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Abstract

We propose a new method for unsupervised face recog-
nition from time-varying sequences of face images obtained
in real-world environments. Two types of forces, attraction
and repulsion, operate across the spatio-temporal facial
manifolds, to autonomously organize the data without rely-
ing on any category-specific information provided in ad-
vance. Experiments with real-world data gathered over a
period of several months and including both frontal and
side-view faces were used to evaluate the method and en-
couraging results were obtained. The proposed method can
be used in video surveillance systems or for content-based
information retrieval.

1. Introduction

In recent years automated face recognition has attracted
a lot of attention, and this seems to be motivated not only
by scientific curiosity, but also by the numerous potential
applications stemming from the fact that faces represent
natural interfaces for humans, and face recognition is cen-
tral to human communication. However, in spite of the ex-
tensive research conducted in this area during the last sev-
eral decades (see [1]-[4] for surveys), face recognition still
remains a domain in which humans significantly outperform
computers, especially in real-time, unconstrained and un-
predictable environments. Here we argue that some of the
reasons for this situation, together with hints for the answers,
might be found by investigating some of the discrepancies
between the way humans learn faces and the way most
computer-based face recognition procedures operate:

(a) Humans learn by interacting directly with the sensory
input from their environment. Category labels, like human
names in the case of face recognition, are not essential for
discrimination in the learning process and are used just for
convenience after the faces have already been learnt, based
on the internal characteristics of the sensory input itself
(unsupervised learning), rather than on any category-
specific information accompanying it in a supervised man-

ner. This is in contrast to the way most computer-based face
recognition procedures operate. Computers are usually pro-
vided with input, which has been segmented and classified
in advance by human teachers (supervised learning);

(b) Biological learning is incremental in nature, i.e. new
categories can be learnt and added to those already in exis-
tence, without the need to “relearn” everything anew, or to
represent the new categories with a restricted pre-defined
set of features, either designed by humans or automatically
selected to represent the available data in some optimal
way;

(c) Automatic face recognition is difficult because dif-
ferent people’s faces observed in the same conditions (illu-
mination, view angle, size, etc.) look more similar to each
other than the same person’s face observed in different con-
ditions (e.g. in frontal and side view; under extreme illumi-
nation conditions; occluded; etc.). One approach to solve
this problem is to find features invariant under different
conditions, but this has proven to be difficult. It might be
possible that humans use a different approach — to learn
from time-sequential input, in the form of temporally-
constrained continuous sensory streams, containing the
whole spectrum of variations in illumination, viewing an-
gles and object sizes, which everyday life provides. Again,
in contrast to this, computers typically are trained with few
isolated samples from a large set of different face categories,
taken in restricted environmental conditions.

Although some researchers have already pointed out the
need for incremental and unsupervised self-organization of
the internal state of the learning system ({5]-[7]; see also [8]
for a relevant discussion on the differences between human
and machine learning and the need for “more cognitive
learning™), or use of time-sequential data [9], a method for
face recognition which takes into consideration all of the
concerns mentioned above and performs reasonably well on
real-world data has not been demonstrated yet, to our
knowledge.

In this paper we propose a new method for unsupervised
face recognition from video sequences of time-varying fa-
cial images, inspired by observations (a)-(c) above. The
method utilizes the higher level of sensory variation con-
tained in the input image sequences to autonomously organ-
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ize the data into category groups, without relying on cate-
gory-specific information provided in advance. This is
achieved by using the Clustering with Attraction and Re-
pulsion (CAR) algorithm introduced below, where two
types of opposing forces, attraction and repulsion, act
across the spatio-temporal facial manifolds, and the parti-
tion of sample space that can be characterized by maximal
structural stability is ‘chosen as the final grouping. Several
experiments, using data obtained in real-world conditions,
were conducted in order to evaluate the performance of the
proposed method, and encouraging results were observed.
Expected areas of application of this method include visitor
identification in surveillance systems, content-based face
retrieval/annotation in multimedia applications, etc.

Figure 1. An example of original face image sequence
(temporally subsampled) together with the correspond-
ing normalized face-only sequence extracted from it.

