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Abstract. In this paper, we propose an improved version of RBF netwasdel on Evidence Theory (NN-
ET) using one input layer and two hidden layers and one ougyet, to improve classifier combination and
recognition reliability in particular for automatic sentizrbased video content indexing and retrieval. Many
combination schemes have been proposed in the literataoediceg to the type of information provided by
each classifier as well as their training and adaptatioritiglsil Experiments are conducted in the framework
of the TrecVid 2005 features extraction task that consisterdering shots with respect to their relevance to a
given class. Finally, we show thé&ieiency of NN-ET combination method.

1 Introduction

Multimedia digital documents are readily available, eittteough the Internet, private archives or digital video
broadcast. Tools are required thieiently index this huge amount of information and to alloffieetive retrieval
operations. Unfortunately, most existing systems relylenautomatic description of the visual content through
color, texture and shape features whereas users are meresited in the semantic multimedia content. To answer
this need, the MPEG-T]1] standarfiers the possibility to describe the video content and inqaer its semantic
content. In practice an important gap remains between theldescriptors and the semantic content. The most
common solution to date is the use of manually or semi-autically annotated content. However, in both cases
the annotation task is very time consuming and error prorav kbols for automatic semantic video content
indexing are highly awaited and an importaffbet is now conducted by the research community to autonitica
bridge the existing gapl2,3].

The retrieval of complex semantic concepts requires théysisaof many features per modalities. The task
consisting of combining all theseftérent parameters is far from trivial. The fusion mechanisim take place
at different levels of the classification process. Generally, #itlser applied on signatures (feature fusion) or
on classifier outputs (classifier fusion). Unfortunatetynplex signatures obtained from fusion of features are
difficult to analyze and it results in classifiers that are not waihed despite of the recent advances in machine
learning. Therefore, the fusion of classifier outputs remeain important step of the classification task.

In classifier fusion systems, information coming from theaas classifiers are fused to obtain the final clas-
sification score. In this paper, RBF neural network and fewatavork based on evidence theory are implemented
for this purpose and evaluated in the context of contenedbastrieval.

This paper presents our research conducted toward a semalgd content indexing and retrieval system.
It starts with the presentation of the video latent semaantiglysis architecture. It is followed by a description
of RBF neural network and how the evidence theory can be usad dfort to evaluate their classification and
fusion ability. The experimental results presented in gaper are conducted in the framework of TrecVid'05.
This study reports thefiéciency of diferent combination methods and shows the improvement pedvigt our
proposed scheme. Finally, we conclude with a summary of te important results provided by this study along
with some possible extension of work.

2 System Architecture

This section describes the workflow of the semantic featatr@etion process that aims to detect the presence of
semantic classes in video shots, such as building, car fldds water, map, etc . ..

First, key-frames of video shots, provided by TrecVid'0Of aegmented into homogeneous regions thanks to
the algorithm described inl[4]. Secondly, color and textame extracted for each region obtained from the seg-
mentation. Thirdly, the obtained vectors over the completabase are clustered to find the N most representative
elements. The clustering algorithm used in our experimsrte well-known k-means.

Representative elements are then used as visual keywodéstabe video shot content. To do so, computed
features on a single video shot are matched to their clogasihkeyword with respect to the Euclidean distance
(or other distance measures).
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Then, the occurrence vector of the visual keywords in theé ghbuild and this vector is called the Image
Vector Space Model (IVSM) signature of the shot. Image tagmmantic analysis (ILSA) is applied on these
features to obtain anfiécient and compact representation of video shot contenallgirsupport vector machines
(SVM) are used to obtain the first level classification whicitpait will then be used by the fusion mechani§im [5].
The overall chain is presented in figlie 1.
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Fig. 1. General framework of the application.

2.1 Video features extraction

For the study presented in this paper we distinguish visealufes. To describe the visual content of a shot,
features are extracted from key-frames. Two visual featare selected for this purpose: Hue-Saturation-Value
color histograms and energies of Gabor’s filt€is [6]. In otdecapture the local information in a way that reflects
the human perception of the content, visual features ara@rd on regions of segmented key-framés [7]. Then, to
have reasonable computation complexity and storage esgeints, region features are quantized and key-frames
are represented by a count vector of quantization vectdrigistage, we introduce latent semantic indexing to
obtain an éicient region based signature of shots. Finally, we combirmestgnature of the key-frame with the
signatures of two extra frames in the shot, as it is desciiilb§], to get a more robust signature.

