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Abstract— In this paper we investigate the performance of isual

features in the context of video genre classificath. We propose a
late-fusion framework that employs color, texture,structural and

salient region information. Experimental validation was carried

out in the context of the MediaEval 2012 Genre Taggg Task
using a large data set of more than 2,000 hours &fotage and 26
video genres. Results show that the proposed apprda
significantly  improves genre classification perfornance
outperforming other existing approaches. Furthermoe, we prove
that our approach can help improving the performane of the
more efficient text-based approaches.

l. INTRODUCTION

The main challenge of the existing multimedia systés in
their capability of identifying and selecting onkelevant
information according to some user specificatiofisis issue
became more critical because of the tremendougdsrer of
multimedia content. Thanks to new technologies amtgble
multimedia terminals, wireless transmission protwcand
imaging devices, we currently face a large amodntomtent
that is infeasible for humans to manually analyzeview of
finding specific information. To have an idea ofstiscale, the
following numbers are edificatory: over 72 houfsvimleo are

many of the movies contain different languages at&b
background noise that rends ASR highly inefficient.

Another perspective is to usaudio information. Audio
features have the advantage of requiring less ctatipnal
effort than ASR-based methods. The audio-basedniation
can be derived either from time, e.g., Root Meamnasg of
signal energy (RMS), sub-band information, ZerosSiog
Rate (ZCR); or from the frequency domain, e.g.,dvédth,
pitch, Mel-Frequency Cepstral Coefficients (MFCC).

Visual-based approaches gain more and more popularity in
the last years showing great potential in variodew retrieval
scenarios. They exploit various information sourftem color,
texture to motion and temporal structure. Giving tomplexity
of the categorization task, visual features tencefmrt a lower
performance then for text and audio modalities.

In this paper we prove that notwithstanding theesigpity of
textual and audio descriptors, visual informatitona has also
great potential to video genre classification tadddsing the
combination of various visual descriptors and adég|dusion
mechanisms one can achieve similar performancketdigher
level audio and textual features, that is quiteraarkable result.

The remainder of the paper is organized as foll@&estion I
discuses several relevant genre classification cgghes and

uploaded on YouTube (http://www.youtube.com/) evewjtuates our work accordingly. Section Il presehts proposed

minute, more than 500 years of YouTube videos atched
every day on Facebook (https://www.facebook.comf aver
700 YouTube videos are shared on Twitter (httpgttér.com/)
each minute. One of the strategies adopted to watre
choices is to provide preliminary automatic catégation
according to some pre-defined categories, suefdas genres.
A common approach used in video categorizatiomésuse

video descriptors which are extracted from visuébrimation.
In Section IV we discuss several fusion technigaes in
Section V we report the experimental results. lnaection
VI concludes the paper.

II.  PREVIOUS WORK
In this paper we focus on the visual informatiomeasaim to

of text-based information. Basically, all existing web mediagemonstrate its potential to video genre categtinizaA video

search engines (e.g., YouTube, blip.tv) rely on tise of
synopsis, user tags, metadata, etc., to perforrléssification.
But not all these descriptors can be automatiaadtyacted and
they require to be generated manually by the userstder to
obtain the text information automatically, an amio is to
extract text from video information, such as moeigects and
graphics (e.g., the name of a building) or othesual text (e.g.,
subtitles). This typically involves the use of @pti Character
Recognition (OCR) techniques that might not be #eturate
considering the variability of video contents. Amet option is
to take advantage of the transcripts of dialogusaioned with
Automatic Speech Recognition (ASR) techniques. Hare

genre is a set of video documents sharing similée §1], such
as broadcast, home-video or movies.

Many of the existing approaches focused on only ¥&leo
categories, such as movies, TV programs [2] ormnenliideos
[3]. For instance, a simple single modal approacithe one
proposed in [4]. It addresses genre classificatising only
video dynamics. Motion information is extractednab levels:
background camera motion and foreground or objexttom. A
single feature vector is constituted in the DCTn$farmed
space. This is to assure low-pass filtering, ortimadjty and a
reduced feature dimension. A Gaussian Mixture M¢@almM)



based classifier is then used to identify 3 comngemres: as the degree of curvature, angularity, circulardymmetry,

sports, cartoons and news. "wiggliness" and so on. In addition to those geoimet
Much complex approaches address a broader rangenoés parameters, aumber of "appearance” parameters are extracted.

such as the method in [3] that exploits severatwithodalities. They consist of simple statistics obtained from lin@inance

At temporal level video contents is described usingrage shot yajyes extracted alorthe contour, such as the contrast (mean,

length, cut percentage, average color difference @amera gsiandard deviation). These descriptors were regpotte be

motion (4 cases are detected: still, pan, zoom, afier g,ccessfully employed in tasks such as the annatafiphotos

movements). Spatial features include face framis, @verage ;4 object categorization at ImageCLEF 2010 bendking
brightness and color entropy. Genre classificaisoaddressed (http://www.imageclef.org/);

at different levels, according to a hierarchicaiotwgy of video 4) Bag-of-VisualWords (B-o-VW, 20480 values): we

genres. Several classification schemes (Decisiogesirand :