2. Clustering with Attraction and Repulsion

The purpose of the learning algorithm introduced here is
to group a set of unlabelled face image sequences, which
could be pre-stored as a database (batch mode), or obtained
in a sequential manner in the order they become available
from the input device (incremental mode). As already men-
tioned, this has to be done without using any category in-
formation provided in advance, i.e. some clustering tech-
nique ([10]-[12]) has to be utilized. Our task is further
complicated by the following requirements: (a) generally,
the number of the categories is not known in advance and
new face categories have to be accounted for in a non-
destructive manner; (b) the different categories are not rep-
resented uniformly, some might be under-represented and
some over-represented; (c) in sample space, the face se-
quences for the different face categories form complex non-
linear manifolds, for which intra-class distances generally
can take higher values than inter-class distances.

The above-mentioned characteristics of the problem pre-
clude the possibility of using some of the popular clustering
approaches, and this has motivated us to propose the current
method. The following subsections describe the different
stages of the system in more detail. Preprocessing will be
briefly explained in section 2.1. Some definitions, which
will be needed for the description of the learning algorithm
will be given in section 2.2. Section 2.3 will introduce the
batch version of the CAR algorithm, while section 2.4 deals
with the incremental version and online recognition. Several

experimental results will be reported in section 3, and sec-
tion 4 will conclude the paper.

2.1. Preprocessing

Since the concrete implementation of this part of the sys-
tem is not essential for the operation of the learning algo-
rithm, the detailed description of this stage will be omitted.
All that is required from the preprocessing is to obtain im-
age sequences of the moving objects of interest and to guar-
antee that each separate image sequence corresponds to one
and the same object only. Here we assume that input is pro-
vided from a video camera fixed in a constant position and
continuously monitoring the scene in front of it. Subjects
enter the scene, walk towards the camera and finally exit the
scene. To extract face-only image sequences, a multi-
resolution image pyramids are formed from the binary sil-
houettes of the moving subjects, and the face area is ex-
tracted after analyzing the x and y-histograms of the binary
silhouettes at different resolutions. The extracted and nor-
malized face-only image sequences (see Fig.1) are input to
the next stage of the system for learning them. Alternative
algorithms for face tracking/extraction may be employed,
depending on the concrete task (for example, see [13].[14]).

2.2. Preliminaries

Let S“(,j,t) and S?(,j.0) be two face image se-
quences, where a and b are sequence indexes (a, & : 1...N),
i and j are image coordinates, and ¢ is image frame number.
Let C be a non-empty set of such image sequences C

={ 59, s® .., S} with cardinality 7(C)= N, .
Each image sequence will generally depict a complex curve
in the high-dimensional image space, but assume, for sim-

plicity, that each of the face image sequences S, §®, ...,

S™® ... can be represented by points a, b...., k.... in 2D-
space, as shown in Fig. 2. Assume that the points a, ..., &,

. interact with each other, i.e. each point % is being at-
tracted or repulsed from the other members / of C by posi-
tive forces of attraction A(k, /), or negative forces of repul-
sion R(k, /) whose magnitude is a function of the distance
between them, as shown in Fig. 3. The forces D(k, /) acting
in the area of doubt, which lies between the area of attrac-
tion and the area of repulsion, can be either positive of
negative, but small in magnitude, as this is an area of doubt,
and we wouldn’t like its influence to be too significant.

In Fig. 3, the examples of force F(d) as a function of the
distance d between two image sequences were obtained by

F(d)=C, (exp(}/ —d)™ - eXp(d—;/)O‘l) )

Fy(d)=-C,(d~y)’ 2
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2 A2
ﬂ(d>=c3[exp(—i)—exp(—M)j 3)
g (o2

Ad)=C,(a—-d) 0<d<a

)= Di(d)=+§ a<d<y W
D (d)=-6 y<d<p
Rd)=Cf-d)  d=p

y=(a+p)/2;
where @ and S are parameters which determine the width
and location of the area of doubt, C, are positive scale con-

stants (irrelevant to the clustering results, but introduced
here just to be able to plot F,- F,in the same graph in Fig.

3, where C, =1, C, =0.001, C; =150, C, =3), and ¢ in
(4) is a small positive constant.

Figure 2. Forces of attraction and repulsion between
image sequences. Points ¢ and b, in the area of attrac-
tion A for point k, act with positive force on k; points ¢, f,
g in the area of repulsion R act with negative force on k;
and points d, e in the area of doubt D act with small
positive or negative forces.

