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Abstract - In this paper we introduce a new method for fusing loss of correlation information between descriptors. Thus,
classifier outputs. It is inspired from the behavior knowledgewe assume that an ensemble of classifiers is available. The
space model with the extra ability to work on continuous inputfusion mechanism has to make a decision with respect to
values. This property allows to deal with heterogeneous classtlassifier outputs.

fiers and in particular it does not require to make any decision at

the classifier level. We propose to build a set of units, defining o . e
knowledge space, with respect to classifier output spaces. A ney Sf'_”"?‘me'y clgssn‘ler selection ”?e.tho.ds' probabilistic, pos-
sample is then classified with respect to the unit it belongs to anaI !“SUC or belief mgthods, cIaSS|f|F:at|0n mthOdS and. sta-
some statistics computed on each unit. Several methods to creaa%tlcal _methods. First methods a'”? .at m_aklng a static or
cells and make the final decision are proposed and compared t namic selection of Fhe best classifier with _respect o _the
k-nearest neighbor and decision tree schemas. The evaluation l%onte.Xt L2, 2’. 16]. A Slmpl.e example of a.StatIC methoq IS
conducted on the task of video content retrieval which will reveal® d|y|de the mpgt space into cells to .WhICh are associated
the gficiency of our approach. a reliable classifier. The sgcond famlly pf methodfena
set of operators to be applied on classifiers outputs. Oper-
ators include the sum, maximum, minimum, mean, major-
fty voting, .... They were studied ir], 13, 6]. In that
case, classifier outputs are interpreteffedently depend-
ing on the framework (probabilitiesl]], possibilities B]
1 Introduction or beliefs P]). The dificulty is then, to find optimal op-
erators. Third methods consist in solving another classifi-

Classification is a major task in many applications frorgation problem. However, the situation is particular since
multi-modal speech recognition to medical image analysF@.e distribution of classifier outputs is concentrated around
It is a particularly important step for automatic semantidwo values, usually @r — 1 and1. The variance is, then,
based video content indexing and retrieval; especially Y§TY low and some classification models are not appropri-
bridge the gap between low level features, like color @ite [L14]. Fourth methods rely on a knowledge space that
texture descriptors, and high level concepts, like mountdikives the behavior of the classification. These methods are
or people running. Unfortunately, the complexity of th&alled Behavior Knowledge Space (BKS) methoglsand
task renders the choice of right descriptors and classifi¢Bey have the property to avoid making any assumption on
tion models very challenging. And the curse of dimensio§lassifier output distributions. In this paper, we propose to
ality [1] renders the training of a single model ifieient. €xtend them to continuous classifier outputs.

Mainly, two fusion strategies were set up to get around gy s methods were originally designed to deal with a
these. Either descriptors are first pre-processed to Simplrj%lti—class problem. A cell is defined as a combination of
their joint description22] (descriptor fusion), either one OFclassifier decisions and a training set is used to compute the
many classifiers are 'b.uild per descriptor and fused later gy between cells and the final decision. This approach re-
in the process (classifier fgsmn). . _ uires a decision to be first taken by classifiers before the
. _Fu5|on Is an old bUt St'.” very active research f|_eld arﬁjsion. In order to avoid this early decision procedure that
it is nowadays receiving increasingly interest to IMProvsuits in a loss of information, we introduce Continuous

classification performance. It has proved high potential Bahavior Knowledge Space that works directly on continu-
many applications from medical image analysis to audi8—US classifier outputs

visual speech recognition. However, fusion is involved in

all stages of the classification process and because of thisThe paper is organized as follows. We first present the
its mechanisms are filicult to understand. This challeng-Behavior Knowledge Space model. Then, we propose our
ing task is generally tackled on specific sub-problems suektension to continuous classifier outputs and evaluate this
as descriptor fusior2p)], classifier ensemble creatiobjjor new approach in the framework of semantic video content
classifier fusion 14]. We focus our attention on classifierindexing and retrieval. Finally, the last section draws our

fusion that has the advantage to be very flexible despite t@nclusion.

Classifier fusion methods can be divided into four fami-
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2 Behavior Knowledge Space ci. The dificulty now is to find the right units. In this new

space, units as described in the original method, are not well
2.1 Problem formulation identified and they must be obtained using vector quanti-
zation techniques. We propose to compare two methods
and some derivatives to get units: first uniform and non-
uniform gquantization by histogram computation, second k-
means clustering. For each unit, the same statistics as BKS
method are computed to make the final decision.

Let X be the descriptor spac€, = {Ci,i = 1 : N¢} be the
output classes anf@y, k = 1 : N} the expert ensemble
is a functione, : X — C such that ifx € X is a unknown
pattern, therex(X) = ¢, means thak belongs to the class
¢i. Letyy denote the true class af The research focus of
classifier fusion is then to find the functidh : CNe — C

that produces the best final decision. 3.3 Histogram computation
o We propose to determine unit boundaries by computing his-
2.2 BKS principle tograms. Uniform and non-uniform quantization strategies
e studied.