. ; compute a global B-o-VW model [9] over a selectidirames.
several SVM approaches) are used to classify videtage into The visual vocabulary used was restricted to 4\0861s. Ke
main genres: movie, commercial, news, music andtspand . Y use . - ey

points are extracted with a dense sampling strategg

further into sub-genres, movies into action, coméuyror and . ; .
cartoon, and sports into baseball, football, vdilly tennis, described using rghSIFT features [9]. Descriptoesextracted
using the first two levels of a spatial pyramid gea

basketball and soccer. ) :
More recently, the Genre Tagging Task of the MewE representation [10]. This approach reported goatbpeance

Multimedia Benchmark hitp://mww.multimediaeval.ory/ set ©ON image classification and object localizatiorksaat Pascal

up a new perspective for the benchmarking of gerfrdallenge [11].

classification approaches. It addressed both I|asgale

categorization and multimodal approaches (texteaudiual).

In 2012 it released a data set that contains @6 teideo genre 10 combine the visual descriptors we designed aorus

categories and more than 2,000 hours of footageulReare strategy. In general, there are two types of fusitrgtegies:

discussed in this paper (for a detailed overviesv[5§. early fusion andlate fusion. These strategies are funded around
In this paper we approach genre categorizationguaitate- the hypothesis that an aggregated decision frontipteiexperts

fusion framework of visual descriptors. The validatof the can be superior to a decision from a single system.

approach is conducted in the context of MediaE@dl22Genre ~ Early fusion combines features before performingy an
Tagging Task. classification, while late fusion combines the auitpof

classifiers for different descriptors. Each of thensidered
Il VISUAL FEATURES classifiers C,,k 0 {3...,K} , will have to provide some scores,
As previously mentioned, we approach video gen
categorization using only visual information. Froime existing
mo_dalities_ we exploit_color, t_exture, contour and _salient v,,Nn D{:L___,N} , to contain the requested concept (e.g, genre
regions. Visual content is described by several descriptor in our case). The objective of late fusion is ttedmine a score

1) Histogram of Oriented Gradients (HoG, 81 values) [6]: . iovion functior f (), so that the resulting aggregated
exploits local object appearance and shape withimmage via

the distribution of edge orientations. This candogieved by classifier output X = f (X,.., X, ), is better than any of its

dividing the image into small connected regionsigt@nd for individual components, and overall as good as ptessLate
each of them building a pixel-wise histogram of @dgusion focuses on the individual strength of mdiksi while
orientations. For the entire sequence we competéditogram early fusion use the correlation of features inrtiired feature
average of all the frames; space. Numerous empirical and theoretical studiesved that
2) MPEG-7 and related descriptors (1,009 values) [7]: we no fusion strategy is optimal in general. The fosstrategy has
adopted several standard color and texture-basecdrigirs, to be selected according to the task and datatsteuc
namely: Local Binary Pattern (LBP), autocorrelogra@olor In this paper we propose to use a late fusionegjyalbecause
Coherence Vector (CCV), Color Layout Pattern (CLPJige it shows many advantages to our task. First, therehe
Histogram (EH), Scalable Color Descriptor (SCDhloc Ccomputational speed, and then its robustness tdicenwith
histogram and color moments. Overall, sequenceeagtjon is different types of features or classifiers. In thaper we will
achieved by computing the mean, dispersion, skesyngvaluate two late fusion tephnlques,_ namely: ComdSahd
kurtosis, median and root mean square statistietf 6mes; ~ COMbMNZ [19]. Combl\ﬂNZ is determined as:
3) Sructural descriptors (1,430 values) [8]: we propose a —
new approach that is based on the characterizatigaometric CombMNZ = F(d) Dg; X @)
attributes of contour information. Contour procegsstarts with \whereF(d) is the number of classifiers for whichwas in the
edge detection which is performed with the Cannyeediop K retrieved videos (its score is considered non)zarml
detector. For each contour, a type of curvatureesigcreated. aims to give more importance to the videos thaewetrieved

This space is then abstracted into spectra-liketioms, from p, several classifiers, ara, represent the confidence level of
which in turn a number of geometric attributes@egved, such

IV. FUSION APPROACH

X, =[Xqyse-» X ], indicating the probability for each video,



classifier C. If F(d)=1 and a,=1k0{1...,K},
CombMNZ determines the CombSUM fusion.

