ve tahmin (ing.
Prediction) gibi kabiliyetlerin gelistiriimesine c¢alisilabilinir. Bu projede edinilen kazanimlar
daha akilli bir seviyede ¢alisabilen, insan goérsel zekasini taklit ederek nesne/kisi/olay tespiti,
tanimasi, cikarimi ve tahmini yapabilen bir sistemin gelistiriimesi icin bir alt yapi
olusturmaktadir. Bu kapsamda ilerlemek igin yeni yiksek lisans ve doktora tezleri baslatmis
durumdayiz.

Kisisellestirme ve Oneri sistemleri konusunda yapilan ¢alismalar genelde deneysel ¢alismalar
olarak nitelendirilebilir. Proje siresince elde edinilen tecribeleri kullanarak gelistirilen
ontolojik dneri sistemleri konusundaki yiksek lisans tezi bitmek Uzeredir. Bu alandaki
kazanimlar video bilgi yonetim sistemine yeni igeridi, Internet’i kullanici tercihlerine goére
otomatik olarak tarayip, bulacak akilli ajanlarin gelistiriimesinde kullanilabilir. Bu konuda da
yeni bir doktora tezi baglamistir.

Bu proje kapsaminda 13 6grenci burs aldi. 13 ylksek lisans tezi tamamlandi. Bunlardan
baska 3 tane daha ylksek lisans tezinin Haziran 2011’'de bitiriimesi planlanmaktadir. Proje
calismalarini anlatan 11 tanesi uluslararasi konferans yayini, 3 tanesi dergi yayini olmak
Uzere toplam 14 yayin yapildi.Ayrica 4 tane yeni makale degisik dergilere teslim edildi ve su
an degerlendirme asamasindadirlar. Buna ek olarak butin sistemive entegrasyonu anlatan
bir dergi makalesi de su an hazirlanma agsamasindadir.

Proje kapsaminda doért yurtdigi bir yurtici seyahat yapildi. ISCIS 2008 konferansi igin
istanbul’'a, eChallenges 2008 icin Stockholm’e, ICSC 2009 konferansi igin San Francisco’ya,
ICME 2010 konferansi i¢in Singapur'a,ISCIS 2010 konferansi i¢in Londra’yagidildi. Proje
konusundaki c¢alismalarimizin tanitilmasi sonucunda yeni ortakliklar baslatildi ve yeni
projeler hazirlanmaktadir.

40



Referanslar

ALACA-AYGUL, F.Natural language query processing in ontology basedmultimedia
databases,(Yuksek Lisans Tezi), Ortadogu Teknik Universitesi Miihendislik Fakiiltesi, (2010).

ALAN, O, Sabuncu, O., Akpinar, S., Cicekli, N.K., Alpaslan, F.N., Ontological Video Annotation and
Querying System for Soccer Games, ISCIS, Istanbul, (2008).

ALEXE, B., Deselaers, T., Ferrari, V., What is an object ?, CVPR, CA, (2010).

ALLEN, J. F., Maintaining Knowledge About Temporal Intervals, Communications of ACM 26, (1983)
pp: 832-843.

ARNDT, R., Troncy, R., Staab, S., Hardman, L., Vacura, M., COMM: designing a well-founded
multimedia ontology for the web, In the Proceedings of the 6th International Semantic Web
Conference (ISWC'2007), (2007).

BALUJA, S.,Seth, R., Sivakumar, D., Jing, Y., Yagnik, J., Kumar, S., Ravichandran, D., Aly, M., Video
suggestion and discovery for youtube: taking random walks through the view graph. In the
Proceedings of WWW, (2008).

BANERJEE, S., Pedersen, T.: An Adapted Lesk Algorithm for Word Sense Disambiguation Using
WordNet. In the Proceedings of the 3rd International Conference on Intelligent Text Processing and
Computational Linguistics (CICLING-02) Mexico City, Mexico (2002).

BAY, A., Ess, T. Tuytelaars, Gool, L. V., Speeded-up robust features (SURF), CVIU, vol. 110, no. 3,
(2008) pp. 346—359.

BAYAR, M., Alan, O, Sabuncu, O., Akpinar, S., Cicekli, N.K., Alpaslan, F.N., Event Boundary Detection
Using Audio-Visual Features and Web-casting Texts with Imprecise Time Information, in IEEE
International Conference on Multimedia & Expo (ICME), ( 2010).

BOUGUET, J.,Pyramidal implementation of the Lucas-Kanade feature tracker: description of the
algorithm, Technical report, OpenCV Document, Intel Microprocessor Research Labs, (2000).

DALAL, N., Triggs, B., Histogram of Oriented Gradients for human detection, IEEE Computer Society
Conference on Computer Vision and Pattern Recognition, vol. 1, (2005)pp: 886-893.

DEMIRDIZEN, G.,An ontology-driven video annotation and retrieval system, (Yiksek Lisans Tezi),
Ortadogu Teknik Universitesi Miihendislik Fakiiltesi, (2010).

DEMIRTAS, K., Automatic video categorization and summarization, (Yiksek Lisans Tezi), Ortadogu
Teknik Universitesi Mithendislik Fakiiltesi, (2009).

DEMIRTAS, K., Cicekli, N.K., Cicekli, I, Automatic Categorization and Summarization of
Documentaries, Journal of Information Science, 36 (6),(2010), pp: 671-689.

DEMIRTAS, K., Cicekli N.K., Cicekli, I., Summarization of Documentaries, In Proceedings of the 25th
Intl. Symposium on Computer and Information Sciences (ISCIS), E. Gelenbe et al. (Eds.) Lecture
Notes in Electrical Engineering (62), London, (2010), pp: 105-108.

EKENEL, H.K.,Stiefelhagen, R., Local Appearance Based Face Recognition Using Discrete Cosine
Transform,Proceedings of the 13th European Signal Processing Conference (EUSIPCO), September,
(2005).

ERYOL, E.,Probabilistic latent semantic analysis based framework for hybrid social recommender
systems, (Yiuksek Lisans Tezi), Ortadogu Teknik Universitesi Mihendislik Fakiiltesi, (2010).

41



EVERINGHAM, M., Van~Gool, L., Wiliams, C. K. I., Winn, J., Zisserman, A.,The PASCAL Visual
Object Classes Challenge 2008 (VOC2008) Results, http://www.pascal-
network.org/challenges/VOC/voc2008/workshop/index.html.

GARCIA, R., Celma, O., Semantic Integration and Retrieval of Multimedia Metadata, In the
Proceedings of the Knowledge Markup and Semantic Annotation Workshop, Semannot'05, (2005).

GOKTURK, O.,Metadata extraction from text in soccer domain, (Yiksek Lisans Tezi), Ortadogu
Teknik Universitesi Mithendislik Fakiiltesi, (2008).

_G("JKTURK, 0., Cicekli, N.K., Cicekli, I., Metadata extraction from text in soccer domain, ISCIS,
Istanbul, (2008).

HUNTER, J.,Adding Multimedia to the Semantic Web - Building an MPEG-7 Ontology, In
International Semantic Web Working Symposium (SWWS 2001), Stanford University, California, USA,
July 30 - August 1, (2001).

KARA, S.,An Ontology-Based Retrieval System Using Semantic Indexing, (YUksek Lisans Tezi),
Ortadogu Teknik Universitesi Mihendislik Fakltesi, (2010).

KARA, S.Alan, O., Sabuncu, O., Akpinar, S., Cicekli, N.K., Alpaslan, F.N., An Ontology-based
Retrieval System Using Semantic Indexing.DESWeb, IEEE ICDE Workshop,(2010).

KARAMAN, H.,A content based movie recommendation system empowered by collaborative missing
data prediction, (Yuksek Lisans Tezi), Ortadodu Teknik Universitesi Mihendislik Fakiltesi, (2010).

KATSIOULI P., Tsetsos V., Hadjiefthymiades S. Semantic video classification based on subtitles and
domain terminologies, SAMT'07 Workshop on Knowledge Acquisition from Multimedia Content
(KAMC), Genova, Italy, December, (2007).

LI, T.,Zhu, S., Ogihara, M., Using Discriminant Analysis for Multi-class Classification, Proceedings of
theThird IEEE International Conference on Data Mining, (2003)pp: 589- 592.

LOWE, D., Object recognition from local scale-invariant features, ICCV '99, vol.2, (1999) pp: 1150-
1157.

MIHALCEA, R., Tarau, P., TextRank - bringing order into texts. In Proceedings of the Conference on
Empirical Methods in Natural Language Processing (EMNLP), Barcelona, Spain, (2004).

OZBAL, G.,A content boosted collaborative filtering approach for movie recommendation based on a
local and global user similarity and missing data prediction, (Yiksek Lisans Tezi), Ortadogu Teknik
Universitesi Muhendislik Fakdiltesi, (2009).

OZBAL, G., Karaman, H, Alpaslan, F.N., A Content Boosted Collaborative Filtering Approach
ForMovie Recommendation Based On Local & Global Similarity and Missing Data Prediction, In
Proceedings of the 25th Intl. Symposium on Computer and Information Sciences (ISCIS), E. Gelenbe
et al. (Eds.) Lecture Notes in Electrical Engineering (62), London, (2010) pp: 109-112.

OZBAL, G., Karaman H., Alpaslan, F.N., A Content-Boosted CollaborativeFiltering Approach for
MovieRecommendation Based on Localand Global Similarity and Missing DataPrediction, to appear in
Computer Journal, Published by Oxford University Press on behalf of The British Computer Society,
doi:10.1093/comjnl/bxr001, (2011).

OZTURK, G., A hybrid video recommendation systembased on a graph-based algorithm, (Ylksek
Lisans Tezi), Ortadogu Teknik Universitesi Mihendislik Fakdiltesi, (2010).

OZTURK, G., Cicekli N.K., A Hybrid Video Recommendation System Using a Graph-Based Algorithm,
to appear in the proceedings of the Twenty-fourth International Conference on Industrial, Engineering

42



and Other Applications of Applied Intelligent Systems (IEA/AIE 2011), June 28 - July 1, Syracuse, New
York, USA, (2011).

SMEATON, A. F., Over, P., Kraaij, W., Evaluation Campaigns and TRECVid, in Proceedings of ACM
International Workshop on Multimedia Information Retrieval, (2006) pp: 321-330.

SIMSEK, A.,Ontology-Based Spatio-Temporal Video Management System, (Yiksek Lisans Tezi),
Ortadogu Teknik Universitesi Miihendislik Fakdltesi, (2009).

TARAKCI, H., CICEKLI, N.K., Ontological Multimedia Information Management System, eChallenges,
Stockholm, (2008).

TARAKCI, H.,An ontology-based multimedia information management system, (Yuksek Lisans Tezi),
Ortadogu Teknik Universitesi Mihendislik Fakiiltesi, (2008)

TOUTANOVA, K., Klein, D., Manning, C., Singer, Y, Feature-Rich Part-of-Speech Tagging with a
Cyclic Dependency Network, In Proceedings of HLT-NAACL, (2003) pp: 252-259.

TSINARAKI, C., Polydoros, P., Christodoulakis, S., Interoperability support between MPEG-7/21 and
OWL in DS-MIRF, In IEEE Transactions on Knowledge and Data Engineering (IEEE-TKDE), Special
Issue on the Semantic Web Era, (2007).

TUNAOGLU, D., Alan, O, Sabuncu, O., Akpinar, S., Cicekli, N.K., Alpaslan, F.N., Event Extraction
from Turkish Football Web-casting Texts Using Hand-crafted Templates, IEEE International
Conference on Semantic Computing, Berkeley, San Francisco, (2009).

VIOLA, P.,Jones, M., Rapid object detection using a boosted cascade of simple features, Proceedings
of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, vol. 1,
(2001)pp: 511-518.

WOLF, L., Hassner, T., Taigman, Y., Descriptor Based Methods in the Wild, Faces in Real-Life
Images workshop at the European Conference on Computer Vision (ECCV), October,(2008).

YAPRAKKAYA, G.Face identification, gender and age groups classifications for the semantic
annotation of videos, (Yiksek Lisans Tezi), Ortadogu Teknik Universitesi Mihendislik Fakiiltesi,
(2010).

YAPRAKKAYA, G., Cicekli, N.K., Ulusoy, I., Gender and Age Groups Classifications for Semantic
Annotation of Videos, In Proceedings of the 25th Intl. Symposium on Computer and Information
Sciences (ISCIS), E. Gelenbe et al. (Eds.) Lecture Notes in Electrical Engineering (62), London,
(2010) pp: 227-230.

YILMAZTURK, M.C.,Online and Semi-automatic Annotation of Faces in Personal Videos (Kisisel
Videolardaki YUzlerin Cevrimici ve Yari Otomatik Isimlendiriimesi), (Yiksek Lisans Tezi), Ortadogu
Teknik Universitesi Mithendislik Fakiiltesi, (2010).

YILMAZTURK, M., Ulusoy, I., Cicekli, N.K., Analysis of Face Recognition Algorithms for Online and
Automatic Annotation of Personal Videos, In Proceedings of the 25th Intl. Symposium on Computer
and Information Sciences (ISCIS), E. Gelenbe et al. (Eds.) Lecture Notes in Electrical Engineering
(62), London, (2010) pp: 231-236.

43



TUBITAK
PROJE OZET BiLGi FORMU

Proje No: 107E234

Proje Baslhgi: Kisisel Video Bilgi Yonetim Sistemleri i¢in bir Cati Gelistiriimesi

Proje Yiirutiiciisii ve Aragtirmacilar:
Dog. Dr. Nihan Kesim Cicekli

Prof. Dr. ilyas Cicekli

Dog. Dr. Ferda Alpaslan

Y.Dog. Dr. ilkay Ulusoy

Projenin Yuriitiuldiigii Kurulus ve Adresi: Ortadogu Teknik Universitesi

Bilgisayar Mihendisligi Bolimi, Ortadogu Teknik Universitesi, 06800, ANKARA

Destekleyen Kurulug(larin) Adi ve Adresi: Ortadogu Teknik Universitesi
Ortadogu Teknik Universitesi, 06800, ANKARA

Projenin Basglangi¢ ve Bitig Tarihleri: 1/2/2008 — 1/2/2011

Oz (en ¢ok 70 kelime)

Bu projede, ontoloji tabanl, anlamsal icerige yonelik etiketleme ve sorgulama
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Abstract

The video databases have become popular in various areas due to the recent advances in technology. Video archive
systems need user-friendly interfaces to retrieve video frames. In this paper, a user interface based on natural language
processing (NLP) to a video database system is described. The video database is based on a content-based spatio-temporal
video data model. The data model is focused on the semantic content which includes objects, activities, and spatial prop-
erties of objects. Spatio-temporal relationships between video objects and also trajectories of moving objects can be que-
ried with this data model. In this video database system, a natural language interface enables flexible querying. The queries,
which are given as English sentences, are parsed using link parser. The semantic representations of the queries are extracted
from their syntactic structures using information extraction techniques. The extracted semantic representations are used to
call the related parts of the underlying video database system to return the results of the queries. Not only exact matches
but similar objects and activities are also returned from the database with the help of the conceptual ontology module. This
module is implemented using a distance-based method of semantic similarity search on the semantic domain-independent
ontology, WordNet.
© 2008 Elsevier Inc. All rights reserved.

Keywords: Natural language querying; Content-based querying in video databases; Link parser; Information extraction; Conceptual
ontology

1. Introduction

The current technological developments offer convenient ways for storing and querying video files that
include movies, news clips, sports events, medical scenes, security camera recordings, to people and researchers
working in the areas of media, sports, education, health, security, and many others. There are mainly two
problems in the implementation of video archives. The first problem is related to the modeling and storage
of videos and their metadata. The second problem is how to query the content of the videos in a detailed
and easy manner.
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Unlike relational databases, spatio-temporal properties and rich set of semantic structures make it more
complex to query and index the video content. Due to the complexity of video data, there have been many
video data models proposed for video databases [1,2,8,10,15,16,22-24]. Some of the existing work use anno-
tation based modeling. Some use physical level video segmentation approach [37,44], and some have devel-
oped object based modeling approaches which use objects and events as a basis for modeling the semantic
information in video clips [1,30]. The object-oriented approach is more suitable to model the semantic content
of videos in a more comprehensive way.

There have been several methods proposed to query the content of video databases in the literature. It is
possible to divide these methods into mainly two groups: graphical interfaces and textual interfaces. In the
graphical user interfaces, the user generates queries by selecting proper menu items, sketching graphs, drawing
trajectories and entering necessary information with the help of a mouse like in WebSEEK [25], SWIM [43]
and VideoQ [7]. These are in general easy to use systems but they are not flexible enough. On the other hand,
textual interfaces that require the user to enter queries via SQL-like query languages or extensions to SQL are
difficult to use, since the user has to learn the syntax of the language [10,26]. Other approaches for textual
interfaces are not so flexible for the reason that Boolean operators or category-hierarchy structures are used
for querying like in VideoSTAR [17] and VISION [27]. The most flexible method among all these approaches
is the use of a natural language.

The aim of this paper is to present a natural language query interface over a content-based video data
model which has spatio-temporal querying capabilities in addition to the basic semantic content querying.
The video data model [22] identifies spatial properties of objects with rectangular areas (regions) resembling
MBRs (minimum bounding rectangles). It is possible to compute and query spatial relationships between two
rectangular areas, hence the objects covered by those rectangles. It is also possible to handle spatial relations
such as left, right, top, bottom, top-left, top-right, bottom-left, bottom-right, as directional relations, and
overlaps, equal, inside, contain, touch, and disjoint as topological relations. The model also supports querying
the trajectory of an object given the starting and ending regions. The model allows us to perform spatio-tem-
poral queries on the video and also provide the inclusion of fuzziness in spatial and spatio-temporal queries.
Our video data model [22] previously had only a graphical query interface. Later, the system is integrated with
a natural language interface in which the user can express queries in English. In this paper, we present this
natural language query interface to the video database system. The capability of querying the system in a nat-
ural language instead of an artificial language can be exemplified with the following kinds of queries.

o Find the frames where the prime minister meets the minister of foreign affairs. (A journalist may be posing
this kind of query frequently.)

o Show all intervals where the goals are scored. (This query may be used in a sports event archive.)

o Show all cars leaving the parking lot. (A security camera recording can be queried in this fashion.)

Our natural language interface can handle such queries and other forms of queries given in English.

There has been a considerable amount of work in querying the video frames in natural languages. They use
syntactic parsers to convert the media descriptions (or annotations) and build semantic ontology trees from
the parsed query [29]. However, these are usually application specific and domain-dependent (e.g. querying
only the recordings of street cameras in SPOT [19] or querying only the parts of news broadcast in Informedia
[18]). Not every system using natural language can capture high-level semantics. The video system Informedia
which is using keyword-matching natural language interface, cannot answer detailed queries nor handle struc-
tures with attributes. In this paper we propose a general-purpose video database querying system by adding a
natural language interface to a video data model [22]. Another contribution of the querying facility of the
system is the usage of information extraction techniques in order to find the semantic representation of user
queries [12,13]. In SOCIS system, the crime scene photographs are annotated with text and keywords are
extracted to index the photos [11,31]. However, only spatial relations in images are extracted in that system.
In our system, on the other hand, many other query types can be extracted from sentences and their semantic
representations are mapped to the underlying video data model.

It is an important problem to match a given query with the underlying video data in the systems that use
natural language interfaces. When natural language queries are parsed, the first aim is to extract the entities
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that occur in the query and match them with entities in the database. However sometimes, an exact match
cannot be obtained for the query from the database. For example, the user may query a car where a car entity
does not exist but instead Mercedes and Fiat exist as video entities. In order not to reply with an empty result
set, ontology-based querying is used after the parsing phase. The similarity between entities in the database
and parsed entities from query is evaluated by using an is-a hierarchy. The root of the tree is semantically more
generalized than the leaves. The highest similarity value of the entity is selected to be in the result. Therefore, a
natural language interface that uses ontology-based querying returns close-match results in addition to exact
matches [3,21].

Another important contribution of the natural language query interface presented in this paper is to per-
form an ontological search by using a domain-independent general-purpose ontology that holds the ontolog-
ical structures of English words. In querying, the system will not only search the given words but also perform
semantic similarity search based on the ontological structure of the given words. For instance, when the user
poses a query like “Show all frames where vehicles are seen”, the system will be able to return videos which
include vehicles and all semantically similar words such as cars, buses or trains. Although many different
semantic similarity algorithms exist, none of the methods gives the best result. In our system, we preferred
a combined method of an edge counting method of Wu and Palmer [41] with a corpus based method, because
it gave the best results in our tests [12]. The ontology-based querying has previously been used in some other
video systems, but these systems construct their own ontology that needs to be changed whenever the domain
changes [29]. In this paper, syntactic parsing with a general lexicon and domain-independent ontology search
are preferred for the flexibility of the developed interface. Hence, no additional dictionary or semantic simi-
larity algorithm is needed when the domain and the video data entities change.

The rest of the paper is organized as follows: The related work is given in Section 2. In Section 3, the video
data model that is used as the basis of this paper is summarized by introducing the types of queries supported
by the model. The proposed system maps the given English queries into their semantic representations. The
semantic representations are built from the output of the parsing module, by the information extraction mod-
ule of the system. Section 4 describes the extraction module and the parsing technique used in query process-
ing. Section 5 presents the details of the ontology-based querying that provides close-match results. In Section
S, we also explain the expansion of the semantic representations that are extracted from the natural language
processing module. We give evaluation results for ontology-based searching in Section 6. Finally, Section 7
presents the conclusions and future work.

2. Related work on natural language query processing

A natural language interface is desirable to query the content of videos, in order to provide a flexible system
where the user can use his/her own sentences for querying. The user does not have to learn an artificial query
language, which is a major advantage of using a natural language in querying.

Although natural language interfaces provide the most flexible way of expressing queries over complex data
models, they are limited by the domain and by the capabilities of parsers. The main issue is the conversion of a
given natural language query into the semantic representation of the underlying query language. This process
is not a simple task and different NLP techniques can be employed in order to map queries into their semantic
representations. Before we describe NLP techniques that are used in our system, we review the related work in
this section.

2.1. Natural language querying over databases

Early studies of natural language query processing depend on simple pattern-matching techniques. These are
simple methods that do not need any parsing algorithm. SAVVY [5]is an example of this approach. In this sys-
tem, some patterns are written for different types of queries and these patterns are executed after the queries are
entered. For example, consider a table consisting of country names and their capitals. Suppose that a pattern is
written as ““ Retrieve the capital of the country if the query contains the word ‘capital’ before a country name”. Then
the query “What is the capital of Italy?” will answer ““ Rome” as the result. However, since the results of this tech-
nique were not satisfactory, more flexible and complex techniques have been investigated.
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The method used in the system LUNAR [39] supports a syntax-based approach where a parsing algorithm
is used to generate a parse tree depending on user’s queries. This method is especially used in application-spe-
cific database systems. A database query language must be provided by the system to enable the mapping from
parse tree to the database query. Moreover, it is difficult to decide the mapping rules from the parse tree to the
query language (e.g. SQL) that the database uses.

The system LADDER [5] uses semantic grammars where syntactic processing techniques and semantic pro-
cessing techniques are used together. The disadvantage of this method is that semantic approach needs a spe-
cific knowledge domain, and it is quite difficult to adapt the system to another domain. In fact, a new grammar
has to be developed when the system is configured for a different domain.

Some intermediate representation languages can be used to convert the statements in natural language to a
known formal query language. MASQUE/SQL [4] is an example for this approach. It is a front-end language
for relational databases that can be reached through SQL. User defines the types of the domain which data-
base refers using an is-a hierarchy in a built-in domain-editor. Moreover, words expected to appear in queries
with their logical predicates are also declared by the user. Queries are first transformed into a Prolog-like lan-
guage LQL, then into SQL. The advantage of this technique is that the system generating the logic queries is
independent from the database and therefore, it is very flexible in domain replacements.

2.2. Natural language techniques over video databases

Because of rich set of semantic structures and spatio-temporal properties in video data models, it is more
complex to support querying in video databases. Natural language querying systems should be able to handle
more complex query structures. This means that NLP techniques used in video databases should be more
sophisticated so that queries can be mapped into the underlying query language. Syntactic parsers can be used
to parse the given natural language queries, mapping systems can be used to map queries into their semantic
representations, and ontologies can be used to extend the semantic representations of the queries.

The video system, SPOT [19], can query moving objects in surveillance videos. It uses the natural language
understanding in the form of START (a question-answering system) [20], which has an annotation based nat-
ural language technique. Annotations which are English phrases or sentences, are stored in the knowledge
base. The phrases are used to describe question types and information segments. Queries are syntactically
parsed to match with these annotations. When a match is found between annotations and parsed query
phrases, the segment in the annotation is shown to the user as a result. In SPOT, a track is the basic unit
of data, which traces the motion of a single object in time. The queries are translated into symbolic represen-
tations that tracks are formulated. These representations are also in the sense of matching the annotations in
the knowledge base. However, this system is incapable of capturing high-level semantics of the video content.

In [29], media data in the query is extracted into description data by using a matcher tool that uses the lex-
icon. These descriptions are semantically parsed with a domain specific lexicon in order to be matched with the
data in the database. This method is used for exact matching. However, since in natural language, same
descriptions can have different semantics, approximate matching is performed in the system by using semantic
network model. When the query is parsed, the semantic representation is translated into a semantic network in
which nouns and the actions in the query are the major nodes. There are also domain-dependent verb and
noun hierarchies stored in the knowledge base of the system. The semantic networks are tried to be matched
node by node according to the hierarchies. Weights are used in the hierarchy trees to enable better matching
results. The main drawbacks of the system are the difficulty of the weights for approximate matches and the
usage of a domain-dependent lexicon.

Informedia [18] uses a natural language interface in searching a news-on-demand collection. When a user
poses a natural language query, the system searches and retrieves the best 24 news stories that match the
query. Text summary headlines appear for the selected stories and the user can select the story that he is most
interested. Both text headlines and video “‘skims” are generated by extractive summarization. All stories are
scanned for words that have a high inverse document frequency in order to determine distinguishing stories.
The major concern in this study is to search the text annotations by using summarization techniques. They
mainly use a keyword-based search engine to find the video clips. Their approach is quite different from ours,
since we store the video content using a video data model not as text annotations.
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VideQA [42] uses a natural language interface in a question-answering system on news videos. In VideQA, a
short question is mapped into one of the eight general question classes with a rule-based question classifier. In
order to cope with the imprecise information in short questions, they also use WordNet to expand short questions.

In [14], a natural language query processor based on conceptual analysis is described. Their conceptual ana-
lyzer first tries to find nouns in the given query and then tries to fill the templates induced by verbs with the
found nouns. A filled template represents the semantic structure of a given natural language query. They use a
domain-dependent lexicon for nouns and verbs.

BilVideo [10] is expanded to support a natural language interface [23]. Natural language queries are
mapped into Prolog-based fact representations. Since this system does not support ontology-based querying,
it is not possible to get close-match results.

Zhang and Nunamaker use natural language processing techniques in video indexing [43]. They use a nat-
ural language approach to a content-based video indexing to find video clips. Their technique is similar to
information retrieval techniques. They did not use any ontology to find close-match results.

The natural language query interface described in this paper uses a wide-coverage shallow parser for Eng-
lish to parse the given queries. Then, the information extraction module is used to map the parsed queries into
the underlying formal query forms. Since the coverage of the parser and the information extraction module is
high, the system can handle a lot of different query forms. These two steps can be seen as first figuring out the
question template from the query and then filling in this template. Later, the found template is expanded using
WordNet which is a wide-coverage domain-independent ontology in order to handle approximate matches.

Domain dependence is an important subject to consider for every natural language interface method.
Domain dependency should be kept to minimum in order to enable a more flexible system when deciding on
a technique to implement a natural language interface. The systems that use domain-dependent ontology only,
need different ontologies for databases in different domains. In our system, however, we use WordNet which is a
wide-coverage domain-independent ontology for English in order to provide maximum flexibility in querying.

3. Video data model

The video data model used in this paper is a content-based spatio-temporal video data model [22]. The basic
elements of the data model are objects, activities and events. The video clip is divided into time-based partitions
called frames. Objects are real world entities in these frames (e.g. book, Elton John, football, etc.). They can
have properties (or attributes) like name and quantifiers (size, age, color, etc.). Activities are verbal clauses like
playing football, singing, etc. Events are detailed activities that are constructed from an activity name and one
or more objects with some roles. For instance John plays football, and the cat is catching a mouse are events.

Frame sequences contain a set of continuous frames that include any semantic entity like an object, an
event, etc. Each entity in the video data model is associated with a set of frame sequences in which they occur.
Frame contents can be queried by giving the object/event or activity of interest, and the system will return the
relevant frames with the display option.

The basic type of queries supported in our system is occurrence queries. Occurrence queries are used to
retrieve frames in which a given object, event or an activity occurs. In addition, it is possible to retrieve objects,
events and activities occurring in a given frame (time) interval.

The support for spatio-temporal queries is the main concern in this video data model. Spatial properties
contain the location of an object in the video frame. It is more difficult to represent the spatial relationships
between two objects in a video than images since video data has time-dependent properties. In this model, a
two-dimensional coordinate system is used for spatial properties of objects. The most preferred method to
define the location of an object is to use an MBR (minimum bounding rectangle) which is an imaginary rect-
angle that bounds the area of an object at the minimum level. With the spatial properties added to the model,
temporal properties are combined with them by defining region-interval tuples for objects. Thus, it is possible
to define and query spatio-temporal relationships in a frame sequence between any two objects. A rule base
covering the relations top, bottom, right, left, top-right, top-left, bottom-right, bottom-left, etc. is defined to help
calculations of spatial relationships. Since the objects may move in a given interval, the spatial relationships
may change over time. For instance, the cat is to the left of the table may change in a given time interval. This
problem introduces fuzzy definitions of spatial relations in the model [22].



G. Erozel et al. | Information Sciences 178 (2008) 2534-2552 2539

£ Query Video Data [[=1E|
R |Eegin ‘ |End J
e Object 2 Relation Threshold
| [~] | = | [~] [os [~]
Activity Name Role Player List

Objects AND Relation --> Frames

— - Membershi

Object AND Region --> Frames Object AND Interval --> Regions

Event --> Frames Frames --> Events

‘ Object --> Frames | l Frames --> Objects ‘
‘ | l Frames --> Activities |

Activity --> Frames

Clear | | Exit

Fig. 1. Graphical query interface of the video database system.

The relative positions of two objects or an object’s own position in the frame can be queried using spatial
relations. The spatial relations between objects can be fuzzy since the objects may be moving in a video stream.
The data model incorporates fuzziness in the querying of spatial relations by introducing a threshold value in
their definition. Temporal properties are given as time intervals described in seconds and minutes. In the
implementation, spatial queries are called regional queries; temporal queries are called interval queries. It is
also possible to query the trajectory of a moving object. Starting from one region, an object’s trajectory
can be queried if its positions are adjacent up to an ending region in consecutive video frames.

A graphical user interface is used to query the videos in a previous implementation of the video database
system. Pull-down menus and buttons are used to select objects, events, activities and spatial relations to
express a query as seen in Fig. 1. When a spatial relation is queried, related objects, the spatial relation
and also a threshold value are chosen from the drop down lists, and the type of the query must be selected
using buttons. However, this interface has not been very flexible. Therefore, we have decided to use a natural
language interface for querying the video contents.

4. Query processing

The idea is to map English queries into their semantic representations by using a parser and an information
extraction module. The semantic representations of queries are fed into the underlying video database system
to process the query and show the results. The main structure of the system is given in Fig. 2.

4.1. Semantic representations of queries

In order to extract the semantic representation of a query, it is sufficient to find the type of the given query and
its parameters. The structure of the semantic representations is similar to the underlying data model structures.
Therefore, in order to obtain the semantic representation of a query, we should be able to determine which parts
of the query determines the type of the query and which parts correspond to the parameters of the query.
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Fig. 2. The main structure of the natural language interface of the video data model.

Every query should include at least an object or an activity. Objects and activities are atomic particles that
form an event. Objects can also have parameters like its name and attributes that qualify its name in the query,
such as color, size, etc. In the implementation, the object representation is restricted to have only two attri-
butes described by any adjectives in the query. Therefore, the atomic representation of an object is:

o Object(name, attributel, attribute?2)

where ‘Object’ is the predicate name used in the semantic representation of the query, ‘name’ is the name of the
object, attributes (if they exist) are the adjectives used to describe the object in the query.

Activities are just verbs that are focused in the video frames. So they are also atomic and have representa-
tions like:

o Activity(activity_name)

where Activity is the predicate name used in the semantic representation of the query, activity _name is the
activity verb itself.

Events are not atomic, because every event has an activity and the actors of that activity as its parameters.
Thus, an event will be represented as:

o Event (activity, objectl, object2...)

where Event is the predicate name, activity is the activity of this event, and the subsequent objects are the
actors of this activity. The full semantic representation of an event occurrence query can be constructed only
after the activity and objects are extracted.

There may be other kinds of semantic representations for spatial and temporal properties in the queries.
Some of them are atomic structures such as coordinates and minutes, and some of them are relations between
any two object entities. Regional queries include some rectangle coordinates to describe a region. During
information extraction, the phrases representing the rectangles are converted to two-dimensional coordinates.
Thus, regional semantic representation is:

o Region(xl, yl, x2, y2)

where Region is the predicate name that is used in the query semantic representation. x1 and y1 are the coor-
dinates of the upper-left corner; x2 and y2 are the coordinates of the lower right corner of MBR.
Temporal properties are encountered as intervals in the query, so an interval is represented as follows:

o Interval(start, end)

where start and end are the bounding frames of the interval.
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Spatial relations are extracted as predicates and the extracted objects involved in the spatial relations
become the parameters of the predicates in the semantic representations. Semantic representations of the sup-
ported spatial relations are:

o ABOVE (objectl, object2, threshold)

o RIGHT (objectl, object2, threshold)

o BELOW (objectl, object2, threshold)

o LEFT (objectl, object2, threshold)

o UPPER-LEFT (objectl, object2, threshold)

o UPPER-RIGHT (objectl, object2, threshold)
o LOWER-LEFT (objectl, object2, threshold)
o LOWER-RIGHT (objectl, object2, threshold)

In these predicates, threshold value is used to specify the fuzziness in the spatial relations. The threshold
value is between 0 and 1, and it indicates the acceptable correctness percentage for the relation. For example,
the query “Find the frames, in which object A is seen to the left of object B, with a threshold value of 0.7” is a
fuzzy spatial relationship query. The system finds the frames in which A and B occurs and regions of A and B
satisfies the spatial relationship LEFT with at least 70% correctness, and these frames are returned as the result
of this fuzzy query.

Supported query types and their semantic representations are given in Table 1. Each query in Table 1 has a
different semantic representation with a different set of parameters. Hence, the data to be extracted depend on
the type of the query. The semantic representations of the parameters are extracted, and they are combined to
get the final semantic representation of the query.

4.2. Parsing queries

A syntactic parser is needed to extract information from the user query. We only need specific kinds of
word groups (like objects, activities, start of the interval, etc.) to obtain the semantic representations. A
light-parsing algorithm such as shallow parser [38], chunk parser [33] and link parser [28,36] is enough for
our purposes, since there is no need to find the whole detailed parse tree of a query. We have chosen to
use a link parser to parse given queries in our implementation, because of its ability to give more accurate
results. Another advantage of this parser is to have the ability to get the grammatical relations between word
groups, and these relations are used in the extraction of semantic representations.

Link parser is a kind of light parser which parses one English sentence at a time [28,36]. When a sentence is
given as an input to the parser, the sentence is parsed with /inkages using its grammar and its own word dic-
tionary. As described in [28,36], a link grammar links every word in the sentence. A link is a unit that connects
two different words. The sentence can be described as a tokenized input string by links which are obtained by
the sentence splitter. When the sentence is parsed, it is tokenized with linkages (a group of links that do not
cross). In the following example, Ds is a link that connects the singular determiner with its noun.

+—-——-Ds———+
a cat

A determiner (here it is a) must satisfy a Ds connector to its right. A single noun (here it is cat) must satisfy a
Ds connector to its left. When the connectors are plugged, a link is drawn between a word pair.

When a natural language query is parsed by the link parser, the output of the parser includes the linkage
information between the words of the query. For instance in Fig. 3 no two links cross and no words are left as
unlinked. The links are represented in capital letters. The semantics of the links are as follows:

0] connects transitive verbs to objects
D connects determiners to nouns
M connects nouns to post-nominal modifiers



Table 1

Query types supported by the system, semantic representations and their examples

Query types

Semantic representations of queries

Query examples in natural language

Semantic representation of the examples

Elementary object
queries

Elementary activity
type queries

Elementary event
queries

Object occurrence
queries

Activity type occurence
queries

Event occurrence
queries

Fuzzy spatial
relationship queries

Object interval queries
Activity interval
queries

Event interval queries

Regional(frame)
queries

Regional(interval)
queries

Trajectory queries

RetrieveObj (objA): frame_list

RetrieveAct (actA): frame_list

RetrieveEvnt (evtA): frame_list

RetrievelntObj (intervalA): object_list

RetrievelntAct (intervalA): activity_list

RetrievelntEvt (intervalA): events_list

RetrieveObj_ObjRel (rel,threshold):
frame_list

RetrievelntervalofObj (objA): interval_list

RetrievelntervalofAct (actA): interval list

RetrievelntervalofEvnt (evtA): interval list

RetrieveObjReg (objA, region): frame_list

RetrieveObjlnt (objA, intervalA): region_list

TrajectoryReg(objA, start_region,
end_region): frame_sequence

Retrieve all frames in which John is seen

Find all frames in which somebody plays football

Show all frames in which Albert kills a policeman

Show all objects present in the last 5 min in the clip

Retrieve activities performed in the first 20 min

Find all events performed in the last 10 min

Find all frames in which Al Gore is at the left of the piano with
the threshold value of 0.7

When is Mel Gibson seen?