The idea behind the Behavior Knowledge Space (BK The uniform quantization consists in splitting each di-

model is to avoid making unjustified assumptions on theension intos parts of the same length. It has the advan-

classifier ensemble such as classifier independency. For this . . : o
. ) . age to provide data independent units, therefore it is not

purpose, the information is derived from a knowledge space’ ... - . .
i L sensitive to the training data set. However this approach is
which can concurrently record the decisions of all classi-

fiers on each leamned sample. BKS isNa dimensional only optimal if data are uniformly distributed and it is rarely

; ; . the case since we expect data to be distributed around some
space where each dimension corresponds to the decisigh

e . . specific values (usually O or 1). Moreover, it is not scal-
of one classifier. A point in this space corresponds to th . : : )
. " . . .~ “able with respect to the number of dimension. Non-uniform
decision of all classifiers. Each poiRtcontains three in-

formation, the total number of incoming samples the qu%nrﬂcé?ttl:?:;tlzlthﬁ? iz t;egg:;jﬁlu?g&em on multiole di-
best representative clafs and the total of samples from Y P P

each clas$’. These statistics are computed on a trainingfens'ons' Non-uniform quantization |s'usually applied in-
! pendently on each component (a given expeffor a

set, then they are used to make the final decision as folloys: . L .
given clasg;) thanks to histogram equalization technique.

pPe At the end, each bin has approximatively the same num-

F(P) = { Pe , whenk>0and 5 > 4, ber of samples. Unfortunately, this simple approach dis-
Ne+1 otherwise card the correlation information between dimension and it

Where A is a threshold that controls the reliability of theWIII simply fail on too many dlmen5|qns. We, thus, imple-
! L P, : - ment the well-known MHIST-p algorithmilp] that allows
final decision,P;* is the total of training samples from the

. . : .. "to efficiently build multi-dimensional histograms. Itis an it-
classc in the unit andP; is the total number of training . . .
. . erative process that loops over the two following steps until
samples in the unit.

the desired number of units is obtained:

. . Step 1: We choose a uni that contains a dimensioch
3 Continuous Behavior KnOWIedge whose marginal distribution is the most in need of par-

Space titioning,

3.1 Problem formulation Step 2: Split U alongd into a small numbep of units.

Let X be the descriptor space, = {Ci,i = 1 : N¢} be the The method has been provefliient withp = 2 and the
output classes anfik = 1 : Ne} the expert ensemble. MaxDiff splitting method. It select the marginal distribu-

€ is a functioneg, : X — RN such that ifx € X is a tion (U andd) with the largest dference in frequency val-
unknown pattern, thee{(x) measures the membershipsof UeS betwe.en adjacent vaIue; on gdimensipn. This approach
to each class;. The research focus of classifier fusion i§l0€S not fit to our problem since it approximates the prob-
then to find the functio’ : RN™ — ¢ that produces the ability density function of the data. Therefore, we propose
best final decision. Comparing to the original formulatiod NeW splitting strategy that minimizes the squared error
any intermediate decision is taken and it is the roléof When elements of a unit are approximated by their mean

to make the final decision with respect to a more accuraf@lue. Its selects the marginal distributidd @ndd) with
information. the highest squared error and splits the unit to minimize the

quantification error:

3.2 CBKS principle Step 1: We choose a unit) that contains a dimensiot

As for the BKS method, CBKS aims at making final de- where the squared error is the highest,

cisions from an expert ensemble without making any astep 2: Split U alongd into a two units such that the quan-
sumption on this latter. Working directly with expert out- tification error is minimized.

puts has the advantage to avoid making preliminary deci-

sions that remove the information on the decision quality. This approach reminds the technique used to build deci-
We propose a knowledge space where each dimension @on trees and we find interesting to implement a goal ori-
responds to the output of a given expasfor a given class ented splitting strategy:



Step 1: We choose a unit that contains a dimensioth the complete database are clustered to find the N most rep-
where the entropy reduction can be the highest, resentative elements. The clustering algorithm used in our

) _ _ experiments is the well-known k-means. Representative el-

Step 2: SplitU alongd into two units such that the entropyg ments are then used as visual keywords to describe video

is minimized. shot content. To do so, computed features on a single video
shot are matched to their closest visual keyword with re-

3.4 Clustering spect to the Euclidean distance or an other distance mea-

Another intuitive way to determine units is aiven by cl sure. Then, the occurrence vector of the visual keywords in
other intutive way 1o dete € units 1S given by CluSg, o shot is puild and this vector is called the raw signature
tering techniques. K-means clustering algorithm is appli