2.2 Classification

The classification consists in assigning classes to videtssfiven some description of its content. It is an im-
portant step for video indexing systems since it allows detmm the visual description of the content with class
information. Unfortunately, many fierent cues are implied in the classification process. Thel@ontent is ex-
tremely rich in semantic classes, but limited data is at#l&o build classification models. We decided to conduct
the classification on individual features in order to haveugyh training data with respect to input vector sizes.

Allwein and al [8] showed that it was possible to transformutivclasses classification problem into several
binary classification problems. They propase-against-all methqgdavhich consists in building a system of binary
classification by class. Every binary system classifies $@srip a class or in the other (i.e. who understands all
the remaining classes). In our work, this method is adopsétithe SVM classification.

Support Vector Machines SVMs are one of the most popular machine learning technjcgiese they have
shown very good generalization performance on many pattassification problems. They have the property to
allow a non linear separation of classes with very good geizetion capacities. They were first introduced by
Vapnik [9] for the text recognition task.
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The main idea is similar to the concept of a neuron: sepatasses with a hyperplane. However, samples
are indirectly mapped into a high dimensional space thamkskernel function that respects the Mercer’s condi-
tion [L0]. This allows leading the classification in a newspahere samples are assumed to be linearly separable.
The selected kernel denotéd.) is a radial basis function which normalization parametés chosen depending
on the performance obtained on a validation set. The radgstkernel is chosen for his good classification results
comparing to Polynomial and Sigmoidal kernéls [5].

3 Classifier Fusion

3.1 Radial Neural Network (RBF)

RBF is a popular supervised neural network learning allgorjit's a spacialization of the MLP netwotk]11]. The
RBF network is constitued by only the following three layes,shown in (figurEl2).

— Input Layer :It broadcast the inputs without distortion;
— RBF Layer :Hidden layer that contain the RBF function;
— Output Layer :Simple layer that contain a lineaire function.

Basis functions normally take the fori= || X — 4 ||. The function depends on the distance (usually taken to be

Euclidean) between the input vectormnd a vectog;. The most common form of basis function used is the Gaussiaatibn
- X112

¢ =exp 27

whereg; determines the center of basis function ands a width parameter that controls how is spread the curva: Ge
erally, these centers are selected by using some fuzzy ofuzay clustering algorithms. In this work, we have used the
k-means algorithm to select the initial cluster centershimfirst stage and then these centers are further fine tunedity u
point symmetry distance measure.

The number of neurons in the output layer is equal to the plesslasses of the given problem. Each output layer neuron
computes a linear weighted sum of the outputs of the hiddear lzeurons as follows:

N
OEDIACAY N
i=1

The weight vectors are determined by minimizing the mearargl diferences between the classifier outpyts=
Z?’LO W ;S and target valueg as following :

1 M
E=5 - 1) )
k=1
The parameterAW, Au, A4c7) are given by (for more explication, seée11]) :
0E  IJE dyk
= 9= 9% 3
aWk,i 6yk 6Wk,i ( )
or £= = —(t— W), thus, e
—_ = t — 3 4
Ee (t - Yi)s (4
after computation, we obtain :
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_— 7R (e — g t — . 5
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oE oE ayk aSj ZSJ'
— = ————=—1Iogs; ty — - 6
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3.2 Evidence Theory

As we have seen, solutions in combining multiple classifaees numerous but each of them has weaknesses. Most treat
imprecision, but uncertainty and reliability are ignor&didence theory allows to use uncertain data [12].

Let Q be a finite set of mutually exclusive and exhausive hypothesalled theframe of dicernementA basic belief
assignment (BBA) is a functiom from 22 to [0, 1] verifying :

m(@) =0

)
2Ace m(A) =1
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Fig. 2. RBF Classifier Structure

For anyA € Q, m(A) represents the belief that one is willing to commit exattiyA, given a certain piece of evidence.
The subset# of Q such thatm(A) > 0 are called théocal elementsf m. Associated withm are abelief or credibility function
beland aplausibility function pl, defined, respectively, for all € Q as :

bﬂ&:Zm@) )
BCA

pi(A) = > m(B) ©)
ANB#0

The quantitybel(A) can be interpreted as a global measure of one’s belief yyadthesis is true, whilgl(A) may be
viewed as the amount of belief that could potentially be @ibin A, if further information became available]13].
The decision rule can be given byfidirents approches as following :

— Choose the maximum plausibilty hypothegi)(
— Choose the maximum pignistique probability hypotheBistp).

