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ABSTRACT orated method where the use of tracker's information as a=ll
some heuristics which are manifesting better results tharpee-
vious work. We also make use of a more than 1 channel for the mu-
tual information calculatation.we investigate as well gussibility
of using this tool for classification of face images in a mazal+
fstic content such as movies, where difficulties arise frbm fast
variations of illumination, scale, pose etc.

The remainder of this paper is organized as follows: in acti
2 a mathematical presentation of the mutual informationitsnalor-
malized version are presented, as well as the descriptibawfstics
and tracker’s results integration. In Section 3 clustedtyprithm is
presented. In Section 4 we demonstrate results for a redernase.
Finally in Section 5 further work and conclusions are diseas

In this paper we propose an algorithm for face tracker'stiajries
clustering. Our approach is based on the mutual informaifahe
images and more precisely its normalized version (NMI). Wken
use of 2 color channels from the HSV space (Hue and Satuyatio
in order to calculate a 4D joint histogram and therefore date
the mutual information. In this paper we also develop anriiym
where we apply robust heuristics and make use of a tracker-inf
mation in order to diminish dimensionality and augment aacy of
our results. Itis a supervised clustering algorithm whictherefore
used (fuzzy c-means) in order to gather same trajectoriésame
faces together.

1. INTRODUCTION 2. MUTUAL INFORMATION FOR FACE CLUSTERING

Face clustering is an important application for semantitsaetion  \jytual information is defined as the information shared leemtwo

on video and can be used in a multitude of applications inavide gistribution. LetX andY be two distributions. We define the joint
processing. It can contribute in many ways, like deterngrtine entropy as:

primordial actors or the creation of databases’ referencabalog
detection and many others. Until now some interesting ihyos H(X,Y) ==Y (p(z,y)log(p(z,y))) 1)
have been proposed in [1]-[3], but most of them are basedlin ca
brated face images from news or face recognition databteeld].  wherep(z, y) the normalized (summed to one) probability density
Our approach exploits the capabilities of joint entropy amatual  function of the common information of distributioxi andY'. In the
information in order to classify face tracker trajectoriemges ex-  same way, we define the Shannon’s entropyXoandY as :
ported from face tracker like the one proposed in [4]. In [€] ave
proposed a face clustering approach using only results &date H(X)=— Z(p(:c)) log(p(z)) 2
detector. In this paper we propose a more elaborated methecew
the use of tracker’s information as well as some heuristiesrani-  Therefore we can define the mutual information as:
festing better results than our previous work.

Mutual information (MI) is a novel and useful tool in order to I(X;Y) =H(X) + HY) - H(X,Y) ®)
find similarities between information. More concretely, Mide-  \here this give use the final equation of mutual information:
fined as the information that is shared between two disiohat .9)
Until now, Ml is much exploited in bioinformatics applicati and vy plz,y
serves many purposes in that field from DNA sequences catagor H(X3Y) = Z Zp(x’ y)log p(x)p(y) “)
tion [6] to classification of proteins. Inimage processinbissed, o
in many reprise, in image registration for medical imagesgimes  I(X;Y) is a quantity that measures the mutual dependence of two
relatively good results. A good review for the use of mutudbi- random variables. If we use a logarithm with base 2, then tea-m
mation in medical imaging can be found in [7]. sure is in bit. This quantity needs to be somehow normalizedder

In [5] we have proposed a face clustering approach using onlyo create a uniform metric between different images ancetbebe
results from a face detector and mutual information on thenin  used as a similarity measure. For this reason, we use thealipeah
sity channel of the image. In this paper we propose a more elatMlI, which is defined as the quotient of the sum of two entropiith
the joint entropy of those two distribution.

H(X)+H(Y)
H(X,Y)

The work presented was developed within NM2 (New media for a
New Millennium), a European Integrated Project (http:/fwist-nm2.0org),

funded under the European Commission IST FP6 program. NMI(X;Y) =

©)



Is is also useful to notice that:

NMI(X;Y) = ;2; I;)( 6)
NMIY:x) = I (?(;’ g)(y) @)
But as we know from (1) :
H(X,Y) = H(Y, X) ®)
So,
NMI(X;Y) = NMI(Y; X) ©)

A very detailed explanation of how this normalizes the mLitnfar-
mation can be found in [8].

initial mean bounding box, with a step of 5%. The aforemeTaa
values are calculated experimentally. In this way, we ariegrto
eliminate scaling problems due to detector’s errors. Binake take
the maximum of the calculated NMIs between the two images.

As mentioned before, the movies’ context is dominated from
several difficulties in order to extract content informatid’he way
our approach is using the mutual information is undertakirase
problems. By using the scale variance within the detectessits
and the point-to-point approach of the joint entropy we hswe-
ceeded to provide good results in a very complicated tasi9]in
the problem is tackled based on a preprocessing of the infage.
approach is trying to avoid the preprocess and goes deepbein
mutual information properties to that end.