S . ) the shot.
on training data. In this case, data points are gathered by. . . . .
roximity. CBKS statistics are computed over each clus- _The same process is applied on regions around salient
P . p[omts. They are detected thanks to the Haar wavelet trans-

ter. We also propose to apply a fuzzy approach to COMPYSm as presented inlf]. The idea is to track and keep

statistics and classify new samples. Uhisare character- alient pixels at dferent scales. We then propose to build

ized by their centem;. Training samples are clustered an@W . . .
o rectangular regions around each salient point, one re-

Y(\;?] (;otr(r: %l:]tlf gjhesli;(t)izﬁglslIggi(xatg:ja(t)r:hjn;sargrg?(h:ﬁ? th%ion on the left and the other on the right for vertical edges
9 " P "~ and one on the top and the other on the bottom for hor-

number of incoming sampld$ = 3, Pi(X), the best repre- . : .
sentative class defined Bs = argmax (3, P,(X)lyx = G, izontal edges. The depth of rectangles is proportional to

and the total number of samples from each clB&s= the scale level at which corresponding points were detected.

S Pi(x) wherey, = c. Then, they are used to make th?\gVe_propos_e to have smaller rectgngles for hlghfrequen_mes.
" L ) n illustration of both segmentation approaches is provided
final decision as follows:

on figure2.

Pc
F'(P) = Pc , when P> 0and F;;—I > A
Nc. +1 ,otherwise

Where A is a threshold that controls the reliability of the
final decision.

4 Video Content Retrieval

(a) Region segmentation (b) Salient segmentation
The continuous behavior knowledge space was designed
for the task of video shot classification. The objective is
to identify shot content for information retrieval purposes.
The system is organized as depicted in figreFirst the ~ Starting from an IVSM, one can build the occurrence
content of shot is captured by some descriptors presenfgatrix of visual keywords in training shots. The singu-
in subsectiont.1 These descriptors are then processed & value decomposition of this matrix provides a new rep-
explained. From these descriptors and a reference databgggentation of video shot content where latent relation-
classification models, presented in subsecticghare built Ships can be emphasized. Image Latent Semantic Analysis
per semantic concept. Finally, the fusion mechanism is df-SA) is an adaptation of a method (Latent Semantic In-
plied on classifier outputs to provide a detection score pdgxing) used for text document indexing. It was originally

concept. The evaluation is then presented in subsedtion introduced in fi] and it has now demonstrated itSieiency.
In [19], the LSA is dficiently adapted into the so-called

ILSA to deal with image content.

The number of singular values kept drives the ILSA per-
It is far from trivial to identify the right features to extractformance. On one hand, if too many factors are kept, the
for a general purpose application such as video content iteise will remain and the detection of synonyms and the
dexing. Many features were proposed in the literature dyrelysemy of visual terms will fail. On the other hand, if
ing the last two decades. In some of our recent work ¢0o few factors are kept, important information will be lost,
video content indexingl[g], we proposed to use a region+esulting in performance degradation. Unfortunately, no so-
based approach with color and texture information. At tHetion has yet been found and only numerous experiments
end, an image vector space model (IVSM) is obtained &llow to find the appropriate factor number.
efficiently represent video shot content. Now, video shots have their visual content described by

First key-frames of video shots, that are provided by SA signatures on color, texture for both regions types
TRECVID [20], are segmented thanks to the algorithm d¢homogenious and salient). As far as the experiments re-
scribed in []. The algorithm is fast and provides visuallyported in this paper are concerned, four signatures are used.
acceptable segmentation. Its low computational requiréhe objective is then to deduce the semantic content of
ment is an important criterion when we need to processshots. Classification methods are appropriate tools for this
huge amount of data like the TRECVID database. Seimsk. They consist on automatically assigning labels to a
ondly, normalized HSV color histograms as well as meajiven input vector. For this purpose a model is firstly cre-
and variance of 24 Gabor’s filter response energies are caated with respect to a training set. We propose to use sup-
puted for each region. Thirdly, the obtained vectors oveport vector machines to solve our classification problem.

Figure 2: Example of segmentation outputs.

4.1 Descriptors
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Figure 1: General framework of the application.
4.2 Classification WhereP™ is the total of training samples from the class

] ] ] in the unit andP; the total number of training samples in the
Support vector machines were widely used in the past {gRit Finally, performance of the fusion is measured by the

years and they have been proveficient in many classifi- mean precision of retrieved shots, i.e. ordered shots with
cation applications. They have the property to allow a NGBspect to detection scores.

linear separation of classes with very good generalization

capacities. They were first introduced by Vapn2d][ for

the text recognition task. The main idea is similar to th5 Experiments
concept of a neuron: separate classes with a hyperplane.