BetRw) = Z

weA

i)

A (10)

Application to Pattern Classification The response of hidden uriitto an input vectorx is defined as a decreasing
function of the distance betweerand a weight vectop'. The output signay! from the j™ output unit with weight vectow!
is obtained as a weighted sum of the activations imth&lden layer:

Y= ws (11)
i=1

The evidence-theoretic classifier introduced in this paparalso be represented in the connectionist formalism esrah
network with an input layet,,., two hidden layerd.; andL,, and an output layelrs = Loypu (Fig. 3). Each layet; to Ls
corresponds to one step of the procedure described in fiolipw

1. LayerL; containsn units (prototypes). It is identical to the hidden layer ofRBF network with exponential activation
function¢ andd is a distance computed using datac [0, 1] is a weakning parameter associated to prototypéhere
e = 0 at the initialization[[14].

s=dgd)

¢(d) = exp ¥'(d)?) (12)
i _ 1

@ = 1+exp (€')

where ¢' = (17')?) is a positive parameter defining the receptive field sizerofqtypei = {1,...,n}.
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Fig. 3. Neural Network implimentation of the evidence theoriti@a&lifier Structure

2. LayerL, computes the BBA associated to each prototype. It is congpote modules ofM + 1 units each. The units
of modulei are connected to neurérf the previous layer. The vector of activatioms= (m,, m,, ..., m,,,,) of module
corresponds to the belief masses assigneafiby

m ({wg}) = o'uyp(d)
. PA) 13
{m({Q})= 1- a'(d) 43
so, , , , , - o .
m = (m({wa)), M({wz}), ..., m({ww.})) = (UiS,...,uys,1-9) (14)
i )2
whereuiq represents the degree membership to each wladsy introducing a new parametgi4] asuij = %
k=1Y"k
3. The D-Shefer combination rule combinelifferent masse function in one single masse. It's given by :
n
mp) =(meme--amy)= > [[m(®) (15)

B NN Bn=A j=1
This masse function has a particular structure, indeednts restarted only on singleton antlypothesis. This partic-
ular structure is going to play an important role during timpiementation of decision rule.
Then BBAs m are combined i3, composed ofi modules ofM + 1 units. The activations vector of moduliis defined

J: (1 (fwa)), . . ., 1 ({wi ), 4 (€2)). wherey is the conjunctive combination of the BBAg, ..., m
Ho= Mg M= gt O
{ﬂl =m' (o

The activation vectors fdr= {2, ..., M} can be recursively computed using the following formula :

@an

i el il i-1

M= I My T
i _ -1 m

Hme1 = Hvia v

4. LayerLoypugives vectoiO defined a© = £, whereK = Fp'i my.

The diferent parametersig, 4u, 4y, da, AP, 4s) can be determined by gradient descent of output error foremg and
input patternx (stopping threshole: 10 or iteration numbet 500).

1 1y
B = SlIP =t = 5 > (Pug — t)° (18)
g=1

whereP, 4 = Oy + vOw.1 is the output vector witly = 1,...,Mand 0< v < 1.
Pog Pig, P%’q represent the Credibility, the plausibility and the pigigjse probability rescpectively of each clagg
The derivate o, (X) w.r.t,B‘j id given by :
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IE) ZM] IEV(¥) IU)

A , (19)
k
B, L ok op,
Let us now computé(’i—[ji
0E, (X 0E, (X) dmy omy
P (, ) = ( ) = (Pv,J _tj) 7 (20)
u; omy au; au;

In order to expres%uﬂ,, we use the commutativity and associativity of fReoperator to rewrite the output BB as the
i
conjunctive combination of two terms.