V. EXPERIMENTAL RESULTS

A. Experimental Setup

This work focuses on the role of visual informationvideo
genre classification. For experimentation we use #9012
MediaEval Genre Tagging Task data set [5] that iples/genre
ground truth for up to 14,838 videos (the datasdtvided into
a train set of 5,288 videos and a test set of 9/560ies).
Videos are labeled according to 26 video genregeaies (for
more details see [5]). The main challenge of thgktis in the
high diversity of genres as well as in the highietgrof visual
contents within each genre category. Moreover, geatated
information tends to be contained mainly with thadia
information (e.g., speech) which makes the tasksirig visual
information very challenging.

For genre classification we have selected threth@fmost
popular approaches that proved very efficient irrioes
information retrieval tasks [1], namely: Support cW&
Machines (SVM; with various kernel functions), kddest
Neighbor (k-NN) and Random Trees (RT).

To assess performance, we use as global measuctasic
Mean Average Precision (MAP) that provides a skiigjere
measure of quality across recall levels:

)

M%< n

provides additional discriminative power to the Eg@ted
descriptor.

Fusion techniques exploit the diversity betweenfediint
information sourcesTable Il reports the results obtained with
the proposed late fusion framework, namely: CombSad
CombMNZ [19]. In both cases, late fusion providesttdr
results then the use of early fusion, with moreté&. The late
fusion is less computational expensive then eadioh because
of the descriptor length which is significantly stso.
Furthermore, late fusion scales up easier becamse-training
is necessary if further streams or modalities afeetintegrated.

The best performance is obtained with late fusiomBMNZ
using a combination of top 4 best pairs of featlassifier from
Table | (marked with bold italic).

TABLE II. LATE FUSION PERFORMANCEMAP VALUES).
Method MAP
Late Fusion CombMNZ 38.33%
Late Fusion CombSUM 36.89%

C. Comparison to MediaEval 2012 audio-visual approaches

A summary of the best team audio-visual runs atiltedhl
2012 Video Genre Tagging Task is presentedTable Il
(results are presented by decreasing MAP valudsg. KIT
team obtained the best results for visual desesptdhey
obtained a MAP of 30.08% using a combination ofsikal
color and texture descriptors: HSV color histogrd®?2 bins),
color moments (Lab color space), autocorrelogram; c

whereN is the number of video$/ is the number of videos ofoccurrence texture, wavelet texture grid and edsgfedgram. By

genrec, andy; is thei-th video in the ranked lig{V;,...,Vy}

returned by the classifier; final f.() is a function which

returns the number of videos of gewrin the firsti videos ify
is of class, and O otherwise.

B. Visual feature performance

In Table | we present the classification results obtainedh wit

combining these features with B-0-VW of rgbSIFT atgsors,
they increase the performance to 34.99%. Resutisv shat
using only B-0-VW, in spite of its reported highrfpemance in
many retrieval tasks, results are not that accyfeP is only
23.29% using SIFT and 23.01% with SURF-PCA).

TABLE III. MEDIAEVAL 2012BEST TEAM RESULTS USING AUDIGVISUAL

INFORMATION (MAP VALUES).

each individual visual descriptor. One can obseéhat using Team Descriptor and method MAP
global HoG alone in combination with SVM and a roshr KIT [17] visual descriptors (color, texture, rgbSIFT) with, , o0,
kernel we obtain the highest MAP of 26.5%. Similar SVM i
performance is obtained with MPEG-7 features uiimg KIT [17] | visual descriptors (colorekture) with SVM 30.08%
KIT [17] visual descriptors (rgbSIFT) with SVM 23.29%
TABLE I. VISUAL FEATURES PERFORMANCE$MAP VALUES). ] _
S : TUB [14] _clustered_ SURF-PCA with SVM (hlstogranzg_Ol%
Classification algorithm intersection kernel)
Feature SVM SVM SVM k-NN visual (LBP, CCV, color HSV histogram) and o
Linear | RBF Chi (k=5) RT ARF [15] audio block-based with Linear SVM 19.41%
Bag of Words 17.10 19.56 19.99 16.22 18.15 lLJJl’:\Il\I/IC(?mZ] visual (HMP) and audio with KNN 12.38%
Global HOG 9.07 26.5 2224 18.37 23.46 proposed CombMNZ with HOG, Structural, MPEG7 38.29%
related features
Structural 755 | 17.16 2275 8.75 15.67
MPEG-7 related 6.11 445  17.49 957 2568 The proposed approagh provides the highest perfurenan
: all the cases and we achieve an increase of peafwenof more
All combined 1821 | 3011 3121 1512 2122 | than 3% compared to the best approach Tsbke 11).

Combining all the features using early fusion, geeformance

is superior in most of the cases. It proves thaheategory of
informatiohat t that employed truly multimodal approaches includiatyo

visual feature contains complementary

D. Comparison to MediaEval 2012 text-video approaches
In this section we compare our approach to thetbast runs
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