As mentioned before mutual information is proven to be a good?-1- Mutual Information Vectors

similarity criterion for many cases. In our case we use thi®-c
rion in order to create a similarity matrix from the input iges. We
calculate the 2D histograms of the HS space of each face iaage
quired from the detection/tracking process and therefmm fthe
two images we calculate the joint 4D histogram H where:

T(hl,sl,hz,SQ) =
|{(k,l) S N1 X Nz/A(k‘,l) = (h1781) B(k,l) = (hz,SQ)}(IlO)

where| - | denotes the cardinality of a set, B are face images

and,N; andN- are the width and height respectively of both images.

Our algorithm consists of creating a vector of Mls for evenage.
The dimension of that vector is equal to the size of the fatectien
results’ data set. For every face image in the results setieelate
the NMI between this image and any other, and therefore wagere
a vectorv. All those vectors results in al/ x M matrix (whereM
the cardinal of the set of all detections from a video seqelpwhere
every row; of that matrix will be theV M I of the i-th detection with
all other images.

S(i,7) = NMI(Facelmage;, FaceImage;) (12)

It is obvious that the elements of the diagonal will have galu

By defining the joint histogram that way, we have to admit thatone, which is the normalized mutual information of a face gma

in order to calculate it, images have to be of same size.Thans
that one has to resize one image to the other’s dimensionsurin
approach, and in order to equalize big scaling interpataisues,
we define a mean bounding box which is calculated from all deun
ing boxes that the face detector provides to us. This apprsiaows
better results than if we scale every pair of images forwlaedigger
or the smaller of them. So every image is scaled towards them
bounding box before the mutual information calculation.

Another issue is the fact of anisotropic scaling. Detestog-
sults are bounding boxes where typically width and heightreot

with itself and also the matrix will be symmetric w.r.t the imdiag-
onal. The diagonal property of the matrix is a forward effeicthe
MI symmetry shown in eq. (9). Those properties are very hulpf
because they drastically intervene in the time complexitthe al-
gorithm. By using those properties the time complexity inimized
by a multiplicative factor of 0.5 and an additive factor of -

2.2. Heuristicsand Tracking I nformation integration

We have tested two methods in order to use the tracking irgerm

equal. In order to scale forward a mean bounding box problem#on within our framework so as to generate better resubis thur

arise when the two dimensions are not equal. To override wes
calculate the bigger dimension of the bounding box and theans
taking the square box that equals this dimension centertbe torig-
inal’s bounding box center. Less literally, 18 = {z1,y1,z2,y2}

be a bounding box. We define the width.aas— z1 and the height

previous work in [5]. The first approach is to heuristicallpaify
the similarity matrix in a way that the face images within g@ne
trajectories will have a mutual information value of one aisio
faces appearing in the same frame will have a mutual infaomatf
0. Less literally, letS be the aforementioned similarity matrix ex-

asy> — y1. From the two dimensions we take the bigger one andracted as mentioned earlier. We create the new (robustjasity

stretch the other at that size. The resulting bounding boBftor
width bigger than height (resp. height bigger than widthi)l, be:

BnE'UJ
(resp. Brew

{xhyl - kvx27y2 +k}
{xl + kj7yl>x2 - k>y2})

(11)

wherek equalsZ2—21)—(2—v1)

We have noticed that problems arise from scaling issuesrthat
volves detectors inaccuracy. This means that if the facet<or-
rectly detected and the face image contains a big amouné dfetbk-
ground then scaling is mismatching the two face images asudtse
are inaccurate. In order to override this bottleneck, asropnocess-
ing step is made, which is inspired from registration aldponis and
aim in maximizing the accuracy of our results.

matrix as follow:

s'id) = {
(13)

whereX; and X; are two face images. The other approach consists
of creating a similarity matrix from the tracking result® this ap-
proach we calculate a statistical measure from the facémbing

to the same trajectory and therefore we creat&var N similarity
matrix as follow:

1,
5(,4),

if (X;,X;) same tracking trajectory
if non of the above is true

ST(Tk,Ti) = f(B(k,1)) (14

wheref is the statistics function (in our case the min,max,mean and
median are used), anBl(k, () is the submatrix ofS’ created from

Once we have put the detector’s outputs in the same scale Wge cross entries of the trajectoryand! as follow:

calculate the NMI for different frames of the target face gmaWe
vary the bounding box’s width and height from 80% to 120% e&f th

B(k,1) ={S'(i,7)| i€k and j€l} (15)
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Fig. 1. Darker regions shows small amount of mutual information
between tracker’s results.

Fig. 2. 3 vectors which belong to 2 different actors from 3 distinct
trajectories

After we have created the matrix ST we apply a new heuristéeiru
order to modify ST to a new matrix where we undertake the feat t
two faces belonging to the same frame can not belong to the sam
person. This means that we have excluded cases where nuairs
create such an effect which are very rare. To do so we seekéor t
frames where two faces are located simultaneously and we aut
the cross reference cell of the ST matrix. In other words ifeef
belonging to trajectory 5 is in the same frame with a face tgitoy

to trajectory 6 the the cell (5,6) of the matrix ST will be 0. €Th
matrix ST after application of the heuristic rules is showrfigure

1. The reason we apply the heuristic rules is first in ordentida
faces belonging to the same trajectory to be clustered iifferent
groups and also to avoid faces that belong to the same frame to
clustered in the same group.