m:mﬂrﬁwithrﬁ:ﬂrﬁk (21)
ki
The vector can be computed by [15]:
-
Moo= — Me1
mlj - mmy (22)
M= R
S0, 5
oMk
ou | - §(rn' + rn|M+1) (23)
and,
0E, (X - )
W — Py - I + ) (22)
i
JE,(X) _ JE,(X) 9s 6E (x) 2
S = o5 5el = (~27/(d)?s) (25)
J0E,(X) OJE, (x) 5
i = e expE(/d))(A- o)l (26)
OE,(X) OE,(X) 03 aE (x) 2 :
— = - = 2 s . 27
o = 93 opl (20/)°$(% - ) (27)
we need to computéxd :
IE() _ < IE(Y) apvk L
a8 = Pk Z( W TV )
M
= D (P = (U (T + W) — T - viT,,)

4 Experiments

Experiments are conducted on the TrecVid'05 databasedt [@presents a total of over 85 hours of broadcast news sideo
from US, Chinese, and Arabic sources. About 60 hours are tasedin the feature extraction system and the remaining for
the evaluation purpose. The training set is divided into subsets in order to train classifiers and subsequently gierfu
parameters. The evaluation is realized in the context ofMitB05 and we use the common evaluation measure from the
information retrieval community: the Average Precision.

The feature extraction task consists in retrieving shotgessing one of the following semantic concefdt®8uilding,
2:Car, 3:Explosion or Fire, 4:US flag, 5:Map, 6:Mountain,Ptisoner, 8:Sports, 9:People walkimgnning, 10:Waterscape,
11:MAP (Mean Average Precisian)

The RBF and NN-ET were trained with the same optimizatiomidtlym (gradient descent). The numlyeof prototypes
was varied between 2 and 10. For each value,dhe average training error rates are computed. Our mettebdsybetter
results for small values of and similar performance for higher valuesrmfThe best number is8 = 5, where we obtain the
lower training error.

Figureld shows Mean Precision results of the two classifiei®h methods compared in this work: the standard RBF and
the evidence theory neural networks (NN-ET). The improwanmemean precision is clearly visible for all semantic oepis
using NN-ET. It is a foreseen result since in the decisior RIBF takes just tha posteriorprobability. NN-ET, in contrast,
convert this probability in the form of BBA's, which are theombined using D-shafer rule combination. The fusion outpu
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Fig. 4. Comparaison of RBF neural network and Neural Network base&vidence Theory (NN-ET) fusion
method.

can be presented as a belief function defining for each clpsstarior probability interval. The width of this intervehn be
used as a mesure of the uncertainty attached to a fusionaphi®ch has been shown to allow decision making with reject
options, and to have good classifier fusion performance mpaned to other methods.

Besides, NN-ET presents more improvement for the concdpsg) that on the rest, it can be explained, by the high num-
ber of false decision in classification using just gusteriorprobability, Evidence theory resolve this inconvenientraducing
the degree of belief in our probability and the ignorancelofsystem.

We also notice, a precision equal to zero for the concepit(@n be explained by the fact that there is no video shot that
represents this concept in the Trecvid'05 data test.

5 Conclusion

In this paper, we have presented an automatic semantic egent indexing and retrieval system. The reported sy#itsin
employs visual features (HSV Histogram, Gabor filters) ideorto obtain a compact anéfective representation, followed by
SVM based classification to solve the challenging task of@ighot content detection. two methods for combining diassi
are investigated in details. The RBF and Neural networkdaseEvidence Theory approach that it managed all the feature
most dfectively and appears therefore to be particularly welleslifor the task of classifier fusion.

This approach is based on a feeling of uncertainty to thesifieation model, considering complete or partial knowkedg
of the class. Inferior and superior expectations as wellfgsgnistique probability, propose several strategies efision
with arbitrary costs. We think that this methodology can bkeful in the situations where the available informatiores\ary
incomplete and soiled by uncertainty.

We have started to investigate thffeet of the addition of many other visual features (Dominaato€§ RGB, Canny
edges features,...) as well as audio features (MFCC, PLP), k& see their influence on the final result. The addition of
other modalities will allows us to evaluate how th&feiient approaches are able to deal with potentially irreliedata. In
parallel, we have initiated a program of work about desorifaision. We believe such an approach, which may be seen as
normalization and dimensionality reduction, will have siferable &ect on the overall performance of multimedia content
analysis algorithms.
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