The resultant force F (k| C) acting on each £ € C can

be given in normalized form by

F(k|C)=
n(C)"[m D AGkD+n, Y RD+7, ZD(kJ)J
leCi+k leC l#k 1eClzk
DA+ Y |RGKD|+ D |DkD)
1eC.1+k 1eC.l1#k 1eC.l#k

(%)

where 1,, 717, and 5, are the number of points (image
sequences) in C from which % receives attraction, repulsion,
or lie in the area of doubt for k. F(k | C) varies in the in-

terval [-1,...,1] and provides a measure for the extent to
which £ belongs to C. At the same time, a measure for the
overall stability of C can be provided by

1 ~
Z(CO)=——) Fk|O), 6
()U(C)Zu) (6)

keC

which also takes values in [-1,...,1] and the more positive
its value is, the more stable the structure of C is considered
to be. For the purposes of the clustering algorithm intro-
duced below, a given set of points C is recognized as a
valid cluster only if

F(k|C)=0forall keC )

i.e. when each of the nodes k receives as a whole more at-
traction than repulsion from the rest of the members of C
(note that Z(C) > 0 is not a sufficient condition for C to be

a valid cluster).

150 =

100 | 3

Force F(d)

50

Areq of
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Figure 3. Several examples of forces between image se-
quences as a function of distance.

A set of points C which doesn’t satisfy (7) can be modi-
fied into a valid cluster by removing from it those points /°
for which F(I'|C)<0, to get a new set C' =C-{/"} .
The order in which points are being removed from C is
important. The point removal starts with the point

I" = argmin{F(/| ©)} (8)

and after it is removed, the resultant forces £ "(k|C")for

all k e C" are recalculated using (9)-(13) below, after which
again the point with the most negative resultant force (if
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such one exists) is removed and the forces acting on the
remaining points are recalculated. This procedure is re-
peated until either no more points with negative resultant
forces exist, or C" is a singleton.

The updated resultant force for any k € C" can be com-
pactly represented in a vector form using the following no-
tation:

1 B (C) ~
— |n-—— (B(C)-B(C)
O i
F(k|C)= 1= ; 9
e'(B(C)-B'(C))
where
> Ak,D) 2 AkD)
leCl=k leC Ik
BO)=| YRkD|. BO=| YJR&D| (10
1eClzk 1eC.l=k
> D(k,I) > |Dek, )|
leCl#k leC =k
A(kT) AT
B'(C)=||R(k.I)| |, BO)=| R(kT") (11)
DGkt DCk.I")
n=(n, ny m,)'s e=(111)". (12)

In order to calculate the forces in (1)-(12), it is necessary
to adopt a suitable measure for the distance between two
image sequences. Different ways to do this are conceivable,
but for simplicity and out of computational considerations,
we define the distance between two face sequences

SO, j,0) and SP (i, j.t) as

dia. by = mindist(S (i, j.%). S (0. j. )
x.y

. o . (13)
=min Y 7, (/5. j.x0 - SV G .y
R

In (13), T;{}is a threshold function with suitable threshold

parameter & . More elaborate face distance measures than
the one defined above might be used, if processing time is
not a problem. Having defined the distance between any
two image sequences, the nature of the force acting between
them, together with its magnitude, can be calculated as a
function of the distance, e.g. using one of the functions plot-
ted in Fig. 3. The only parameters that have to be set are &
and £, which determine the width and location of the

doubt area.

2.3. Clustering by Attraction and Repulsion

Initially given are N unlabeled face sequences from L
categories, and the objective is to group them into clusters
without using any category-specific information provided in
advance (L, the number of different people is also un-
known).

Step 1. MERGING

For the purpose of clustering, each of the face sequences
S s® L8 s represented by a point a, b, ..., k,
..., each point initially forming a separate set, so that we
have the singletons C, ={a}, C, ={b}. ..., C, ={k},.....
Forall k (k: 1...N), merge set C, with set C, for which

ty = Z(C, UC)xQAC, UC,)
= max{Z(C, U C,)xQ(C, UC,)} (14)

(Q(C)=€"B(C))

where C; must satisfy the following conditions:

F(x|C, UC,)20 forall xeC, UC, (15)
J4(x,y)>0, xeC,, yeC; (16)
n(Cy) < n(Cy) (17

so that C, is not changed if no C, satisfying (15)-(17)
exists. In (14), using solely Z(-) to calculate the merge fac-
tor u,, would favor the formation of stable (even if small)

cluster structures, which might lead to over-fragmentation.
We observed better results when both Z(-) and Q(:) were
combined, favoring the formation of larger (even if not so
stable) cluster structures. Condition (16) is necessary to
guarantee that there exists force of attraction between the
two sets candidates for a merge (this is not necessarily satis-
fied if (15) is satisfied).