Initialization has a significant role for FCM. So in order t@mp
vide better results the first centers are manually selectexdway
that faces that corresponds in different actors constitatdifferent
initial center. A random selection of initial centers vahgtresults
of a factor of 0.5% of false classification.

In the second approach the dimensionality of our vectorsis-d
tically diminished due to the fact that' is now equal to the trajecto-
ries number and not to the face images cardinality. So fra®#il
face images which results to a 941-dimensional space weatia
level of 15 dimension.

4. EXPERIMENT SCENARIO AND RESULTS

3. FUZZY C-MEANSCLUSTERING In order to test our algorithm we have conducted the follgyérper-

iment. From a movie called "Two weeks notice” we have exgedct
a set of 941 detections which belong to 3 different actord, aso
they are tracked 15 times. First we execute the detectiaritiion
in every first frame of a shot or if for some reason the trackeps
then we redetect for that frame and retrack until a shot barynis
encountered.

The frames where selected so that light conditions and 'actor
poses vary, and also we have selected pieces of the film frbm di
ferent scenes. In the detector’s results set we end up witttiaty
of face images in many poses and light conditions. With tipis a
5‘proach we ensure the robustness of our algorithm in a maétitf
different situations. In order to calculate the percersagiegood
and bad classifications we use a precision and recall likesonea
called F-measure [13]. The F-measure is calculated asafolleet
D represent a setand ét= C4, ..., C, be a clustering oD. More-
over, letC* = CY, ..., C; design the human reference classification.
Then the recall of clustef with respect to class rec(i, j) is de-

fined as'clcm—*c‘ The precision of clustej with respect to cluster

Fuzzy c-means (FCM) is a method of clustering which allows on
piece of data to belong to two or more clusters. This methdd in
ated by Dunn in [10] and improved by Bezdek in [11] is freqlent
used in pattern recognition and it is based on minimizatfeemab-
jective function. In order to cluster our results we use #hiprithm
which has been proven that in situation where we have a lighkt m
ture of classes’ elements, it performs better than the gfkpheans
algorithm.

In order to use this algorithm we define every row of the simila
ity matrix S’ as a different vector in ai/-dimensionalL.-normed
vector space oveR. In figure 2 and 3 one can see how those vector:
are formed for two examples, one for 941-dimensional veoiith
heuristics applied and another with 15-dimensional vediamm the
tracker integration.

Therefore, we use the Euclidian distance to calculate riiss
between the vectors

dist(vi, vj) = (16)

i, prec(i, ), is defined aé%. The F-measure combines both
J

values as follows:
and by those means to calculate a predefined number of duster

centers. A detailed implementation of the FCM algorithm athi 2 a7

. Fij=
was used, can be found in [12]. - pm e T rec(”)
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Method F-Measure
FCM on MI 65.4%
FCM on Robust Ml 67.6%
FCM on Tracker Ml using Min 66.33%
FCM on Tracker M1 using Max 86.48%
FCM on Tracker Ml using Mean| 68.33%
FCM on Tracker Ml using Mediary  60.0%

Table 1. Results Table of'-Measure.

The overallF-Measure of clustering is given by:

- max {F;;} (18)
G=1,..k

We can easily note that a perfect fit between clustering amcahu
reference leads to afR-measure score of 1. ThB-measure is an
external measure and thus it uses a human reference, i.alyit o
shows how good the clustering is vis-a-vis to the human eefe.
The construction of the ground truth is mandatory for thiscpss
and unfortunately this kind of measure can not be used insiaal
ations where human references are not available. Stil, é very
good measure for empirical evaluation of a new algorithre tike
one proposed in this paper. In table 1 the results offhmeasure
for all the experiments are illustrated.

5. CONCLUSIONSAND FUTURE WORK

We have developed a method for clustering face images wathary
complex context such as movies. Results, as shown beferetaer
promising for this difficult task if one considers the big iagions
that arise, w.r.t. light conditions, pose changes, emstidmanges
etc. in such a context. As face clustering has a lot of apiiican
multimedia development, image processing and contentibasge
retrieval applications (CBIR) we will investigate this ptem further
and we will concentrate our effort in the clustering processhe
similarity matrix order to boost results.

The proposed method is a novel approach of the use that one ¢
make of the mutual information in image analysis, and givedgo
results in a hard task like the one we are solving. Explonatib

g

the joint entropy and the mutual information on image dath@vn
to be a very good similarity criterion which can help in marker
image processing application as well.

On the other hand, with our approach we minimize time com-
plexity because of less preprocessing on the face imagethane
of tracker information. This is an advantage for applicagiavho
needs fast clustering process, like interactive TV appboas.
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