Retrieve intervals where somebody runs

Find all intervals where the cat is running

Show all frames where Bill is seen at the upper-left of the screen

Find the regions where the ball is seen during the last 10 min

Show the trajectory of a ball that moves from the left to the
center

RetrieveObj (Obj_A): frames.
Obj_A (John, NULL, NULL)

RetrieveAct (Act_A): frames
Act_A (play football)

RetrieveEvnt (Evnt_A): frames
Evnt A (Act_A, Obj_A, Obj_B)
Act_A (kill)

Obj_A (Albert, NULL, NULL)
Obj_B (policeman, NULL, NULL)

RetrievelntObj (Int_A): objects
Int A(x — 5, x). [x: Temporal length of video]

RetrievelntAct (Int_A): activities
-Int_A (0, 20)

RetrieveIntEvt(Int_A): events
Int_A(x — 10, x). [x: Temporal length of video]

RetrieveObj_ObjRel (LEFT, 0.7): frames
LEFT (Obj_A, Obj_B)

Obj_A (Al Gore, NULL, NULL)
Obj_B (piano, NULL, NULL)

RetrievelntervalofObj (Obj_A): intervals
Obj_A (Mel Gibson, NULL, NULL)

RetrievelntervalofAct (Act_A): intervals
Act_A (run)

RetrievelntervalofEvnt(Evnt_A): intervals
Act_A (run)

Evnt_A (Act_A, Obj_A, NULL)

Obj_A (cat, NULL, NULL)

RetrieveObjReg (Obj_A, Reg A): frames

Obj_A (ball)

Reg A(x/2,0,x,y) [if coordinates of the frame’s rectangle is con-
sidered as 0, 0, x, y]

RetrieveObjInt (Obj_A, Int_A): regions
Obj_A (ball, NULL, NULL)
Int_ A (Int_A(x — 10, x) [x: Temporal length of video]

TrajectoryReg (Obj_A, Reg A, Reg B): frames

Obj_A (ball, NULL, NULL)

Reg A (0, 0, x/2, y)

Reg B(x/4, y/4, 3x/4, 3y/4) [if coordinates of the frame’s rectangle
is considered as 0, 0, x, y]

(424
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+--Wi---+ +--Dmc-+---Mp---+ +--G--+-Ss-+--Pv-+

WALL retrieve.v all frames.n where Elton John is.v seen.v

Fig. 3. The output of link parser for a sample object query.

C connects subordinating conjunctions

G connects proper nouns together in series

S connects subject-nouns to finite verbs

P connects forms of the verb “be” to various words

Wi connects imperatives to the wall (beginning of the sentence)

The lowercase letters next to the representation of link types are the attributes of the links. For instance p
means “plural” in Op, mc means “plural countable” in Dmc, s means “singular” in Cs, and v means ‘““passive”
in Pv.

4.3. Information extraction module

After a query is parsed with the link parser, the information extraction module forms the semantic repre-
sentation of the query from the output of the parser. A similar technique is also used in crime scene reconstruc-
tion [11] which has been adopted from information extraction methodology used in SOCIS [31]. In [11], crime
photos are indexed with spatial relations and scene descriptions by using the information extraction in an
application domain. In our system, the information extraction module depends on a rule-based extraction
defined on the linkages of a link parser. The aim is to extract word groups in the parsed query in order to
map them to the semantic representations defined for objects, activities, intervals, regions and spatial relations.
After extracting the basic terms, the full representation of the query is formed by determining the query type
and the return value. Objects are nouns and their attributes are adjectives; activities are verbs, regions and
spatial relations can be nouns or adjectives. So, the link types and the order of the links determine what it
is to be extracted.

For each word group that can be extracted, one or more rules are implemented in a knowledge base. Once
the query is parsed, special link types are scanned. Whenever a special linkage path is found, the rules written
for finding out the structure (like object, query type, event, etc.) are applied to the path. For example, the fol-
lowing rule is one of the rules that are used to extract an activity:

e Control the Cs link.

o If an Ss link follows this link and if the right-end of Cs is any word like “somebody, anybody, someone, etc.”.
Ss link’s right word is the activity.

o [f there is a following Os link, then the right-end of Os is a part of the activity (ex: playing football)

For each query, the query type is first extracted from the parsed query. Then, the parts of the semantic rep-
resentation are extracted. For instance, consider the query in Fig. 4. In this query, the word interval is the

+-——-Wi---——+ +--Dmc--+---Mp---+---Cs--+---Ss-—-+

WALL retrieve.v all intervals.n where somebody talks.v

Fig. 4. The output of link parser for a sample interval query.
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key word to determine the return value of the query’s semantic representation, and it indicates that the query
is an interval query. In order to determine the type of this interval query (i.e. object interval query, activity
interval query, or event interval query), the right-end of Mp link is analyzed. For instance, when the rule above
is applied, it is determined that there is an activity in the query. Therefore, this is an activity interval query, and
the activity is talk. Thus, the following semantic representation is found by the information extraction module
after all relevant rules are applied:

e RetrievelntervalofAct (Act_A): intervals.
e Act_A (talk).

Let us consider the query in Fig. 3 as another example. Op linkage helps us to determine the return type of
the query as frames. Then all atomic representations are searched tracing the linkage paths. When the Cs link
is traced, an object, Elton John, is found. The tracing process is finished when no more atomic representations
can be found. So depending on the keyword frames and only one object representation, the query type is
decided to be an Elementary Object Query. Thus, we get the following semantic representation for the query.

e RetrieveObj (Obj_A): frames.
e Obj_A (Elton John, NULL, NULL).

Certain parts of the parsed query may not directly map to a part of the semantic representation. For
instance, a numerical value can be entered either as a number or as a word phrase in a query. However in
the data model it needs to be a numerical value. Therefore, a numerical value expressed as a word phrase
should be converted into a number. This difficulty also arises in the extraction of regions. The regions are pre-
ferred to be described as areas relative to the screen like left, center, upper-left, etc. To map this data to the
video data model, these areas should be converted into two-dimensional coordinates. Thus, the regions are
represented as rectangles. So, the screen is assumed to be divided into five regions as upper-right, upper-left,
lower-left, lower-right and center. The area in the query is matched with these regions. For example, for the
word phrase “right” in the query, the coordinates of upper-right and lower-right are evaluated. A similar
problem also occurs in interval queries. When the user phrases “the last 10 min”, the beginning time must
be evaluated to map with the video data. Therefore, the extraction algorithm is also responsible for these con-
versions. Some examples of these conversions are given in the last column of Table 1.

5. Ontology-based querying

In our video data model, all objects in the video database are annotated with nouns, and all activities are
annotated with verbs. When a natural language query is converted into its semantic representation, the seman-
tic representation of the query will contain at least one object or one activity. Similarly, each query object is
represented with a noun and each query activity is represented with a verb. In order to find the video frames in
which the query object appears, the noun representing the query object must match with one of the nouns
representing the objects in the video frames. When the query object exactly matches a video object, we call
this as an exact match.

When there does not exist any exact match between the object in the semantic representation and any of the
objects in the video database, the system cannot return any results if it employs only an exact match method.
This problem occurs when the user enters more generalized or more specific words in the query compared to
the words used to represent the objects in the video database. For example, the user may query frames involv-
ing a ‘car’ but the database may include only the object ‘sedan’. Although ‘sedan’ is also a ‘car’, the system
cannot return any frames since the object ‘car’ does not exactly match with the object ‘sedan’.

When there is no exact match between the object in the query and the objects in the video database, it
may be desirable to return approximate results. A conceptual ontology can be used in order to return
approximate results. An ontology is a kind of knowledge base that involves concepts and their definitions
to be used for the semantics of the application domain [34,35]. A conceptual ontology can be used to
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measure the similarity between two words representing the objects. For example, ‘car’ and ‘sedan’ are seman-
tically similar words.

Although there are different types of ontologies, we have chosen WordNet [40] ontology, since it is the most
general ontology used for semantic similarity of nouns and verbs. When user queries are processed, the most
similar concepts are returned to the user by evaluating semantic similarities between objects in the video data-
base and the object in the query using the WordNet ontology. Thus our system is able to return not only the
exact matches but also approximate matches by finding semantically similar objects with the help of WordNet.

5.1. WordNet ontology

WordNet which is developed at the Princeton University is a free semantic English dictionary that repre-
sents words and concepts as a network. It organizes the semantic relations between words. The minimum set
of related concepts is a ‘synonym set’ or ‘synset’. This set contains the definitions of the word sense, an exam-
ple sentence and all the word forms that can refer to the same concept. For instance, the concept ‘person’ has a
synset of {person, individual, someone, somebody, mortal, human, soul}. All these words can represent the
concept ‘person’.

The WordNet has an is-a hierarchy model that can be viewed as a tree having one root. A parent node is a
more general term than its children. For example, ‘car’ is parent of ‘sedan’ in the WordNet hierarchy.
Although most of the nodes have a single parent, some of the nodes in WordNet can have more than one par-
ent. For this reason, WordNet is not exactly a tree [9]. In WordNet, there are nearly 75.000 concepts defined in
tree-like structures where nodes are linked by relations.

We use only noun and verb hierarchies in WordNet to measure similarity between objects and similarity
between activities, respectively. In addition to noun and verb concepts, hierarchies for adjectives and adverbs
are also included in WordNet. We have used version 2.0 of WordNet all throughout this work.

5.2. Measuring semantic similarity between words

The aim is to use the knowledge of domain-independent semantic concepts to get better and closer results
for the query. The main issue in semantic similarity is getting more accurate results between two words: the
annotation word for the stored video object and the word used in the query [3]. Here semantic similarity is
measured between ‘words’. That is no word sense disambiguation (WSD) method is used to find the sense
of the query words and video object annotation words.

The user does not enter any information about senses of the words during the annotation of videos. There-
fore, all senses of both the query word and the video object should be evaluated for semantic similarity. There
have been many methods for evaluating the conceptual similarity, which can be divided into three groups:

e Distance-Based Similarity: The methods in this group depend on counting the edges in a tree or graph based
ontology [6]. Finding the shortest path is important, but when the edges are not weighted, like in WordNet,
other metrics, such as the density of the graph, link type and the relation among the siblings, should also be
considered.

e Information Based Similarity: These methods use corpus in addition to the ontology in order to get statis-
tical values [34]. Information content is a kind of measure showing the relatedness of a concept to the
domain. If the information content is high, it means the concept is more specific to the domain. For exam-
ple, school bag has higher information content while bag has lower information content. Implementing
these methods is more difficult than evaluating path lengths.

e Gloss Based Similarity: Gloss is the definition of a concept. Gloss based similarity methods depend on
WordNet to find the overlapping definitions of concepts and concepts to which they are related [32]. It
has the advantage that similarity between different part of speech concepts can be compared. However,
gloss definitions are too short to be compared with other glosses.

In processing a query, ontology processing should constitute a small amount of the workload. Therefore,
the aim is to select the fastest and relatively the most accurate method. After certain experiments with different
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conceptual similarity techniques, we selected a version of Wu and Palmer’s method [41] to measure the sim-
ilarity between query objects and objects in the video database. Wu and Palmer’s method is a distance-based
similarity method. The object in the query is compared with the objects in the video database to measure
their similarities. The most similar objects (the objects whose similarity values are above a certain cut-off
value) are selected by our conceptual similarity method in order to be used in the semantic representation
of the query.

Our conceptual similarity algorithm can find the semantic similarity degree between a query word and a
stored video object word using WordNet. Since both the query word and the video object word can have many
word senses, we find the similarity values for all sense pairs. The sense pair with the highest similarity value is
taken as the video object’s similarity to the query word. This operation is done between the query word and
every video object word. Similarity values are sorted in descending order and the resulting set of objects is
returned according to a cut-off value. The similarity value between a sense of the query word and a sense
of a video object word is between 0 and 1, and that similarity value depends on the distance between those
two senses in WordNet hierarchy. If the distance between the senses is small, the similarity value will be higher
(close to 1). On the other hand, the similarity value will be low when the distance is more.

5.3. Expanding semantic representations with ontology

The information extraction module creates semantic representations of queries by using only the words
appearing in queries, which are the words used for exact matches. These words are the parameters of the
semantic representations, and they represent objects or activities. In order to get approximate results, the
semantic representations are expanded with new words that are semantically similar to the words appearing
in queries. Our conceptual similarity algorithm finds the words that are semantically similar to a query word
by using the WordNet ontology.

Whenever the query includes a word representing an object, or an activity, our conceptual similarity algo-
rithm is invoked for that word, in order to get similar words representing objects or activities in the video data-
base. The words representing the objects and activities are stored in a result set. There may be more than one
element in the result set, therefore a new semantic representation is built for each element in the set. The fol-
lowing example illustrates the idea:

Query: Retrieve all frames where a car is seen.
Semantic representation before expansion:
RetrieveObj( ObjA): frames.
ObjA(car, NULL,NULL).
Semantic representations after expansion with the ontology:
RetrieveObj( ObjA): frames.
RetrieveObj( ObjB): frames.
RetrieveObj( ObjC): frames.
ObjA(car, NULL, NULL).
ObjB(jeep, NULL, NULL).
ObjC(sedan, NULL, NULL).

In this example, we assume that our similarity algorithm finds the similarity set { car, jeep, sedan} for ‘car’. Each
word in a similarity set represents an object available in the video database, and it is semantically similar to the
query word according to the WordNet ontology. The objects car, jeep and sedan are the objects in the video data-
base. Carisretrieved since itis an exact match. Jeep and sedan are retrieved by the similarity algorithm as the most
similar objects to car. For each element in the result set, a new semantic representation is formed. Since the sim-
ilarity set is an ordered set, the order of the semantic representations is the same as the order in this similarity set.
This means that jeep is semantically closer to car than sedan according to our similarity algorithm.

Semantic representations are expanded for not only objects but also activities. A similarity set for a verb
that represents an activity is also created by the similarity algorithm, and the set is used in the expansion
of the semantic representation.
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Events include an activity and one or more objects. When the query includes an event with more than one
object, the number of formed semantic representations increases. An ontology search is performed for all objects
and the activity. According to the established semantic similarities, a result set is obtained for the activity and the
object(s). The elements in the result sets are ranked depending on their semantic similarity values. Then these ele-
ments are combined to form tuples to obtain only one result set. The similarity values of the elements are multi-
plied so that their product represents the semantic similarity value of the tuple. The tuples are ranked depending
on their similarity values in the final result set. For each tuple in the last result set, a semantic representation for
the event is formed in a similar way done for the objects. As an example, consider the following query:

Query: Retrieve all frames where John is driving a car.
Semantic representation before expansion:
RetrieveEvnt( EvntA): frames.
EvntA(ActA, ObjA, ObjB).
ActA(drive).
ObjA(John, NULL, NULL).
ObjB(car, NULL, NULL).

Let us abstract the representation as RetrieveEvnt(drive, John, car): frames. Some of the similarities that
are found for the words in the query by our conceptual similarity method are given as the following similarity
sets:

e Similarity set of John is {John}.
e Similarity set of car is {car, jeep, sedan}.
o Similarity set of drive is {drive, operate}.

From these sets, we can find six different semantic representations. These semantic representations are
ordered with respect to their computed similarity values. The similarity value of a semantic representation
depends on the similarity values of the words used in the semantic representation. Thus, we get the following
six abstract semantic representations by using our conceptual similarity algorithm and the WordNet ontology.

Semantic representations (abstracts) after expansion with ontology:
RetrieveEvnt (drive, John, car): frames.
RetrieveEvnt(drive, John, jeep): frames.
RetrieveEvnt(drive, John, sedan): frames.
RetrieveEvnt(operate, John, car): frames.
RetrieveEvnt(operate, John, jeep): frames.
RetrieveEvnt(operate, John, sedan): frames.

Semantic representations are constructed in order to map the query to the query processing module of the
video database. The video database system has necessary functions to execute each query. These functions
require the same parameters as the ones in the semantic representations. Since there is a certain semantic rep-
resentation for each query type, the representations can be mapped to the functions directly. Thus the video
database and the natural language query interface are independent systems that communicate through the
semantic representations.

Whenever a query is posed to the natural language interface, it returns not only the semantic representation
of the query but also the type of the query to the video database. Since the parameters of the functions and the
representations are the same, the system calls the appropriate functions to execute the query.

6. Evaluation

In order to evaluate the effectiveness of our ontology-based querying method, we created a test domain.
This test domain consists of videos of a TV serial and videos obtained from a street camera. We especially
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put videos from different domains in order to show that our method is domain-independent. Video objects are
annotated with words by our annotation tool [22]. The total length of videos in the test domain was 280 min,
and there were 710 distinct video objects that were annotated with nouns.

We prepared a set of queries and made a list of all words that were used in these queries. The total number
of query words was 300. Some of these query words were the same as the words used to describe the objects in
the database. In other words, they would correspond to exact matches. The 83% of the query words did not
appear in the database. A human expert decided the correct frames for each query. The human expert marked
not only the exact matches but also the video frames that could match semantically with the query word. For
instance, for the query word ‘vehicle’, the human expert marked all video frames containing objects described
by words such as ‘car’, ‘bus’, ‘sedan’, ‘plane’, ‘ship’ as correct answers. The human expert also considered the
intended meanings of the query words in marking the correct answers. For instance, if the intended meaning of
the query word ‘bat’ is baseball bat, all video frames containing a baseball bat are marked as correct answers
but not the video frames containing the animal ‘bat’.

Then we executed the prepared queries to see which video frames would be retrieved by the system. For
each query, the returned answer set was compared with the correct answers prepared by the human expert,
in order to evaluate the success of our querying mechanism. The accuracy was measured by using the well-
known metric F-measure which was evaluated by the following formulas:

number of correct answers in the answer set
number of all answers in the answer set
number of correct answers in the answer set

precision =

recall =

number of all possible correct answers

2 % precision x recall

F-measure = —
precision + recall

Each query was expanded by using the words that are similar to the words appearing in the query. The
amount of the expansion depends on the cut-off value used by our conceptual similarity algorithm. We got
different expansions for different cut-off values and we got different answers for these different expansions.
The test results for the test domain are given in Fig. 5. For the test domain, we got the best accuracy result
(F-measure) when the cut-off value was 0.80. Our accuracy results are as follows when the cut-off value is 0.80:
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Fig. 5. Test results for the test domain (non-sensed).
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F-measure 0.73
Precision 0.69
Recall 0.78

These results indicate that 69% of the results in the answer set are correct, and 78% of all possible correct
answers appear in the answer set when the cut-off value is 0.80. These are the results with respect to the best
F-measure value (0.73). Of course, the precision can increase when we increase the cut-off value, but the recall
drops in this case. If the cut-off value comes close to 1.0, the precision becomes 1.0 too while the recall drops to
its minimum (8%). The recall reaches to its maximum when the cut-off value comes close to 0, but the precision
drops to its minimum (4%).

A noun can have multiple senses (meanings). Our similarity algorithm assumes that the query word is
related to a video object word, if a sense of the query word is similar to a sense of the video object word.
The query word can be related to an unintended sense of the video object word. In this case, they will be trea-
ted as similar words, and the video frame containing that video object word will be selected into the answer
set. For example, the word ‘mammal’ is related with the animal sense of the word ‘bat’, and it is unrelated with
the baseball bat sense of the word ‘bat’. When the video frames containing a mammal are searched, the video
frame containing a baseball bat can also appear as an incorrect result in the answer set, just because the video
frame containing a baseball bat is annotated with the word ‘bat’ only.

When a video object is annotated with a word, the sense of the word is actually known by the annotator. If
the annotator records the intended sense of the word together with the word, the precision and the recall will
increase. We wanted to know how much improvement we would get in our results if the video objects were
annotated with words together with their intended senses. We repeated the experiment with a test domain
in which words were recorded together with their intended senses during annotation. When we executed test
queries with this re-annotated test domain, the results were dramatically improved. We got the following
results in this experiment when the cut-off value was 0.80:

F-measure 0.91
Precision 0.88
Recall 0.95

This experiment indicates that an extra effort in the annotation dramatically improves the result. The results
of this experiment are given in Fig. 6.
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Fig. 6. Test results for the test domain (sensed).
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In the literature, there are not too many systems that use a natural language interface with their accuracy
results reported in their papers. The system described in [43] reports that their precision value for their tests is
0.372, and their recall value is 0.626. Of course, since their test domain and our test domain are not same, it
may not be fair to compare the quantitative results of two systems.

7. Conclusion

The system described in this paper uses a natural language querying interface to retrieve information from a
video database which supports content-based spatio-temporal querying. In order to implement the natural
language interface, a light-parsing algorithm is used to parse queries and an information extraction algorithm
is used to find the semantic representations of the queries. The core part of the extraction step is the detection
of objects, events, activities and spatio-temporal relations. The semantic representation is constructed as the
result of parsing the sentence with the link rules in a knowledge base. The semantic representation is used to
map the query to the functions of the query processing module of the video database system. A conceptual
ontology search is implemented as part of the natural language interface. Using the ontological structure,
WordNet, the system retrieves the most similar objects or activities to the words given in the query. An
edge-based method is combined with corpus-based techniques in order to get higher accuracy from the system.
The semantic representations enriched with the ontology are sent to the video database system to call the
appropriate query function.

In the current semantic representation of objects, an object can have only limited number of simple attri-
butes. As a future extension, we are planning to add more complex attributes to describe the objects. Adding
more complex attributes means that we have to deal with more complex noun phrases in the queries. The
information extraction module will then be more complex for objects; however the querying capability of
the system will have been increased. When the video database is expanded to handle compound and conjunc-
tive query types, the extraction rules will be expanded to handle more complex queries.

Ontology related experiments show us that if the user annotates the video with not only plain words but
also their senses in the WordNet, the accuracy rate of the natural language processing would increase. In a
future study, we plan to expand the annotations in video database with senses attached to the words describ-
ing the entities. This extension can increase the annotation cost of videos, but it will increase the accuracy of
the results.
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1. INTRODUCTION

Recently, the Web has been expanding both in the size of
the information space and in the number of the users of that
space. As a result, the task of locating relevant information and
navigating that space in order to make choices of good items
has been becoming more and more difficult. This information
overload has created a great interest in automated filtering,
refinement and organized presentation of relevant information
to the users. Such automated methods are used to locate
and retrieve information with respect to a user’s individual
preferences. Also, efforts to rank and sort information based on
user preferences have generated interest over the past few years.
One key area of research to achieve this goal is targeted around
recommender systems (RSs). In today’s world, many systems
and approaches make it possible for the users to be guided by
the recommendations people provide about new items such as
news, web pages, articles, books, music and movies.

Many of the recommendation strategies used today rely on
the modelling of intrinsic attributes about each item (e.g. the
keywords for a document or the genre of a movie) so that the
items can be categorized, and the level of interest that a user has
can be expressed in terms of these attributes. This knowledge is
usually gathered over time, by monitoring and logging various
user interactions with the system so that the knowledge base
is updated dynamically. An RS usually combines the values
(ratings) of the elements of every dimension according to some
evaluation scheme before obtaining a recommendation value
(rating) for an item.

Collaborative filtering (CF) is a recommendation method
that automatically predicts the interest of an active user by
collecting rating information from the similar users or items.
The underlying assumption of CF is that the active user will
prefer the items preferred by similar users [1]. This approach
is based on the idea that tastes of people are not randomly
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distributed, and there exist general trends and patterns within
the tastes of a person and between groups of people. However,
when the users in the system have rated just a few items in
the collection, the probability of finding similar users will be
reduced. Our study addresses this limitation, which is often
called the sparsity problem, by means of a content-boosted CF
approach applied to the task of movie recommendation. Our
main motivation is to investigate whether further success can
be obtained for handling the sparsity problem by combining
the previously proven methods, namely, ‘local and global user
similarity’ (LU&GU) [2] and ‘effective missing data prediction’
(EMDP) [1]. LU&GU aims to overcome the difficulty of making
a prediction under sparse user data, whereas EMDP determines
whether to predict the missing data by using the information
of user, items or both. Additionally, an enhanced Pearson
correlation coefficient (PCC) algorithm, where a significance
weighting factor has been added to overcome the potential
decrease of accuracy during user/item similarity computation,
is used. These approaches were enhanced by taking the
content information of the movies into consideration during
the item similarity calculations. The new updated formulas
are given in Section 4. We applied these methods to a movie
recommendation system named ReMovender.

The remainder of this paper is organized as follows. First,
we introduce the necessary background in Section 2 and related
work in Section 3, respectively. Then, the prediction mechanism
of the system is presented in Section 4. We describe the basics of
the movie recommendation system, ReMovender, in Section 5.
Section 6 is devoted to the evaluation of our approach. Finally,
we report the concluding remarks and state the further research
directions in Section 7.

2. BACKGROUND

There are many systems designed to cope with the various
problems of RSs using different approaches. CF has been the
most popular one among them for a long time due to its success
in many cases. However, because of the sparsity problem, CF
requires a considerable amount of rating information in order to
be successful. Besides, CF suffers from the new item problem
where it is not possible to make a rating prediction for the items
that have not been rated by any user yet.

In order to provide recommendations using CF, the system
first collects and maintains information about the user. This
information includes specific interest of users in certain items
and itis stored in separate profiles. Once all the user profiles have
been collected, the active user’s similarities with the remainder
of the users are calculated. This calculation is system specific
and it depends on the algorithm used. Then, the group of the
users that are most similar to the active user is selected, and
their ratings are combined to produce predictions. Predictions
of ratings may typically lead to the presentation of a ranked or
a top-n list of the most relevant items.

Most popular prediction methods that are widely adopted
in commercial CF systems are memory-based approaches.
Memory-based CF methods base rating predictions on the
entire collection of previously rated items by users. This
information is stored in the form of a user-item matrix. However,
memory-based collaborative techniques work correctly only if
a reasonable amount of reliable data about user preferences
is available. Traditional CF methods may not achieve success
when the user-item matrix data are sparse. Thus, two separate
methods, LU&GU [2] and EMDP [1], have been used to
attack the data sparsity problem with a stronger approach.
Secondly, the positive impact of using content information in a
CF approach is addressed by developing a content-boosted CF
prediction technique.

In [1], itis stated that sparsity of the user-item matrix leads to
inaccurate recommendations. In order to handle this problem, an
enhanced PCC algorithm, which adds a parameter to overcome
the potential decrease of accuracy during user/item similarity
computation, is used. In addition, an EMDP algorithm, in which
both user and item information is taken into consideration, is
proposed. In this algorithm, some similarity thresholds for both
users and items are set so that the prediction algorithm decides
whether to make a prediction or not. This research also addresses
how to predict the missing data by employing a combination of
user and item information.

One important aspect to be considered in the CF method is
the way similarity between the profiles of users is computed.
There are several possible algorithms for this computation.
The PCC is a method that is time-efficient and can achieve
higher accuracy than other similarity computation methods.
In user-based CF, PCC is employed to define the similarity
between two users based on the items that they rated in common.
On the other hand, the basic idea in similarity computation
between two items i and j by using PCC is to first isolate
the users who have rated both of these items and then apply a
similarity computation technique to determine the similarity
between the items. When PCC is used for the similarity
calculations of both user and item, the possible similarity values
range from —1 to 41 including 0. The larger the similarity
value of two items is, the more similar the related items
are.

In our approach, user ratings for an item are predicted by
using the content of that item and the rating information of
similar users and items. PCC is used for the calculation of
user/item similarity. However, PCC overestimates the similarity
of users who have rated a few items identically and who do
not have similar overall preferences. A correlation significance
weighting factor is added to devalue the similarity weights based
on a small number of co-rated items.

Throughout the study in [2], the concept of local and global
similarity based on surprisal-based vector similarity, and an
application of the concept of maximin distance in graph theory
are presented. Besides, a user-based CF framework based on
these concepts is explained.
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Surprisal-based vector similarity expresses the relationship
between any two users based on the quantities of information
(called surprisal) contained in their ratings. The intuition behind
this method is that less common ratings for a specific item
provide more discriminative information than the most common
ones. As for the global similarity, it defines two users as similar if
they can be connected through their locally similar neighbours.
The approaches that make use of both user and item-based
algorithms can employ the approach followed by [2] to replace
the traditional user-based approach so that they can achieve a
higher performance. In fact, we base our method of attacking the
data sparsity problem on this assertion, and use a combination
of EMDP, and LU&GU concepts in our prediction technique.

3. RELATED WORK

There are many systems designed to cope with the various
problems of RSs using different approaches. CF has been the
most popular approach used for RSs, due to its success in many
cases. However, CF requires a considerable amount of rating
information in order to be successful. Besides, CF suffers from
the new item problem where it is not possible to make a rating
prediction for the items that have not been rated by any user
yet. For this reason, some researchers tend to combine the
existing methods and generate hybrid methods to overcome
these problems. The main idea behind hybrid recommendation
techniques is that ‘a combination of algorithms can provide
more accurate recommendations than a single algorithm and
disadvantages of one algorithm can be overcome by other
algorithms’.

There is a survey of the landscape of actual and possible
hybrid recommenders in [3] in which a novel hybrid RS, named
EntreeC, is introduced. EntreeC is a system that combines
knowledge-based recommendation and CF to recommend
restaurants to users. It shows that semantic ratings obtained
from the knowledge-based part of the system enhance the
effectiveness of CF.

An overview of RSs is presented in [4], which classifies the
recommendation methods into three main categories: content-
based, collaborative and hybrid recommendation approaches.
This paper also describes various limitations of current
recommendation methods and discusses possible extensions
that can improve recommendation capabilities to cover a
broader range of applications. These extensions include,
among others, an improvement of understanding of users and
items, incorporation of the contextual information into the
recommendation process, support for multi-criteria ratings and
a provision of more flexible recommendations.

The approach used throughout [5] describes a framework
that combines missing data scores with content-based
recommendations in order to produce a hybrid recommendation
system. In the first stage, personalized user agents produce
recommendations for items with a content-based method. Then,

a second agent models the likelihood that the user already finds
this item interesting. This model of the missing data is combined
with the personalized content agents to form a model of stacked
agents using CF. Improved results over a baseline content model
are obtained with the help of the proposed approach. Besides,
since the system combines content-based methods with CF
ones, it attacks the cold-start problem in an effective way and
outperforms approaches that rely on pure CF.

The study in [6] presents a hybrid music recommendation
method that solves the problems of both CF and content-
based recommendation. The proposed method integrates both
rating and content data by using a Bayesian network called
an aspect model. Unobservable user preferences are directly
represented by introducing latent variables that are statistically
estimated.

The evaluation results show that this method outperforms the
two conventional recommendation methods in terms of recom-
mendation accuracy and artist variety. High recommendation
accuracy is achieved by the reliable modelling of user prefer-
ences and the integration of rating and content data. Besides,
the proposed system attacks the ‘new item problem’ by recom-
mending reasonable pieces even if they have no ratings.

The movie recommendation system, called MoRe, uses a
hybrid approach based on content-based and CF techniques [7].
The system uses switching and substitute techniques by
monitoring certain parameters that trigger either a CB or CF
prediction. Besides, an empirical comparison of the hybrid
approach to the base methods of CF and CB is provided.

The system collects user ratings concerning movies on a one-
to-five scale through the graphical user interface. In order to
handle the new user problem, the user is asked to provide several
ratings after registration. In this manner, the prediction process
can be initiated by the system. The two versions of the hybrid
algorithm are differentiated by the parameter that controls the
switch from the CF to the CB method. A web crawler is used in
order to seek the movie description features from the website of
an internet movie database. The system creates the set of most
similar movies for all available movies at an off-line phase in
order to speed up run-time predictions. The size of the neighbour
set is determined by the system administrator.

In order to make movie recommendations, CF uses the ratings
matrix, whereas the content-based predictor uses mainly the
movie data files. As for the hybrid methods, they make use of
both CB and CF engines. Although the system is able to produce
recommendations based on more than one method, only one
method, which is specified by the administrator, is applied at
any given time.

Users of this system receive the recommendations in a ranked
list of movies where the prediction appears to the user in a ‘five-
star’ scale, while users provide their feedback directly on the
recommended movies.

Melville et al. [8] present a framework for combining content
and collaboration. Personalized suggestions through CF are
maintained by using a content-based predictor to enhance
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existing user data. Data sparsity and first-rater problems, which
are the drawbacks of the CF systems, are overcome by exploiting
content information of the items already rated. Basically,
content-based predictions are used to convert a sparse user
ratings matrix into a full ratings matrix, and then CF is used to
provide the recommendations. The content information of each
movie is collected from IMDD by using a simple crawler and the
content information of each movie is represented as set of slots
(features), each of which is simply a bag of words. The features
that are used for this system are movie title, director, cast, genre,
plot, summary, plot keywords, user comments, external reviews,
newsgroup reviews and awards. The conducted experiments
show that content-boosted CF performs better than a pure
content-based predictor, pure collaborative filter and naive
hybrid approach. A naive Bayesian text-classifier, which is used
as a content-based predictor, is considered to be notideal, since it
disregards the fact that classes represent ratings on a linear scale.
This problem is planned to be overcome by using a learning
algorithm that can directly produce numerical predictions,
such as logistic regression and locally weighted regression. In
addition, the CF component is expected to improve by using a
Clustered Pearson Predictor.

The idea of improving predictions by integrating the content
information to the CF techniques constitutes the basis of our
work. We developed the system ReMovender by using a hybrid
approach that takes the content information of the movies into
consideration during the item similarity calculations.

4. CONTENT-BOOSTED CF APPROACH
4.1. System components

The overall design of ReMovender can be seen in Fig. 1. The
system functionality is maintained by three main components.

(1) Information extractor: This component is used to
store the necessary metadata about all movies in
the movie database IMDb [9] to the local database

Register

Login
O Execute queries

—_—
/k Make comments
See movies

User Interface

See recommendations

I
i

Recommendation Agent

of ReMovender by means of information extraction
techniques.

(2) User interface: With the help of this component,
the interaction of all the users including the system
administrator with the system is maintained. The
administrator can update the movie database and
calculate similarities and predictions off-line via the
user interface. In addition, by tracking the behaviour
of the user throughout the system like rating movies,
making comments, etc., the necessary updates are
made in the knowledge base of the system.

(3) Recommender: This component makes the appropriate
recommendations to the user by making use of movie
content and user profile (rating) information with the
help of some prediction techniques.

4.2. User modelling

The input to the CF system is a matrix of users’ ratings on a set
of items, where each row represents ratings of a single user and
each column represents ratings for a single item [10]. Given a
CF recommendation system consisting of M users and N items,
there exist an M x N user-item matrix R (Fig. 2). Each entry,
rm.n = X, of this matrix represents the rating that user m gives
toitem n, where x € {1, 2, ..., Fmax} [2]. This user-item matrix
can be decomposed into row vectors as follows:

R=Tluj,uy,...,uml¥, um = [Pt P2y e ees rmvN]T where
m=1,2,..., M.Here, the row vector uy; represents the ratings
of user m for all of N items. This row vector can be considered
as our user modelling technique.

4.3. Features and dimensions

In order to make the content information available, we extract all
necessary metadata about the movies from the movie database
IMDb [9] by using a Python package called IMDbPY [11].
Each movie is represented by a set of features where each
feature belongs to a dimension. In Table 1, the set of these
dimensions with their type, domain and distance measures are

Information Extraction Agent
O
Director IMDb
Genre
Plot
T Cast

Knowledge Base

FIGURE 1. Overall design of the system.

THE COMPUTER JOURNAL, 2011

456

461

466

471

476

481

486

491

496

501

506

511

516



521

526

531

536

541

546

551

556

561

566

571

576

581

CONTENT-BOOSTED CF APPROACH FOR MOVIE RECOMMENDATION 5

FIGURE 2. An example of user-item matrix.

TABLE 1. Dimensions of movie features.

Distance
Dimension  Type Domain measure
Rating Integer [1,5]
Production  Integer 1913, 1986, etc.
year
Run time Integer 30, 60, 90, etc.
Type String Movie, TV, etc. T'=1271:0
cinceC
Country String France, Italy, etc. %
1
cinceC
Cast String list ~ Natalie Portman, Mel M
G IC1]
ibson, etc.
- |IG1 NGyl
Genre String list  Comedy, etc. T
1
L . L1 N Ly
Language String list  English, etc. ﬁ
1
cinceC
Company String list ~ Warner Bros, etc. %
1
Writer String list ~ Vivian Newton, Kim W; = W7?1:0
Watson, etc.
K - |K1 N K>
eyword String list ~ Murder, love, etc. T
1
Plot String list

shown. Distance measures are available only for the ones used
in the prediction mechanism.

We use two different methods for the distance measure
calculation. The first one is valid for features with string type. If
the two values are equal, the distance is calculated as 1, else as 0.
The second method is applied to the features with string list type
and the result is equal to the cardinality of the intersection of
the two lists divided by the cardinality of the first list. Although
the divisor for the related calculation in [12] is specified as the
cardinality of the list with maximum cardinality, we do not use
this approach in order to preserve equality. To illustrate, let us

suppose that the cast of movie A consists of Kate Winslet, Jack
Nicholson and Demi Moore, the cast of movie B consists of
Kate Winslet, Demi Moore and Brad Pitt and lastly the cast of
movie C consists of Kate Winslet, Demi Moore, Angeline Jolie
and Richard Gere. While calculating the similarity of movie A
to the other movies in the system, the similarity between A and
B should not be calculated as greater than the one between B
and C just because the cast of the movie C is more crowded.
The similarity calculation mechanism in our approach considers
these two similarities as equal since the number of common
actors or actresses is the same.

4.4. Prediction and recommendation mechanism

User-based CF predicts the missing data by using the ratings
of similar users, whereas item-based CF makes a prediction
by using the ratings of similar items. We used a combination
of these two approaches to avoid the possibility of ignoring
some valuable information that will make the prediction
more accurate. The algorithms behind our approach and their
interrelationships are given in Fig. 3.

4.4.1. Significance weighting in the PCC
The PCC method was used for user and item similarity
calculations. The PCC takes the factor of the differences in
user rating styles into account. However, as stated in [13], the
PCC overestimates the similarities of users who happen to have
rated a few items identically, but may not have similar overall
preferences. Thus, we adopt the solution of [1], which proposes
a correlation significance weighting factor in order to devalue
the similarity weights that are based on a small number of co-
rated items.

Accordingly, the new user similarity calculation, where 1,N1,
is defined as the number of items rated in common by user a
and user u, is defined as follows:

Min(|Zy N Luly) .
—Si

CollabSim(a, u) = m(a, u). (1)

And the updated formula for the item similarity calculation,
where U; N U is defined as the number of users who rated both

User data —

Item Data ——|

User-Item
Matrix

Pearson
Correlation

Coefficient (PCC)
(formula 1 and 2)

Effective Missing

Data Prediction
(EMDP)

User Similarity
(uses formula 6)

Item Similarity
(uses formula 3,4,5 )

Local and Global
Neighbours of User
(uses LU&GU)

Nearest Neighbours of
Item (uses PCC)

FIGURE 3. Modules of the system.
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item i and item j, is as follows:

Min(|U; N U6
in(| i) g

CollabSim(i, j) = ;

m(, j). ()
Sim(a, u) represents the similarities of two users, a and u, and
is calculated by using a local and global similarity approach as
defined in Section 4.4.4. Sim(i, j) represents the similarities of
two items, i and j, and is calculated by using the formulas in
Section 4.4.2.