However, samples are indirectly mapped into a high dimegs e riments are conducted in the context of TRECVID
sional space t_h_anks toa kernel function that respects B1505. Fusion algorithms are evaluated on the task of high-
Merc;ers_ condition §]. This allows one to lead the classieyg feature extraction which aims at ordering shots with
fication in a new space where samples are assumed tQb&ect 1o their relevance to a semantic class. Proposed
linearly separable. To this end, we use the mplementaﬂggmamic classes in 2005 are building, car,/dkplosion,
SVMLight detailed in [L0]. The selected kernel, denoted ) g flag, map, mountain, sport, people walkmgning
K(..) is a radial basis function which normalization params 4 \vaterscapeaterfront. The quantitative evaluation is
etero is chosen depending on the performance obtained g, by mean precision values of retrieval results limited

a validation set. Letsv},i = 1,...,| be the support vectorsy, 5 0o retrieved shots. The training data set of TRECVID

and{ai},i = 1,... | corresponding weights. Then, 2005 is composed of about 80 hours of news programs from
el American, Arabic and Chinese broadcasters. The set s split

H. X) = K(x s in three equal parts, chronologically by source, in order to

svm) ;ak (x. 5%) train the SVM models, find the best fusion function and

evaluate our system performance.
We take advantage of the validation procedure to find both This section presents two types of experiments. First,
SVM parameters and the best number of factors to be k&fBKS method and its flierent quantization methods are
by the ILSA. studied. Then, CBKS performance is compared to k-nearest
neighbor and decision tree performance.

4.3 Evaluation framework
5.1 CBKS study
In the framework of information retrieval, the system does

not need to make a hard decision, i.e. to tell if a class B this section, we propose to compare the performance
present or not, but only to provide a detection score thatpgovided by the four quantization methods : uniform and
useful to rank shots. For this purpose the CBKS methodHIST-p presented in sectiod.3 and the two version of

as presented in the previous section, is slightly modifieé-means presented in sectidrt. Performance is presented
First we assume that semantic concepts to be detectedWwit respect to the number of units in order to emphasize
independent. Classification and fusion are, then, conductbé efect of this parameter. Other quantization forms were
on binary problems, i.e. the concept is present in the stfdgo studied and their performance was not achieving as
or not. Second we don't really need to select an optim@pod as MHIST-p or k-means approaches.

value forAa that is required to make a decision. Thereby, we Figure3shows the performance of CBKS when units are

define the detection score per cladsr a unitU; as: obtained by uniform quantization of the input space. We
notice that only few bins are necessary : between 2 and 4
pPe perinput, i.e. between 16 and 256 unitsffBiences of per-

Dic(P) = Fl)i formance with respect to the number of bins can be high and
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Figure 3: Uniform quantization, from 16 to 10.000 bins. Figure 5: K-means clustering, from 5 to 3.000 clusters.
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) ) ) ) Figure 6: K-means clustering and fuzzy statistics, from 5 to
Figure 4: MHIST non-uniform histogram computation byg 000 clusters.

minimizing squared error, from 5 to 3.000 bins.

5.2 Comparison of CBKS, K-NN and deci-

. L . sion trees
localized as it is the case for semantic concepts two, four

and seven. A validation procedure is highly recommendeghis subsection compares our fusion method to related ex-
through it won't insure good generalization properties. Theting fusion techniques using the semantic ground-truth,
proposed MHIST quantization procedure allows to obtajjamely k-nearest neighbors and decision trees. Figure
more stable performance (see figdjewith respect to the shows that many neighbors (around 500) are required for
number of bins. It means that we can expect better gengfr optimal fusion, and still, it does not lead to the best fu-
alization capacities contrary to the previous method. Fujipn system. Results provided by decision tree are worst
thermore, performance is very similar or higher if we havgee figures). We notice that the over-fitting phenomenon
a look in details. occurs qu|ck|y

K-means algorithm is another way to create units. Fig- The dificulty of the task and the limited number of posi-
ure 5 shows the performance when units are obtained
thanks to it. As we can see, performance is highly improved
for most of features. We also proposed to compute detec-
tion scores with respect to the distance to all units in order
to soften the classification procedure. This method revealed
efficient for most features (figui®.

To conclude this part, CBKS is the modtieient when
units are computed with k-means algorithm and the fuzzy
approach is used to compute classification scores. However,
this method does not lead to the best performance in some
few cases (concepts three (car), four (US flag) and seven
(sports)). It is mainly due to particular conditions that al-
lows other methods to provide very good results. We think

Mean Precision

. . . 1 2 3 4 5 6 7 8 9 10
that these results are marginal since they correspond to iso- Semantic Concepts (1..9) and mean performance (10)

lated picks. In these particular cases, we do not expect good
generalization properties. Figure 7: KNN fusion, from 25 to 800 neighbors.
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