4.4.2. Content-boosted item similarity calculation
Traditional CF approaches do not take the content information
of the two items into account while calculating the similarity of
these two items. The PCC value of two items, i and j, is given
below:

> wev iy Fui — aver))
(ry,j —avg(r)))

> weviynu Gy Fui — avg(r;))?

>

2
uelU (HNU () (ru,j —avg(r;))

CollabSim(i, j) =

3

where u belongs to the subset of users who rated both of
the items, r,; is the rate user u gave to item i/ and avg(r;)
represents the average rating of item i. This algorithm can
work without any problem for a very dense user-item matrix.
However, there might be very crucial problems while dealing
with sparse data. In order for the PCC to be able to calculate the
similarity between two items, there must be a subset of users
who rated both items, i and j. However, the PCC may not find
such a subset, which prevents the algorithm from finding the
neighbours of the items. To overcome this difficulty, we also
use the content information of the items while calculating the
similarity.

It is asserted in [12] that human judgment of similarity
between two items often gives different weights to different
attributes. For example, while choosing a movie to watch, the
genre of a movie can be more important than the writer. Thus,
users base their preferences on some latent criteria, which is a
weighted linear combination of the differences in individual
attributes. Accordingly, [12] defines the similarity between
items /; and I; as

ContentSim(/;, I;) = wi f (A, A1j) +wa f (A, Agj) + -+
+ wnf(Ani’ Anj)’ (4)

where w, is defined as the weight given to the difference
between the items in value of attribute A,, and the
distance between the attributes is given by f(A,;, A,;). The
distance measures defined in Table 1 are used for the attribute
distance calculations. These measures provide the f functions
to return a value in range [0,1]. As for the feature weights, we
exploit the mean values that [ 12] estimate from a social network

TABLE 2. Feature weight values.

Feature Mean
Type 0.18
Writer 0.36
Genre 0.04
Keyword 0.03
Cast 0.01
Country 0.07
Language 0.09
Company 0.21

graph of items. The list of these weights can be found in Table 2.
This estimation is based on the presumption that feature weights
are almost universal for different sets of users and movies. To
test this presumption, different sets of regression equations have
been considered and they have been solved for the weights by
Debnath et al. [12].

As a conclusion, the formula that we use for the overall item
similarity calculation is

OverallltemSim(i, j) = (1 — 8) CollabSim(Z, j)
+ B ContentSim(i, j), (®)]

where 8 determines the extent to which the item similarity relies
on CF methods or content similarity.

4.4.3. Local neighbour selection

The process of selecting similar users and items has a
great impact on the overall prediction mechanism. However,
commonly used algorithms generate many dissimilar users.
If selected neighbours are not very similar with the current
user, the prediction mechanism has a risk of calculating
inaccurate values. In order to overcome this problem, we use the
thresholds introduced in [1] by modifying the related algorithm:
if similarity between the neighbour and the current user is bigger
than a similarity threshold n which is a predetermined value,
then this neighbour is added to the potential neighbour list which
is sorted according to the similarity values. The real neighbours
of the user are determined as the minimum of N, the size of the
potential neighbour list. Item similarity calculations are made
similarly.

4.4.4. Local/global user similarity

Local and global similarity concepts were first introduced in [2]
in order to address the sparsity problem. Although [2] makes
use of surprisal-based-vector space similarity for local user
similarity calculations, we adopted the PCC in our approach.
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FIGURE 4. The Floyd—Warshall algorithm graph.

The formula for user similarity calculation with the PCC is
Yicraniw Tai —ave(ra))
(rui —avg(ry))
\/Zie/(a)m(u)(ra,i — avg(ra))?
2

2
iel(a)m(u)(ru,i —avg(ry))

Sim(a, u) = (6)

where i belongs to the subset of items rated by both users, a and
u; rq,; is the rate user a gave to item i and avg(r,) represents the
average rating of user a. When there exist no sufficient amount
of items that user a and user u both rated, this formula may
not return realistic similarity values. But with the help of global
user similarity, more neighbours of a user can be found when
he/she has few or no immediate neighbours using local user
similarity with the PCC. In another sense, global user similarity
prevents the underestimation of the similarity of users who have
not rated common items. The global similarity between two
users is evaluated only if the local similarity between them is
below the determined threshold value.

In order to fulfil the previously mentioned goal, we adopt the
approach of [2] so that first a user graph is constructed using
the users as nodes and the local similarity values as the weight
of edges (Fig. 4). The negative local similarity values are set
to 0. Then, the maximin distance of two users in the graph is
calculated as the global user similarity value between them. We
update and exploit the Floyd—Warshall algorithm [14] in order
to effectively compute all-pairs of maximin distances. Given an
RS consisting of M users, an M x M user—user matrix R can
be constructed so that each entry of this matrix represents the
local similarity as the weight of edges. The maximin distance
cf‘l- between two nodes i and j can be defined with intermediate
vertices belonging to the set {1, 2, ..., k} as follows:

k kg k—1 k=1 k=1
¢;; = max {cl.‘j ,  min(c; s Crj )}. 7)

4.4.5. Effective missing data prediction

The EMDP algorithm addresses the data sparsity problem
by evaluating each missing data with the help of available
information. If the evaluation achieves confidence, the predicted
rating is stored in the entry of the new matrix. Otherwise,
no prediction takes place and the value of the missing data
remains zero.

To illustrate our prediction approach by using EMDP, let us
assume that user a’s rating for item i will be predicted. Then, the
main steps for our rating estimation process can be summarized
as follows:

(1) The user-item rating matrix is initialized according
to the user ratings for the movies. The entries that
correspond to the ratings of a movie that has not been
rated by the related user are set to 0.

(2) Local and global nearest user neighbours having the
similarity above the specified threshold are calculated.
If the number of both local and global neighbours is
equal to 0, no user-based prediction is made; else,
the following formula for the user-based prediction
is used. Here nnp (u,) denotes the local neighbours
of u,; nng(u,) denotes the global neighbours of u,;
sim/,which is calculated with the help of formula (1),
denotes the local similarity with significance weighting
between u; and u, and simg represents the global
similarity between them.

> upenny, (Ua) Simp (g, ua) 1
> upenn, (Ua) sim'y (u, ug)
> wienng (a) S’ (g, ug) rici

> e cnme (i) S (g, 1)

ub_r,;i = (1 —a)

+a ®)

(3) The nearest neighbours of the item are calculated. If
the number of neighbours is equal to 0, no item-based
prediction is conducted; else, the prediction is made
according to the below formula. Here CollabSim(iy, i),
which is calculated by formula (2), denotes the item
similarity between i; and i. nn(i) denotes the nearest
neighbours of item i. Lastly, avg(i) denotes the average
rating of item i.

ibrg; = avg(i)
> ivenn (i) CollabSim iy, i) (ra i, — avg(ix))
Zike,m (i) CollabSim (i, 7)

+
€))

(4) This step applies a different procedure according to
whether the prediction mechanism is in the training or
the testing phase of the evaluation procedure. The users
taken into consideration in the training phase are called
training users and the ones in the test phase are referred
to as active users.

If the number of both user and item neighbours is 0, the
predicted value changes according to the below conditions.

(1) If the rating to be predicted belongs to a training user,
the return value is 0.

ubib_r,; = 0. (10)
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(2) Else if the number of both user and item neighbours is
0, and the rating to be predicted belongs to an active
user, the formula for the predicted value is below, where
avg(r,) denotes the average rating of user a, and avg(r;)
denotes the average rating of item i.

ubib_r, ; = Aavg(r,) + (1 — A) avg(r;). (11)

Else if the number of user neighbours is 0, the overall
predicted value is equal to the result of the item-based
prediction.

ubib_r,; = ib_r, ;. (12)

Else if the number of item neighbours is 0, the overall
predicted value is equal to the result of the user-based prediction.

ubib_r,; = ub_r,;. (13)

Else the overall prediction depends both on the result of the
user and item-based prediction, and the resulting formula is as
follows:

ubib_ry; = Aub_ra; + (1 — A)ib_r. (14)

During the EMDP prediction for training users, the obtained
results are stored in another matrix in order to make this step
fair for all entries. Although the predicted ratings can have a
value <1 or >5, no rounding procedure is used in this step.

4.4.6. Recommendation

In order to recommend a set of movies to a user, all the missing
values in the related row of the user-item matrix are predicted
according to the procedure explained above. Then, the movies
of which ratings are predicted are sorted in a decreasing rating
order so that the recommendations can be presented to the user
in that order.

5. REMOVENDER: A CONTENT-BOOSTED CF
MOVIE RECOMMENDER

ReMovender is a web-based movie recommendation system
where people can freely navigate through, make comments on
and give a rating to the movies. Besides, the users of this system
are able to search specific movies, and make discussions about
movies with the other users. In the meantime, the system tracks
the actions of users and tries to learn their movie tastes in order
to make some movie recommendations to them. In addition to
these features, all users in the system have the chance of finding
the similar users who share the same kind of movie preferences.

The users of ReMovender are capable of viewing the details
of a specific movie. These details include the information about
the movie’s genre, language, countries, companies, writers,
keywords, run time, cast, plot and ratings on IMDb, which is
the current biggest movie database in the world. The related
interface for displaying the movie details can be seen in Fig. 5.

The users are also able to rate any movie with the help of
this interface. The profile of a user in the system is created
automatically from the ratings this user has given to the movies
that he/she has watched before. Each time a user gives a rating
for amovie, the profile of the related user is updated accordingly
so that the predictions in the future can be more successful and
satisfactory.

Each time a user logs into the system, some movie
recommendations are provided to the user as a list which has
been created by various prediction techniques of ReMovender.
The predicted ratings of the user for the movies in this list are
in the decreasing order, so that the most appealing ones occur
at the top. The related screen can be seen in Fig. 6.

The main page of ReMovender can be seen in Fig. 7.

ReMovender also has an interface designed for system
administrators to enable them to set some parameters that
are used throughout the prediction phase. With the help of
this interface, the administrator can also update the movie
database, the recommendations for the users in the system
and the information about similar users and movies. These
processes are completed off-line in order to decrease the
response time of the system for providing the user with the
necessary recommendations, and similarity information. The
related interface is shown in Figs 8 and 9.

6. EVALUATION

The evaluation of web-based recommendation systems is
somewhat different from the evaluation of other systems in
many aspects. The most fundamental distinction is that the core
of this problem is to model and maximize the user satisfaction
while making recommendations, which is not only difficult to

ReMovender

Homepage

The Fugitive (2000)

——

[sarch Movie|

See Recommendations
See Similar Users

Sign out IRATING 7.1

IGENRES |Action Drama
ILANGUAGES [English

IRUNTIME  ||60 minutes
ICOUNTRIES |[USA

ICOMPANIES |Warner Bros. Television

Richard Brestoff, Stephen Lang, Connie Britton, Gina Ravera,

IcAsT ) )
LLauren Tewes, Katie Tomlinson

David Ehrman, Roy Huggins, Valerie Mayhew, Vivian Mayhew,

[WRITERS
Kim Newton, Sharon Lee Watson

IKEYWORDS |murder remake black-cop

Dr. Richard Kimble is framed for his wife’s murder by a
Imysterious one-armed man. During sentencing Kimble escapes
lintending to catch the one-armed man and find out why he was|
Iframed. Following in hot pursuit is Inspector Philip Gerard,

ho is intending to bring in Kimble alive. But Gerard and the

IPLOT

FIGURE 5. Movie page.

THE COMPUTER JOURNAL, 2011

976

981

986

991

996

1001

1006

1011

1016

1021

1026

1031

1036



1041

1046

1051

1056

1061

1066

1071

1076

1081

1086

1091

1096

1101

CONTENT-BOOSTED CF APPROACH FOR MOVIE RECOMMENDATION 9

ReMovender

Homepage

About Us RECOMMENDATIONS

The Fugitive (2000

‘ GENRES Action Drama

'Sarch Movie| WRITERS

David Ehrman, Roy Huggins, Valerie Mayhew, Vivian Mayhew, Kim
Newton, Sharon Lee Watson
RUNTIME60 minutes

See Similar Users RATING 7.1

sign out

Titanic (1997)
GENRES Drama Romance
WRITERS James Cameron
RUNTIME 194 minutes
RATING 7.3

The Green Mile (1999)
GENRES Crime Drama Fantasy
WRITERS Frank Darabont, Stephen King
RUNTIME 189 minutes

RATING 8.4

FIGURE 6. Recommendation page.

Homepage
il Welcome to ReMovender!

ACCOUNT

ReMovender is a Web Based Movie Recommendation
System where people can freely navigate through,
make comments on and give rating to movies, discuss
with other people, search for specific movies,
arrange favorite movies list, and so on. While you are
] doing these, we track your actions and try to learn
[Login " your movie taste. By using your personalized profile,
we will be making some movie recommendations to you. We hope you enjoy
the movies we recommend to you. Have a nice time in ReMovender :)

User ID:

Password:

Forgot your password?

Name Surname:
New to ReMovender?

E-mail Address:

If you are new to , you can start taking of
this movie recommender system by just signing up from the left side of this
New Password: pa
ge.
Public Nickname:
i Any comments?
[select: v |

FIGURE 7. Main page.

measure but also changing over time. Below we give the details
of the evaluation process applied to ReMovender.

6.1. Data set

The experimental evaluation of ReMovender was conducted
using the MovieLens [15] data set maintained by the GroupLens
Research group at University of Minnesota. Among the three
available data sets, the one containing 100 000 ratings on a scale
of 1-5 for 1682 movies by 943 users, where each user has rated
atleast 20 movies, was preferred in order to make the evaluation

Homepage
T ADMINISTRATION
Welcome Adminsrator
User ID: From this page, you can change the values of the
[ parameters used throughout the system. Besides, you
F— can update the database of the system after making
sure that all necessary local IMDB files are
‘@‘ " downloaded.
Forgot vour password?
PARAMETER SETTINGS
Alpha:
Beta:
Gamma:
Local Theta:
Global Theta:
SET
FIGURE 8. Administration page part 1.
UPDATE DATABASE

Please click here for updating the IMDb local database.

UPDATE RECOMMENDATIONS

Please click here for updating the recommendations.

UPDATE SIMILAR MOVIES & USERS

Please click here for updating movie and item similarities.

FIGURE 9. Administration page part 2.

results comparable with the results in [1,2] that used the same
data set. The density of the user-item matrix created from the
MovieLens data set is given by:

100 000
—— = 6.30%,
943 x 1682
which can be considered sparse enough for the evaluation of the

system.

In order to make the contents of the movies in the data set
available for the content-boosted CF prediction approach of
ReMovender, the title and year of each movie in the MovieLens
data set were used for retrieving the related IMDb id from
the local copy of the IMDb database. However, ~400 movies
could not be correlated due to the language, year ‘and’/‘&’ and
capital letter inconsistencies. Besides, it was observed that the
titles of some movies in the MovieLens data set use the a.k.a.
(also known as) titles in IMDb. All of these inconsistencies
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were corrected manually so that all of the movie ids in the
MovieLens data set could be correlated against the IMDD ids,
which provided the system to obtain all the content required
during the content-boosted prediction.

In order to evaluate the prediction mechanism of ReMoven-
der, a cross-validation method was used. Among various cross
validation methods, the holdout method was preferred. Follow-
ing this method, the data set was separated into two sets, called
the training set and the test set. Thus, after a subset of 500 users
was extracted randomly from the data set, 300, 200 and 100 of
them were selected as the training users and the remaining 200,
300 and 400 were selected as the test users, respectively. The
respective sets were named as MovieLens300, MovieLens200
and MovieLens100. The number of ratings provided by the
users varied from 5 to 10 and 20, which were named as Given5,
Givenl0 and Given20, respectively. This resulted in a total of
nine configurations which represented different item sparsity
and user sparsity. The most important reason for adopting this
protocol during the experimental set-up of ReMovender is to
compare ReMovender with the other systems in the literature
that used the same protocol.

6.2. Maetrics

Mean absolute error (MAE) metrics were used to measure the
prediction quality of the proposed approach and to compare the
results with the results of other collaboration filtering methods
for which the same metric was used. Although many papers
on RSs evaluate their results with methodologies based on root
mean square error, we preferred to use the MAE in order to
compare our results with the results in the studies our work
is based on. However, as stated in [16], different evaluation
methodologies lead to totally contrasting conclusions about the
quality of recommendations.

MAE is computed by first summing the absolute errors of the
N corresponding ratings—prediction pairs and then averaging
the sum. And it can be more formally defined as

N
Yicy i =7l
N

where r; denotes the actual rating that the related user gave to
item 7, r/ denotes the rating predicted by our approach and N
denotes the number of tested ratings. As can be observed, a
larger MAE indicates a lower accuracy.

MAE = , (15)

6.3. Comparison

In order to test the performance of our prediction approach,
the MAE values obtained for the nine configurations explained
above were compared with the state-of-the-art algorithms on
MovieLens database (Table 3).

The parameters or thresholds that were used throughout the
prediction process were set as A = 0.6, y = 30, § = 25,
n = 0 = 0.6, numberOfNeighbours = 35 and ¢ = 0.5

TABLE 3. MAE comparison with state-of-the-art algorithms
on MovieLens.

Training

users Methods Given5 Givenl0 Given20

100 CBCFReM 0.7889 0.7653 0.7541
CFReM 0.7893 0.7665 0.7553
LU&GU 0.791 0.7681 0.7565
EMDP 0.7896 0.7668 0.7806
SF 0.8446 0.7807 0.7717
UPCC 0.8377 0.8044 0.7943
IPCC 0.9639 0.8922 0.8577

200 CBCFReM 0.7816 0.7628 0.7533
CFReM 0.7884 0.7637 0.7588
LU&GU 0.7937 0.7733 0.7719
EMDP 0.7997 0.7953 0.7908
SF 0.8507 0.8012 0.7862
UPCC 0.8185 0.8067 0.796
IPCC 0.955 0.9135 0.871

300 CBCFReM 0.7637 0.7562 0.7384
CFReM 0.7653 0.7616 0.7394
LU&GU 0.7718 0.7704 0.7444
EMDP 0.7925 0.7951 0.7552
SF 0.8062 0.7971 0.7527
UPCC 0.8055 0.7910 0.7805
IPCC 0.9862 0.9266 0.8573

just like the experimental set-up of [2] to obtain comparable
results. Other than that, 8 was set to 0.5 for evaluating our
content-based CF (CBCF) approach. We compared our two
separate prediction techniques including the one that uses a
pure CF approach without using content information (CFReM),
and the other one that exploits content information (CBCFReM)
with state-of-the-art algorithms including a user-based approach
using the PCC (UPCC) [17], item-based approach using the
PCC (IPCC) [18], similarity fusion (SF) [19], EMDP [1],
and LU&GU [2] as shown in Table 3. It can be easily
observed from this table that either by using content information
or not, our prediction approach significantly improves the
recommendation quality and outperforms the other competitive
algorithms in various configurations. As explained previously,
the EMDP algorithm in [1] is a combination of a user-
based and item-based predictor, whereas the LU&GU approach
in [2] is an improvement of user-based algorithms. When
EMDP employed LU&GU to replace traditional user-based
approaches, a better performance was achieved. Another
conclusion that can be drawn is that using content information
in item similarity calculations with our CF approach improves
the recommendation accuracy for all configurations.
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6.4. Impact of parameter 8

We introduced the parameter § to determine the extent to which
the item similarity relies on collaborative similarity or content
similarity. With g =0, the similarity depends completely on
collaborative similarity, whereas it depends completely on
content similarity when 8 = 1.

We conducted several experiments on all configurations to
determine the sensitivity of 8, in which the value of 8 was
varied from O to 1. The results of these experiments are shown
in Figs 10-12, respectively.

During the item-based prediction of the rating for a specific
item, the ratings of the other users in the system for that item
are not taken into consideration directly. These ratings only have
a contribution on the calculation of the average rating of that
item. As a design issue, while making user-based predictions,
the users who have not rated that item are not considered as
similar to the current user, whereas while making item-based
predictions, the items who have not been rated by the user
are not considered as similar to the current item. Due to the
second statement, in order to be capable of using the content
information of the items that are similar to the item for which

g 07930 .\p\/
=
5 07830 —8— Givens
Q = Givenl(
3 Given20
= 0.7730
b
o
m
< 07630

0.7530

0 0.3 0.6 1
BETA

FIGURE 10. Impact of 8 on MAE (on MovieLens100).

0.7950

0.7900
§ 0.7850
) —@— Given5
= 0.7800
3 == Givenl0
.°;’ 0.7750 Given20
=]
= 07700 v
3
Eé 0.7650
S 0.7600

0.7550

0.7500

0 0.3 0.6 1
BETA

FIGURE 11. Impact of 8 on MAE (on MovieLens200).

0.7800
0.7750
S 0.7700
o
2 0.7650
= 0.7600
207550
?5 0.7500
@ 0.7450
<
S 0.7400
0.7350
0.7300

=@ Given5
== Givenl(
Given20

0 0.3 0.6 1
BETA

FIGURE 12. Impact of § on MAE (on MovieLens300).

rating will be predicted, the user should have rated these items.
Thus, the number of ratings given by a user has importance
for our overall prediction mechanism. For these reasons, a
decrease in the MAE was observed for all of the configurations
when the number of the ratings of the user was increased. The
experimental results also show that more accurate and realistic
predictions can be obtained when the value of $ is around 0.5,
because in this way, the prediction can both exploit collaborative
and content-based similarity in certain and sensible amounts,
which shows that CF and CB approaches both have an important
and indispensable role in rating prediction.

The differences here show that our hybrid approach
outperforms the state-of-the-art algorithms in all experiments
we conducted. We obtained better solutions than LU&GU
and EMDP alone when we used EMDP along with LU&GU.
Employing content information in our hybrid approach
produced the best results from our experiments. The same
parameter values, thresholds and evaluation metrics were used
with the state-of-the-art algorithms in order to make the
consistent comparisons.

7. CONCLUSION

In this paper, we presented a hybrid approach for RSs which
uses a content-boosted CF approach combining the LU&GU
and EMDP techniques in order to handle the sparsity problem
effectively. We also applied this approach to a movie RS, namely
ReMovender, in which the content information of the movies,
which are obtained from IMDb, is exploited by the proposed
approach during the item similarity calculations.

Empirical analysis shows that our proposed prediction
algorithm outperforms other state-of-the-art CF approaches in
various configurations. When local and global user (LU&GU)
similarity is used by employing the EMDP technique to
replace traditional user-based approaches, a better performance
is achieved. Moreover, using content information during
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the item similarity calculations significantly improves the
recommendation quality of the CF approach.

As a future work, we plan to make the system publicly
available for daily use as an up-to-date movie recommendation
system so that further evaluation about the performance of
the prediction mechanism can be possible. Besides, we plan
to extend our method by adding content information in
a more natural way. Furthermore, different methods using
the relationship between user and item information can be
developed since the results of this research show that combining
these two kinds of information generates better performance.
People’s preferences change over time. These mind changes
can be put into consideration by devising new recommendation
algorithms taking time into consideration. Finally, further
experiments can be conducted to evaluate the success of the
system when similarity calculations are done by using surprisal-
based vector similarity introduced by [2] instead of the PCC.
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Abstract: In order to manage the content of multimedia data, the content must be
annotated. Although any user-defined annotation is acceptable, it is better if many
systems use the same annotation format. MPEG-7 is a widely accepted standard for
multimedia content annotation. In MPEG-7, semantically identical metadata can be
represented in multiple ways due to lack of precise semantics in its XML-based
syntax. This unfortunately prevents metadata interoperability. To overcome this,
MPEG-7 standard is translated into an ontology. In our work, we use an MPEG-7
ontology on top and wrap the given user-defined ontologies with MPEG-7 ontology,
thus building MPEG-7 based ontologies automatically. Our proposed system is an
ontological multimedia information management framework due to its modular
architecture, ease of integrating with user-defined ontologies naturally and automatic
harmonization of MPEG-7 ontology and domain-specific ontologies.

Keywords: semantic querying of video content, multimedia content annotation,
mpeg-7, mpeg-7 ontology, mpeg-7 based ontology

1. Introduction

Nowadays, using computer technology is the most common way to socialize. People share
their special or common multimedia data on youtube, facebook and similar web sites.
Besides, everybody has a personal digital library of photos, videos etc. and has experienced
the annoyance of looking for a specific video scene inside a huge amount of data without
the help of an intelligent multimedia data management system.

Many projects have been developed for the purpose of managing multimedia data with
respect to its content. Among these, we can list AceMedia [1], K-Space[2], BilVideo [3],
Informedia [4], VideoQ[5]. In this paper, we are concerned with semantic annotation of
multimedia data, especially videos. We will summarize the state of the art and then present
the difference of our proposed system. In order to manage huge amount of multimedia data,
the content must be annotated. The way in which the content is annotated depends on the
annotation environment of the multimedia information management system. Although any
user-defined annotation is acceptable, it is better if many systems use the same annotation
format. In other words, standardizing the metadata of the content is much better than each
system using its own defined annotation format. The widely accepted content annotation
standard is Multimedia Content Description Standard known as MPEG-7[6]. MPEG-7 is an
ISO/IEC standard and developed by MPEG (Moving Picture Experts Group). Furthermore,
MPEG-7 uses XML as the language of choice for the textual representation of content
description. In MPEG-7, semantically identical metadata can be represented in many
different ways due to lack of precise semantics in XML-based syntax. This unfortunately
prevents metadata interoperability. In order to overcome the interoperability issues, efforts



have been spent to translate MPEG-7 standard into an ontology and to enable its integration
with other ontologies through appropriate frameworks, thus enhancing interoperability.
There exist four OWL/RDF proposals of MPEG-7. These are Jane Hunter’s MPEG-7/ABC
ontology[7], Tsinaraki’s MPEG-7/Tsinaraki ontology[8], Garcia and Celma’s Rhizomik
model[9] and Arndt’s COMM]J10]. In this paper, basics of MPEG-7 ontologies are
mentioned and our choice of MPEG-7 ontology is presented. In our work, we use an
MPEG-7 ontology on top and wrap the given user-defined ontologies with MPEG-7
ontology, thus building MPEG-7 based ontologies automatically. Prior to wrapping the
user-defined ontology, we let the user to select concepts that are going to be used in
annotation. On the annotation and querying interface, we let the user to annotate or query
the wrapped concepts with their attributes. Our proposed system is an ontological
multimedia information management framework due to its modular architecture, ease of
integrating with user-defined ontologies naturally and automatic harmonization of MPEG-7
ontology and domain-specific ontologies which does not include automated or semi-
automated annotation but enables integration of any such module. In the paper, these
concepts are explained and some user interface screenshots are presented to give a flavour
of the usage of the system. The ontological multimedia information framework can be
easily used in specific domains naturally. Moreover, the system can easily be modified
according to domain-specific requirements due to its modular architecture.

Since our proposed system is based on MPEG-7 ontology, when a mapping between
MPEG-7 and another multimedia content description is available, the system can be easily
expanded to welcome new annotations. A domain-specific integration of the framework can
be easily produced.

The rest of the paper is organized as follows. A brief summary of related projects is
given in Section 2, emphasizing the difference between our framework and the existing
work. Section 3 reviews MPEG-7 standard and MPEG-7 based ontologies. Our ontological
video model is presented in Section 4. Section 5 summarizes the implementation of the
proposed multimedia information management system. Section 6 concludes the paper with
some comments about future work.

2. Related Work

People want to search and find the digital content according to its semantics. In order to
achieve this, there should be knowledge about the content. This knowledge comes from the
metadata of the content. Metadata can be on different levels of abstraction. On the lowest
syntactical level there are basic visual features of content like shape, size, texture, color and
movement of a camera or an object in a scene. On a higher level these physical features are
interpreted to derive semantic information. This includes taxonomies (e.g. genre),
organizational information (e.g. scenes for supporting indexing) and basic descriptions (e.g.
identification of objects involved in a scene, roles, etc.). Another type of semantic
information is the description of the content as annotations in natural language. As the
abstraction level of the metadata increases, the management and querying power of the
system increases.

There exist many projects that have been developed on the management of multimedia
data with respect to its content [1,2,3,4,5].

AceMedia[l] aims to automate annotation process at all levels and ease content
creation, search, access, consumption and re-use.

K-Space [2] focuses on narrowing the semantic gap between content descriptors which
may be computed automatically and the richness and subjectivity of semantics in high-level
human interpretations of audiovisual media.

BilVideo provides an integrated support for queries on spatio-temporal, semantic and
low-level features (color, shape, and texture) on video data [3]. BilVideo is an application-



independent system. In other words, the system can easily be tailored for the specific
requirements of such applications with the help of the definition of external predicates
supported by the system’s query language without much effort.

The aim of the Informedia project is to achieve machine understanding of video and
film media, in terms of search, retrieval, visualization and summarization[4]. Informedia
provides full-content search and retrieval of TV and radio news and documentary
broadcasts.

VideoQ[5] is a Web based video search system, where the user queries the system using
animated sketches that is defined as a sketch where the user can assign motion to any part
of the scene. VideoQ adopts client-server architecture. The client is a java applet which is
loaded to a web browser. The user sketches a query scene as a collection of objects with
different attributes including motion, spatio-temporal ordering, shape, color and texture.

Another research activity focuses on creating a framework for the automatic annotation
of videos in soccer domain and the semantic retrieval of soccer videos based on high-level
concepts[11]. The Multimedia Ontologies Annotator is the framework that allows users to
import basic ontology schemas, generate the multimedia ontology and annotate videos
according to the given ontology. Besides, the system performs complex queries in order to
retrieve videos containing specific visual concepts and high-level linguistic concepts.

In our project, we do not focus on automating or semi-automating annotation process
itself as most of the above projects do. We focus on providing the user with an ontological
video management system framework enabling him to make use of his ontologies in video
annotation and querying without any extra knowledge. Amongst the mentioned projects,
our proposed system is closest to the Multimedia Ontologies Annotator[11]. Moreover, we
aim to import existing MPEG-7 xml files to support backward compatibility to existing
systems. Our system is a general framework that delegates the annotation and querying
power from the system to the user’s hands by allowing him to configure the system with his
user-defined ontologies, in opposition to most of the above systems.

3. MPEG-7 Standard and MPEG-7 Ontology

It is preferable that all systems use the same format for annotating the multimedia content.
In other words, standardizing the metadata of the content is much better than each system
using its own annotation format. To visualize the benefit of multimedia data content
standardization, assume you annotated your video in a system that is using the standard
format. Then, you can query your annotated video in any system that is using the same
standard in annotation, since the systems are talking the same language. In real world, there
is such a standard named as MPEG-7[6].

MPEG-7 is an ISO/IEC standard for descriptions of multimedia content. It can be
classified into the group of standardised description schemes, however in contrast with
other standardised description schemes, it has not been developed in a restricted application
domain but it has been intended to be applicable to a wide range of application domains.

The goal of the MPEG-7 standard is to allow interoperable searching, indexing,
filtering, and access of audiovisual (AV) content by enabling interoperability among
devices and applications that deal with AV content description. MPEG-7 specifies the
description of features related to the AV content as well as information related to the
management of AV content. The scope of the standard is to define the representation of the
description, that is, the syntax and the semantics of the structures used to create MPEG-7
descriptions. The MPEG-7 does this by attaching complex semantics to the content.

In MPEG-7, semantically identical metadata can be represented in multiple ways due to
lack of precise semantics in XML-based syntax. This unfortunately prevents metadata



interoperability. To overcome these interoperability issues, efforts have been spent to
translate MPEG-7 standard into an ontology and to enable its integration with other
ontologies through appropriate frameworks, thus enhancing interoperability. There exist
four OWL/RDF proposals of MPEG-7[13]. In the approach proposed by Jane Hunter
[71,ABC ontology is used as the core ontology and it provides attachment points for
integrating MPEG-7 and domain  specific  ontologies.  Technically, the
mpeg7:MultimediaContent class is defined as a subclass of the abc:Manifestation
class, while the corresponding domain ontologies are assumed to be appropriately attached
to corresponding ABC classes. Complexity of Hunter’s MPEG-7 ontology is OWL-Full.

In Tsinaraki’s MPEG-7 ontology[8], the semantic part of MPEG-7 is translated into an
ontology that serves as the core ontology for the attachment of domain specific ontologies,
in order to achieve MPEG-7 compliant domain specific annotations. Its complexity is
OWL-DL.

Garcia and Celma’s Rhizomik model[9] is fully automatic translation of the whole
standard. Therefore, it is not limited to description schema and has an OWL-DL
complexity.

Core Ontology for Multimedia, which is abbreviated as COMM][10] is re-engineering of
MPEG-7 using DOLCE design patterns. COMM is an OWL DL ontology.

A brief comparison for existing four MPEG-7 ontologies is given in Table 1 [13].

Hunter DS-MIRF Rhizomik [COMM
Foundations |ABC [None [None IDOLCE
Complexity [|OWL-Full OWL-DL OWL-DL |OWL-DL
Coverage MDS+Visual [MDS+CS All IMDS-+Visual
lApplications [Digital Libraries [Digital Libraries Ellgllf‘?l MM Analysis

Table 1: Comparison of four MPEG-7 ontologies

In our proposed system, we want to accept existing MPEG-7 annotated multimedia
metadata xml files, and convert them to the system supported MPEG7 based ontology.
Therefore, we chose to use an MPEG-7 ontology that fully covers the existing MPEG-7
standard, which directs us to use Rhizomik Model.

4. Ontological Video Model

In order to achieve efficient querying and retrieval of multimedia data, the data should be
stored in the multimedia database in such a way that queries could be answered in a
reasonable time. This can be carried out by using a powerful video modelling technique. In
Advanced Video Information System (AVIS) [14], video is divided into frame sequences to
which activities, events and objects are associated. These associations are modelled by
using special data structures. These data structures are frame segment tree, which is
abbreviated as FST, and arrays that contain activities, events and objects. The model has
been extended in order to support spatio-temporal query types[16]. In our current system
we focus on providing the necessary infrastructure for a general framework which makes
use of ontologies in annotation and spatio-temporal querying of videos.

MPEG-7 ontologies try to find an elegant way to integrate MPEG-7 ontology with
domain-specific ontologies. Our goal on the other hand, is to automate the integration of
MPEG-7 ontology and domain-specific ontologies in an acceptable way. In order to
automate the integration of MPEG-7 and user-define ontologies, we propose a video model



ontology specification inspired by AVIS. The resulting video specification is the glue

between MPEG-7 ontology and other user-defined ontologies. The specification is

composed of the following rules:

1. There is a concept class which will be the superclass of the classes in the user-defined
ontology that are to be used in annotation and querying.

2. There is a temporal holder class which is the subclass of the mpeg7:VideoSegmentType
in Rhizomik MPEG-7 ontology.

3. There is a hasAppearanceOf property whose domain is video segment class and range is
video concept class.

4. There is a isAppearedOn property which is inverse property of hasApperanceOf
property.
The third and fourth items of the specification are inspired by AVIS FST tree. In our

system, we implemented this specification and use it to stick MPEG-7 ontology and

domain-specific ontologies together.

5. Proposed System: Ontological Multimedia Information Management
System

There exist two approaches in binding MPEG-7 and domain-specific ontologies. In the first
approach, which is Hunter’s MPEG-7/ABC approach, there is a core ontology that provides
attachment points for MPEG-7 ontology and other domain-specific ontologies. In the
second approach, which is MPEG-7/Tsinaraki approach, MPEG-7 is the core ontology and
it provides attachment points for other ontologies to bind.

In our work, we first examined Hunter’s MPEG-7 ontology, however we had technical
problems due to its incompleteness and therefore we head for another MPEG-7 ontology.
We decided to use Rhizaomik MPEG-7 ontology because of its one-to-one correspondence
with MPEG-7 schema. In addition, we adopted Tsinaraki’s approach which uses MPEG-7
as the core ontology. However, we do not leave the users with the complex details of
binding their domain-specific ontologies to attachment points provided by MPEG-7
ontology. Instead, we define a standard way of integrating MPEG-7 ontology and other
user-defined ontologies and automate the harmonization process.

As stated above, in our system we use Rhizomik MPEG-7 ontology on top and wrap the
given user-defined ontologies with MPEG-7 ontology, thus building MPEG-7 based
ontologies automatically. Prior to wrapping the user-defined ontology by MPEG-7
ontology, we let the user select concepts that are going to be used in annotation and
querying. The concepts that are going to be used in annotation and querying are wrapped by
MPEG-7 ontology. The user interface for this process is shown in Figure 1.

The screenshot in Figure 1 is taken from Ontology Management module of our system.
In this module, the user enters his ontology to the system by specifying a model name for
the imported ontology and by giving the system the path of the file of the imported
ontology. When the user clicks IMPORT button, the given model is imported by the
system. Afterwards, the system loads the nontrivial concepts in Concept Selection pane,
allowing the user to select which concepts in this ontology are subject to be used in
annotation and querying. When the user clicks EMBED button, the system integrates the
ontology, actually the selected concepts, with the MPEG-7 ontology.
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Import Hew Ontology:
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Enter file name of the imported ontology: hontologiesicamera.owl

Concept Selection:
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Figure 1: Screenshot for binding MPEG-7 and user-defined ontology

The screenshot in Figure 2 is taken from New Video Metadata page of the system. In
this page, the user annotates his videos by using the concepts from his ontology that is
entered to the system via Ontology Management page. In this page, the user can specify the
interval to annotate, via JMF applet by clicking “Click to see JMF Applet” link in Video
Properties pane. Moreover, the user can automatically select region of an object by using
JMF applet. Meanwhile, region selection is meaningful for spatio-temporal queries and it is
provided by the system infrastructure in order to support spatio-temporal querying. The
user selects the model in Model Selection pane to load concepts that are going to be used in
annotation. The embedded concepts of the selected model are loaded in the listbox in
Concept Selection pane. Then the user selects a concept. Following concept selection, the
individuals belonging to that concept are loaded to individual combo-box and attributes for
the selected concept are loaded in listbox in Attribute Selection pane. The user can annotate
the retrieved attributes in Attribute Selection pane.

Video Properties: camera
LOAD

Concept Selection:

= Click to see the JMF Applet

Annotation:
Model Selection: hitp:/oreenxfront. comfowlfontologies/camera/#Purchaseableltern
bt odront.comfowlfontalogies/camera/i#Bacy
Select model that you wiant to use annotation concepts from: http: v xfront. com/owl/ontalogies/camera/#BodyyithNonAdjustableShutterSpeed
- - i 1 logi L
camera - |
E http:ffwen xfront. comfowlfontologies/camera/#Large-Format
LOAD bt odfront.comfowlfontologies/camera/#Digital
bt metuyvs 3 combvideo/ontology#vsIConcept
Concept Selection: LOAD

Enter individual name for the concept|mycamera |

-
. Select from existing individuals for the concept| my camera

Enter individual name for the concept

¥ s BSE - 7 Attribute Selection:
Select from exdisting individuals for the concept, - |

http:ffwwewodront.comfowlfontologies/camerafviewFinder

Airitwite Sebecthon; hitp s xftont comyowlfantalngiss/camera#aod
pad B ntolc 1era/#lens
- bt odront.comfowlfontologies/cameraffcost

SET http: e dront comfovdfontologies/camera/#part

SAYE [E=yrer=m

Figure 2: Annotation screenshot: before and after loading concepts



In the implementation, we have used JSF and facelets in front side with myfaces and
richfaces components; Java programming language in server side; Jena as ontology API and
MySQL as database.

6. Conclusion and Future Work

The ontological multimedia information framework can be easily used in some specific
domain naturally. For example, a user who wants to use the system in soccer domain, can
achieve this just by feeding the program with a soccer-domain ontology. Moreover, the
system can easily be modified according to domain-specific requirements due to its
modular architecture. For example, if the user wants to specialize the interface according to
a specific domain, it is possible since the implementation is as modular as possible.

In our proposed work, we focused on binding MPEG-7 ontology and domain-specific
ontologies in a standard and automated way, the general annotation and querying features,
importing existing MPEG-7 xml files into system. We do not consider automating the
annotation process itself. As a future work, automatic or semi-automatic annotation feature
may be added to the system. The architecture of the system is designed to allow this
improvement. Furthermore, a domain-specific multimedia content management system can
be put on top of the proposed system.

Our proposed system is an ontological multimedia information management
framework with a modular architecture, ease of integrating with user-defined ontologies
naturally and automatic harmonization of MPEG-7 ontology and domain-specific
ontologies. The system makes use of existing user-defined ontologies in multimedia
content annotation. Therefore, the system delegates the querying power of the multimedia
management system from the system to the user-defined ontology.

The system opens a door for many future works due to its general structure. One of the
aims of this work is to give a starting point to developers who want to develop a multimedia
information management system in a specific domain. With this system in their hand, they
do not have to worry about MPEG-7 details, ontology API details and interface details
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Abstract—In this paper, we present an ontology-based infor-
mation extraction and retrieval system and its application to
soccer domain. In general, we deal with three issues in semantic
search, namely, usability, scalability and retrieval performance.
We propose a keyword-based semantic retrieval approach. The
performance of the system is improved considerably using
domain-specific information extraction, inference and rules. Scal-
ability is achieved by adapting a semantic indexing approach. We
implement the system using the state-of-the-art technologies in
Semantic Web and evaluate the performance against traditional
systems. Further detailed evaluation is provided to observe the
performance gain due to domain-specific information extraction
and inference.

I. INTRODUCTION

The huge increase in the amount and complexity of reach-
able information in the World Wide Web caused an excessive
demand for tools and techniques that can handle data seman-
tically. Current practice in information retrieval mostly relies
on keyword-based search over full-text data, which is modeled
with bag-of-words. However, such a model misses the actual
semantic information in text. To deal with this issue, ontologies
are proposed [1] for knowledge representation, which are
nowadays the backbone of semantic web applications. Both
the information extraction and retrieval processes can benefit
from such metadata, which gives semantics to plain text.

Having obtained the semantic knowledge and represented
them via ontologies, the next step is querying the seman-
tic data, also known as semantic search. There are several
query languages designed for semantic querying. Currently,
SPARQL is the state-of-the-art query language for Semantic
Web. Unfortunately, these formal query languages are not
meant to be used by the end-users. Formulating a query
using such languages requires the knowledge of the domain
ontology as well as the syntax of the language. Therefore,
Semantic Web community works on simplifying the process
of query formulating for the end-user. Current studies on se-
mantic query interfaces are carried in four categories, namely,
keyword-based, form-based, view-based and natural language-
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based systems as reviewed in [2]. Out of these, keyword-based
query interfaces are the most user-friendly ones and people are
already used to use such interfaces thanks to Google.

Combining the usability of keyword-based interfaces with
the power of semantic technologies is one of the most
challenging areas in semantic searching. According to our
vision of Semantic Web, all the efforts towards increasing
retrieval performance while preserving user-friendliness will
eventually come to the point of improving semantic searching
with keyword-based interfaces. This is a challenging task as
it requires complex queries to be answered with only a few
keywords. Furthermore, it should allow the inferred knowledge
to be retrieved easily and provide a ranking mechanism to
reflect semantics and ontological importance.

In this paper, we present a complete ontology-based frame-
work for extraction and retrieval of semantic information in
limited domains. We applied the framework in soccer domain
and observed the improvements over classical keyword-based
approaches. The system consists of an automated information
extraction module, an ontology populator module, an inference
module, and a keyword-based semantic query interface. Our
main concern, in this study, is achieving a high retrieval
performance while preserving user-friendliness. We show that
our system achieves very high precision and recall values even
for the very complex queries a user can ask in soccer domain.
Furthermore, we evaluate and report the effects of information
extraction and inference on query performance.

The rest of the paper is organized as follows: A brief
discussion about the related work is given in Section IIL
In Section III, we give the details of the components of
the system, namely IE, ontology population, inference and
searching. In Section IV, we report the experiments and their
results. Section V concludes the paper with some remarks for
future work.
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II. RELATED WORK

Classical or traditional keyword-based information retrieval
approaches are based on the vector space model proposed by
Salton et al. [3]. In this model, documents and queries are
simply represented as a vector of term weights and retrieval
is done according to the cosine similarity between these
vectors. [4], [5], [6] and [7] are some of the important studies
related to traditional searching. This approach does not require
any extraction or annotation phase. Therefore, its easy to
implement, however, the precision values are relatively low.

The first step towards semantic retrieval was using WordNet
synonym sets (synsets) for word semantics [8], [9]. The main
idea was expanding both the indices and queries with the
semantics of the words to achieve better recall and precision.
If used together with an effective word sense disambiguation
(WSD) algorithm, this approach is shown to improve retrieval
performance. On the other hand, a poor WSD will cause degra-
dation in performance. Another drawback of this approach is
the lack of complex semantics as it is limited with the relations
defined in the WordNet.

With the introduction of semantic web technologies, knowl-
edge representation has become more structured and sophisti-
cated, which requires more advanced extraction and retrieval
methods to be implemented. The general approach is storing
the extracted data in RDF or OWL format, and querying
with RDF query languages such as RDQL or SPARQL.
Although this approach offers the ultimate precision and recall
performance, it is far from useful since it requires a relatively
complex query language.

To overcome the difficulties of learning a formal query
language, a number of query interface methods are pro-
posed [2]. As we stated earlier, our main focus is keyword-
based interfaces. There are several approaches to implement
keyword-based querying. To mention a few, SPARK [10] uses
a probabilistic query ranking approach for constructing the
best query represented by the keywords. Q2Semantic [11] tries
to find the best sub-graph expressing the query in the RDF
graph. SemSearch [12] uses a template-based approach for
query construction. These approaches are not easily scaled to
large knowledge-bases as they require traversing RDF graphs
or querying the same knowledgebase several times for a single
search.

A scalable alternative to query construction from keywords
is semantic indexing. In this approach, semantic data in RDF
knowledge-bases are indexed in a structured way and made
directly available to use with keyword queries. [13], [14] and
[15] adapt a similar approach. They index all extracted RDF
triples together with the corresponding free text. Since they
use very basic extraction methods, such a naive indexing seems
feasible. However, complex semantics cannot be captured from
the indices containing only subject-predicate-object triples as
index terms. If a retrieval system should answer complex
queries involving extracted and inferred knowledge, the index
must be designed and enriched accordingly.

Our literature survey revealed that current studies on the

keyword-based semantic searching are not mature enough:
Either they are not scalable to large knowledgebases or they
cannot capture all the semantics in the queries. Our aim is
to fill this gap by implementing a keyword-based semantic
retrieval system using the semantic indexing approach. In
other words, we try to implement a system that performs
at least as good as traditional approaches and improves the
performance and usability of semantic querying. We tested
our system in soccer domain to see the effectiveness of
semantic searching over traditional approaches and observed
a remarkable increase in precision and recall. Moreover we
noted that our system can answer complex semantic queries,
which is not possible with traditional methods. The study
presented in this paper can be extended to other domains as
well by modifying the current ontology and the information
extraction module as described in [16].

III. OUR APPROACH TO SEMANTIC RETRIEVAL

Within the scope of this paper we have developed a fully
fledged semantic application which a) contains all the aspects
of SW from information extraction to information retrieval
and b) uses all the cutting-edge technologies such as OWL-
DL, inference, rules, RDF repositories and semantic indexing.
The overall diagram of the framework can be seen in Fig. 1.

A. Ontology Design

We designed a central soccer ontology, which is utilized
by every aspect of the system, especially in information
extraction, inference and retrieval phases. Thus, the overall
performance of the system is highly dependent on its quality.
We followed an iterative development process in the ontology
engineering phase. First, we started with a core ontology
including basic concepts and a simple hierarchy. Then, we
experimented with this ontology and fix the issues in reasoning
and searching. These steps were repeated until we end up with
a stable ontology containing 79 classes and 95 properties in
soccer domain.

B. Information Extraction (IE)

Information extraction is one of the most important parts of
ontology-based semantic web applications. It is the process
of adding structured information to the knowledgebase by
processing unstructured resources. In this phase, we use the
data crawled from the Web sites such as UEFA' and SporX>.
What we obtain as the output of web crawler is some basic
information specific to a match (teams, players, goals, stadium,
etc.) and natural language texts (narrations of that match).
The basic information and the narrations are used as input
to our information extraction (IE) module. The details of this
module are reported in [16] by Tunaoglu et al. Basically,
it is a template-based IE approach for specific domains.We
can achieve 100% success rate in UEFA narrations thanks
to the language used in the UEFA web-site, which is highly
structured and error-free. Fig. 2 gives an idea about the

Uhttp://www.uefa.com/
Zhttp://www.sporx.com/
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Ronaldo's in the thick of it again, receiving the ball on the edge of th
the far post. Worrying times for Pep Guardicla.

10 E (1 - 0) Eto'o (Barcelona) scores!
Barcelona's first moment of note and they take the lead. Andrés Inie
feeds Samuel Eto'o. The strikes cuts in from the right, clips the ball t
Vidi¢ and fires under the body of of Edwin van der Sar. It's his fourth
this season.

11 Xavi Hernandez [Barcelona) delivers the corner.
14 Giggs (Man. United) is flagged for offside.

15 A great opening 13 minutes to the final, with Cristiano Ronaldo havir
Samuel Eto'o broke the deadlock. The Cameroonian alse found the
Arsenal in the 2006 final - only Real Madrid's Radl Gonzdlez has scot
Champions League era.

Fig. 2. Example extractions from UEFA narrations

information we can extract from the UEFA web-site. The
integration of this module to the system is done in a loosely
coupled fashion, so we can use it in semantic applications for
any language or domain.

C. Ontology Population

Ontology population is the process of knowledge acquisition
by transforming or mapping unstructured, semi-structured and
structured data into ontology instances [17]. Our informa-
tion extractor module [16] already does most of the labor
by extracting structured information from unstructured text
narrations. For example, from the narration “Keita commits
a foul after challenging Belletti” we obtain a foul object,
more specifically FOUL (Keita, Belletti). Having the
output of the IE module, the ontology population process now
becomes creating an OWL individual for each object extracted
during IE.

If the IE module cannot extract some attribute of an event,
we still create an instance with empty properties. Thus, the
recall performance for simple queries will not be affected
even IE fails to extract some details of the event. Moreover,
if no event is detected in a narration, an instance with the
type UnknownEvent is created. Unknown events are not
discarded because of the reasons described in Section III-E.1.
Fig. 3 shows the process of ontology population starting from
UEFA narrations ending with OWL instances.

Ontology population is not restricted with the events ex-
tracted from the IE module. As mentioned earlier, the crawled
information also contains some basic information about the
match including players, teams, referees, stadium etc. This
information is also added to the ontology by creating an OWL
individual for each of them if they do not already exist in the
knowledgebase.

D. Inference and Rules

The formal specification of Web Ontology Language, OWL,
is highly influenced by Description Logics (DLs)?. OWL-DL
is designed to be computationally complete and decidable
version of OWL, thus it benefits from a wide range of sound,
complete and terminating DL reasoners. For our inference
module, we use Pellet*, an open-source DL-reasoner, which

3http://www.w3.org/TR/owl-guide/
“http://clarkparsia.com/pellet

supports all the standard inference services such as consistency
checking, concept satisfiability, classification and realization.

Consistency checking ensures that there is no contradictory
assertion in the ontology. In order to benefit from this feature,
we specify some property restrictions during the ontology
development. There are two kinds of restrictions in OWL:
value constraints and cardinality constraints. We use value
constraints, for example, to state that only the goalkeepers (a
subset of players) are allowed in the position of goalkeeping
and using a cardinality constraint, we can say that only one
goalkeeper is allowed in the game. These restrictions not
only are useful in consistency checking but also allow new
information to be inferred. For example, we could infer the
type of an individual if it is the value of a property whose
range is restricted to a certain class.

Using classification reasoning we obtain the whole class hi-
erarchy according to class-subclass definitions in the ontology.
Inferring new knowledge through classification is a domain
independent process and its contribution to the knowledgebase
is trivial. In order to infer more interesting information, we use
Jena® rules.

To illustrate the power of Jena Rules, we give the example of
inferring an Assist event. Using the Jena rule shown in Fig. 4,
we are able to add a new Assist instance to our knowledgebase.
The rule simply looks for two events, namely a Goal and a
Pass, that happened in the same match in the same minute and
the receiver of the pass is the same person with the scorer. If
this is the case, then an Assist instance is created and added
to the knowledgebase.

noValue (?pass rdf:type pre:Assist)
(?pass rdf:type pre:Pass)

(?pass pre:passingPlayer ?passer)
(?pass pre:passReceiver ?receiver
(?pass pre:inMatch ?match)

(?pass pre:inMinute ?minute)
(?goal pre:inMatch ?match)

(?goal pre:inMinute ?minute)
(?goal pre:scorerPlayer ?receiver
makeTemp (?tmp)

-> (?tmp rdf:type pre:Assist)
(?tmp pre:inMatch ?match)
(?tmp pre:inMinute ?minute)
(?tmp pre:passingPlayer ?passer)
(?tmp pre:passReceiver ?receiver)

Fig. 4. An Example for Jena Rules (Assist rule)

E. Semantic Indexing and Retrieval

For the retrieval part, we adapt a semantic indexing ap-
proach based on Lucene® indices. The idea is extending tradi-
tional full-text index with the extracted and inferred knowledge
and modifying the ranking so that documents containing
ontological information gets higher rates. The details of the
index structure and ranking are given in Section III-E.1 and
III-E.2 respectively.

Shttp://jena.sourceforge.net/
Ohttp://lucene.apache.org/
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TABLE I
INDEX STRUCTURE (SIMPLIFIED FOR BETTER UNDERSTANDING)

Field Value

docNo 7

event Foul

match Chelsea_Barcelona_06_05_2009_20_45

teaml Chelsea

team?2 Barcelona

date 2009-05-06

minute 43

subjectPlayer | Michael Ballack

subjectTeam | —

objectPlayer | Sergio Busquets

objectTeam -

narration Ballack gives away a free-kick following a
challenge on Busquets

1) Index Structure: The structure of semantic index has ut-
most importance in the retrieval performance. We constructed
a Lucene index such that each entry represents a soccer event.
As we have mentioned in the previous sections, each event
has its own properties associated with it, such as subjects and
objects. That information is also included with each event.
We also include full-text narrations associated with events to
the index. This is especially important if the event type is
unknown (an event which is not recognized by the information
extractor). Adding full-text narrations to the index tolerates the
incomplete event information, thus ensures at least the recall
values of traditional full-text search. The index structure can
be seen with an example entry in Table 1.

2) Searching and Ranking: In traditional keyword search,
indexed documents usually contain nothing but raw text as-
sociated with that document. Lucene can easily handle such
indices and its default ranking gives usually good results.
However, complex indices should be handled carefully. In
order to take the advantages of our ontology-aided index
structure, we slightly modified default querying and ranking
mechanism of Lucene. First of all, we boosted the ranking of
fields containing extracted and inferred information to stress
the importance of them. Secondly, these fields are re-ranked
according to their importance. For example, the “event” field is
given the highest ranking. This approach prevents misleadings
stemming from ambiguous words in full-text. For example, lets
say a narration contains “Ronaldo misses a goal”: Searching
for a “goal” in a traditional search may return this document in
the first place, which is a false positive. However, in ontology-
aided index, the events whose type is Goal will have higher
ranks. Since the type of the event above is a Miss, it will
have a lower rank.

IV. EVALUATION

In order to evaluate the retrieval performance of our system,
we have crawled 10 UEFA matches, containing a total of 1182
narrations. Out of these narrations, our IE module was able to
extract 902 events. Using these data, we constructed 4 Lucene
indices for detailed comparisons. First, we built a traditional
full-text index, TRAD, using only the narrations of the UEFA

matches. This index is used as the baseline for the performance
of other methods. Then, we built 2 indices for ontology aided
semantic search, namely BASTIC_EXT and FULL_EXT, where
the former contains only the basic information available in the
UEFA crawl and the latter contains the extracted information
in addition to the basic information. Finally, we built an index,
FULL_INF, which is the expanded version of FULL_EXT with
the inferred knowledge. All of the indices are evaluated with
the queries shown in Table II.

The results can be seen in Table III. First of all, consider
the first three queries. There is a considerable difference
between TRAD and the other methods. The reason is that
UEFA narrations use the phrase “P scores!” when the player
P scores a goal. Since they omit the word “goal” in narrations,
traditional index is not able to retrieve all the goals with the
keyword query: “goal”. However, the information extraction
module can successfully recognize the goal and we can index
it as a document with its eventType field filled as “goal”. Thus,
the improved index can answer both the queries “goal” and
“scores” successfully. That is the reason why BASTIC_EXT and
the other indices have very high precision rates.

The improvement provided by the information extraction
module can be seen clearly by looking at the difference
between BASIC_EXT and FULL_EXT in 9th and 10th queries.
The difference stems from the extracted events such as shoots
and goalkeeper saves.

Improvements stemming from the inference can be observed
by looking at the queries 4, 7 and 10. In these queries,
FULL_INF index performs much better than other indices,
because it contains additional information due to ontological
inference and classification. For example, the 4th query ex-
ploits the inferred knowledge about the fact that red cards
and yellow cards are also known as punishments. Similarly,
the 10th query benefits from the inferred defence players
through classification. Finally, the 7th query uses the knowl-
edge obtained from the property hierarchies defined in the
ontology. This means, the system can recognize the properties
such as actorOfMissedGoal, actorOfOffside, and
actorOfRedCard as actorOfNegativeMove. More-
over, in the 6th query, we can see the effect of Jena rules.
Here, according to one of the rules we defined, we can infer
the implicit knowledge of which goal is scored to which
goalkeeper, even if that knowledge does not exist explicitly.

However, some queries can slightly suffer from the pollution
caused by the information added to the index during the
inference. This is mainly due to the fact that some of the
fields of FULL_INF become very crowded by adding the
inferred knowledge, thus slightly deteriorate the rankings.
Query-8 illustrates this problem. It is a simple query with
a single player name (ronaldo). However, the subjectPlayer
field of FULL_INF contains some detailed player information
in addition to his name. Therefore, the name of the player
becomes less significant and the corresponding document is
poorly ranked. This problem can be solved by extending the
index structure with additional fields rather than accumulating
all the information in a single field.
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TABLE I
EVALUATION QUERIES

Q-1 Find all goals (query: goal)

Q-2 Find all goals scored by Barcelona (query: barcelona goal)

Q-3 Find all goals scored by Messi at Barcelona (query: messi barcelona goal)

Q-4 Find all punishments (query: punishment)

Q-5 Find all yellow cards received by Alex (query: alex yellow card)

Q-6 Find all goals scored to Casillas (query: goal scored to casillas)

Q-7 Find all negative moves of Henry (query: henry negative moves)

Q-8 Find all events involving Ronaldo (query: ronaldo)

Q-9 Find all saves done by the goalkeeper of Barcelona (query: save goalkeeper barcelona)
Q-10 | Find all shoots delivered by defence players (query: shoot defence players)

TABLE III
EVALUATION RESULTS (MEAN AVERAGE PRECISION)

TRAD BASIC_EXT FULL_EXT FULL_INF
Q-1 0.5/35 | 1.4% 35/35 | 100% | 35/35 100% | 35/35 100%
Q-2 0.4/7 5.7% 5.3/7 75.7% | 5.3/35 75.7% | 5.3/35 75.7%
Q-3 0.7/3 23.3% | 3/3 100% | 3/3 100% | 3/3 100%
Q-4 0/43 0% 0/43 0% 0/43 0% 43/43 100%
Q-5 1.172 55% 2/2 100% | 2/2 100% | 2/2 100%
Q-6 0.1/9 1.1% 5.7/9 63.3% | 5.6/9 62.2% | 9/9 100%
Q-7 2.2/7 31.4% | 1.9/7 27.1% | 2.3/7 32.8% | 6.3/7 90.0%
Q-8 79/11 | 71.8% | 8.6/11 | 78.1% | 8.5/11 772% | 7.4/11 67.2%
Q-9 5.1/8 63.7% | 4.5/8 56.2% | 6.3/8 78.7% | 1.5/8 93.7%
Q-10 | 0/83 0% 0/83 0% 21.9/83 | 26.4% | 81.4/83 | 98.1%

V. CONCLUSIONS

We have presented a novel semantic retrieval framework and
its application to soccer domain, which includes all the aspects
of Semantic Web, namely, ontology development, information
extraction, ontology population, inference, semantic rules,
semantic indexing and retrieval. During the evaluation of the
system, we observed that domain-specific information extrac-
tion greatly boosts the precision and recall values. Moreover,
inference and rules further improve the performance and allow
complex domain-specific queries to be handled successfully.
Having observed the success in soccer domain, we presume
that similar performance can be achieved in other domains as
well by extending the ontology and IE module to adapt to the
new domains. Indexing and retrieval with keyword interface
can be easily adapted to any domain. We also plan to further
improve semantic retrieval by adding RDF triples to inferred
index without deteriorating the ranking and solve the issues
mentioned in Section IV.
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29 Mascherano (Liverpool) gives away a free-kick following a challenge on Higuain {Real Madrid).
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Match: Liverpool_Real_Madrid_10_03_2009_20_45
Event: Foul

Minute: 29

SubjectPlayer: Mascherano

ObjectPlayer: Higuain

Ontology Mapper /
Populator

<pl:Foul rdf:ID="Foul 30">

<pl:inMinute rdf:datatype="http:// www. w3.oeg/ 2001,/ ¥MLESchemafint >29</pl  inMinutes
<pl:hasNarrataion rdf:datatype="http:// www. w3, org/ 2001 XMLEchemalfsteing™

Mascherana (Liverpool) gives away a free-kick following a challenge on Higuain (Real Madrid).
</pl:hasMarration>

<pl:playerMakingFoul rdf:resource="http://www players com/players. owlffJavier Mascherans 20"/>

<pl:play deFoul rdf "http: / /www.players . con/players .awl§Gonzale Higuain 207 />
<pl:inMatch rdf:resource="#liverpool Real Madrid 10 03_200% 20 45°/>
</pl:Foul>

Fig. 3. Information Extraction and Ontology Population
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ABSTRACT

We propose a method to detect events and event boundaries in
soccer videos by using web-casting texts and audio-visual fea-
tures. The events and their inaccurate time information given
in web-casting texts need to be aligned with the visual content
of the video. We overcome this issue by utilizing textual, vi-
sual and audio features. Existing methods assume that the time
at which the event occurs is given precisely (in seconds). How-
ever, most web-casting texts presented by popular organizations
such as uefa.com (the official site of Union of European Football
Associations) provide the time information in minutes rather
than seconds. We propose a robust method which is able to han-
dle uncertainties in the time points of the events. As a result of
our experiments, we claim that our method detects event bound-
aries satisfactorily for uncertain web-casting texts, and that the
use of audio-visual features improves the performance of event
boundary detection.

Keywords— Event Boundary Detection, Shot Detection and
Classification, Multimedia Mining, four, five

1. INTRODUCTION

Creating searchable multimedia archives becomes an important
requirement for different domains as a result of the increase in
the amount of multimedia content. Especially, the widespread
popularity of soccer broadcasts makes automatic annotation es-
sential for querying the semantic content of soccer videos. The
annotation provides the means for retrieving specific events in
the soccer videos, such as goals, fouls, penalties, bookings etc.
Events have duration, therefore they can not be defined by an
exact time point; instead, a time interval is required. The prob-
lem of event boundary detection is detecting the boundaries of
the periods in which events occur. The performance of this
detection basically depends on the usage and fusion of differ-
ent kinds of information sources such as web-casting text and
audio-visual features.

A common approach to event boundary detection is to uti-
lize visual features only [1, 2, 3]. Since videos contain a large
amount of visual information, it is a very costly process to ex-
tract this information. Additionally, it is also hard to detect se-
mantic events and event boundaries in this context. The meth-
ods using only visual features are suitable for sports whose

978-1-4244-7493-6/10/$26.00 (©2010 IEEE

videos have simple events and few camera views. For instance,
this approach is applied to tennis videos in [1]. [4] presents a
system that performs automatic annotation of soccer videos us-
ing visual/textual features directly extracted from video. How-
ever, these extracted features are insufficient to meet user expec-
tations about richness of semantics. These approaches do not
handle the issues such as event semantics like the goal scorer
and how it is scored, exact event boundary detection and accu-
rate annotation.

An alternative approach is to fuse the information extracted
from textual and visual sources. Web-casting texts are textual
resources that describe sports events minute-by-minute. Texts
are used to extract high level (semantic) events and their timing
in minutes, while visual sources are used to detect the bound-
aries of these events.

This approach is applied to the soccer domain in [5, 6]. [5]
proposes a framework for the alignment of a web-casting text
and the related video. First, shot sequences are extracted and
then event boundaries are detected using Hidden Markov Mod-
els (HMM). The role of the web-casting text is to detect the
types and times (minutes) of events. Similarly, [6] applies the
same approach to live broadcasts with closed caption texts. In
both of these studies, the textual sources include exact time
points of events with an accuracy measured in seconds. Thus,
the synchronization of text with video becomes easier. How-
ever, most textual sources do not include high precision infor-
mation in terms of time.

We propose a new multi-modal method using web-casting
texts and audio-visual features to detect events and event bound-
aries in soccer videos. The main issue of this method is to align
the web-casting text with the visual content, and this is diffi-
cult because of inaccurate time information in the web-casting
text. We overcome this issue by utilizing not only the textual
and visual information, but also audio features. As mentioned
above, existing methods assume that the time at which an event
occurs is given precisely (in seconds). Therefore, they only fo-
cus on detecting time boundaries. However most web-casting
texts presented by popular organizations such as uefa.com (the
official site of Union of European Football Associations) pro-
vide the time information in minutes rather than seconds. We
propose a robust method which is able to handle uncertainties
in the time points of the events. As a result of our experiments,
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we claim that our method detects event boundaries satisfacto-
rily for uncertain web-casting texts. Additionally, we showed
that employing audio features improves the performance of the
event boundary detection.

The rest of the paper is organized as follows. Feature ex-
traction is explained in Section 2. Event and Event Boundary
Detection is described in Section 3. In Section 4, experimen-
tal results are reported, and the paper is concluded with future
work in Section 5.

2. FEATURE EXTRACTION

2.1. Video Analysis

In video analysis, the first process is shot detection where
hard cuts on the video are detected and shot boundaries are la-
beled. A shot is the smallest meaningful piece of video record-
ing including only one camera view. When the camera view
is changed, the existing shot ends and a new shot begins. The
second step after shot detection is shot classi fication. Since
a single shot includes a single camera view, we can classify the
shots according to the camera views. In a soccer broadcast, the
main camera views are “far view’, ‘'medium view’, and ’close-
up view’ [5]. Far views are recorded by global cameras from
which you can see nearly all the pitch, while close-up views are
products of cameras focusing on players. The medium views
have characteristics between the far views and close-up views,
and these scenes include several players in action. Each camera
view is illustrated in Figure 1.

There are many methods proposed for shot detection. All
shot detection algorithms use differences between consecutive
frames. During a shot, frames do not change rapidly, but the
frame structure changes when the shot changes. Main shot de-
tection approaches are Pixel-wise comparison [7, 8], Histogram
Comparison [9, 10], Edge Tracking [11], Motion Vector [12]
and combinations of these methods [13].

In our method, a color histogram is calculated in RGB color
space. In order to obtain more generalized results, R, G, B val-
ues are discretized. Each R, G, and B value is down sampled to
3 bits from 8 bits. We then have 23x23x23 = 512 color samples.
Each occurrence of a color is counted in a frame by traversing
all the pixels. The next step is to calculate the histogram differ-
ence.

Let F;(r,g,b) be the number of pixels having color vector
(r,g,b) in the ith frame of N pixels. D denotes our color his-
togram difference value, which is calculated by the following
formula:

77 7
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In the difference calculation, we choose consecutive frames
with k-distance (i.e., every fifth frame where k is 5) in or-
der to avoid false detections resulting from gradual transitions.
When the color histogram difference value, D, is above a certain
threshold for soccer videos, the current frame is meant to be the
first frame of the new shot.

Fig. 1. Far view, Medium view and Close-up view [left to right]

In shot detection, the dominant color and edge pixel count
are calculated in addition to the color histogram for each frame.
After the shots are detected, the mean of these features is calcu-
lated for each shot, in order to be used in shot classification.

We classify the shots according to the camera views. Most
of the soccer shot classification methods [14, 15, 11] use similar
features and combine them. These features are mainly color dis-
tribution, edge pixels, and object segmentation. Since the color
green is dominant in soccer videos, the distribution of colors is
important in shot classification. For instance, green is every-
where in a far view; and the color of a player’s kits covers half
of the frame in a close-up view.

We propose a new approach for shot classification. It is
not fully color independent, but ignores small field color dif-
ferences. First, we classify shots as field or non-field. During
shot detection, the total histogram, average color histogram dif-
ference, and the number of average edge pixels are calculated.
If a new shot is detected, the previous shot’s total histogram is
evaluated. The dominant color in the shot is obtained using this
histogram. The dominant color classifies a shot as field or non-
field. If the grass color ratio is high, then it is field, otherwise it
is non-field.

For field shots, we observed that far view shots have nearly
zero color histogram difference values in contrast to medium
and close-up views. Medium views and close-up views are dis-
tinguished by an edge pixel count with a threshold.

In non-field shots, it is impossible to have a far view shot be-
cause the far view camera always displays the entire play, which
includes most of the field. Therefore, non-field shots are clas-
sified as medium view or close-up view only. We use an edge
pixel count to distinguish medium views and close-up views,
but we use a different threshold value from the used for field
shots. These threshold values for edge pixel count are deter-
mined experimentally. Figure 2 depicts the overall method and
gives a summary of the shot classification process.

2.2. Audio Analysis

The proposed method for audio analysis aims to determine the
major events about which the speaker and the supporters get
excited. For this purpose, we extract a sound amplitude value
for each second of the soccer video. To calculate this value we
use rms (root mean square) of the audio samples in a second
and calculate this value for each second.
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Fig. 2. Decision tree for shot classification

rms =

(©))

Here x; indicates the ith sample in the data-set and n indi-
cates the number of samples in a second. After the shots are
detected, an average sound value is calculated for each shot by
averaging the samples for each second of the shot. Audio ampli-
tude increases during exciting events such as goals and missed
goals, so we use the shots that have raised sound amplitudes to
detect exciting events and the boundaries of these events.

2.3. Text Analysis

Textual information describing the high level events in a video
is an important source for assisting video semantic analysis.
In soccer domain, textual information is mostly extracted from
web-casting texts given in the form of match reports. Popular
sports web sites (uefa.com, fifa.com, sporx.co-m etc.) and in-
ternet media provide adequate amount of soccer match reports.
These match reports focus on events of soccer games and give
detailed information such as time of the event, type of the event,
actors of the event.

Web-casting texts are presented in different languages. We
use English and Turkish match reports (sources are from
uefa.com, sporx.com) in our work. The methods proposed in
[16] are used for extracting the textual information in both lan-
guages. In [16] a domain specific information extraction ap-
proach is presented. Manually formed templates are used to
extract information from unstructured text. This method has
three steps. First, available web-casting texts are fetched by a
web crawler to an intermediate file. Then, the named entities
are tagged such as teams and players in the narrations for each
match. Finally, two level lexical analyzer extracts events by an-
alyzing the narrations for each event separately. As a result the
type of the event, actors in the event and the time of the event
are extracted from the web-casting text. We use these extracted
data as input to our method. An example extraction summary
can be seen in Figure 3.

Input:
71'
ibrahim Hakan' gecti, sert vurdu, auta gikti. (turkish)
ibrahim gets through Hakan, hits hard, went to out.

Output

Get Throgh(ibrahim, Hakan), Out(Goal Kick), Shoot(ibrahim), Minute(71)|

Fig. 3. Information Extraction Summary

F F(SL) F

Goal Timeline

Start Boundary End Boundary

Fig. 4. An example shot sequence of a goal event. F: Far view,
F(SL): Short Length Far view, C: Close-up view, M: Medium
view

3. EVENT AND EVENT BOUNDARY DETECTION

The extracted data is used for detecting events and event bound-
aries. The data at hand includes:

1. Shots (start, end time, length).

2. Shot classes (Far view (F), Medium view (M), Close-up

view(C)).

Sound amplitude averages (for each second of each shot).

4. Types of the events and approximate event time extracted
from match reports on the web in minutes.

b

In soccer broadcasts, the video has a general structure. The
match is recorded from a main camera (far view). The camera
view is fixed until an event occurs. If an event occurs, the cam-
era view changes and it is switched to medium view, close-up
view, or replay mode. Replays are medium view shots or short
length far view shots. When the event ends, the camera switches
to the main camera view (far view) again. This structure enables
us to look for events between two long far view shots. We are
able to detect the events and their boundaries according to the
shot sequences between two far view shots. Events do not have
the same shot sequences, but they have similar camera switches
as mentioned before. An example of a shot sequence for a goal
event is given in Figure 4.

If we knew the exact time of the event, it would be easier
to find the event and its boundaries. However, in our case, we
do not have the exact moment of the event and web-casting text
gives us inaccurate time. Match reports mark events in min-
utes, and on the average 2 or 3 events occur per minute. For
example, the time points 14:11, 14:30, 14:45 are all labeled as
the 15th minute, or sometimes they may even be labelled as the
16th minute if the video is not well synchronized. We have to
determine the correct event among the possible events. For this
purpose, the following rules are defined:

e Between two far view shots, only a single event can occur.
e Given the approximate time of the event, the search range
for the event boundary starts three far view shots before



the event time and ends three far view shots after the event
time.

These rules give us 5 possible time intervals to which an event
could belong. The next step is to choose one of these time
intervals correctly. The shot sequence of the search range looks
like the following:

Fq....Int1...Fo....Into...Fs....Int,... F4....Int4....Fs5....Ints....Fg

Here F; stands for far view shots. Int; is the shot sequence
(Interval) between far view shots F; and F; + 1. Int, indicates
the shot sequence (Interval) including the ‘reference shot’. The
reference shot is the shot which includes the related event time.

The search range can be narrowed down or widened up ac-
cording to the reliability of the web-casting text. Currently we
use five ‘far-view to far-view’ intervals (shot sequences). The
one that looks like the event we are looking for is chosen to de-
termine the event boundaries. After the search range is found,
each interval is voted by the rules defined for the event type
(there are different rules for different event types). The interval
that gets the highest vote is chosen and the event boundary is de-
termined using this interval (shot sequence). Let us give an ex-
ample to make the process clear. First, the event type and event
minute is extracted from the web-casting text. Let us assume
that the event is ‘a goal event’ and the time is ‘the 30th minute’.
Then we find the shot (reference shot) which corresponds to the
30:00 of the video. After the reference shot is found, five ‘far
view to far view’ intervals are determined by going backwards
and forwards through the neighboring shot sequence. Each in-
terval is voted by the rules defined specifically for the goal event
and the interval with the highest vote is determined to be the in-
terval containing the goal event. Finally, the winning interval
is used to extract the boundaries of the goal event. Boundary
extraction from the winning interval is a simple procedure. An
event starts in the first far view shot, continues during the in-
terval until the last far view shot. So we assume that the event
boundary starts in 20 sec before the end of the first far view
shot and ends with the beginning of the last far view shot of the
interval.

A voting mechanism is defined for each event type. The fea-
tures considered include the number of shots in the interval, the
length of the interval, the number of close-up shots in the inter-
val, and the total length of medium view shots. We also reward
the interval including the reference shot. For exciting events
(goals and missed goals), the interval with the highest sound
amplitude is also rewarded. These rules differ according to the
event type. The rules are determined by observation. Because
of the broadcast standards and event specifications, each event
has a particular shot count, class and duration on the average.
For example, the rule for a goal event says: 1-)The interval hav-
ing the goal event must contain more than 6 shots. 2-)Total
close-up view shot duration must be longer than 15 seconds. 3-
)The interval must include minimum 2 medium view or short
length far view shots. 4-)The interval can not be shorter than
25 seconds and 5-)It must have high sound amplitude. All these

Event Time extracted
from text

e T T = 1

Interval 1 ‘ Interval 2

I 1 1 1 [

Voting Mechanism

[ T[T ET]

[[¥]

Interval 4 Interval 5 ‘

Interval 3

Type of the event

Interval gettihg the highest
point is selected and
boundaries are extracted

Fig. 5. Event Boundary Detection Mechanism.

items have different weights between 1 and 2 with respect to
the importance. The interval getting the highest vote by these
items is chosen as the goal event. Another example rule is for
corner event: 1-)The interval having the corner event must con-
tain shot count between 2 and 8. 2-)The duration of the interval
need to be between 8 and 25 sec. 3-) Close-up views must last
shorter than 15 sec. 4-)The corner event must include at least
one medium view shot and total medium view shot duration
need to be at most 12 sec. The rules for the other events are
created in a similar way and some events use the same rules. A
summary of the event boundary detection is shown in Figure 5.

4. EXPERIMENTAL RESULTS

We conduct our experiments on five soccer games. Web-
casting texts for these games are obtained from “uefa.com” and
“sporx.com” which is the most popular website for live match
reports in Turkey. The results of the experiments on each step
are shown in the following sections.

In the evaluation, 132 shot boundaries were labeled manu-
ally. Automatically detected shot boundaries are compared em-
pirically with the ones labeled manually. Table 1 shows the re-
sults of automatic shot boundary detection. 123 out of 132 shot
boundaries were detected correctly. The ‘Missed’ column rep-
resents the missed boundaries which were supposed to be de-
tected. 9 boundaries were missed because the video had grad-
ual transitions between shots whose color distributions were al-
most the same. Wrong detections are shown under the column
‘False’. They were caused by the motion in close-up views.

Since we don’t have the same data set, it would be mislead-
ing to compare results with the related works. However, [10]
compared different shot detection algorithms. They used his-
togram differences method and they obtained results with differ-
ent thresholds. They reached 90% detection rate on the average.
With 89% presicion and 93% recall rates, we have satisfactory
results compared to them. [5] used a commercial tool for shot
detection. Unfortunately we were not able to compare our re-
sults.

First halves of 5 games were analyzed automatically by our
shot detection tool and they were classified using the technique
proposed in this paper. Shots were classified manually too. The



Table 1. Automatic Shot Boundary Detection Results
Total | Correct | Missed | False | Precision | Recall
132 123 9 15 89% 93%

Table 2. Shot Classification Accuracy for Three Types of Shots

Shot Class Detection Rate
Far view 98%
Medium view 85%
Close-up view 89%

shot classification accuracy is evaluated by comparing the auto-
matically classified shots with the ones classified manually. The
results are given in Table 2. Far view shots have a high classifi-
cation rate of 98%. Medium and close-up view shots have lower
classification rates; they are more prone to be confused since it
is hard to separate medium and close-up view shots, even by
observation.

4.1. Event and Event Boundary Detection

Five soccer games which are different from the ones used for
rule production are selected for the evaluation process. The
events of the five soccer games are labeled manually to evaluate
the proposed event and the event boundary detection method.
The number of total labeled events is 98 as shown in Table 3.
For each event, the beginning and ending moments of the event
are marked. The results for each event are observed and com-
pared with the labeled data. The comparison is done by using
the evaluation method proposed as Boundary Detection Accu-
racy in [5] with the formula:

« |tm.s - tds‘ + (1 - CK) |tme - tde|
max((tde - td8)7 (tme - tms))

where t45 and ¢4, are automatically detected start and end event
boundaries and ¢,,5 and ¢,,,. are manually labeled start and end
event boundaries. « is a weight which is set to 0.5.

The inputs to our tool are the approximate event time and
the type of the event. The outputs are the starting and ending
moments of the given event in seconds. Table 3 shows the re-
sults of the evaluation. These results have been achived by using
audio feature in exciting events such as goal and missed goal.
Although it is not correct to compare our results with [5] since
the event time points given us is not precise as given in [5], our
experiment results are comparable with them.

We also examined how audio features improve the detection
of exciting events. Goals and missed goals are chosen as ex-
citing events. The events are analyzed with and without sound
amplitude feature. Table 3 has the results of goals and missed
goals with the sound feature. The detection rate of goals and
missed goals without the audio feature is given in Table 4. The
results show that the audio features increase the detection accu-
racy of the event boundaries of exciting events.

BDA=1-

3

Table 3. Event Boundary Detection Results

Event Total | Accuracy
Goal 25 88%
Missed Goal 18 67%
Penalty 2 100%
Corner 40 48%
Red/Yellow Cards 13 62%

Table 4. Event Boundary Detection results for 2 major events
without sound amplitude feature

Event Total | Accuracy
Goal 25 80%
Missed Goal 18 39%

5. CONCLUSION AND FUTURE WORK

In this paper, we present a new multi-modal method for event
and event boundary detection by aligning web-casting texts with
videos. The event boundary detection technique is based on
web-casting texts which are not precise. Web-casting texts de-
scribe the events minute-by-minute but these minutes are not the
exact time points of the event. As a result, it is necessary to deal
with the problem of synchronization in seconds. We aimed to
solve this problem and increase the robustness of asynchronous
web-casting texts. Similar approaches use extracted data from
web-casting texts with the exact event time points and deter-
mine boundaries accordingly. When we consider inexact data,
it is necessary to look for the events in a wider time period
which causes poor event detection rates. The experimental re-
sults show that our method has satisfying rates for the event and
event boundary detection. It enables us to detect the events and
event boundaries that are asynchronous with the web-casting
text data. Our experiments also demonstrate that audio-visual
features become more important when the text sources are inac-
curate. We show that the audio features have remarkable effects
on event and event boundary detection in important and exciting
events.

Although we have obtained satisfactory results, detailed
audio-visual features are necessary to increase the detection
rate. As a future project, we plan to add event specific audio-
visual features such as time detection, referee detection, and
yellow/red card detection. We expect to reach higher detection
rates by adding new features on the base method we presented
here.

6. ACKNOWLEDGEMENTS

This work is partially supported by The Scientic and Technical
Council of Turkey Grant TUBITAK EEEAG-107E234 and by
TUBITAK TEYDEB-3080231.



(1]

(2]

(3]

(4]

(5]

(6]

(7]

[9]

[10]

(1]

7. REFERENCES

Di Zhong and Shih-Fu Chang, “Real-time view recogni-
tion and event detection for sports video,” Journal of Vi-

sual Communication and Image Representation, vol. 15,
no. 3, pp. 330-347, 2004.

Ahmet Ekin and A. Murat Tekalp, “Automatic soccer
video analysis and summarization,” IEEE Trans. on Im-
age Processing, vol. 12, pp. 796-807, 2003.

Jian quan Ouyang, Jin tao Li, and Yong dong Zhang, ‘“Re-
play scene based sports video abstraction,” Lecture Notes
In Computer Science, vol. 3614, pp. 689—697, 2005.

Jrgen Assfalg, Marco Bertini, Carlo Colombo, Alberto Del
Bimbo, and Walter Nunziati, “Semantic annotation of soc-
cer videos: Automatic highlights identification,” Com-
puter Vision and Image Understanding, vol. 92, pp. 285—
305, 2003.

Changsheng Xu, Jinjun Wang, Hanqing Lu, and Yifan
Zhang, “A novel framework for semantic annotation and
personalized retrieval of sports video,” IEEE Transactions
on Multimedia, vol. 10, pp. 421-436, 2008.

Changsheng Xu, Jinjun Wang, Kongwah Wan, Yiqun Li,
and Lingyu Duan, “Live sports event detection based on
broadcast video and web-casting text,” in MULTIMEDIA
'06: Proceedings of the 14th annual ACM international
conference on Multimedia, 2006, pp. 221-230.

Chengcui Zhang, Shu-Ching Chen, and Mei-Ling Shyu,
“Pixso: a system for video shot detection,” Informa-
tion, Communications and Signal Processing, 2003 and
the Fourth Pacific Rim Conference on Multimedia. Pro-
ceedings of the 2003 Joint Conference of the Fourth Inter-
national Conference on, vol. 3, pp. 1320-1324 vol.3, Dec.
2003.

Ming Luo, Daniel DeMenthon, and David Doermann,
“Shot boundary detection using pixel-to-neighbour image
differences in video,” TRECVID 2004 Workshop Notebook
Papers, 2004.

R. Lienhart, “Comparison of automatic shot boundary de-
tection algorithms,” in Storage and Retrieval for Image
and Video Databases, January 1999, number SPIE 3656,
pp- 290-301.

J. S. Boreczky and L. A. Rowe, “Comparison of video shot
boundary detection techniques,” in Storage and Retrieval
for Still Image and Video Databases IV, Los Angeles, Cal-
ifornia, January 1996, number SPIE 2664.

Jinjun Wang, Engsiong Chng, and Changsheng Xu, “Soc-
cer replay detection using scene transition structure anal-
ysis,” Acoustics, Speech, and Signal Processing, 2005.
Proceedings. (ICASSP ’05). IEEE International Confer-
ence on, vol. 2, pp. 1i/433-ii/436 Vol. 2, March 2005.

[12]

[13]

[14]

[15]

[16]

Yichuan Hu, Bo Han, Guijin Wang, and Xinggang Lin,
“Enhanced shot change detection using motion features
for soccer video analysis,” Multimedia and Expo, 2007
IEEE International Conference on, pp. 1555-1558, July
2007.

A. Jacobs, A. Miene, G. T. Ioannidis, and O. Herzog, “Au-
tomatic shot boundary detection combining color, edge,
and motion features of adjacent frames,” TRECVID 2004
Workshop Notebook Papers, pp. 197-207, 2004.

Yi-Hua Zhou, Yuan-Da Cao, Long-Fei Zhang, and Hong-
Xin Zhang, “An svm-based soccer video shot classifi-
cation,” Machine Learning and Cybernetics, 2005. Pro-

ceedings of 2005 International Conference on, vol. 9, pp.
5398-5403 Vol. 9, Aug. 2005.

Xiaofeng Tong, Qingshan Liu, and Hanqging Lu, “Shot
classification in broadcast soccer video,” ELCVIA, vol. 1,
pp. 16-25, 2008.

D. Tunaoglu, O. Alan, O. Sabuncu, S. Akpinar, N. Cicekli,
and F. Alpaslan, “Event extraction from turkish football
web-casting texts using hand-crafted templates,” Proc. of

Third IEEE International Conference on Semantic Com-
puting (ICSC ’09), September 2009.



Event Extraction from Turkish Football Web-casting Texts Using Hand-crafted

Templates
Doruk Tunaoglu Ozgiir Alan Orkunt Sabuncu
Orbim Corp. Orbim Corp. Orbim Corp.
METU Technopolis METU Technopolis METU Technopolis
Ankara, Turkey Ankara, Turkey Ankara, Turkey

doruk @ceng.metu.edu.tr

Samet Akpinar
Intelligent Systems Lab.
Dept. of Computer Engineering
METU, Ankara, Turkey
samet@ceng.metu.edu.tr

alan@ceng.metu.edu.tr

orkunt@ceng.metu.edu.tr

Nihan K. Cicekli
Intelligent Systems Lab.
Dept. of Computer Engineering
METU, Ankara, Turkey
nihan@ceng.metu.edu.tr

Ferda N. Alpaslan
Intelligent Systems Lab.
Dept. of Computer Engineering
METU, Ankara, Turkey
alpaslan@ceng.metu.edu.tr

Abstract

In this paper, we present a domain specific informa-
tion extraction approach. We use manually formed tem-
plates to extract information from unstructured documents
where grammatical and syntactical errors occur frequently.
We applied our approach to primarily Turkish unstruc-
tured soccer web-casting texts. Compared to automated
approaches we achieve high precision-recall rates (97% -
85%). In addition to that, unlike automated approaches we
do not use part-of-speech taggers, parsers, phrase chunkers
or that kind of a linguistic tool. As a result, our approach
can be applied to any domain or any language without the
necessity of successful linguistic tools. The drawback of our
approach is the time spent on crafting the templates. We
also propose the means to decrease that time.

1 Introduction

The amount of digitally available data grew drastically
with the growth of the Internet in the last decade. As a re-
sult, manually searching and finding specific information
from the Web became a difficult and time consuming pro-
cess. These facts led researchers to study on Information

Extraction (IE) whose goal is to automatically extract struc-
tured information hidden in texts. The main aim is to ex-
tract structured information by analyzing unstructured texts.
This information can be used for many purposes including
question answering, story tracking, summarizing, inferring
facts, etc.

Sport games, especially football, attract many people
which results in the necessity of building a search engine
which can deal with complex queries. To achieve that goal,
these games must be annotated manually or automatically
by watching the video of the game or reading the match
web-casting text (WCT) available in the Web. Our work fo-
cuses on extracting information from the WCT of football
matches in Turkish. Although we study in Turkish football
domain, our approach can be applied to other domains and
other languages as well.

For IE, one needs to use some form of templates. The
methods generating these templates in the literature dif-
fer in terms of how they form these templates. Basically,
we use manually formed templates for extracting informa-
tion from unstructured text automatically. In short, our ap-
proach gives good results (97% precision and 85% recall
although there were a lot of grammatical and syntactical
mistakes) but manually forming the templates takes consid-
erable amount of time (approximately 1 day for each event



where there were 31 events defined in our ontology includ-
ing shoot, goal, substitution, different types of pass, etc.)

Throughout the rest of the paper, we present the other
available methods in the literature in Section 2, explain our
method in detail in Section 3, show some test results in Sec-
tion 4, make our conclusions and state the future work in
Section 5.

2 Related Work

As stated above, methods in literature can be divided into
two groups: Ones that automatically form the templates [4,
6, 10, 11] and the ones that use manually formed patterns.
[3, 5,7, 8,9, 12, 13] Considering another feature we can
make another distinction: domain independent methods [3,
4,5, 11] and domain specific methods [6, 7, 8,9, 10, 12, 13].

Domain independent methods [3, 4, 5, 11] apply tem-
plates on the parse trees of a sentence to extract informa-
tion. For instance, [5] uses the manually formed rule “NP
{’,} ’such as’ NPList” to infer that there is an ISA rela-
tion between each entry in NPList and NP. If this rule is ap-
plied on the sentence “We have visited cities such as Paris,
London and Barcelona”, it is inferred that Paris, London,
and Barcelona are cities. [4] applies the same approach but
it forms its templates automatically by examining the re-
lationsip between two entities in Wordnet and a sentence
containing these two entities in Wikipedia. These methods
use the redundant information available in the Web for con-
firming the extracted facts. [11] uses part-of-speech (POS)
tagging and chunking and feeds the outputs to a perceptron
algorithm. [3] states that it requires a great effort to shift to
another domain if hand-crafted patterns are used directly
on sentences instead of parse trees. On the other hand,
domain independent methods cannot capture semantic re-
lations since they use templates on the parse tree without
considering the meaning of the nouns or verbs. Further-
more, they use redundant information available in the Inter-
net, but our goal is to achieve high recall rates on unique
data.

[6, 10] are domain specific approaches which automat-
ically form their patterns. [6] computes generalizations
based on longest common subsequences using tagged ex-
amples. [10] finds patterns by automatically examining
sentences from football WCT in German using tools to
find grammatical functions, phrase structures and POS tags.
Both methods use statistical approaches for ambiguity res-
olution and pattern generalization. Automatic methods
[4, 6, 10, 11] are superior compared to manual ones con-
sidering the effort spent on a domain. On the other hand,
they suffer from low precision-recall rates: 45% - 25% for
[10], 76% - 43% for [11] where [4, 6] did not mention about
numerical results.

Our method is a domain dependent method which
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Figure 1. A web-casting text from Sporx

uses hand-crafted rules to extract information like the ap-
proaches [7, 8,9, 12, 13]. [13] uses its templates directly on
the sentences to extract information from sport news in Chi-
nese. They try to identify the event, participants, date and
the winner. [8] tries to identify relationships in biomedical
text by using templates on the parse tree and some mod-
ification rules. [7] first identifies the events in a football
WCT in English using keywords and then identifies the ac-
tors by using rules like “First player(a named entity) after
the keyword which is preceded by ’from’ is the subject”.
[9] examines the same football match from three different
sources in three different languages using its patterns. It
merges these results using a reasoner to increase precision-
recall rates. [12] finds events by using keywords and then
considers the actors mentioned in the same sentence as re-
lated to the event. This approach is weak because it does
not find the roles of the actor.

3 Approach

We apply our approach on football WCT in Turkish. Fig-
ure 1 shows such an example taken from Sporx [1]. IE is
done according to an ontology we have created. This on-
tology consists of 31 events where each event has its own
actors defined by their roles.

Our study consists of three steps: First, the web crawler
fetches available WCTs resulting an intermediate file.
Then, using the structured part of this intermediate file,
named entities are tagged in the narrations for each match.
Finally, two level lexical analyzer extracts events by ana-
lyzing the narrations for each event separately. Note that
each narration consists of a minute and a corresponding un-
structed text where grammatical and syntactical errors may
occur. Most of our contribution is in the event extraction
part which is explained widely in Section 3.3. Figure 2
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shows the overall system architecture.
3.1 Web Crawler

Major sport-news portals across the web have its own
standard interface for visualizing the content. Tag names,
attribute names and values that are stored in HTML struc-
ture are used to download WCT in a structured way. Us-
ing an XML file that describes which information resides
in which part of the HTML structure, WCT is mapped to a
structured file where names of the teams, players, stadium
is indicated separately. Since the web sites we used create
WCT by automatic code generation, no error has occurred
in this step.

3.2 Named Entity Recognition

For most of the WCTs, named entity recognition (NER)
can be done easily because the names of the players, teams,
stadium etc. are defined in a well-formed structure in the
web page or in the match report. As a result, named enti-
ties can be extracted using simple regular expressions on the
output of web crawler. For our case, in figure 1 you can see
the team names in the upper left and right corners and the
corresponding players in the columns just below the team
names.

After extracting named entities, we tag names consider-
ing some rules and cases encountered. Turkish is an agglu-
tinative language which means that most words are formed
by joining morphemes together. In addition to that almost
all of the affices are suffices. In other words all affices are
appended to the end of the word. As a result, we require
an empty space only in the beginning but not in the end of a
word while tagging it so that we can analyze different forms
of the same named entity (accusative, nominative, etc.).

Team names are tagged in the report in the following or-
der considering different cases:

e Full name (Manchester United)
e Each word (Manchester, United)
e Tag for abbreviations (From M.ter to M.chester)

While tagging the names of the players, we consider
a more complex approach because of the ambiguities that
arose. For each step, names are sorted in descending order
according to their length. Using a descending order accord-
ing to length is important since a name can be a subset of
another one (Musa and Musampa):

e Full name (David Beckham)
e Full name abbreviated by the first letter (D.Beckham)
e Each word (David, Beckham)

As a result of this process, there are tags in the report
of the form < teaml > instead of (Manchester, M.ter,
etc.) and in the form < teamlplayer? > instead of (David
Beckham, D.Beckham, David) etc.

Although NER was an easy task for our study, there were
some erroneous cases. These cases mostly occur because
of the lack of world knowledge in the system or because
of some interesting abbreviations used by the narrator. For
instance, when the narrator says “Brezilyali” (the Brazilian)
or “siyah beyazlilar” (“the ones who are black and white”)
to refer a player or a team, a human reader can infer which
team or who the narrator is talking about. However, our
system cannot. We did not perform an explicit analyses for
NER but we did not omit errors that occur because of NER
in the tests.

3.3 Two Level Lexical Analysis

Most of the IE approaches in English or German use lin-
guistic pre-processing. POS tagging [3, 4, 5, 8, 9, 10, 11],
parsing [3, 4, 5, 8, 9, 10, 11] and lemmatization [9, 10]
are some of the used methods. We cannot apply their ap-
proaches to Turkish since Turkish parsers, POS taggers and
other linguistic tools are not as successful as the tools in
mostly studied languages like English or German. In order



to cope with this deficiency, we have developed the method
of two level lexical analysis: First level recognizes the de-
fined keywords/phrases and discards the rest. Second level
extracts information from the output of the first by using
the hand-crafted templates. This analysis is done separately
for each event which ease the job of manually forming the
templates and which allow parallel execution. Furthermore,
this approach is fast and can be applied for live analysis. In
an average personal computer (2GB ram, dual core 2.4 GHz
CPU), an analysis of a match report for 18 events takes an
average time of 1.2 seconds. Considering 600ms of this
time is used for NER and 600ms for event recognition, it
can be guessed that it will take 1.8 seconds when the anal-
ysis is done for all of the 31 events. As one can see the
system can be used for live annotation if necessary.

Each event has its own keywords which carry informa-
tion. First level of the analysis keeps these keywords while
discarding the rest. For instance “Beckham has awfully
fouled in the penalty area by Ballack” gives the output
“Beckham FOULED BY Ballack™ for first level of event
foul. This approach helps to cope with the deficiency of not
having a parser by keeping the words that are necessary to
recognize the events and the actors.

Second level of the analysis applies the templates
to extract information such as actors of events. For
instance “PLYR FOULED BY PLYR” can infer
foul(Ballack,Beckham) from the above example. Fol-
lowing this approach one can deal with anaphora and
cataphora resolution but it is limited to the templates.
For instance “PLYR TACKLES PLYR . SHOWING
YELLOW?” can be used on the sentence “Ballack tackles
Beckham. Referee is showing a yellow card” to infer
yellowCard(Ballack). Similarly, word sense disambigua-
tion can be done by the templates. However, word sense
disambiguation between named entities are not possible by
using the templates: If two players share the same name,
templates cannot disambiguate because world knowledge
is required. For instance, if there are two players with
the same name templates cannot decide which one of the
players is mentioned but a human reader can infer from
the context. Figure 3 shows the parallel structure of the
analyses with an example. To clarify the approach better
we give a small subset of the rules for both of the levels for
event yellow card:

e A small subset of the first level for yellow card

- kirmuzi kart {} (“Red card” is dropped so that if
the word “card” remains by itself then it is con-
sidered as yellow card)

— sar1 | sar Kart | kart {return “SARI";}
(YELLOW | YELLOW CARD | CARD return
“YELLOW”)

— sariy1 | sar1 karti | karti {return “SARIYT”;} (Yel-
low in the accusative form)

— gordii | goriiyor | goriirken {return “GORDU”}
(Different tenses of the verb see)

— ¢ikt1 | ¢ikiyor | ¢ikarken {return “CIKTI"}
(Different tenses of the verb to be shown)

— FUTYLN {return FUTYLN}
(Player name with no affices)

— FUTA {return FUTA}
(Player name plus dative case)

e A small subset of the second level for yellow card

— FUTYLN (SARI| SARIYI) GORDU
{return SARI(FUTYLN)}
(Player yellow see. Arranged: Player sees yellow
which is a phrase used in Turkish)

— FUTA SARI CIKTI | FUTA SARIYI CIKARDI
{return SARI(FUTA)}
(Player is shown a yellow card or (referee) shows
a yellow card to the player)

Main advantage of this approach is high precision and
recall rates. Furthermore, a new event can be easily added
to the system since it will not affect the success rates of
the other events. And as stated before, this approach does
not require any linguistic tools which makes it applicable to
many languages where succesful linguistic tools are not de-
veloped yet. Main disadvantage is the time spent on form-
ing the templates compared to the automated approaches. It
takes 1 day on average for an event for a moderate user for
the texts in Sporx [1]. On the other hand, since event ex-
traction is done in a parallel fashion for each event, the job
of crafting the templates can be divided in a group of peo-
ple to decrease the total time spent. Another disadvantage
is that the system cannot find events if no such example is
seen when crafting the templates. These kind of errors oc-
cur when the narrator writes the report in an artistic or funny
way which is not very common. For instance, when craft-
ing the templates we encountered the following interesting
errors:

e He could not have reached it even if he had taken a taxi.
(The bad pass was not caught by the running player)

e He took the revenge in just 2 minutes. (A goal just
after 2 minutes of the other team’s goal)

e David sent Alex to the moon and back. (David fouled
Alex)

e Mehmet conceived the last masterpiece of Alex.
(Mehmet saved Alex’s shoot)



fbrahim Hakan' gegti, sert vurdu, auta gk
Ibrahim gets through Hakan, hits hard, went to out.

After NER:
FUTYLN{TI_07} FUTI{T2_03} gegti, sert vurdu, auta gkt
PLYR{T1_07} gets through PLYRACC {T2_03}, hits hard, went to out.

' Y

Y *

Output of First Level - Corner Output of First Level - GetThrough
FUTYLN{TI_07} VURDU CIKTI
PLYR([T1_07} HITS WENT TO

FUTYLN{T1_07} FUTI{T2_03} GECTL
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Shoot(T1_07)

Figure 3. Two level lexical analysis example for different events

4 Test Results

First we tested our system on the WCTs taken from
Sporx [1]. We used 70 matches to form the templates for
17 events and used another 20 matches for testing. We did
not cover the whole ontology we have defined but we have
selected the most important events according to us. Table 1
shows the test results. We calculated precision-recall rates
since they are widely used for evaluation in many areas in-
cluding IE. Precision is a measure which shows how much
of the retrieved events are the searched event. Recall is a
measure which shows how much of the searched events are
retrieved. F score, which accounts precision and recall to-
gether, is the weighted harmonic mean of precision and re-
call. While calculating these scores we used a gold stan-
dard where a domain expert read the reports and tagged the
events including the actors and their roles. Note that when
crafting the templates from the 70 matches we did not use
or see the tagged examples of the other 20 matches.

. true positive
Precision = — " (D
true positive + false positive

true positive
Recall = Thep . (2)
true positive + false negative

Precision x Recall
32 x Precision + Recall

Fg=(1+/%) x 3)

As seen from Table 1 our system achieves a score of
90.4% for F; measure with 97% precision and 85% re-
call when all events are considered together. These rates
increase further when we consider the F; measure for the

primed cases where the event is found but some of the ac-
tors are missing. Some of the events (Penalty, Penalty-Kick,
Throw-in) show very low success rates because there are not
enough examples of them to generalize them. Furthermore,
events with same number of examples may have very dif-
ferent success rates (Corner and Foul). This is related with
in how many different ways these events are expressed and
with the complexity of the phrases that explain the event.
For instance, we use 4 templates for substitution and 12
templates for goal where substitiution has a F score 21%
higher than goal.

Instead of using 70 matches one at a time to form the
templates, we first used 30 of them and tested on the next
10 matches and improved according to the test results. We
continued on this cycle until we reach 70 matches. Our aim
was to see the evolution of the success rates of different
events. Table 2 shows the results of these experiments. This
table shows us which events are stabilized considering their
F score and which events need more examination for stabi-
lizing the results. By this way, one will not spend time on
an event once its success rates are stabilized. Although, one
can have a sense from Table 2, we leave defining a mathe-
matical stop criterion as a future work.

To show that our approach can be applied to another lan-
guages, we built a system for analyzing the WCTs in En-
glish taken from Uefa [2]. Since these texts do not have any
grammatical or syntactical error and events are described
in a highly structured way we achieved 100% success rate
for 13 events just with 4 hours of work using 5 matches for
crafting the templates and 5 matches for testing.



Table 1. Results on the events extracted from 20 web-casting texts. tp’ show the cases where the
event is found but the some of the actors are missing. Precision’ and recall’ are calculated assuming
that tp’ = tp where as precision and recall is calculated as assuming that tp’ = fn. (tp = true positive,
fp = false positive, fn = false negative)

Event [ o [t [tp+tp’ [ fp [ fn [ precision’ | recall’ | Fy-score’ | precision | recall | Fy-score |
Corner 56 7 63 0 0 100 100 100 100 88.9 94.1
Corner-Kick 85 11 96 1 6 94.1 96.5 98.8 83.3 90.4
Injury 34 1 35 0 6 100 854 92.1 100 82.9 90.7
Foul 49 10 59 1 18 98.3 76.6 86.1 98 63.6 77.2
Free-kick 69 9 78 9 7 89.7 91.8 90.7 88.5 81.2 84.7
Goal 31 12 43 4 4 91.5 91.5 91.5 88.6 66 75.6
Offside 18 4 22 0 9 100 71 83 100 58 73.5
Out (Goal-Kick) 23 15 38 0 1 100 97.4 98.7 100 59 74.2
Out (Throw-in) 5 9 14 1 1 93.3 93.3 93.3 83.3 333 47.6
Penalty 1 1 2 0 1 100 66.7 80 100 333 50
Penalty-Kick 1 0 1 0 1 100 50 66.7 100 50 66.7
Red Card 2 0 2 0 0 100 100 100 100 100 100
Save 191 1 192 3 16 98.5 92.3 95.3 98.6 91.8 95
Shot 307 0 307 11 19 96.5 94.2 953 96.5 94.2 95.3
Substitution 110 0 110 4 4 96.5 96.5 96.5 96.5 96.5 96.5
Throw-in 1 1 2 0 5 100 28.6 44 .4 100 14.3 25
Yellow Card 77 10 87 0 2 100 97.8 98.9 100 86.5 92.8
Total [ 1060 [ 91 ] 1151 [34]100] 971 [ 92 | 945 | 969 | 847 | 904

Table 2. F; scores of events with respect to

test cycles
[ Cycle |
[ Event [ T T 2 7T 3 ] 4 [5(Test |
Corner 70.7 | 839 | 84.5 30 94.1
Corner-Kick 72.7 86 86.5 78.2 90.4
Injury 82.4 | 96.8 84 97.1 90.7
Foul 702 | 812 | 70.8 | 78.6 772
Free-kick 822 | 857 | 86.2 | 88.7 84.7
Goal 81.5 92 91.8 84 75.6
Offside 333 | 30.8 | 57.1 | 824 73.5
Out (Goal-Kick) 72 95.1 94.7 | 95.7 74.2
Out (Throw-in) 26.7 50 80 80 47.6
Penalty NA 66.7 66.7 80 50
Penalty-Kick NA NA NA 66.7 66.7
Red Card NA 50 85.7 75 100
Save 95.1 | 93.6 | 979 | 954 95.0
Shot 93.6 | 939 | 95.6 93 95.3
Substitution 94.1 93.1 947 | 952 96.5
Throw-in 100 100 NA 75 25
Yellow Card 95.1 86.4 80 97.6 92.8
[ All Events [ 855 ] 90 [ 903 [ 899 [ 904 |

5 Conclusions & Future Work

In this paper we have presented an automatic IE method
by using hand-crafted patterns. We have shown that high
precision-recall rates can be achieved with this approach
compared to the methods that automatically generate their
patterns. In addition to that our approach can be applied to
any language whereas automated ones require some kind of
linguistic tool like POS tagger, parser, phrase chunker, etc.
High success rates are obtained in an environment where
grammatical and syntactical errors occur frequently and this
is the realistic case for the Internet. The drawback of this
approach is the time spent on a specific domain which in-
creases with the size of the ontology and complexity of the
sentences/phrases that describe the events. However, this
time can be decreased by crafting the patterns in parallel
because the analysis of one event does not affect other anal-
yses.

As a future work, our first aim is to employ a reasoner to
increase the success ratios. This reasoner can improve the
performance of information extraction by using some logi-
cal rules: Completing the actors of events (Rule 4), named
entity disambiguation (Rule 5) and inferring new events
(Rule 6). Furthermore, as in [9] WCTs of the same match
from different sources, if exists, can be used with a reasoner
to increase success rates further.



Foul(X,Y) A YellowCard() = YellowCard(X) (4)

Subst.(X,Y|Z)Ndif ferentTeam(X, Z) = Subst.(X,Y)
4)

Pass(X,Y) A Goal(Y) = Assist(X,Y) (6)

Another future work consists of dealing with the syntac-
tical errors. Edit distance with a threshold for the defined
keywords and named entities can be used to correct some
misspelled words. Since each event discards the words that
it is not interested, errors only occur if there is a misspelling
in the keywords. In addition to that, named entity recogni-
tion can be improved but the current simple system works
well (2% error in NER).

Finally, we plan to study where to stop when crafting
the templates. Number of examples needed to stabilize the
success rates differ from event to event according to the
complexity of the sentences/phrases that describe the event.
Once a stopping criterion is met for an event, further analy-
sis can be done on another event and this will decrease the
total time spent on crafting the patterns.
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Abstract. This paper proposes the design, development and evaluation of a
hybrid video recommendation system. The proposed hybrid video
recommendation system is based on a graph algorithm called Adsorption.
Adsorption is a collaborative filtering algorithm in which relations between
users are used to make recommendations. In this paper, Adsorption algorithm
is enriched by content based filtering to provide better suggestions. Thus,
collaborative recommendations are empowered considering item similarities.
Therefore, the developed hybrid system combines both collaborative and
content based approaches to produce more effective suggestions.

Keywords: Recommendation systems, collaborative filtering, content based
filtering, information extraction

1 Introduction

Recommendation systems aim to overcome the difficulty of finding proper
information. Available systems try to help users to find the most relevant data they
want. There are recommendation systems in different domains. For instance
Amazon.com recommends books in book domain; Last.fm helps users to find the
songs that they want to listen, MovieLens tries to guide users to reach the movies they
might like and Netflix which also aims to suggest relative matches to its customers
provides various number of movies and TV shows.

Former research work was based on the idea of prediction of ratings only. In other
words, the problem seems to guess the rating of unrated items by users. Recent
research deals with more complex prediction approaches. Especially, with the
improvement of information technologies, recommender systems make use of
techniques such as information retrieval, user modeling and machine learning.

Recommender systems can be broadly divided into three categories according to
the approach they used to make recommendations. These are content-based
recommendation, collaborative recommendation and hybrid recommendation [2]. In
content-based recommendation, items are suggested according to their similarity to
the items the user selected before. In collaborative recommendation, items are
suggested according to the similarity between users with similar habits. Hybrid
systems combine these methods to obtain better performance.



Adsorption [3] is a collaborative filtering algorithm which is already applied to
YouTube successfully. In YouTube, there are millions of videos available and users
can state whether they like the video or not. Adsorption uses this rating information
and tries to reach unrated videos using a graph-based algorithm. The newly reached
videos are suggested to users as new recommendations.

Adsorption algorithm [3] is among the new generation graph-based collaborative
filtering methods. However, this method is not used together with content-based
recommendation before. In this paper, the results of Adsorption algorithm are
improved by adding content-based filtering to obtain more accurate suggestions. The
main contribution of this work [1] is improving the results of Adsorption algorithm by
injecting content-based similarities between videos for the purpose of enhancing
recommendations. In addition to videos in YouTube, Adsorption algorithm is also
applied to movie domain in MovieLens.

The rest of the paper is organized as follows. Section 2 explains the main approach
that is used for the development of the hybrid recommendation system. Section 3
describes experiments and evaluation approaches which are used to evaluate the
system. Finally, Section 4 concludes the paper and discusses possible future work.

2 A Hybrid Video Recommendation System

The hybrid recommendation system that is developed in this paper is an application
which aims to select appropriate videos or movies for users. The developed
recommendation system can be used for both YouTube and MovielLens [1].
Recommendations are done according to both collaborative and contend based
features. First, ratings are guessed according to collaborative relations. Then, content
based (CB) features are injected to provide a hybrid system. The general system
architecture is presented in Fig. 1

Information
Extractor
distribution list

= —— userl v2 v5 v45v75 ...

_ )

o users Adsorption user2 v3 v4 v47 v76 ...

o items Algorithm user3 vi vil v68 vi0 ...
e ratings
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user3 vl v11v68 v98 v2 ...

exten‘&ed“l"et‘:‘c‘)rn‘rﬁe‘r‘\‘da“t‘ioaI st
Fig. 1. General System Architecture
The distribution list consists of users and the list of videos for each user. The items
in the video list are found to be related to that user and can be recommended

accordingly. The item similarities table shows the similarity value of each pair of
items.



2.1 Item and User Modeling

In the proposed hybrid recommendation system, first collaborative filtering (CF) is
applied; then the content based approach is injected to the results. The input to the CF
should be a graph. In this graph, users and items are represented as the nodes. At the
beginning items and item ratings are structured together as item-rating pairs. Then,
these objects are used in order to model users. Obtained user objects contain user
names and a list of item-rating pairs. For each user a graph node is constructed. While
examining the list of item-rating objects, a graph node is inserted for each distinct
item. Weighted edges are added between nodes considering the ratings that are given
to the items by the users. It should be noted that all user names and video IDs are
unigue in the system.

2.2 YouTube Information Extractor

YouTube does not provide a database that can be used as an evaluation data set.
Instead an API [4] is provided in order to help developers to implement client
applications. We used this Java API to retrieve the necessary data to construct our
data set. The extracted data includes user information, such as user name, list of
watched and rated videos, and given ratings. Periodically, the system checks for
updates in user information and inserts new data accordingly. This enables the data to
stay up-to-date.

The information extractor consists of three main modules which are video, user
and rating fetcher. Since the list of YouTube users is not readily available via
YouTube API, various videos are visited as a first step to collect user data. There are
standard feeds such as top_rated, most_viewed, top_favorites, most_popular, which
are provided by YouTube. The returned feeds are in xml format. Gathered feeds are
examined and newly obtained video IDs are stored. The obtained xml files contain
video information including a feed link for comments of the corresponding video.
Comment feed is retrieved because it contains the list of users who share their
opinions about the video.

The final step is getting ratings of users. In YouTube, each user has their events
feed. If the users agree to share their activities, these feeds can be retrieved from the
YouTube API. Activity feeds contain information such as rated videos, favourite
videos and commented videos.

2.3 Recommender

The proposed recommender system uses both collaborative filtering and content
based approaches in order to provide suggestions. Collaborative filtering forms the
predictions for the movies and content based approach aims to improve the obtained
results.

Pure Collaborative Filtering Approach. In this paper, a graph-based collaborative
filtering algorithm, Adsorption [3], is used. It is a general framework in which there



are both labeled and unlabeled items and it can be used for classification and learning.
The basis of the algorithm is giving labels to the unlabeled items using labeled items
in the graph structure. The versions of Adsorption algorithm are ‘Adsorption via
Averaging’, ‘Adsorption via Random Walks’ and ‘Adsorption via Linear Systems’.
According to the theorem given in [3] all three version of the Adsorption algorithms
are equal. In this work ‘Adsorption via Averaging’ is used due to memory and time
issues.

The main idea in ‘Adsorption via Averaging’ is forwarding labels from the
labelled items to the neighbour items, and saving the received labels by neighbours.
The important part of the algorithm is to make sure keeping important information
while guaranteeing to converge with a reasonable number of label assignments. More
formally it can be explained as the following [3].

A graph G = (V, E,w) is given where V is the set of vertices, E denotes the set

of edges, and w: E — R denotes a non-negative weight function on the edges. L
denotes a set of labels. Assume each node V inasubset V, <V carries a probability

distribution L, on the label set L. V represents the set of labelled nodes.

At this point some pre-processing is necessary. For each vertexV € V|, a shadow

vertex V is created with exactly one outgoing neighbour V, which means V and V
are connected by an edge with a weight of 1.

The time complexity of the algorithm is O(n®) and the pseudo-code of the
algorithm is as follows:

Input: G =(V,E,w),L,V,.
repeat
for each VeV UV do:
let L, =" w(u,v)L,
end-for
Normalize L, to have unit L, norm
until convergence
Output: Distributions {L, |veV}

In order to apply the algorithm, the first step is to create the user-view graph.
Considering effective usage of memory and processor, videos which have a rating
lower than the decided threshold are pruned and not added to the graph. As it is aimed
to find the preferences, this threshold value is set to 4. That is ratings greater or equal
than 4 mean a certain choice of the user. After the pruning step, a shadow node is
created for each user and video, which is the end of the graph construction part.

User-view graph helps reaching related videos using the connections between users
and videos. Starting from a user, traverse is done to watched videos firstly and then to
other people who watched those videos and so on. Each node of the graph is traversed
one by one and its label distribution list is updated according to its neighbours. First,
the label distribution list of the current node is cleared. Then, this list is reconstructed
by traversing its neighbours and copying their label distribution lists. The edge weight



between the current node and its neighbour is also taken into account in this process.
This copying process is continued with the neighbour of the neighbour of the current
node and so on. While going deeper, the effect of labels reduces dramatically and
time and memory constraints become crucial. For this reason, the system uses only
the first 3 levels of the neighbour label distributions. That is after level 3, reached
nodes are not very related with the original node so their do not have a concrete
benefit.

The size of the label distribution list limits the labels which will be carried to the
next iteration. It is accepted that after the upper bound of the label distribution list,
remaining items has less importance so they are called poor labels. Therefore, after
the label distribution list is formed, it is sorted and poor labels are deleted from the
list. This process continues until the label distribution list of all nodes converges. To
be more precise, whenever the label distribution list of all nodes remains same on an
iteration, the algorithm terminates.

Injection of Content Based Methods to Collaborative Filtering. To increase the
strength of recommendations it is decided to add content based filtering to the results
obtained by collaborative filtering. The content based method that is used in this
paper recommends videos/movies to the users that are similar to the ones obtained as
a result of the Adsorption algorithm. The aim is to suggest different but also relevant
items to the users. Content based filtering is added by using item similarities.
Collaborative results are sorted by relevance and less relevant results are replaced
with content based similarity results.

Item Similarities for videos in YouTube. In YouTube API there is a feed which
retrieves the related videos to a specific one. When this feed is retrieved the list of
related videos are gathered. If a related video is already in the recommendation list,
another related item is added to recommendation list.

Item similarities for movies in MovieLens. The similarities between movies can be
found according to their features such as year, actors, genre etc. However, in
MovieLens database only basic information such as movie name, movie year, movie
genre, movie IMDb URL, etc. is provided. So, it is required to gather more detailed
movie information from IMDb which stores extra information about movies like
movie kind, writer list, cast list, country, language, company and keywords.

In movie domain it is not reasonable to give the same importance to all attributes.
To be more precise, writer, genre or country of the movie cannot have the same
significance with each other for a movie to be preferred. Therefore, there is a need to
decide the importance values of the features. This problem is studied in [6] and
feature weighs for movies are determined experimentally. In addition, [6] defines
similarity with the equation:

S(G,,0)) = w F(A; T A+ W, (A [ Ayy) +.+ W, T (A [ Ay)

According to the equation, S describes the similarity between objects O, and Oj
where W, is the weight applied to the similarity between object attributes A, . The
difference is calculated by the function f (A | A;)- Table 1 shows the feature weight



values as determined in [6]. The related videos of a movie are found by using the
values above and IMDb database.

As a result of Adsorption algorithm, a distribution list is obtained which is aimed
to be used as the recommendation list itself. Half of bad results are deleted from the
distribution list of user. As a result of calculating item similarities, new items are
added to the recommendation list of the active user. Therefore, the recommendation
list contains items from both collaborative filtering and content based filtering
providing a hybrid recommendation to the user.

Table 1. Feature Weight Values

Feature Mean
Type 0.18
Writer 0.36
Genre 0.04
Keyword | 0.03
Cast 0.01
Country 0.07
Language | 0.09
Company | 0.21

3 Experiments and Evaluation

This section presents the experiments that were carried out in order to evaluate the
performance of the system.

3.1 Datasets

Two different datasets are used in order to evaluate the proposed system. These are
YouTube data set and MovieLens data set. YouTube dataset is formed by the help of
the information extractor. The task of collecting data for our database continued
nearly four months. Resulting dataset includes 177733 ratings, 117604 videos and
15090 users. As the values indicate, the YouTube dataset is very sparse. Selected
MovieLens dataset has 100,000 ratings for 1682 movies by 943 users [7]. IMDb data
is used and movie features are also taken into consideration while finding item
similarities for MovieLens.

3.2 Evaluation Metrics

This paper focuses on evaluating the effectiveness of results. In order to evaluate
effectiveness, precision and recall are among the most preferred metrics.

Precision is the ratio of the number of relevant items which are retrieved to the
total number of retrieved items [9]. Recall is the ratio of the number of relevant items
which are retrieved to the total number of relevant items [9]. F-measure is also a
metric for evaluation which combines precision and recall. Actually F-measure is the
harmonic mean of precision and recall. In this paper precision, recall and F-Measure
values are calculated in order to evaluate the system performance. Evaluation is done



for a subset of existing data and using remaining part as training. There are various
parameters that may be changed in order to examine results in different perspectives.
These are U,Y, 3, y,6 and their explanations are given in the following.

Parameters U andY . Different user groups are formed according to the number of
ratings they gave to items. U denotes the user groups for MovielLens users and Y
denotes user groups for YouTube users. Because of the high data sparsity of
YouTube, only one group of users is formed. This group contains 20 users and
average rating of the group is 70. On the other hand, in MovieLens dataset three types
of user groups,U1, U2and U3, are formed according to their average number of
ratings. The details for both YouTube and MovieLens user-sets are shown in Table 2.

Table 2. Test User Groups

User Group | Average # of ratings
Y 70

Ul 250

uz2 150

U3 60

Parameter 3. The parameter 4 denotes the depth value. It represents how deep the

Adsorption algorithm goes in the user-view graph. 3 is selected for this parameter
because of time constraints.

Parameter y. It is the size of the label distribution list. Since increasing this

parameter also increases the memory usage dramatically, an upper bound value of 40
is selected for its maximum value. On the other hand, there must be a sufficient
number of recommendations in order to evaluate the recommendation system
properly. So, lower boundary of this parameter is set to 20. Intermediate values are
also considered to see the effect of this parameter on overall evaluation. Therefore,
calculations are done for five different » values. These are 20, 25, 30, 35 and 40.

Parameter & . This is the threshold value of ratings. While traversing the videos that
are rated by a user, related video is added as a video node only if its rating is equal to
or higher than the value of § . It is assumed that, users give ratings above 3 (inalto5
rating system) to videos they like. Because of this, 4 is selected for this parameter.

3.3 Experiments

Results of both pure CF and the hybrid system are presented in this section. As
Adsorption is affected very much from sparsity, content based approach gives a
chance to increase the quality of suggestions. Effects of this can be seen in results.

YouTube Experiments. In first experiment, the effectiveness of pure CF system is
evaluated using YouTube data. For user-set Y calculations are done and the results
are presented in Table 3. According to Table 3, while the values for precision are



increasing, recall values are decreasing. As it can be observed, especially recall values
are very low. This happens because of data sparsity. It can also be deduced that recall
is directly proportional to y values whereas precision is inversely proportional to y.

Table 3. YouTube Test Results with pure CF System

User Group Y
Y-value 20 25 30 35 40
precision 0.255556 0.220311 0.173333 0.171984 0.171429
recall 0.046589 0.051023 0.057757 0.070678 0.077599
F-Measure 0.07881 0.082857 0.086644 0.100184 0.106837

The second experiment is done in order to see the effect of content-based filtering
over the existing CF system. The results are obtained using YouTube dataset. Table 4
demonstrates the results.

Table 4. YouTube Test Results with Hybrid System

User Group Y
vy -value 20 25 30 35 40
precision 0.20744 0.184444 0.161333 0.122381 0.101429
recall 0.076589 0.081209 0.089757 0.118986 0.159599
F-Measure 0.111873 0.112767 0.115344 0.12066 0.124032
F-measure vs v (Y)
Comparison

Fig. 2. F-measure vs. v (Y) Comparison

Fig. 2 demonstrates the relationship between y and F-measure. It can be concluded
that F-Measure tends to increase with increasing y values. As it is seen from the
results, hybrid system curve has a similar form with pure CF curve. Similarly, it can
also be seen that hybrid system has higher values which means hybrid system
performs better results than pure collaborative system when YouTube data is used.

MovieLens Experiments. This part of the experiment evaluates the effectiveness of
system using Movielens dataset. For each user group 2 tests are done (one for pure
CF and one for hybrid). Therefore MovieLens includes 6 different experiments. The
results for the first experiment are for pure CF system using MovieLens user-set Ul
are shown in Table 5. Secondly, in Table 6 there are results for hybrid system using
MovieLens user-set U1.



Table 5. MovieLens Group U1 Test Results with pure CF System

User Group Ul
Y -value 20 25 30 35 40
precision 0.9373062 0.9327172 0.925128 0.918103 0.908077
recall 0.1147386 0.1198197 0.126901 0.150324 0.167748
F-Measure 0.2044499 0.2123591 0.223187 0.258348 0.283184
Table 6. MovieLens Group U1 Test Results with Hybrid System
User Group Ul
y -value 20 25 30 35 40
precision 0.8006507 0.7562651 0.73188 0.730212 0.724491
recall 0.1999656 0.2285986 0.273631 0.309294 0.379793
F-Measure 0.320008 0.3516076 0.398335 0.434534 0.498344

It can be inferred from Fig. 3 that, F-measure increases while the size of the
distribution list increases.

F-measurevs v (U1)
Comparison

—t Hyiricd

X
w4 — il aliv
w0l —
[ -___-_.,.-I""-

Fig. 3. F-measure vs. y (U1) Comparison

For all user groups U1, U2 and U3 precision, recall and F-measure values do not
change very much. For each user group precision, recall and F-measure graphs follow
similar patterns. Therefore, there is not a certain relation considering only user
groups, and this shows that Adsorption is insensitive to user groups. As a result, CF
system gives coherent results with all user groups.

In all figures, hybrid curves have higher values than pure CF curves. This means
that more accurate results are obtained by inserting CB approach in CF approach. So,
it can be said that considering item similarities and applying CB filtering approach
improves the results of the recommendation system.

4 Conclusion and Future Work

In this paper, a hybrid recommendation system is presented. The system uses both
collaborative filtering and content-based recommendation techniques. Base is the
collaborative part in which a graph based algorithm called Adsorption. Content
information is retrieved from both IMDb and YouTube and this is used in order to
propose a better system.

Enhancement is done on the distribution list which is retrieved from the
collaborative filtering. To make use of content based approaches item-item



similarities are found. According to the similarity results new movies which are not
included in the result of collaborative recommendation are inserted to the list and
recommended to the user.

Results of experiments show that the hybrid system has a better performance on
recommendations than using pure collaborative algorithm. It is also found out that
system gives more successful results when MovielLens dataset is used which means
good results are obtained when the data is not sparse.

As a future work the system can be extended so that even with sparse data the
system can give more appropriate suggestions to users. Beside this, the
recommendation system proposed in this paper works offline and makes offline
predictions. Considering video domain, the next step can be to integrate this system to
an online organization where users watch videos online.
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Abstract — Event detection is a crucial part for soccer video
searching and querying. The event detection could be done by
video content itself or from a structured or semi structured
text files gathered from sports web sites. In this paper, we
present an approach of metadata extraction from match
reports for soccer domain. The UEFA Cup and UEFA
Champions League Match Reports are downloaded from the
web site of UEFA by a web-crawler. Using regular expressions
we annotate these match reports and then extract events from
annotated match reports. Extracted events are saved in an
MPEG-7 file. We present an interface that is used to query the
events in the MPEG-7 match corpus. If an associated match
video is available, the video portions that correspond to the
found events could be played.

Keywords — Semantic querying of video content, MPEG-7,
information extraction, video annotation

I. INTRODUCTION

Sport fans could not watch every live game
because of several reasons such as time and region
differences, channel availability etc. There will be
highlights of games but they are generally prepared by
studio professionals and they do not cover the
audience’s appetite. On the other hand, people want to
see events related to certain teams or players.

Unfortunately, not all multimedia have metadata
available with them. Content based knowledge
extraction from large multimedia repositories is an
important research area. For multimedia data without
semantic content tags, it is necessary to extract the
metadata automatically. Web content is usually inside
XML or HTML documents, which contain additional
information that can be used to obtain the metadata by
applying natural language processing technigues and
information extraction algorithms.

In this paper, we present a system that annotates
soccer game videos automatically by using the
information in match summary texts. The proposed
system downloads live match reports from UEFA by a
web-crawler. It, then, tags these match reports by
regular expressions. All events are extracted from
match reports via a hand-written rule set. These
extracted events are converted to valid MPEG-7 [7]

files and match corpus is generated. A user interface is
provided for querying and searching the match corpus.
Relevant video segment of the game is displayed for
successful search results.

The rest of the paper is organized as follows. The
related work on metadata extraction in sports domain
is given in Section Il. Section Il gives brief
information about the web-crawler used for
downloading minute by minute match reports. Section
IV demonstrates annotating text wusing regular
expressions. Section V explains the MPEG-7 ontology
and describes how the mapping of football events to
that ontology is done. Section VI summarizes the
implementation of our system and finally Section VII
concludes the paper and gives some comments about
future work.

Il. RELATED WORK

Information extraction from different kinds of
sources is so popular nowadays. Especially for
multimedia content annotation, information extraction
can be preferred over video analysis if an associated
text is available with the multimedia data. For
instance, it is easy to find text describing videos in
sports domain, specifically soccer videos. Popular
sport sites publish match reports in a structured or
semi structured format where events of the game are
summarized along with their time information. The
video segments can be annotated by aligning them
with the time information and extracting the metadata
from the text in summaries.

There exist many projects that have been
developed for metadata extraction for sports events. In
[3,4] a framework is proposed for detecting events
from live sport videos and also live text analysis. They
have four modules that are live text/video capturing,
live text analysis, live video analysis and live
text/video alignment. Live text analysis module
extracts the events from text and then these events will
be synchronized with video with the live text/video
alignment module. Here the main concern is to
increase the precision of their video analysis



techniques using text as a second source of
information. Our work is focused more on semantic
querying of the matches with a more detailed
description of events using the textual descriptions.

Information extraction by template pattern
matching is used to summarize football matches in [6].
They use GATE for intermediate analysis results.
Their focus is semantic processing in information
extraction. They process documents in English and
use machine learning.

An automatic audio video summarization tool is
presented in [5]. The tool uses content-based metadata
which is extracted from match summaries manually.
Once an ontological metadata is provided, the system
tries to generate summaries of the game.

SOBA [2] is an ontology based approach for
metadata extraction from match reports in soccer
domain. SOBA automatically downloads match
reports from UEFA and FIFA and sends them to a
linguistic annotation web service. After that, applying
the rule set to the annotated documents, events are
extracted. The extracted events are stored in their own
format. In our work, on the other hand, we use
MPEG7 standard which makes our system more
interoperable.

The work in [1] aims to extract events from both
tabular match reports which are structured, and from
minute by minute match reports which are
unstructured. They use video analysis results and
combine them with several textual resources. The aim
is to discover the relations among six video data
detectors and their behavior during a time window that
corresponds to an event described in the textual data
whereas we are concerned with semantic querying of
the game contents in our work.

Compared with previous approaches, the
contributions of our approach include the mapping of
match events into the MPEG-7 ontology. The usage of
MPEG-7 standard makes our corpus interoperable
with other systems. Besides that, synchronizing match
events and match videos with MPEG-7 standard
provides convenience. The search and query
operations on MPEG-7 files are managed by XQuery
language. Since there are many search options, we
obtain a dynamic XQuery generator over MPEG-7
files. If a match video is found as the result of
querying, it could be displayed according to the time
of the event. The synchronization of video and event
is accomplished by the minute information of event
that is gathered from the MPEGY file.

. WEB CRAWLER

The web-crawler is used for producing the match
corpus. The match data is formed from HTML
documents of official web site of UEFA'. There are
two big organizations that UEFA arranges, UEFA
Champions League and UEFA Cup. These
organizations have their own web sites and match
centers. In their match centers, for each match, the
data source contains semi-structured data of player
names, referees, match result and scorers of the match.
Minute by minute match report is also provided at
match center. Minute by minute match reports informs
people about the events at the game in a textual form.
These reports include the events, performers of events
and their exact time point. The crawler is able to
extract minute by minute match reports from
Champions League and UEFA Cup match centers. At
the fixtures and results part of each competition, there
are links to the match days and in each of those match
days, there are links to the match reports. Therefore,
match report links could be found by crawling from
fixtures and results site. For each match report link,
minute by minute reports are extracted and saved to
the match corpus.

IV. ANNOTATING TEXT USING REGULAR
EXPRESSIONS

In minute by minute match report, an event is
described by one sentence which contains the exact
time point of the event, performers of the event and
teams of the performers. The structure of these
sentences is well-defined. Therefore, extracting events
from sentences could be done by matching the
sentences with a template that consists of labeled
match events. Besides event types, time point of
event, performers of event, teams of performers could
be extracted from minute by minute match report.
Before extracting event types, text must be labeled or
in another words tagged. Since the text is well-
defined, tagging of teams, players and minutes could
be performed with regular expressions. In UEFA
match reports minute information takes part at the
beginning of the sentence and team information
follows a player name. Player names are proper nouns
and always start with uppercase letters. The team of a
player is indicated by a team name in parentheses.
Minute is represented by numeric values. However for
extra time of normal match, numeric value is followed
by a plus character and then another numeric value.

*http://www.uefa.com/



For extra time after the match, prefix EX. is used and it
is followed by numeric values. Apart from the
annotated parts, other words and punctuations are
labeled as token.

After a document containing match summaries is
downloaded by the crawler, it is processed by tagging
each sentence properly. The minute by minute text is
transformed into an XML document where each
sentence is represented as a separate element. The
XML file contains labeled words and tokens under the
sentence element. Converting plain match text into
structured XML files ease applying information
extraction algorithms on the match corpus. Figure 1
shows a tagged form of the sentence: “87: Crouch
(Liverpool) has an effort on goal.”

<Zentencex
<Minute»87</Minute>
<PlayerName>Crouch</ P layerName >
<Token> (</ Token>
<TeamrLiverpool</ Team:
<Tokenx) </ Tokenx
<Token>has</ Tokens>
<Tokenran</ Tokens>
<Tokenreffort</ Token:>
<Tokenron</Token:>
<Tokenrxgoal</ Tokenr
<Token>.</Token>

</ Bentencex

Figure 1: A Tagged Sentence

In order to extract event information from the
processed texts we prepared a rule set for each soccer
event. We have identified all distinct events appearing
in match reports and identified different sentence
structures for each of these events. For each event type
there is a set of hand-written rules. These rules are
applied to the data set to extract the events in another
XML file for each match. Rule set can be thought as a
template for match corpus events and the extracted
information on that event. For each sentence in a
match report, it compares the patterns of hand-written
rules and if there is a match, it will extract it from the
rule set and fill it with the specified information in the
sentence.

Figure 2 shows an example rule for discerning the
corner event. Under the Rule element there are two
sub elements Pattern and MatchEvent. Pattern is the
template for the event. If the tagged sentence is
coherent with a pattern of the rule, the corresponding

event will be extracted according to the MatchEvent
element of the rule. Template matching is done by
matching the field name of the sentence with the
pattern sub-element of rule element first and if the
field name is token match the content also. In Figure
2, for corner event, there are three extracted
information: minute, player name and team. That
information is filled from the tagged sentence by
matching the field names. After all sentences are
scanned, an xml file is generated according to the
extracted information from the rule set. The xml file
contains the events in the format of MatchEvent
element that is described under the Rule element.

<RBulex
<Fatternx
<Minuter</Minuter
<PlayerName:></F layerName >
<Token> [</ Token>
<Teatn></ Tearm:>
<Tokenz>) </ Token>
<Token>delivers</Token>
<Token>the</ Token>
<Tokenrcorner</Token>
<Token>.</Tokens>
</Pattern»>
<MatchEvent >
<CornerEvent>
<Minuter</Minutex>
<FlayerName:></F layerName:
<Team></ Team:>
</ CornerEvent>
</MatchEvent >
</Rulex

Figure 2: A Sample Rule for Extraction

Table 1 lists all match events and the extracted
fields for the events that we can process. For each of
these events, all possible sentences are examined and
rules that are similar to the one in Figure 2, are
created. There are two important points in creating the
rules: The first element Pattern is the template that
will be matched with the sentences in match
summaries and the second element MatchEvent
represents the extracted information. As it is seen in
Figure 2, the extracted information for corner event
such as Minute, PlayerName and Team has no content.
If this rule is matched with a sentence, they will be
filled by gathering values for these fields from the
sentence.



Match Events | Extracted Information
Cautioned (Minute, PlayerName, Team)
Corner (Minute, PlayerName, Team)
(Minute,
FoulCommittedPlayerName,
FoulCommittedTeam,
FoulSufferedPlayerName,
Foul FoulSufferedTeam)
Free-Kick (Minute, PlayerName, Team)
Goal (Minute, PlayerName, Team)
FreeKickGoal | (Minute, PlayerName, Team)
PenaltyGoal (Minute, PlayerName, Team)
OwnGoal (Minute, PlayerName, Team)
GoalPosition (Minute, PlayerName, Team)
Offside (Minute, PlayerName, Team)
PenaltyEvent (Minute, PlayerName, Team)
PenaltyMiss (Minute, PlayerName, Team)
Redcard (Minute, PlayerName, Team)
YellowCard (Minute, PlayerName, Team)
(Minute, SubstitionInPlayerName,
Substition SubstitionOutPlayerName, Team)
SaveGoal (Minute, PlayerName, Team)

Table 1: Match Events

V. CREATING MPEG-7 METADATA

It is preferable that we store match events in a
standardized manner so that other systems can use the
same match corpus for their systems. Besides, we
want match events to be synchronized with the
football videos. For this purpose, we use MPEG-7
standard to keep the semantic annotations of the
games.

MPEG-7  (Multimedia Content  Description
Interface) developed by MPEG (Moving Picture
Experts Group) aims at standardizing the annotation
of multimedia content especially for interoperability
purposes. XML syntax is used for Description
Definition Language (DDL). It allows the creation of
MPEG-7 Description Schemes and Descriptors. The
use of XML smoothens the ability to work with other
metadata standards.

MPEG-7 descriptions  collaborated  with
audiovisual data content may comprise of pictures,
graphics, 3D models, audio, speech, video, and
composition information about how these elements are
joined in a multimedia scenario. MPEG-7 descriptors
do not depend on how described content is stored or
coded. MPEG-7 description can be created for a

picture or an analogue movie in the same way as a
digitized content. MPEG-7 permits different
granularity in its descriptions to have different level of
discernment. It does not depend on the representation
of material. If the material has certain relations in time
and space, it will be possible to attach descriptions to
elements within the scene. Since the descriptions can
be attached to time and space relationship, it will be
adapted to the context of an application.

The MPEG-7 standard allows querying the
metadata and synchronizes it with the audiovisual
(AV) content. It involves the descriptors that are
associated with AV. Attributes for AV content such as
location; time and quality are described in MPEG-7
Description Schemas. The description Schemas allow
more complex descriptions by declaring relationships
among the description components. In MPEG-7
descriptions are arranged into categories of
multimedia, audio and visual domain. Their
combination and possibly textual data related to them
could be described in content of Description Schemas.
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<FreeTextinnotation /»
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Figure 3: Example MPEG-7 Descriptors

In our work, match corpus have an MPEG-7 file
for each match that is extracted from minute by
minute match reports. In each file, all events and their
time points are represented according to MPEG-7
Descriptions Schemas. MPEG-7 standard allows us to
define semantic content wunder the Semantic



Description.  SemanticBase element under the
Semantics is used for performers of events with type
AgentObjectType which let us to describe performer
under the Agent element. MediaTimePoint under the
MediaTime is used for the minute information of the
event. For the team information, event and opponent
team information, we used the Relation element. For
event name, relation type will be agentOf; for team
information of the performer relation type will be
memberOf and for the opponent team relation type
will be hasAccompaniertOf. Player name is stored
under the Agent element with type PersonType.

There are some events that have hierarchical
representation such as foul event which is a
combination of FoulCommitted and FoulSuffered
event. For these events, two separate events are
created and the relationship between these events is
guaranteed by another SemanticBase element.

VI. IMPLEMENTATION

In our work, we download match reports from
UEFA web site by crawling and we extract match
events from these reports. We use the NekoHTML for
parsing the UEFA web site which is a simple HTML
scanner that enables parsing the HTML documents
and accessing the information using standard XML
interfaces. We transformed the extracted match events
into MPEG-7 files for each match.

In our system, there is a user interface for querying
the matches. We use XQuery for searching the
MPEG-7 files. To include XQuery into our system, we
use XQEngine library that is full-text search engine
for XML documents, utilizing XQuery as its front-end
query language.

There are minute based, player name based, team
based, match based and event based search options in
our system. User can select one of them or a
combination of them. Since there are multiple search
options and we are using XQuery, we implemented a
module that dynamically generates XQuery according
to search options. This module adjusts the necessary
joins in an efficient manner.

After the search operation, the user can select one
of the results, and if a match video is associated with
that match, its video is shown at the top of search
results. While playing the video, we use Java Media
Player API, a portion of the Java Media Framework
(JMF) that enables audio and video within
applications.

In Figure 4, Corner events that Inter team has taken
against Liverpool are shown. The result has shown the

event name, minute of the event, the player who takes
the corner and the match result.

£ UEFA Match Events
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Match Event Search
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Figure 4: Displaying results for event-based querying

Figure 5 illustrates querying of all events that
player Gerrard was involved in games where
Liverpool and Internazionale are opponents. Goal
Position at 25 minute is selected and that event is
shown at the top of search results.
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Figure 5: Player-based querying

VII. CONCLUSION AND FUTURE WORK

We present an MPEG-7-based approach to
information extraction in soccer domain that targets
the automatic generation of MPEG-7 files from match
reports. We choose the MPEG-7 standard for our
match corpus to make the system more interoperable.

A web crawler is used for downloading the match
reports from UEFA web site. These match reports are
annotated using regular expressions. According to the
hand-written rule set, match events are extracted and
converted to the MPEG-7 standard.

Finally, we adapted an interface for querying
match events over MPEG-7 files by using XQuery
Language. However since there are several kinds of
query types we need a module that dynamically
prepares XQueries according to search criteria.

Future work includes the replacement of hand-
written rules with machine learning algorithms. We
plan to learn the template rules for each soccer event
from the match summaries. In this way the system will
be more flexible and it will be easy to adapt it to a
more variety of game narrations. Since we have a
modular architecture, after labeling match reports we
associate them with events and run information
extraction algorithms on that match reports corpus.
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Ontological Video Annotation and Querying
System for Soccer Games
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Abstract - This paper describes a video annotation and
querying system which is capable of semi-automatic
annotation of videos from text. The extracted metadata is
aligned with the corresponding video segments. This allows
users to query videos according to their semantic content. We
have chosen soccer domain to demonstrate the use of the
system. The soccer videos are very suitable for our
framework, since it is easy to find web-cast match reports for
soccer games. The annotated videos are stored in MPEG-7
format in an object-oriented database. The keyword-based
indexing allows fast retrieval of video segments. The system
accepts match reports in Turkish which makes querying in
Turkish possible.

Index Terms— video semantic annotation, information
extraction, ontological querying, MPEG7

I. INTRODUCTION

Multimedia content is being used in a wide number of
domains ranging from commerce, security, education,
entertainment and sports. Especially, with the advances in
digital technologies, there is a natural increase on demands to
store, organize, and query videos. People want to search and
find the audio-visual content according to its content
semantics. They want to find quickly the right spot in the right
video by only describing what they want, preferably in free
text format. In order to achieve this there should be
knowledge about the content. This knowledge comes from the
metadata of the content, which are stored along with the
videos as annotations.

There has been significant amount of work on semantic
annotation of videos automatically. Most of current research
focuses on event recognition and classification based on the
extraction of low-level features. Such approaches are,
however, mostly limited to a very small number of different
event types, e.g. detecting a moving person, a goal event,
recognizing specific objects, etc. On the other hand, for some
videos, there are vast textual and semi-structured data sources
that can serve as a valuable source for more semantic event
recognition and classification.

The idea behind the research in this paper is the use of the
accompanying text to extract semantic metadata for videos

and align the extracted metadata with the frames of the video.
This will allow querying the video segments according to their
semantic content described by words. The metadata associated
with the video should be rich enough to search content
semantically. The capacity of semantic search depends very
much on the amount and detail of the metadata. For this
reason, we aim to develop an ontological annotation
environment where video metadata is generated automatically
from text using information extraction techniques and queried
in free format. This paper presents our preliminary
experimental results of our research to achieve this aim. We
have implemented a video annotation and querying system for
videos in soccer domain. Since we want to do ontological
annotation and querying, we restricted ourselves to a certain
domain. Soccer domain is attractive due to its available
ontology, well-defined events, and semantic structure.
Furthermore, there is a wide range of information resources to
match reports. For instance, web-casting text can be used
along with the actual video of the game. In this work, we
focused on Turkish match reports available on different web
sites, such as sports pages of national newspapers or
Sporx.com. The match reports are usually in the form of a
semi-structured text. For instance, 'Dakika 60: Gol, Tiirkiye 1-
0 one gecti' (Minute 60: Goal, Turkey scored 1-0) can be the
description of a goal event.

We implemented an annotation tool which can be useful for
two types of users: Those users who want to create match
reports manually, and those who want to annotate a match
(semi)automatically given a match video and a downloaded
match report. Once the video is annotated, it can be queried
semantically. The implemented system allows the users to
query the games using keywords or a combination of
keywords, and view the corresponding segments. The
annotated videos are stored in MPEG-7 format. An indexing
component is implemented for fast retrieval of queried events
and video segments.

The rest of the paper is organized as follows. Section 2
summarizes the recent work on semantic annotation and
retrieval of sports videos and compares our approach with
them. Section 3 describes our approach to annotate and store
the videos. Automatic annotation tool is presented in Section
4. Indexing and keyword-based querying are explained in
Section 5. We discuss our current work on the extension of



the system for ontological querying in Section 6. Section 7
concludes the paper with some remarks about future work.

II. RELATED WORK

Sports events, especially soccer games, have long been
studied as an application domain for video analysis, video
annotation and semantic querying. There has been a
considerable amount of work on automating the annotation of
soccer matches.

In [3.,4] a framework is proposed for detecting events from
live sport videos and also live text analysis. They have four
modules that are live text/video capturing, live text analysis,
live video analysis, and live text/video alignment. Live text
analysis module extracts the events from text and then these
events are synchronized with video using the live text/video
alignment module. This work is concerned with the
improvement of their video analysis techniques by aligning it
with the broadcast text. They focused on detecting only a few
soccer events. However, they are not interested in semantic
querying of the match contents.

Information extraction by template pattern matching is
used to summarize soccer matches in [6]. They use GATE
(General Architecture for Text Engineering) intermediate
analysis results. Their focus is semantic processing in
information extraction. They process documents in English
and use machine learning algorithms to find templates for the
description of soccer events. On the other hand, our work is
concerned with match summaries in Turkish, and currently,
we do not employ any machine learning techniques to
automatically extract events from text. However, we plan to
extend our framework with that facility applied to Turkish
texts as a future work.

An automatic audio video summarization tool is presented
in [5]. The tool uses content-based metadata which is
extracted from match summaries manually. Once an
ontological metadata is provided, the system tries to generate
summaries of the game.

SOBA [2] is an ontology based approach for metadata
extraction from match reports in soccer domain. SOBA
automatically downloads match reports from UEFA and
FIFA, and sends them to a linguistic annotation web service.
After that, events are extracted by applying the rule set to the
annotated documents,. The extracted events are stored in their
own format. In our work, on the other hand, we use MPEG-7
standard which makes our system more interoperable.

The work in [1] aims to extract events from both tabular
and from minute-by-minute match reports. They use video
analysis results and combine them with several textual
resources. The aim is to discover the relations among six
video data detectors and their behaviour during a time window
that corresponds to an event described in the textual data
whereas we are concerned with semantic querying of the game
contents in our work.

III. VIDEO ANNOTATION

In order to make the video archives searchable, video
metadata plays an important role for representing the video
content. As the video metadata should include the content
descriptions, metadata creation is a part of the studies
including video querying. Herein, video annotation is the
action of creating metadata for video objects. Regarding its
definition, video annotation is an important part of this study.

The annotation process of a video varies depending on its
creation methodology. In this study, two ways of annotation is
used:

1) Manual Annotation
2) Automatic Annotation

Manual annotation is carried out by accepting the users’
manual descriptions about the video content by using an
annotation tool developed for this purpose. This annotation
tool includes the dynamically created data fields according to
the target domain. Therefore, the structure of the tool depends
on the domain where the group of videos resides.
annotation tool using soccer domain is shown in Fig. 1.
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Fig. 1: Annotation Tool

Automatic annotation, on the other hand, makes use of web
casting to get the information about the video from the live
web sources. For instance, text based live soccer match
reports are important web casting sources for the soccer
domain. While web casting contributes to the system with its
text-based source, a synchronization problem arises. For this
reason, text/video alignment between the video and the
metadata source is provided.

The creation of semantic metadata is an important feature of
the video annotation in this study. Semantic metadata is
needed to query the archive more semantically. In order to



obtain semantic metadata, we need a conceptual data model
for videos. We create a soccer ontology to represent the
concepts of the domain. The proposed model is an ontology-
based model and includes high-level features of the relevant
domain. Video segments, objects, events, and their relations
form the basic part of the model.

The standards for representing the metadata come into
prominence when determining a model for the metadata,. At
this point, MPEG-7 appears as a common standard for
describing the video content which supports the semantic and
free-text annotation patterns. An MPEG-7 file is created and
stored in an object oriented video database (db4o') at the end
of the annotation process. . The database design is formally in
line with the data model, in this way.

In broad view, the annotation process is a combination of
different actions. When a video segment is needed to be
annotated, its manual or automatic annotation process starts.
After obtaining the annotation data, video content is
represented with MPEG-7 according to the predefined video
data model. Then, the MPEG-7 information is indexed using
the indexer module. The database storage is composed of raw
video and metadata storage. Metadata is stored using the
object oriented database whereas, the raw video data is not
stored directly in the database; instead, its existing file pointer
in metadata is stored to match the path with the metadata..

IV. AUTOMATIC ANNOTATION OF VIDEO CONTENT

Since extracting the high level events from soccer videos
automatically is a very difficult task, we propose to use
external text sources giving the highlights of soccer games.
There are many advantages of using external text sources to
detect important events of the soccer games:

1) The analysis of a text source in a specific domain eases
the information extraction compared to video analysis
since the textual patterns of the events in soccer
domain are restricted.

2) There is a great amount of web sources for soccer
games. Therefore, redundancy can be exploited in text
analysis.

3) The text sources also give the time of the events in a
detectable way. Therefore, the time information of
events provides an easy way of alignment of events
extracted from text with the related video segment.

We aim to match the extracted information from Turkish
text with the concepts in our soccer ontology and align this
semantic information with the related video segments. As a
result, our model will not only provide a keyword-based
search but also a semantic search allowing logical queries on
videos.

Automatic annotation starts by crawling the web site related
with the chosen domain which is Turkish soccer games, in our
case. Our tool parses the downloaded web pages by
converting html files into text files. This pre-processing

! http://www.dbdo.com

prepares the external sources for information extraction. In
first phase of information extraction, the general information
about the soccer games is extracted. For example, the teams of
the game, the squads of the teams, the referee of the game,
score of the game, location of the game, etc. In addition to this
kind of general information, the event minutes and the free
text corresponding to the events are extracted in this phase. In
the second phase of the information extraction, the free text
labeled with minutes is analyzed. The events and their
attributes are extracted from the free text and this information
instantiates the concepts in the ontology (ontology
population). At the end of this task, the video associated with
the extracted events is annotated with the concepts and their
instances in the ontology. The annotation files are indexed for
keyword-based search and also stored in a database. By this
way, the extracted information becomes ready to use for
knowledge base of logical reasoning systems.

The modules in automatic annotation use various
technologies and methods. The technologies and the methods
in the modules are summarized in the following subsections.

A. Web Source Crawling & Parsing

This module converts a website into a set of text file. Each
text file involves the necessary information for a soccer game.
Nutch?® is used to crawl and parse the web pages taken from
the source web site sporx.com’. The issues in crawling and
parsing are resolved by the Nutch’s related components.
NekoHTML is chosen in order to parse the web pages.

B. Information Extraction & Free-text Annotation

Sporx.com presents the players, team info and game’s info
in a structured way. However, the events and corresponding
minute information are edited in freestyle. The information
extraction in first level only obtains the structured information
in the text files (team info, game info and minute info). This
extracted information is written into an MPEG-7 file. This file
involves minutes and event’s freestyle annotation, not related
with the terms and concepts in the ontology. After this
process, the MPEG-7 files become ready to be indexed for
keyword-based search.

C. Information Extraction & Ontology-based Annotation

The free texts in the minutes are processed to detect the
events and their attributes. Events (Goal event, corner event,
etc.) are concepts in the ontology and the attributes of the
events are the terms (teams, players, referees, stadiums etc.) in
the ontologies. The events are instantiated with the results of
information extraction. We plan to use semi-automated
methods for ontology building.

We designed some grammars to identify the patterns that
soccer game ontology events and their attributes. Currently,
the grammar for the patterns of the events is extracted
manually from the large corpus of “sporx.com”. However,

2 http://lucene.apache.org/nutch/
3 http://www.sporx.com/



these patterns are planned to be extracted in a semi-automated
or automated manner. The patterns found manually are used to
detect the events and their attributes such as actors, location in
the field etc. After this process, the minutes in the MPEG-7
files are annotated with the concepts and the terms of the
ontology in addition to the freestyle annotation. Therefore, the
MPEG-7 files become ready to be used by the knowledge base
and also by logical reasoners.

D. Video Data- Metadata Alignment

Although there are several ways of determining the event
boundaries in videos, we only used explicit synchronization
method in this paper. Currently, the first half and second half
of the videos are marked with the annotation tool. The
minutes of the events and video content are linked according
to these synchronization marks. Minute 1 is synchronized with
the first mark and minute 46 is synchronized with the second
mark. After this synchronization, the minutes of the events are
marked on the video as a start of the event’s video segment.
Video analysis methods are planned to be used to detect event
boundaries in the future.

V. INDEXING AND KEYWORD-BASED SEARCH

This module uses the general information about the match
and the events with minutes in MPEG-7 files. Only the free
text tag of events is used in indexing rather than ontology-
based tags of events in the MPEG-7. MPEG-7 files that are
annotated automatically or manually are parsed with an XML
parser. The indexer employs this parser with an XML
configuration file. The index fields and corresponding tags in
the MPEG-7 file are given in this configuration file.
Therefore, the indexer module becomes compatible with other
domains. Lucene, a state-of-the-art indexer, is used in our
work. Lucene also has a query parser and allows Google like
queries (phrase queries, Boolean queries, exclude queries).
Moreover, Lucene provides similarity searches, Kleene star
searches and other queries. Each event with a minute is
indexed as an entry in event index and the general information
about soccer games are indexed in another index. Both indices
have a game id field not to loose the relation between the
match information and the events information. However, our
search module behaves as if it uses only one index. Our
specialized query parser manipulates the queries by using the
fields in the query.

Example. +Besiktas +goal is a query that is used for
bringing the soccer videos where Besiktas is one of the teams
and there is a goal action.

Search module displays search results as in the Fig. 2. The
video segments related with queries are presented with a
snapshot of the start of the video segment. Each event entry in
the annotation file and index has an image file which
represents the video segment of this event. Therefore, the
image file of the corresponding event is a field in the index
but index only stores the path of the image, not the image

itself. The images are created when the video is synchronized
with the minutes of the text source.
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Fig. 2: Querying and Search Results

VI. DISCUSSION ON SEMANTIC SEARCH OF SOCCER VIDEOS

The key feature of our framework is to enable users search
within the video archive. The desired scenes from the video
archive should be retrieved as a result of the user query. In our
application domain, these scenes can be goals of a player, or a
team in a match or a season, missed goals or penalties, etc.
Although some of the queries can be answered by keyword
search, some scenes or videos can be missed or incorrectly
displayed as a result. In this sense, we want to use semantic
search in order to increase the quality of search capabilities of
the framework.

Assume a soccer video has a goal event which is annotated
with the knowledge that a player has made an “assist”. The
rules of the domain state that an assist is a pass that results in a
goal. We can reason from the knowledge of assist that the
corresponding scene is a goal event. This kind of reasoning is
a form of semantic reasoning. Using semantic reasoning a
query that searches the scenes with the goal event can be
processed in a sound way.

We will utilize the domain ontology for semantic search.
The ontology based annotation will produce semantic level
metadata for videos. We use this metadata to form a
knowledge base for the videos in the database. The reasoning
capability is necessary for generating inferences from the
knowledge base. These inferences will constitute answers for
semantic queries. The nature and form of the knowledge base
will vary according to the reasoning scheme selected for
semantic search. We plan to use logic based reasoning
schemes. For a description logic reasoner, the knowledge base
should be composed of description logic facts that are
generated from the MPEG-7 metadata of videos. The rules of
the domain will also be represented in the knowledge base.
For logic programming based reasoning scheme the
knowledge base will hold the metadata of videos as logical
facts (for instance, Prolog facts). Moreover, semantic queries
should be transformed to knowledge base queries. The
reasoner answers these queries by displaying the related



videos and scenes. Below is an example that shows the
advantage of semantic search over keyword based search:

Example. Consider two soccer videos (V1 and V2). In V1
there is a goal scene that is annotated by 'Player A makes an
assist to Player B'. In V2 there is a scene where the player B
misses a goal. It is annotated by 'Player B missed a goal'. If the
user searches for the goals of the player B, he expects to see
the scene in V1. If the system uses keyword search, the query
will be similar to the form 'B goal'. Since the annotation of V2
includes both keywords B and goal, the keyword search of
this query will output V2 as the answer. However, if the
system uses semantic search, it will infer from the assist made
to the player B that he has scored a goal. The output of the
query will be V1, which is correct. The keyword based search
cause the system to have low precision (it has incorrectly
retrieved V2) and recall (it has missed the correct answer V1).

The following queries are also suitable for semantic search:

Ql1: all the goals by Hakan or Semih

Q2: all the matches where Lincoln could not score a goal

Q3: all the matches where Hakan missed a goal more than 5

Q4: all the matches where Nihat scored a goal and Turkey
has won

Q5: all the goals by Hakan to Rustu

There are some keywords in these queries which need
special attention in terms of the semantic reasoning scheme.
The semantic of the connectives and/or should be represented
in language of the reasoner. The query Q2 is interesting
because it needs a scheme with the reasoning capability with
negation. Since it searches for the matches where Lincoln
could not score a goal, it can be hard to use keyword based
search. However, Q2 can be represented as a complex query
of logic programming scheme which features reasoning with
negation. The query Q3 has common-sense concepts like
numbers and counting. The underlying representation used in
the knowledge base and the reasoner should be capable of
dealing with concepts such as aggregates and comparison. In
order to answer the query Q5 the system should follow several
reasoning steps. First it should reason from the domain
ontology that a player scores a goal to goalkeeper. The
goalkeepers of the teams will be in the knowledge base as
facts. The reasoner should infer from these facts and the goals
of Hakan to answer the query Q5.

VII. CONCLUSION

In this paper, we present a video annotation and querying
system developed for soccer videos. The system allows users
to annotate games either manually or semi-automatically.
Manual annotation involves playing, pausing, forwarding, or
rewinding the video so that events of interest can be viewed
and corresponding annotations can be entered in free format in
Turkish. Semi-automatic annotation involves processing
downloaded match reports and extract general information
about the match, aligning the video segments and event

descriptions. The extracted information is stored in MPEG-7
format in an object-oriented database.

The system allows the users to query the games according to
their general information (e.g. referee, teams, players, location
etc.). It is also possible to view the parts of the games
according to important events. So, a user may query the
scenes where a certain player scores a goal, or is involved in a
foul, etc.

The work in this paper presents the preliminary results of a
part of a broader research project, yet it has many distinctive
features. First, the annotations and querying are done in
Turkish which makes our system very attractive for football
coaches, football clubs, and sports programs in Turkey.
Second, we use MPEG-7 standard to store videos that adds
interoperability to our system. Third, the implemented
framework is designed in such a flexible way that all planned
extensions can be done smoothly. For instance, the ontological
features can easily be adapted and information extraction
algorithms being developed for Turkish texts can efficiently
be integrated with the annotation environment. The
framework also allows importing different ontologies if a
different application domain is used.

Future work involves exploiting video analysis techniques
together with text processing. We are also planning to use
natural language processing techniques to express queries in
free format Turkish sentences. The ontological framework
being developed for querying will help us here a lot to retrieve
all relevant segments.
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Abstract. Different from previous automatic but offline annotation systems, this
paper studies automatic and online face annotation for personal videos/episodes of
TV series considering Nearest Neighbourhood, LDA and SVM classification with
Local Binary Patterns, Discrete Cosine Transform and Histogram of Oriented
Gradients feature extraction methods in terms of their recognition accuracies and
execution times. The best performing feature extraction method and the classifier
pair is found out to be SVM classification with Discrete Cosine Transform features

Keywords: Facial Feature Extraction, Classification, Support Vector Machines with
Multiple Kernels.

1 Introduction

In order to be able to query the semantic content of multimedia data, it must be annotated
with some metadata. An efficient approach is content-based indexing and retrieval which
provides some degree of automation by automatically extracting features the data. In order
to speed up the labeling process, face recognition methods are employed. The literature
[5, 6] considers face recognition methods for mostly offline annotation applications.

For video based recognition, methods have been tested on the videos of movies, news
and TV series which include many characters and scenes. In this way, the proposed
methods were used for automatic naming of characters [8, 10]. The recognition of faces in
videos is challenging because of the dynamic nature of the videos involving bizarre
conditions which distort the faces. Some works combined facial features with others such
as information extracted from clothing or hair [8, 10] but we restrict ourselves to facial
features alone because clothing or hair may show more variations than the appearance of
the face.

This work focuses on the evaluation of face recognition methods that can be used for
an online and semi automatic face annotation system for personal videos. All
combinations of the considered state-of-the-art facial-feature extraction methods and
classification methods are evaluated and compared in terms of recognition accuracies and



execution times. We have evaluated Nearest Neighborhood, Linear Discriminant Analysis
and Support Vector Machines with single and multiple kernels as face recognition
methods where various features such as DCT, LBP and HOG are used. We have made our
tests on datasets which are composed of face images extracted from an episode of “How I
Met Your Mother” TV series. We have observed that SVM with DCT features performs
the best.

2 Considered Algorithms for Face Recognition

Three facial feature extraction algorithms, namely DCT, LBP and HOG features are used
to extract information from face images. These features have been selected as they are
robust state-of-the-art features and can be computed fast enough to use in an online
learning system. For the classification Nearest Neighborhood, LDA, SVM and multiple
kernel SVM are selected since these are also among the most popular algorithms and can
be extended for online learning by using their sequential variants.

2.1 Feature Extraction

Since direct pixel values are sensitive to noise and localization errors, three alternative
feature extraction methods have been implemented to represent data. These include DCT
Features [3], LBP Features [2] and HOG features [9]. For the DCT Features 48 blocks are
used which produces feature vectors of 480 dimensions. Basic LBP features with 8
neighbours are of 256 dimensions and HOG features with 35 blocks have 1260
dimensions.

2.2 Classification

Nearest Neighbor (NN). NN method is widely used in annotation applications especially
as a baseline method. We take the dot product of the two vectors and normalize the result
with their magnitudes to calculate their similarity measure.

Linear Discriminant Analysis (LDA). We have implemented LDA to reduce the
dimension of input data. We retain 95% of the total energy. During classification, the
nearest class center, which is the mean value of the projected samples for a given class, is
used to find the nearest neighbor for the test samples.

Support Vector Machines with Single and Multiple Kernels. “One vs. the Rest”
method has been considered for multi-class classification. Gaussian RBF Kernel function
is used for the single kernel SVM and also for the Multiple Kernel SVM as base kernels.

For the multiple kernel SVM, instead of using a single kernel, linear combinations of
base kernels are used. Each base kernel corresponds to a different block of the feature
vector. For the DCT and HOG features, these base kernels are applied for each of the data
blocks created during the feature extraction stage. Hence the number of base kernels is 35
for HOG features and 48 for DCT features. are the base kernels and are the weights
corresponding to each base kernel.



3 Experiments and Results

Recognition accuracies are plotted. The execution times are also plotted for both training
and testing phases as the number of training and testing samples changes. All tests are
made for two distinct face datasets. The first dataset is a collection of hand-labeled face
detection outputs. Viola-Jones face detector [1] has been run for every single frame
throughout an episode of “How I Met Your Mother” TV series and the detected faces of
target people are manually clustered. The second dataset is created by using a face tracker
algorithm on the same episode. OpenCV implementation of Camshift Color Based face
tracker [4] is used to track faces throughout the video. The resulting face tracks are also
manually labeled and clustered. Samples from both datasets are fed to an illumination
compensation algorithm before recognition is performed. In all tests, 5-fold cross
validation technique is used.

3.1 Illumination Compensation

Sample face images are converted to gray-scale and resized to have a standard size of 64
(height) x 48 (width) pixels. Next, a basic and fast algorithm of illumination compensation
is performed (1).

Icomp(x'y) =a+blog ( Leqw (x,y) * th(x'y)) . €]

Hpyp, is a high-pass filter. In our application a = 10 and b = 2 and Hp,, is a binomial
high-pass filter of size 5 x 5 pixels.

3.2 Execution Times

All of the tests are performed on an Intel Core 2 Duo 2.20 GHz PC with 1 GB RAM. DCT
and HOG feature extraction methods has been implemented in MATLAB. For LBP
feature extraction, a MATLAB implementation available in [29] has been used. Nearest
Neighborhood and LDA algorithms are implemented in MATLAB environment. For
Single Kernel and Multiple Kernel SVM, a MATLAB interface for LIBSVM
implementation [14] is used. For the calculation of the execution times, the number of
classes is selected as 6.

Nearest Neighborhood. For NN, there is no training. The execution times are shown for
different numbers of gallery samples (Figure 1). For each method, three different graphs
are plotted with different numbers of testing samples used.

LDA. A major change in terms of execution times is observed for different features
(Figure 1). This is expected since most of the computation is due to the construction of the
scatter matrices and calculation of the eigenvectors where the number of feature vector



dimensions determines the size of the scatter matrices. 3000 samples are used to construct
an eigenspace model.

SVM. SVM training times are shown on Figure 1 for 6 SVM models (6 classes) with a
total of 3000 training samples used. Most of the computation is due to the kernel
construction. In the testing phase, most of the computation is due to the construction of
kernels as well; hence the number of returned support vectors is indicated for each
method. Having returned a smaller number of support vectors, Multiple Kernel SVM
models have smaller testing times compared to the SVM with DCT features.

3.3 Recognition Precisions

The general trend of decreasing recognition precision in Figure 2 is due to the fact that
while the number of samples per person increases, the diversity of the model also
becomes more complex with different looking samples of the face.

In all tests, LDA classification is observed to degrade and perform poorly with the
insufficient number of training samples. SVM performs as the best classification method,
but SVM training is a heavy process compared to NN and LDA. Single Kernel SVM with
DCT features works best. But the testing time is higher than other SVM methods. This is
due to the high number of returned support vectors.

4 Conclusions

Several state-of-the-art feature extraction and classification methods have been
implemented and compared in terms of precision and execution times. Our focus is on
determining a fast and robust face recognition method which can be used in an online
learning application where face recognition for personal videos is to be performed. We
have observed that single kernel SVM trained with DCT features gives the highest
recognition accuracy. On the other hand in this method, the number of Support Vectors
found is great and this yields relatively long testing times. SVM with Multiple Kernels, on
the other hand, have comparable recognition accuracy to single kernel SVM, though
training times are longer due to a more complex process of kernel construction. But tests
show that in multiple Kernel SVM methods, fewer number of support vectors is sufficient
to define the separating hyperplane which led to shorter testing times.

There is a tradeoff between testing times and training times when we consider the
usage of SVM with single and Multiple Kernels. If long testing times are acceptable,
Single Kernel SVM with DCT coefficients has the highest recognition accuracy. For the
online automatic face annotation system where encountered face tacks are to be classified,
the number of testing samples per query is not large, residing between typical ranges of
10-100 samples. And training times can be considered more important for an online
learning system as the newly encountered samples are sequentially learnt in data chunks,
repetitive sessions of long trainings may discourage the user from working with the
system.



As a conclusion, we have decided to use a SVM with DCT features for our online
automatic annotation purposes.
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Abstract. Many recommender systems lack in accuracy when the data used
throughout the recommendation process is sparse. Our study addresses this
limitation by means of a content boosted collaborative filtering approach
applied to the task of movie recommendation. We combine two different
approaches previously proved to be successful individually and improve over
them by processing the content information of movies, as confirmed by our
empirical evaluation results.
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1 Introduction

An important shortcoming of Collaborative Filtering (CF) is that when users in the
system have rated just a few items in the collection, the user-item rating matrix
becomes very sparse. This leads to a reduced probability of finding a set of similar
users. Our study addresses this problem with a content boosted CF approach applied
to the task of movie recommendation. Our main motivation is to investigate whether
further success can be obtained by combining ‘Local & Global User Similarity’ [1]
and ‘Effective Missing Data Prediction’ [2] approaches.

With sparse data, Global User Similarity (GUS) improves the performance of the
algorithm introduced by [2], which uses only Local User Similarity. But the approach
of [1] is only an improvement of user-based algorithm. Therefore, [1] asserts that
approaches using both user and item-based algorithms can employ its approach to
replace the traditional user-based approach to obtain a higher performance. Based on
this assertion, we use a combination of EMDP and GUS concepts in our prediction
technique. In addition, we process the content information of each movie to enhance
these approaches.



3 System Description

We extract all necessary movie metadata from IMDb [4] by using a Python package
called IMDbPY [5]. We represent each movie by a set of features including type,
country, cast, genre, language, company, writer and keyword. We use two different
methods for the distance measure calculation. The first one, applied to strings, checks
whether two strings are equal. The second, which is used for lists, measures the
cardinality of the intersection of the two lists divided by the length of the first list.

For user and item similarity calculations, we use the Pearson Correlation
Coefficient (PCC) method and adopt the solution of [2], which proposes a correlation
significance weighting factor in order to devalue the similarity weights based on a
small number of co-rated items.

Traditional CF approaches do not take the content information into account while
calculating the similarity of two items with PCC algorithm. This algorithm can work
without problem for a dense user-item matrix, while there might be crucial problems
with sparse data. As a solution, we process the content information of the items while
calculating their similarity. We adopt the definition of [3] for the similarity between
items. We use the distance measures previously mentioned and the weight values
introduced by [3]. The formula that we use for the overall item similarity calculation
is:

OverallltemSim(i,j) = (1 — B). CollabSim(i, j) + B. ContentSim(i, j) 1)

where [ determines the extent to which item similarity relies on CF methods or
content similarity.

To prevent the possibility of generating dissimilar users with the Top-N algorithm,
we use the thresholds introduced in [2] with an update: if the similarity between the
neighbor and user is bigger than [, the former is added to the potential neighbor list
sorted in terms of similarity values. The real neighbors are determined as the
minimum of N and the size of the list. [tem similarity calculations are done similarly.

In order to find more neighbors of users with few or no immediate neighbors, we
adopt the approach of [1] so that first a user graph is constructed considering the users
as nodes and the local similarity values as the weight of edges. Pairwise user maximin
distance is calculated as their GUS, using Floyd-Warshall algorithm [7].

EMDP addresses data sparsity by using available information to predict the rating
for a movie unrated by a user. Each prediction is assessed independently of other
predictions.

4 Evaluation

4.1 Data Set, Metrics and Comparison

We conducted our experiments using the MovieLens [6] dataset containing 100,000
ratings on a scale of 1 to 5 for 1682 movies by 943 users, where each user has rated at
least 20 movies. We created the same 9 configurations as [1] and [2], and used Mean
Absolute Error (MAE) metrics to make the results comparable.



Table 1 - MAE comparison with state-of-the-art algorithms on MovieLens

Training Users Methods Given5 Givenl0 Given20
CBCFReM 0.7889 0.7653 0.7541
100 CFReM 0.7893 0.7665 0.7553
LU&GU 0.791 0.7681 0.7565
EMDP 0.7896 0.7668 0.7806
CBCFReM 0.7816 0.7628 0.7533
200 CFReM 0.7884 0.7637 0.7588
LU&GU 0.7937 0.7733 0.7719
EMDP 0.7997 0.7953 0.7908
CBCFReM 0.7637 0.7562 0.7384
300 CFReM 0.7653 0.7616 0.7394
LU&GU 0.7718 0.7704 0.7444
EMDP 0.7925 0.7951 0.7552

The parameters and thresholds used for the prediction process were set to [l = 0.6, 0
=30,0=25,0=10= 0.6, numberOfNeighbors = 35, and [ = 0.5 like the experimental
setup of [1]. 0 was set to 0.5 for evaluating our CBCF approach. In Table 1, MAE
comparison of our two separate prediction techniques including the one using a pure
CF approach without content information (CFReM), and the other one exploiting
content information (CBCFReM), with Effective Missing Data Prediction (EMDP)
[2], and Local & Global User Similarity (LU&GU) [1] are summarized. It can be
observed that either by using content information or not, our approach improves the
recommendation quality and outperforms these algorithms in various configurations.
And just like [1] asserted, when EMDP employed LU&GU to replace traditional user-
based approaches, a better performance is achieved. As another conclusion, using
content information in item similarity calculations improves the recommendation
accuracy for all configurations.

4.4 Impact of p

To determine the sensitivity of 0, we conducted several experiments on all
configurations in which 0 varied from O to 1. The results of these experiments on
movieLens100 are shown in Figure 1. Similar trends have been observed also for
movieLens200 and movieLens300. During the item based prediction of a rating for a
specific item, the ratings of other users in the system for that item are not processed
directly. These ratings only have a contribution to the calculation of the average rating
of the item. As a design issue, while making user based prediction, the users who
have not rated that item are not considered as similar to the user, whereas while
making item based prediction, the items who have not been rated by the user are not
considered as similar to the item. Due to the second statement, in order to be able to
use the content information of the items similar to the item for which rating will be
predicted, the user should have rated these items. Thus, the number of ratings given
by a user has importance for our overall prediction mechanism.
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Figure 1 - Impact of Beta (X axis) on MAE (y axis) on movieLens100

For these reasons, a decrease in the MAE was observed for all configurations,
when the number of user ratings increased. Experimental results also show that more
accurate predictions are obtained for 0=0.5. In this way, the prediction can exploit
both CF and content based similarity in similar amounts, which shows that both
approaches have an important and indispensable role for rating prediction.

5 Conclusion

In this paper, we presented a movie recommender system which uses a CBCF
approach combining the local/global user similarity and EMDP techniques and
exploits content information of the movies to handle the sparsity problem.

Empirical analysis shows that when LU&GU is employed by EMDP to replace
traditional user-based approaches, a better performance is achieved. Moreover, using
content information during item similarity calculations improves the recommendation
quality of CF approach.
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Abstract. This paper presents a combination of methods for gender
identification and age group classification for semantic annotation of videos.
The system has two different running modes as ‘Training Mode’ and
‘Classification Mode’. The gender classifier achieves over 96% accuracy and
the age group classifier achieves over 87% accuracy in age group classification
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1 Introduction

As the vast majority of the videos contain humans, the extraction of faces from
videos has become a necessity. Human faces provide lots of information about the
gender and age of that human such as facial landmarks, wrinkles, eyebrows, hair, lips.
The prediction of gender and age group of a person requires the detection of frontal
faces, the extraction of facial features and training classifiers with these features, and
use of the trained classifiers for prediction. In this study we aim to decribe a robust
method to identify genders from human face, and determine the age group under
uncontrolled illumination or non-uniform background. The suggested algorithms are
highly competitive with the best currently available classification methods in terms of
both accuracy and computational cost. DCT Mod2 and LBP feature extraction
methods are extensively used in face identification and verification.

2 Face and Facial Landmark Detection and Normalization

The system mainly consists of two running modes. The first mode is the ‘Training
Mode’ and the second mode is the ‘Classification Mode’. The descriptions of the two
modes are summarized in Fig. 1 and Fig.2. In order to detect faces in videos, a robust
face detector is used. The main assumption of the face detection method of the system
is that, whatever the ethnic group, the skin color is localized in a precise subset of the
chrominance space [3,4]. Therefore, a skin-color probability model is constructed in
the form of a bi-dimensional Gaussian function. The function’s parameters are
determined on FERET color face image database. A threshold has to be set on the
probability values in order to reach a binary skin/non-skin decision for each pixel. A
LUT-type boosted cascade classifier based on the concept of Viola and Jones [2] is
used as face detector and skin color identifier helps to eliminate false positives. The
detected frontal faces are tracked by the condensation tracking algorithm. By this way
every detected face is tracked as a human and we collect four different face images of
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that human. Eyes, mouth and nose are searched on the resized face images. Cheeks
and forehead positions are approximated with the available positions of eyes, mouth
and nose. Eyes, mouth and nose detectors are boosted cascade classifier similar with
the face detector. We used the available classifiers for eyes [8], for nose and mouth
[9]. The detected eye coordinates are used to rotate the face to equalize both eyes’ y-
coordinates. Then histogram equalization method is executed on the face images to
equalize the brightness distribution of the image. Finally, the required rigid transforms
are computed on images (mapping facial landmarks to defined positions; like left eye
at 25% of image width, and right eye at 75% of image width).

3 Gender Classification

First, 256 bins LBP feature vectors for all images are calculated. The calculated
feature vector is processed using Random Forest [5]. In random trees there is no need
for any accuracy estimation procedures, such as cross-validation or bootstrap, or a
separate test set to get an estimate of the training error, and there are fewer parameters
than SVM to be set. In some situations, random forest outperforms SVM. When the
training set for the current tree is drawn by sampling with replacement, some vectors
are left out (out-of-bag data). The classification error is estimated by using this out-of-
bag data.

Our second classifier is an adaboost classifier which is trained with the data
extracted from comparisons of LBP values of pixels on 20x20 pixels face image. We
used ten types of pixel comparison operators: (Let L, is LBP value of pixel; and L, is
LBP value of pixel,) Ly > Ly, Ly <5* Ly, Ly <10* L, L; <25* Ly, Ly <50 * Ly, L,
>Ly, L,<5*Ly, L, <10*Ly, Ly <25 * Ly, L, <50 * Ly This algorithm is same as
the algorithm in [1] except the comparison operators. Each comparison yields a binary
feature. We use these binary features as weak classifiers which are only required to
have accuracy slightly better than random chance. The output of the classifier is the
value of the binary feature. If the value of any binary feature is 1, the output is male,
otherwise female. In this method, we used 20x20 pixels face image and this yields to
10x400x399 = 1596000 distinct weak classifiers. Adaboost algorithm is used to
combine these weak classifiers together. Its primary goal is to form a single strong
classifier with better accuracy. The computation of the accuracy in each iteration is a
time consuming process but it only effects the training time, not the classification
time. Randomly selecting weak classifiers in all iterations can reduce the training
time. We select the best 1000 weak classifiers to construct a strong classifier. We
sorted weak classifiers by their accuracy on the training images. If a training image is
a male face image and the weak classifier gives the correct output for that image, the



weak classifier’s point is incremented by one. All the randomly selected weak
classifiers are graded in this way and finally they are sorted by their total point. We
select the best 1000 of the weak classifiers and write their pixel coordinates and their
operators to a file which will be used to load to build strong classifier.

Gender classification module takes two face image sets which are prepared by the
“face, facial landmark detection and face normalization module”. In “Classification
Mode”, if the classifier prediction on face images for a human contains more “male”
result, the “male” outputted for random tree classifier. The second classifier, namely
“Adaboost Classifier” takes the 20x20 pixels image set as input and, calculates the
1000 selected (weak classifiers) binary operation results, and calculates the genders of
the faces. Finally, if the results of these two classifications are same, the gender of the
face is determined as the result of any classifier.

4 Age Classification

We divide human ages into four classes, 0-20, 2040, 40—-60 and 60—100. In order
to classify the age group of faces, we use two distinct age classifiers. The first
classifier is based on DCT Mod2 features and Random Forest. In this method, the set
of face images are 40x40 pixel size, are given to DCT Mod2 feature extraction
method. In this method the given face image is analyzed on a block by block basis
[6,7]. In our implementation, the block size is 8x8 pixels size. Therefore, the feature
vector of a face image has a size 1458. “Random Forest” classifier is trained with
these features. Our second classifier is based on LBP features of selected face regions
and “Random Forest”. In this classification, LBP features of some selected regions of
the face are computed first. Wrinkle structures around the eyes, cheeks and forehead
have different characteristics which can differentiate by the age.

The calculation of LBP features yields to a 256 bin histogram. “Random Forest”
classifier is trained with these features. In “Classification Mode” the DCT Mod2
Features Random Forest Classifier takes the 40x40 pixels image set as input and it
extracts its DCT Mod2 feature vectors, then it predicts the age group of the face
images separately with the trained classifier. The output of this classifier is the
average of the results of all predictions on the given face image set of a person. The
Region’s LBP Features Random Forest Classifier takes the 80x80 pixels image set as
input and it extracts its LBP feature vectors, then it predicts the age group of the face
images separately with trained classifier. The output of this classifier is the average of
the results of all predictions on a given face image set of a person. Finally, the final
output is determined by averaging the results and taking floor of the average value.

S Experiments and Results

We divided our experiments into two parts: Gender Classification and Age
Classification. The captured face images from videos are grouped as males and
females in the first experiment. Both groups contained 2500 images. The detected
faces are stored with eyes, nose and mouth coordinates. Then face normalization
methods are executed. Feature extraction methods are applied and feature vectors are
stored in related files. Classifier methods are trained with stored values and classifier
data are stored in xml files (for random forest), text file (for adaboost). In Age
Classification, there were 750 images in all groups. Classifier methods are trained



with extracted features and classifier data are stored in xml files. Then, we tested the
classifiers with 600 detected faces in testing videos. The results were satisfactory (see
Tables 1 and 2). The running time of our method changes between 2 and 4 ms on
Intel(R) Core(TM) 2 Duo CPU T5850 @ 2.16GHz, 2.99 GB RAM notebook.

Table 1. Real-time Gender Classification in Table 2. Real-time Age Group Classification

Videos in Videos

Classifier # of Success Rate Classifier #of Success Rate
training (%) training (%)
images images

LBP and RF 5000 91.5 DCT Mod2 & RF 3000 80.75

Pixel comp.& 5000 92.0 Selected Region 3000 83.25

Adaboost LBP and RF

Combination 5000 965 Combination 3000 87.25

6 Conclusions and Future Work

The accuracy of gender classification is found as 96.5% in our experiments. This
ratio is higher than our expectations and most of the accuracy rates reported in the
literature. This result shows the impressiveness of the proposed method on gender
classification. “Age Group Classification” module contains two distinct age group
classifiers as gender classification module. The combination of two classifiers has
87.25% accuracy rates on 600 detected faces of test videos. 87.25% is a high success
rate for a process of classification of age groups on videos. The main contribution of
this work is adopting LBP and DCT Mod2 used mainly on face verification and
recognition to gender and age classification from faces. Future work can be done in
adding these methods to an ontological semantic video annotation framework. Our
methods can be used as a personal information extractor for a semantic video
annotation framework.
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Abstract. Video summarization algorithms present condensed versions of a full
length video by identifying the most significant parts of the video. In this paper,
we propose an automatic video summarization method using the subtitles of
videos and text summarization techniques. We identify significant sentences in
the subtitles of a video by using text summarization techniques and then we
compose a video summary by finding the video parts corresponding to these
summary sentences.

Keywords: Video Summarization, Text Summarization.

1 Introduction

Video content is being used in a wide number of domains ranging from commerce,
security, education and entertainment. People want to search and find the video
content according to its semantics. Creating searchable video archives becomes an
important requirement for different domains as a result of the increase in the amount
of multimedia contents. Video summarization helps people to decide whether they
really want to watch a video or not. Video summarization algorithms present a
condensed version of a full length video by identifying the most significant parts of
the video.

In this paper, we propose an automatic video summarization system in order to
present summaries to the users so that they can decide easily whether the selected
video is of any interest to them. We aim to use text information only to determine
how only the text data associated with the video is helpful in searching the semantic
content of videos. The subtitles provide the speech content with the time information
which is used to retrieve the relevant video pieces. For this purpose, we have chosen
documentary videos as the application domain. In documentary videos, the speech
usually consists of a monolog and it mentions the things seen on the screen.

For automatic summarization, we make use of two text summarization algorithms
[1,3] and combine the results of these two algorithms to constitute a summary. Text
summarization techniques identify the significant parts of a text to constitute a
summary. We extract a summary of video subtitles with these summarization
algorithms and then we find the video parts corresponding to these summary parts. By
combining the video parts, we create a moving-image summary of the original video.
In our summarization approach, we take the advantage of the documentary video
characteristics. For example, in a documentary about “animals”, when an animal is
seen on the screen, the speaker usually mentions that animal. So, when we find the
video parts corresponding to the summary sentences of a video, those video parts are



closely related with the summary sentences. Hence we obtain a semantic video
summary giving the important parts of a video.

Text features associated with a video can be viewable text placed on the
screen or transcript of the dialog which can be provided in the form of closed
captions, open captions or subtitles. Text features plays an important role in video
summarization as it contains detailed information about the video content. Pickering
et al. [4] make summarization of television news by using the accompanying subtitles.
They extract news stories from the video and provide a summary for each story by
using lexical chain analysis. Tsoneva et al. [5] creates automatic summaries for
narrative videos using textual cues available in subtitles and scripts. They extract
features like keywords, main characters’ names and presence, and according to these
features they identify the most relevant moments of video for preserving the story
line. In our video summarization system, we extract moving-image summaries of
documentaries using video subtitles and text summarization methods.

The rest of the paper is organized as follows. Section 2 describes our video
summarization approaches and we present evaluations of these approaches in Section
3. Finally in Section 4, conclusions and possible future work are discussed.

2 Video Summarization

We find the summary sentences of the subtitle file by using the text summarization
techniques [1,3]. Then we find the video segments corresponding to these summary
sentences. By combining the video segments of summary sentences, we create a video
summary. Subtitle files contain the text of the speech, the number and time of speech.
In the text preprocessing step, the text in the subtitle file is extracted by striping the
number and time of the speech, and it is given to the “Text Summarization” module.
“Text Summarization” module finds the summary sentences of the given text. We use
three algorithms for finding the summary sentences; TextRank algorithm [3], Lexical
Chain algorithm [1] and a combination of these two algorithms. After the summary
sentences are found by one of these approaches, the output can be given to the “Text
Smoothing” module. This module applies some techniques to make summary
sentences more understandable and smoother. “Video Summarization” module creates
the video summary by using the summary sentences. This module finds the start and
end times of sentences from the video subtitle file. Then the video segments
corresponding to start and end times are extracted. By combining the extracted video
segments, a video summary is generated.

The TextRank algorithm [3] extracts sentences for automatic summarization by
identifying sentences that are more representative for the given text. To apply
TextRank, we first build a graph and a vertex is added to the graph for each sentence
in the text. To determine the connection between vertices, we define a “similarity”
relation between them, where “similarity” is measured as a function of their content
overlap. The content overlap of two sentences is computed by the number of common
tokens between them. To avoid promoting long sentences, the content overlap is
divided by the length of each sentence.

In [1] automated text summarization is done by identifying the significant
sentences of text. The lexical cohesion structure of the text is exploited to determine
the importance of sentences. Lexical chains can be used to analyze the lexical



cohesion structure in the text. In the proposed algorithm, first, the lexical chains in the
text are constructed. Then topics are roughly detected from lexical chains and the text
is segmented with respect to the topics. It is assumed that the first sentence of a
segment is a general description of the topic, so the first sentence of the segment is
selected as the summary sentence.

We also propose a new summarization approach by combining the two
summarization algorithms, TextRank algorithm [3] and Lexical Chain algorithm [1].
In this approach, we find the summary sentences of a text by using both the TextRank
algorithm and the Lexical Chain algorithm. Afterwards, we determine the common
sentences of two summaries and select these sentences to be included in the summary.
Both algorithms determine the summary sentences of a text in a sorted manner, that
is, the summary sentences are sorted with respect to their importance scores. After
selecting the common sentences, we select the most important sentences of the two
algorithms up to the length of the desired summary.

In order to improve the understandability and completeness of the summary, some
smoothing operations are done after text summarization. It is observed that some of
the selected sentences start with a pronoun and if we do not have the previous
sentences in the summary, these pronouns may be confusing. In order to handle this
problem, if a sentence starts with a pronoun, the preceding sentence is also included
in the summary. If the preceding sentence also starts with a pronoun, its preceding
sentence is also added to the summary sentence list. The backward processing of the
sentences goes at most two steps. We observed that if a sentence starts with a
pronoun, including just the preceding sentence solves the problem in most cases and
the summary becomes more understandable.

3 Experiments and Evaluation

The evaluation of video summaries is a hard job because summaries are subjective.
Different people will compose different summaries for the same video. The
evaluation of video summaries could be conducted by requesting people watch the
summary and asking them several questions about the video. However, in our
summarization system, since we use text summarization algorithms, we prefer to
evaluate the text summarization algorithms only. We believe that the success of the
text summarization directly determines the success of video summarization in our
system. For the evaluation of text summarization, we use ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) algorithm [2] which makes evaluation by
comparing the system generated output summaries to model summaries written by
humans.

In our video summarization system, we tried six algorithms (three text
summarization algorithms with or without smoothing the result) by using the
documentaries from BBC. We asked students to compose summaries of the selected
documentaries by selecting the most important twenty sentences from the subtitles.
The same documentaries were also summarized by our video summarization system
which generated summaries composed of twenty sentences by using our algorithms.
In order to compare the system outputs with human summaries, the ROUGE scores
are calculated, and given in Table 1. From Table 1, we can observe that smoothing
improves the performance of all the algorithms. Our best method is the combination



of two algorithms using smoothing, and our best scores are comparable with the
scores of the state of the art systems in the literature.

Table 1. ROUGE Scores of Algorithms in Video Summarization System

Summarization Algorithm ROUGE-1 ROUGE-L | ROUGE-W
TextRank 0,33877 0,33608 0,13512
TextRank_Smooth 0,34453 0,34184 0,13686
LexicalChain 0,24835 0,24600 0,10413
LexicalChain_Smooth 0,25211 0,24976 0,10529
Mix 0,34375 0,34140 0,13934
Mix_Smooth 0,34950 0,34716 0,14108

4 Conclusions

This paper presents a system which performs automatic summarization of
documentary videos with subtitles. We perform video summarization by using video
subtitles and employing text summarization methods. In this work, we take the
advantage of the characteristics of the documentary videos. In documentary videos,
the speech and the display of the video have a strong correlation in the way that
mostly both of them give information about the same entities.

In the evaluation of video summaries, we evaluate the text summaries of videos.
We compare the program summaries with human generated summaries and find the
ROUGE score of program summaries. As a future work, we want to perform the
detailed user evaluation of video summaries. Video summaries could be watched by
viewers and the viewers could evaluate the results.
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Abstract.

In this paper, we propose automatic categorization and summarization of documentaries using subtitles of
videos. We propose two methods for video categorization. The first makes unsupervised categorization by
applying natural language processing techniques on video subtitles and uses the WordNet lexical database
and WordNet domains. The second has the same extraction steps but uses a learning module to categorize.
Experiments with documentary videos give promising results in discovering the correct categories of videos.
We also propose a video summarization method using the subtitles of videos and text summarization tech-
niques. Significant sentences in the subtitles of a video are identified using these techniques and a video sum-
mary is then composed by finding the video parts corresponding to these summary sentences.

Keywords: video categorization; video summarization; text summarization; WordNet domains

1. Introduction

Video content is being used in a wide number of domains ranging from commerce to security, edu-
cation and entertainment. People want to search and find this content according to its semantics.
Creating searchable video archives had become an important requirement for different domains as
a result of the increase in the amount of multimedia content. Narrowing down the user’s search
space by categorizing videos can help people to solve this problem. Since there is a huge amount of
videos to categorize, automatic categorization is an important research area [1-4]. Video summariza-
tion helps people to decide whether they really want to watch a video. Summarization algorithms
present condensed versions of a full length video by identifying the most significant parts. In order
to have an idea about the content of a video, using such a summary is much easier than going
through all of the footage.
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In video categorization, video is generally classified into one of several broad categories such as
documentary type (e.g. geography, animals religion) or movie genre (e.g. action, comedy, drama,
horror). In order to classify videos automatically, features are drawn from three modalities: visual,
audio or text. Also some combinations of these features can be exploited together. Therefore video
classification approaches could be divided into four groups: text-based approaches, audio-based
approaches, visual-based approaches and those that use some combination of visual, audio and text
features. Text-based approaches [2, 4—6] are the least common in the video classification literature
but have several benefits over other approaches. First of all, text processing is a more lightweight
process than video and audio processing. Also text categorization techniques have been studied
extensively in the computational linguistics literature [1, 3]. This accumulation can be exploited in
video classification domain. Beside this, the human language in a video carries more semantic infor-
mation than its visual/audio features. Words have meaning to humans and some tend to be associ-
ated with certain categories. Another benefit of using text features is that, by using some lexicon,
such as WordNet, concept learning can be performed.

Video summaries are either used individually or integrated into various applications, such as
browsing and searching systems. There are two main trends in video summarization: still image
summaries and moving image summaries. The former are based on extracting individual key frames
representing the content of the video in a static way [7]. Generally video is segmented into shots and
the key frames representing these shots are selected to be included in the summary. The latter are a
collection of original video parts [8, 9]. These summaries can be classified into two subtypes: pre-
views and summaries. Video previews present the most interesting parts of a video, for example a
movie trailer, whereas video summaries keep the semantic meaning of the original. Since video has
a multimodal nature, summarization can be performed by using the image features, audio features
or text features of video. A combination of these can be exploited together.

In this paper we propose to use automatic categorization and summarization techniques in one
framework to help users first find the category of the video and then present its summary so that
they can decide easily whether the selected video is of any interest to them. We aim to use text
information only in order to determine how the data associated with the video are helpful in search-
ing the semantic content of videos. For this purpose, we have chosen documentary videos as the
application domain as the speech usually consists of a monologue and it mentions the things seen
on the screen. The subtitles provide the speech content with the time information which is used to
retrieve the relevant video pieces.

Two methods for video categorization, both based on text processing, are proposed. The first,
category label assignment, makes categorization by applying natural language processing techniques
on video subtitles and uses the WordNet lexical database and WordNet domains. The method is
based on an existing video categorization algorithm [6] and makes some extensions to this. The
TextRank algorithm [10] is used for keyword selection and one third of words are selected as key-
words. In our implementation, we do not use this keyword rate but instead determine the number
of keywords experimentally. Additionally, our algorithm makes use of the title of a documentary
video in addition to the subtitles. The title gives important clues about the type of video because
generally they are selected in order to reflect the content of the documentary. For example, the cat-
egory of the documentary ‘War of the century’ is ‘War’, or the category of the documentary ‘Planet
Earth — mountains’ is ‘Geography’.

The second method, categorization by learning, has the same steps for extracting WordNet
domains but performs categorization by using a learning module which learns the general WordNet
domain distributions of categories. When categorizing a video, its WordNet domain distribution is
analysed and the most similar category is assigned.

For automatic video summarization, we make use of two text summarization algorithms [10, 11]
and combine the results to constitute a summary. Text summarization techniques identify the sig-
nificant parts of a text to constitute a summary. We extract a summary of video subtitles and then
the corresponding video parts are found. By combining the video parts, we create a moving image
summary of the original. In our summarization approach, we take the advantage of the documentary
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video characteristics. For example, in a documentary about ‘animals’, when an animal is seen on
the screen, the speaker usually mentions that animal. So, when we find the video parts correspond-
ing to the summary sentences of a video, those video parts are closely related with the summary
sentences. Hence we obtain a semantic video summary giving the important parts of a video.

The rest of the paper is organized as follows. In Section 2, we discuss the related work in video
categorization and video summarization. Section 3 describes our algorithms for video categorization
and presents an evaluation of the algorithms. In Section 4, we give the description of our video sum-
marization approaches and an evaluation of these approaches. Finally in Section 5, conclusions and
possible future work are discussed.

2. Related work

In this section, we discuss the related work in video categorization and video summarization. We
performed the latter by utilizing text summarization techniques and therefore a summary of the
literature on both is presented.

2.1. Related work in video categorization

Video categorization algorithms assign a meaningful label to a video such as ‘sports video’ or ‘com-
edy video’. The required features are drawn from three modalities: visual, audio and text. So, video
categorization approaches can be classified as visual-based, audio-based and text-based. Some
approaches use a combination of these three features.

Since the main topic of this paper is the categorization of videos using text features, we present
here the related work on video categorization based on text processing. The text associated with a
video can be viewable text or a transcript of the dialogue. The former is the text placed on the screen
and some optical character recognition (OCR) methods should be used in order to use this. The lat-
ter can be provided in the form of closed/open captions or subtitles. Alternatively, it can be obtained
by using speech recognition methods.

Zhu et al. [4] performed automatic news video story categorization based on the closed-captioned
text. They segmented news video into stories using the demarcations which indicate the topic
changes in the text. Then for each story, a category is assigned by extracting a list of keywords and
further processing them.

Brezeale and Cook [1] used text (closed captions) and visual features separately in video classifi-
cation. To classify a movie, the closed captions are firstly extracted and stop words are subsequently
removed. Each word is then stemmed by removing the suffixes to find the root. By using these
stemmed words, a term feature vector is generated. Classification is performed using a support vec-
tor machine (SVM). There are 15 genres of movies from the entertainment domain and the evalua-
tion is performed on 81 movies.

Wang et al. [12] used text features for classification purposes. News videos were assigned to one
of 10 categories and the spoken text was extracted using speech recognition methods. Text derived
from speech recognition, however, generally has a fairly high error rate.

Qi et al. [13] classified a news video into types of news stories. First, the shots and, if necessary,
scenes of video were detected using audio and visual features. The closed captions and scene text
detected by the OCR methods were then used for classification.

Katsiouli et al. [6] used subtitles for documentary classification. They performed categorization
by using the WordNet lexical database and WordNet Domains [14] and applied natural language
processing techniques on subtitles. They predefined documentary categories as geography, his-
tory, animals, politics, religion, sports, music, accidents, art, science, transportation, technology,
people and war. Their categorization approach has achieved 69.4% accuracy. In this paper, a
similar approach is followed with a different categorization algorithm and better results are
obtained.
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2.2. Related work in video summarization

In the literature, there are several approaches using the image, audio or text features in video summariza-
tion. Also some approaches use a combination of these features [1, 15]. Image features include
changes in colour, texture, shape and motion of objects generated by the image stream of the video.
By using these features, the shots of a video can be identified, such as cuts or fades. Cuts are repre-
sented by sharp changes while fades are identified by slower changes in image features. For
instance, Ekin et al. [16] observed that the important scenes of a football game conform to long,
medium and close-up view shots and these are then used in their summarization system.

In addition to shots, specific objects and events can be identified and this information could
improve summarization performance. Knowledge of content domain could be helpful in the identi-
fication of objects within the video (e.g. anchor person) and events (e.g. the news headlines). The
techniques presented in [14, 17] analyse image features from the video stream, and are domain spe-
cific. The systems in [16, 18—-20] use image features to identify representative key frames for inclu-
sion in the video summary and all are non-domain specific.

Audio features associated with a video include speech, music, sounds and silence. These are
used to select candidate segments to be included in a video summary and domain-specific knowl-
edge can be used to enhance the summary success. For example, excited commentator speech and
excited audience sounds may show a number of potential events such as the start of a free kick,
penalty kick, foul or goal [5]. Rui et al. [21] analysed the speech track to find exciting segments and
events, such as baseball hits in baseball videos.

Text features play an important role in video summarization as they contain detailed information
about the content. Pickering et al. [22] used accompanying subtitles to summarize television news.
They extracted news stories and provided a summary for each one by using lexical chain analysis.
Tsoneva et al. [23] created automatic summaries for narrative videos using textual cues available in
subtitles and scripts. They extracted features like keywords, main characters’ names and presence,
and according to these features they identified the most relevant moments of video for preserving
the storyline. In our video summarization system, we extracted moving image summaries of docu-
mentaries using video subtitles and text summarization methods.

2.3. Related work in text summarization

Text summarization techniques can be useful in video summarization since some videos have text
related to the content and the summary is therefore an important resource. Text summarization
techniques investigate different clues that could be used to identify important topics and ideas of
the text. The summarization methods can be classified by the clues that they use in summarization.
Summaries can be created by selecting the first sentences of text and this simple technique gives
very good results in news articles and scientific reports [24].

In text, to emphasize the importance of a sentence some phrases are used such as ‘significantly’ and
‘in conclusion’ — these phrases are called ‘bonus phrases’. On the other hand, some phrases reflect the
unimportance of a sentence such as ‘hardly’ and ‘impossible’ — these phrases are called ‘stigma phrases’.
In addition to cue phrases, some formatting features like bold words and headers could enhance the
summarization performance. The systems in [2, 25] make use of both in their summarization systems.

Weighted vectors of TF*IDF (Term Frequency * Inverse Document Frequency) values can be used
to represent sentences. The TF*IDF value takes advantage of word repetition in the text which is a
lexical cohesion type. Radev et al. [26] used such weighted vectors to find the important sentences
in a summarization task. The summarization system in [27] uses an algorithm which is similar to
Google’s Pagerank [28] in order to select the summary sentences. Mihalcea and Tarau [10] proposed
a summarization algorithm named TextRank which also relies on the Pagerank algorithm and uses
the word repetition feature.

Lexical chains, which are sets of related words, can also be used for modelling lexical cohesion.
Barzilay and Elhadad [29] used lexical chains to extract summaries and achieved good results. Many
lexical cohesion-based algorithms [11, 30-32] are developed following the Barzilay/Elhadad
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algorithm. Silber and McCoy [32] proposed a summarizer based on lexical chains and tried to
improve the running time of the lexical chaining algorithm. Chali and Kolla [33] used lexical chains
and offered a different sentence selection approach. In Ercan and Cicekli [11] the lexical cohesion
structure of the text is exploited to determine the importance of sentences. Their summarization algo-
rithm constructs the lexical chains of a text and identifies topics from them. The text is segmented
with respect to these topics and the most important sentences are selected from these segments.

3. Automatic video categorization

Two algorithms for video categorization are proposed: category label assignment and categorization
by learning. The first is based on the algorithm presented in [6]. The algorithm is extended by add-
ing video name processing and changing the way the number of keywords in subtitle processing is
determined. With these extensions, better results are obtained. According to this algorithm, a video
is assigned a category label using the WordNet lexical database and WordNet domains [34] and
applying natural language processing techniques on subtitles. In the second algorithm, categoriza-
tion is done by learning. A learning module is implemented, which can be trained by using the
videos of known categories. The algorithm starts with the preprocessing steps of the first algorithm
and the categorization is performed by the learning module.

The common preprocessing steps of the two algorithms are given in Section 3.1. The first video
categorization algorithm is given in Section 3.2, the second video categorization algorithm is given
in Section 3.3, and the evaluation of these algorithms is given in Section 3.4.

3.1. Extracting WordNet domains

Initially, WordNet domains of a video are extracted and are used in both of the proposed categoriza-
tion algorithms. The overview of extracting WordNet domains is given in Figure 1. The method for
extracting WordNet domains starts with ‘text preprocessing’. In this step, the sentences in the sub-
title file are split, the words in every sentence are tagged with part of speech (POS) tags and the stop
words are removed. The processed text is given to a ‘keywords extraction’ module which finds the
keywords of the given text. Since these may carry more than one meaning, the ‘word sense disam-
biguation”’ module finds the correct sense by using an adaptation of the Lesk algorithm [35]. Then
the ‘WordNet domains extraction’ module finds the WordNet domains of the keywords correspond-
ing to their correct senses. This module uses WordNet domains and considers the effect of the video
title on categorization. Since titles give important clues about the category, this information is taken
into consideration. Hence we obtain the WordNet domains of the video.

In the text preprocessing step, a subtitle is processed to find its sentences and the types of the
words in these sentences are determined. A sample subtitle file is shown in Figure 2. After the sen-
tences are extracted, a POS tagger is applied to the words, which determines the word class of each
one in the sentence. The Stanford Log-linear Part-Of-Speech Tagger [36] was used for this purpose.
The assigned part of speech tags consist of coded abbreviations conforming to the scheme of the
Penn Treebank [37], the linguistic corpus developed by the University of Pennsylvania. For exam-
ple, ‘JJ’ means ‘Adjective’, ‘NNS’ means ‘Noun, plural’ and NN means ‘Noun, singular or mass’.
After POS tagging, stop words (ones that do not contribute to the meaning of the sentence, such as
‘above’, ‘the’ and ‘her’) are removed from the sentences since these carry no semantics.

In order to select the most important words in the subtitle file for classifying the video, a keyword
selection algorithm, namely the TextRank [10], is used. This algorithm builds a graph representing
the text and applies a ranking algorithm to the vertices of the graph. The words are added to the
graph as vertices for keywords extraction. Two vertices are connected if they have a co-occurrence
relation. Two vertices co-occur if they are within a window of maximum N words, where N can be
set to a value from 2 to 10. In our implementation N is set to 2. After building the graph, a graph-
based ranking algorithm, derived from the PageRank algorithm [28], is used in order to decide the
importance of a vertex. The basic idea of the algorithm is ‘voting’: when a vertex links to another
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Fig. 1. Extracting WordNet domains.

one, it casts a vote for that vertex. Also, the importance of the vertex casting the vote determines the
importance of the vote. Hence, the score of a vertex is computed by the votes that are cast for it and
the score of the vertices casting these votes. Once the score of each vertex is computed, the vertices
are sorted based on their scores and the top T vertices are selected as keywords. Generally, T is set
to a third of the number of vertices in the graph. In our implementation, the number of the vertices
selected as keywords is determined experimentally. Figure 3 gives a part of a subtitle file and the
extracted keywords by the TextRank algorithm.

Word sense disambiguation (WSD) is the task of determining the correct sense of a word in a text.
In order to find the correct senses of the keywords, we applied a WSD algorithm, which is presented
in [35]. This algorithm is an adaptation of Lesk’s dictionary-based algorithm. The adapted algorithm
uses WordNet to include the glosses of the words that are related to the word being disambiguated
through semantic relations, such as hypernym, hyponym, holonym, meronym, troponym, and
attribute of each word. This supplies a richer source of information and increases disambiguation
accuracy. The adapted Lesk algorithm compares glosses between each pair of words in the window
of context. These glosses are the ones associated with the synset, hypernym, hyponym, holonym,
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Part of a subtitle file Extracted and tagged sentences

1 Human/JJ beings/NNS venture/NN into/IN the/DT highest/
00:00:25,600 —> 00:00:31,080 JJS parts/NNS of/IN our/PRP$ planet/NN at/IN their/
Human beings venture into the highest parts of our planet at PRP$ peril/NN.

their peril.

2 Some/DT might/MD think/VB that/IN by/IN climbing/VBG a/
00:00:31,640 —> 00:00:34,480 DT great/JJ mountain/NN they/PRP have/VBP somehow/RB
Some might think that by climbing a great mountain conquered/VBN it/PRP, but/CC we/PRP can/MD only/RB be/
3 VB visitors/NNS here/RB.

00:00:34,560 —> 00:00:36,320

they have somehow conquered it, This/DT is/VBZ a/DT frozen/JJ alien/JJ world/NN.

4

00:00:36,720 —> 00:00:39,800

but we can only be visitors here.

5

00:00:42,160 —> 00:00:46,240

This is a frozen alien world.

Fig. 2. Part of a subtitle file and its extracted sentences.

Part of a subtitle file Keywords assigned by TextRank
Most of us would agree that a tiger is one of the world’s most beautiful creatures. tiger, tigress, wild, national, kanha,
Sadly, in the wild, it's threatened with extinction. But, fortunately, it breeds very captivity, breeds, lives, little

well in captivity, as this little cub proves. But is a tiger in a cage truly a tiger? |
doubt it. To see the true essence and beauty of a tiger, you have to see it in the
wild. This is the story of a tigress in the heart of India. Our tigress lives in Kanha
National Park.

Fig. 3. Keywords of part of a subtitle file.

meronym, troponym, and attribute of each word. For example, the gloss of a synset of one word can
be compared with the gloss of a hypernym of the other.

In our video categorization algorithm, WSD is essential for finding the WordNet domains of the
words. Since we try to find the WordNet domains of keywords in the next step, we need to find the
correct senses of these words. In our implementation, the correct sense of the keywords is assigned
by using the adapted Lesk algorithm. For the keywords in Figure 3, the senses assigned by the
adapted Lesk algorithm are given in Table 1.

By augmenting WordNet with domain labels, WordNet domains were created [34]. The synsets in
WordNet have been annotated with at least one domain label by using a set of about 200 labels hier-
archically organized. If there is no appropriate domain label for a synset, the label ‘factotum’ was
assigned to it.

In the last step, the WordNet domains of the keywords are found. In finding the domains of a
word, we should know the synset (gloss) of that word. Since we found the synsets of keywords in
the WSD step, we made use of this information in finding the WordNet domains. The WordNet
domains of the words are given in the last column of Table 1. Then, we calculated the occurrence
score of each domain label (i.e. how many times a domain label appears in the keywords’ domains)
in a subtitle file and sorted them in a descending order.

We observed that video titles give important clues about categories of documentaries. For exam-
ple, the category of the documentary ‘Art of Spain’ is ‘Art’. As an extension to the approach of
Katsiouli et al. [6], we decided to make use of the video title when categorizing the video which
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Table 1
Senses of the keywords in Figure 3
Word Pos Tag Sense Synset WordNet Domains
tiger Noun 1 tiger, Panthera tigris animals, biology
tigress Noun 0 tigress animals
wild Adjective 1 wild, untamed factotum
national Noun 0 national, subject politics
kanha Noun -1 Not Found In WordNet Dictionary —
captivity Noun 0 captivity, imprisonment,

incarceration, immurement factotum
breeds Verb 3 breed, multiply factotum
lives Verb 0 dwell, shack, reside, live, inhabit,

people, populate, domicile,

domiciliate town_planning
little Adjective 3 little, small factotum

increased the performance of our algorithms. For this purpose, the WordNet domains are found for
each word in the video title. Hence a list of WordNet domains which describes the video title is
acquired. For example, the WordNet domains of the video title, ‘Wildlife specials — tiger’, are ‘ani-
mals’, ‘biology’ and ‘factotum’.

Previously, we obtained WordNet domains of the video keywords and the occurrence scores of
these domains. If one of these also exists in the video title domains, the occurrence score is increased
by the ratio of one fourth. This ratio is determined experimentally. At the end of this step, we
obtained the WordNet domains of a video with their occurrence scores.

3.2.  Category label assignment method

Our first video categorization algorithm is category label assignment which uses mappings between
categories and WordNet domains. In this algorithm, we took the approach of Katsiouli et al. [6] as a
basis — some enhancements in implementing the steps were made and better results were obtained.
In this video categorization algorithm, we find the WordNet domains related to the categories and a
category label is assigned to the video by comparing the two. The overview of the algorithm is given
in Figure 4.

Video Subtitle
File

WordNet
& Mappings
lDomams Batasar
Categories
d

Category Label Defining Video
A Categories

Video Category

Fig. 4. Category label assignment.
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Table 2
Category labels in the documentary collection and their corre-
sponding WordNet domains

Category Top rank WordNet domains

Geography geography

Animals animals, biology, entomology

Politics politics, psychology

History history, time_period

Religion religion

Transportation transport, commerce, enterprise

Accidents transport, nautical

Sports sport, play, swimming

War military, history

Science medicine, biology, mathematics

Music music, linguistics, literature

Art art, painting, graphic_arts

Technology engineering, industry,
computer_science

People sociology, person

In order to assign a category label to a documentary video, a mapping is defined between the
category labels and WordNet domains. First, the senses related to each category label were acquired
from WordNet. The senses related with the category label through hypernym and hyponym relations
and the WordNet domains corresponding to the senses of each category label were obtained. For
each category, the occurrence scores of the derived domains were calculated and sorted in decreas-
ing occurrence order. Table 2 shows the category labels and corresponding top ranked WordNet
domains determined by Katsiouli et al. [6].

In the category label assignment step, a category label is assigned to the video. For a category label to
be assigned, the sorted WordNet domains of the video were compared with the top rank domains of the
categories. The algorithm compared the first domain of the video with the first domains of the categories.

o if the first domain of a category is equal to the first domain of the video, this category label is
assigned to the video;

o if the first domain of more than one category is equal to the first domain of the video, the second
domain of the corresponding sets are compared, and so on;

e if none of the category’s first domains is equal to the first domain of the video, then the second
domain of the video is compared to the first domain of the categories.

The algorithm continues as described above until a category label is assigned to the video. For
example, when we consider the top rank WordNet domains for the categories in Table 3, if the sorted
WordNet domains of a video are:

e ‘animals, entomology, biology’, then it is assigned to the ‘Animals’ category;
e ‘transport, nautical, geography’, then it is assigned to the ‘Accidents’ category;
e ‘geography, animals’, then it is assigned to the ‘Animals’ category.

At the text preprocessing step, while Katsiouli et al. [6] used Mark Hepple’s POS tagger [38], we
used the Stanford Log-linear Part-Of-Speech Tagger [36]. In the keyword extraction phase, they used
one third of the number of words as the keyword count. In our system, we determined this number
experimentally and observed that changing the number of keywords affected the system’s classifica-
tion accuracy (CA). Also in our implementation, we considered the effect of the video title since
video titles give strong clues about the categories of documentary videos.

We implemented the approach of Katsiouli et al. [6] and evaluated with 130 documentary subti-
tles from National Geographic and the BBC. In this situation, we get 60% CA; after making changes
to the algorithm this improved to 73.1% accuracy on the same experiment set.
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Fig. 5. Categorization by learning.

3.3. Categorization by learning method

Our second video categorization algorithm named as categorization by learning uses a learned cat-
egory/domain distribution matrix. We propose a learning mechanism to assign a category label to
videos. The preprocessing steps of the algorithm are the same as those used in the category label
assignment method. This algorithm includes a learning phase. When a video is to be categorized,
the domain distribution of the video is compared with the learned domain distribution of categories
and the most similar category is assigned. The overview of the algorithm is given in Figure 5.

In the learning category domain distribution phase, documentaries with known categories are
used as a training set. Our training set contains documentaries from all category labels. First of all,
the documentary subtitles belonging to a specific category are processed using the extracting
WordNet domains module. Hence, the domains and domain occurrence scores of the category are
collected.

In order to determine the domain distribution of the category, we have used the term frequency
(TF) weight of domains to determine the domain distribution of categories. The TF weight is com-
puted for each category and domain pair. Hence a matrix showing the domain TF weights of all
categories is obtained. Table 3 shows a sample part of the computed matrix representing the TF
values of category domain pairs.

When we categorize a video, we compare the video’s domain distribution with the domain dis-
tribution of categories and the category which has the most similar domain distribution with the
video is selected. The subtitle of the video is processed in order to obtain the WordNet domains and
the domain occurrence scores (TF values of the domains) of the video. Using the learned category/
domain matrix, we try to find the category which has the most similar domain distribution to the
video. For this purpose, we used the cosine similarity which is a measure of similarity between two
vectors. For example, in order to categorize a documentary video named ‘Everest’, first we com-
puted the domain distribution of the video. Table 4 shows the domain distribution of the documen-
tary ‘Everest’. Then, by using the learned matrix, we computed the similarities of categories. Table 5
shows the cosine similarities between the documentary ‘Everest’ and the categories. Since the
‘Geography’ category is most similar to the ‘Everest’ documentary, it is assigned as the documentary
category.
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Table 3
Sample part of the matrix representing the domain distribution of categories
Geography Animals Politics
geography 0.0552444 0.032574 0.039201
animals 0.0302953 0.053447 0.009224
biology 0.0315682 0.041429 0.016141
entomology 0.0022912 0.000949 0
politics 0.0068737 0.008223 0.037663
psychology 0.0043279 0.007906 0.008455
history 0.0099287 0.008223 0.01691
time_period 0.0313136 0.023087 0.017294
religion 0.0089104 0.004744 0.021522
transport 0.0129837 0.012334 0.013451

Table 4

Domain distribution of the documentary ‘Everest’
Domain TF value
geography 0.036053131
animals 0.024667932
biology 0.032258065
entomology 0

politics 0.009487666
psychology 0.004743833
history 0.006641366
time_period 0.030360531
religion 0.011385199
transport 0.018975332
commerce 0.0028463
enterprise 0

nautical 0.003795066
sport 0.010436433
play 0.0056926
swimming 0

military 0.008538899
medicine 0.012333966
mathematics 0.0028463
music 0.0056926
linguistics 0.004743833
literature 0.004743833
art 0.003795066
painting 0
graphic_arts 0
engineering 0.000948767
industry 0

3.4. Experiments and evaluation

In order to evaluate the effectiveness of our categorization algorithms, we used documentaries
from the BBC and National Geographic. The evaluation was performed using the CA metric,
which reflects the proportion of the programme’s correct assignments that agree with the origi-
nal assignment.

For our first categorization algorithm (category label assignment), we conducted several experi-
ments by changing some of the parameters. First of all, for keyword extraction, we changed the
number of keywords selected and observed the results. As stated above, although Katsiouli et al. [6]
selected a third of the words as keywords, we observed that this does not produce the best results.
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Table 5
Cosine similarities between the documentary
‘Everest’ and the categories

Category Cosine similarity
Geography 0.9590928
History 0.9452289
People 0.9376402
Animals 0.9267696
Science 0.9037822
Music 0.871545
Religion 0.825404
Politics 0.8154419
War 0.8115139
Art 0.7872766

Using the TextRank algorithm [10] all words are assigned a weight and selecting words above a
certain weight could be an alternative for determining the number of keywords. Therefore, words
above a certain weight are selected as keywords and the CA of the system is computed for changing
weights. The diagram in Figure 6 shows the CA with changing keyword weights. For example, if we
select the words with weight bigger than ‘5’ as keywords, we get ‘50%’ CA. As seen from Figure 6,
we get the best results when using the weights between 0 and 0.4. Therefore using any weight
between 0 and 0.4 does not change the CA, but selecting higher weights decreases the number of
keywords. Using fewer keywords decreases the computation time. Therefore the upper bound value
‘weight > 0.4’ could be preferred to the others. So we used the experimentally determined value
‘weight > 0.4’as the keyword selection parameter in our video categorization algorithm.

The effect of the video title when categorizing was subsequently considered. In the algorithm, we
extracted the WordNet domains of a video and the occurrence scores of these domains. If one of
these domains also existed in the video title domains, the occurrence score of increased by some
ratio. The diagram in Figure 7 shows the effect of this ratio on the performance of the video catego-
rization system. When the occurrence score of domains which also exist in the video title domains
was increased by the ratio of ‘one third’ or ‘one fourth’, a CA of 75% was obtained. Selecting ‘one
third’ or ‘one fourth’ does not make a significant difference in computation time, so any of them could
be used in the video categorization algorithm — ‘one fourth’ was selected in our implementation.

In extracting the WordNet domains part of the categorization by learning algorithm, we used the
parameters which obtained the best results in the first categorization experiment. Namely, keywords
with ‘weight > 0.4’ in the TextRank algorithm and title effect by the ratio of ‘one fourth’. To evaluate
this algorithm, 65 documentaries were studied and categorized for learning purposes. An accuracy
of 77% was achieved. It was noted that the performance of the system increases if the dataset used
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Fig. 6. Classification accuracy with keyword weights.
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for learning is enlarged. Also in our implementation, if more documentaries for learning could be
used, better results would be maintained.

In order to see the performance of some of the well-known categorization algorithms on our sub-
title dataset, we applied K-nearest neighbour (KNN) and SVM with polynomial kernel. We used half
of the documents for training and half for the test set. KNN achieved an accuracy of 63%, and SVM
achieved an accuracy of 70%. These results indicated that the usage of WordNet domains in our two
categorization algorithms helps to increase the accuracy.

4. Video summarization

Video summarization algorithms present users with a condensed version of a video. In this paper,
we used the subtitles of documentary videos to make summarizations. The summary sentences of
the subtitle file were found by using text summarization techniques [10, 11], while the video seg-
ments corresponding to these summary sentences were extracted. By combining the video segments
of summary sentences, we created a video summary. The overall approach is shown in Figure 8.
Subtitle files contain the text of the speech, the number and time of speech. In the text preproc-
essing step, the text in the subtitle file is extracted by striping the number and time of the speech,
before being handed to the text summarization module. This module finds the summary sentences
of the given text. Three algorithms were used to find the summary sentences: TextRank [10], Lexical
Chain [11] and a combination of these two algorithms. After the summary sentences were found by
one of these approaches, the text smoothing module applied some techniques to make summary
sentences more understandable and smoother. The video summarization module used the summary
sentences to create the video summary. The module found the start and end times of sentences from
the video subtitle file. Then the video segments corresponding to the start and end times were sub-
sequently extracted. By combining the extracted video segments, a video summary was generated.

4.1. Text summarization with the TextRank algorithm

The TextRank algorithm [10] extracts sentences for automatic summarization by identifying sen-
tences that are more representative for the given text. To apply TextRank, we first built a graph and
added a vertex to this graph for each sentence in the text. To determine the connection between
vertices, we defined a ‘similarity’ relation between them, where ‘similarity’ is measured as a func-
tion of their content overlap. This relation can be thought of as a ‘recommendation’: a sentence
mentioning certain concepts ‘recommends’ other sentences in the text that mention the same con-
cepts and a connection is made The content overlap of two sentences is computed by the number
of common tokens between them. To avoid promoting long sentences, the content overlap is divided
by the length of each sentence.

Journal of Information Science, 36 (6) 2010, pp. 671-689 © CILIP, DOI: 10.1177/0165551510382070 683



Kezban Demirtas, Nihan Kesim Cecekli and llyas Cecekli

Video Subtitle
File

L1

Text Preprocessing
Text
Text Summarization
Text Summarization Text Summarization
TextRank Algorithm
TextRank Algumhm Lsxncal Chain Algomhm
Lexical Chain Algorllhm

Summary
Sentences

Text Smoothing
Summary
Sentences
Video
Sun'lmrlzdlon Subtitle File

Video Summary

Fig. 8. Overall approach for video summarization.

A sentence composed of ‘n’ words is represented by S, = w,,w,,...,w,, and two sentences S, and S;
are given. Then the similarity of these sentences is defined formally as:

|{Wk|Wk€Si&VV1<€Sj}I
log (I Sil)+log (I S;1)

Similarity(S:,Sj)=

The resulting graph is weighted since the edges have a similar weight. A weighted graph-based rank-
ing algorithm is then used for deciding the importance of a vertex. Formally, the weighted score of
a vertex V is defined as:

WS(V=(-d)+d* Y —b

vieln(vi) z VV}k

vkeOut(Vj)

Vi)
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Here, In(V) is the set of vertices that point to V; and Out(V}) is the set of vertices that V; points to.
The weight of the edge between the vertices V; and V;is w;, and d is the damping factor that can be
set between 0 and 1. The value of d is usually set to 0.85 and this value is also used in our imple-
mentation. After the ranking algorithm, sentences are sorted using their score and top ranked sen-
tences are selected as the summary sentences.

4.2. Text summarization with the lexical chain algorithm

In [11], automated text summarization is done by identifying the significant sentences of text. The
lexical cohesion structure of the text is exploited to determine the importance of sentences. Lexical
chains can be used to analyse the lexical cohesion structure in the text. In the proposed algorithm,
first, the lexical chains in the text are constructed. The lexical chaining algorithm is an implementa-
tion of Galley et al.’s algorithm [39] with some small changes. Topics are then roughly detected from
lexical chains and the text is segmented with respect to the topics. It is assumed that the first sen-
tence of a segment is a general description of the topic, so the first sentence of the segment is
selected as the summary sentence.

4.3. Text summarization with a combination of algorithms

We proposed a new summarization approach by combining the two summarization algorithms, the
TextRank algorithm [10] and the lexical chain algorithm [11]. Once the summary sentences of a text
were found we determined the common sentences of the two summaries and selected these to be
included in the main summary. Both algorithms sorted the summary sentences with respect to their
importance. After selecting the common sentences, the most important sentences of the two algo-
rithms up to the length of the desired summary were extracted. An overview of the summarization,
with the combination of the algorithms, is given in Figure 9.

4.4. Text smoothing

In order to improve the understandability and completeness of the summary, some smoothing opera-
tions were carried out after the text summarization phase. It is observed that some of the selected
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Fig. 9. Overview of the text summarization by combination of algorithms.
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sentences start with a pronoun and if they are not included in the previous sentences in the summary
these pronouns may be confusing.

In order to handle this problem, if a sentence starts with a pronoun, the preceding sentence is also
included in the summary. If the preceding sentence also starts with a pronoun, its preceding sen-
tence is also added to the summary sentence list. The backward processing of the sentences contains
only two steps. We observed that, if a sentence starts with a pronoun, including just the preceding
sentence solves the problem in most cases and the summary becomes more understandable.

4.5. Clip generation

Our video summarization approach is based on the summary sentences found by the text summari-
zation algorithms. After finding the summary sentences, the start and end times of these sentences
are found from video subtitle file. For each summary sentence, the video segment corresponding to
the sentence is extracted from the video by using the start and end time of the sentence. Then, by
combining the extracted video parts, a video summary is created. A screenshot of our video sum-
marization system is presented in Figure 10. The system lets the user select the summarization
algorithm from the summary method group box. The user can select the algorithms ‘TextRank’,
‘LexicalChain’ or ‘Mixed’. The user can also select the options ‘Normal’ or ‘Smooth’. The former
indicates that the summarization system will not use text smoothing after text summarization.

4.6. Experiments and evaluation

The evaluation of video summaries is difficult because they are so subjective. Different people will com-
pose different summaries for the same video. The evaluation of video summaries could be conducted by
requesting people watch the summary and asking them several questions about the video. However, in
our summarization system, since we used text summarization algorithms, we prefered to evaluate the
text summarization algorithms only. We believe that the success of the text summarization directly deter-
mines the success of video summarization in our system. For the evaluation of text summarization,
we use ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [40], which makes evaluation by
comparing the system generated output summaries to model summaries written by humans.

¥ Mainform
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Fig. 10. Video summarization system screenshot.
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Table 6
ROUGE scores of algorithms in a video summarization system
ROUGE-1 ROUGE-L ROUGE-W

TextRank 0,33877 0,33608 0,13512
TextRank Smooth 0,34453 0,34184 0,13686
LexicalChain 0,24835 0,24600 0,10413
LexicalChain_Smooth 0,25211 0,24976 0,10529
Mix 0,34375 0,34140 0,13934
Mix_Smooth 0,34950 0,34716 0,14108

ROUGE is the most popular summarization evaluation methodology. All of the ROUGE metrics aim
to find the percentage of overlap between the system output and the model summaries. ROUGE cal-
culates the ROUGE-N score (calculated using N-grams), ROUGE-L score (calculated using longest com-
mon subsequences) and ROUGE-W score (calculated using weighted longest common subsequences).

In our video summarization system, we used six approaches for finding the summary of the sub-
title text of a video:

the TextRank algorithm;

the TextRank algorithm and smoothing the result;

the LexicalChain algorithm;

the LexicalChain algorithm and smoothing the result;

a mix of the TextRank and LexicalChain algorithms;

a mix of the TextRank and LexicalChain algorithms and smoothing the result.

All six approaches were studied using the BBC documentaries. Students were asked to compose
summaries of the selected documentaries by selecting the 20 most important sentences from the
subtitles. The same documentaries were also summarized by our video summarization system,
using the algorithms mentioned above, which generated summaries composed of 20 sentences. We
calculated ROUGE scores in order to compare the system outputs with human summaries. While
calculating ROUGE scores, we applied Porter’s Stemmer and stop word list on the input. ROUGE
scores of the algorithms in our video summarization system can be seen in Table 6. We observed that
smoothing improves the performance of all algorithms. When the TextRank algorithm is used, better
results were obtained than when the LexicalChain algorithm was implemented. The best results
were obtained by using the mixed TextRank and LexicalChain algorithms to find the summary sen-
tences and smoothing the results. Our best ROUGE scores were comparable with the ROUGE scores
of the state of the art systems in the literature.

5. Conclusions

This paper presented a system which performs automatic categorization and summarization of
documentary videos with subtitles. We wanted to handle these problems together because their
outputs support each other. Presenting both the category and the semantic summary of a video
would give viewers quick and satisfactory information about that content.

The automatic video categorization was performed by two categorization methods, category label
assignment and categorization by learning. The CA of the former was evaluated on documentary
videos and promising results were obtained. The second method used a limited number of videos
for learning. In future work, we want to improve this by using more videos. It is known that using
more data for learning increases the performance of the system and gives better results.

We performed video summarization by using video subtitles and employing text summarization
methods. Two text summarization algorithms [10, 27] were used and their results were applied to
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the video summarization domain. In this work, we took advantage of the characteristics of the
documentary videos where the speech and display of the video have a strong correlation.

Video summary is produced by extracting the video parts corresponding to the summary sentences.
This extraction could be improved by employing a shot identification mechanism. An extracted video
part could be extended by finding the start and end of the residing shot. In this way, the video parts
could show a more complete presentation. In the evaluation of video summaries, the programme sum-
maries were compared with human generated summaries and the ROUGE score recorded. In future
work, we want to perform the evaluation by using the video summaries alongside the text summaries.
Video summaries could be watched by viewers who could then evaluate the results.

Both algorithms are currently used in English, but it is possible to convert them into different
languages. The language dependency of the algorithms is caused by the WordNet and the natural
language processing (NLP) tools such as POS tagger. If the WordNet and the required NLP tools are
available for other languages, our video categorization and summarization algorithms can be used
for videos with other language subtitles.
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