Step 2. SPLITTING

If M sets are obtained after the merging step, for each set
Cj(j: 1,..., M) check whether it forms a valid cluster satis-
fying (7), i.e. whether each member of that cluster receives
more attraction than repulsion from the other members of
the same cluster. The sequence-member /° with lowest
value of l?(l‘ | C;) <0 (if such !” exists), is removed from
C, to form a new singleton C,,,, which will participate

(i.e. will be recycled) in the following merge step. After the
removal of the most negative member, the resultant forces
for the remaining sequences are updated using (9), again the
most negative member (if existing) is removed to form the
singleton C,,,, and the above procedure is repeated until
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either no more negative members remain in C; or it is a

singleton.

The merging and splitting steps above are repeated until
their execution doesn’t lead to the formation of any new
sets, or stopped after a pre-determined number of cycles
(less than 7 cycles were enough for the algorithm to con-
verge to unchanging set structures for all experiments de-
scribed in the next section). The grouping of the face se-
quences into sets obtained after the algorithm is stopped,
determines the final clustering result. Additionally, the re-
sultant force acting on each member of a certain final set
provides (if necessary) a measure in the range [0,...,1] for
its membership in that set.

2.4. Incremental learning and online recognition
The batch version of the algorithm introduced in the pre-

vious section can be easily modified to operate in sequential
mode. In the incremental version, each new face sequence

available from the preprocessor is treated as a new singleton,

which initiates a succession of new merge/split cycles as
explained in 2.3, as a result of which it is either merged to
some of the already existing sets or remains a singleton.

The same strategy can be used for online recognition or
verification — each of the test sequences is treated as a new
singleton, which initiates a succession of new merge/split
cycles, and the category of the test sample is determined to
be the same as the one of the cluster to which it is finally
merged. The normalized resultant force acting on the test
sample provides also a quantitative measure (in the range
[0,...,1]) showing how reliable the decision is. In case the
test sample is not merged to any of the existing clusters, it is
rejected as a face which has not been learnt yet. Thus, in
principle there is no explicit distinction between learning
and recognition in our system.

3. Experiments

In order to evaluate the performance of the proposed
method, several experiments have been conducted using
over 500 face image sequences obtained during the last
several months from 33 different subjects. A typical exam-
ple of the experimental setting can be seen in Fig.1, and

several time-subsampled face sequences for different people,

together with time stamp labels obtained from the preproc-
essor, can be seen on Fig. 4. Illumination conditions were
very demanding and varied significantly with the time of the
day during which the samples were taken. The video se-
quences’ length varied between 30-300 frames, depending
on the speed at which the subjects walked in front of the
camera, in the range between slow walking with occasional
stops, and running. For each one of 17 of the subjects were
gathered between 10 and 50 sequences, while less than 3

(typically only 1) sequences were available for the remain-
ing 16 subjects (these were called “rare visitors™).

Two different data sets were used in the following ex-
periments:

(a) Data set A: in this data set, the subjects were just
walking forward toward the camera. Predominantly frontal
faces were included in this data set, with a few side-view
faces at the end of the sequences, when the subjects passed
beside the camera. Sequences T1, F1, K1, K3, R1, R3 on
Fig. 4 are representative for the data included in this set;

208/21/00 10:53AM

10/05/00 03:46PM

[12/11/00 04:22PM

8/25/00 10:00AM
10/25/00 06:00PM

10/26/00 06:22PM

10/06/00 03:38PM

- ;01/22/01 00:04PM

Figure 4. An example of several time subsampled face
sequences with category labels (to be obtained by the
algorithm) shown to the left, and the time stamp labels
available from the preprocessor, shown to the right.

(b) Data set B: in this data set, the subjects were told to
look to the left and right, up and down, as they moved to-
wards the camera. Both frontal and side-view faces were
represented in this data set. Sequences T2, T3, F2, F3, K2,
R2 on Fig. 4 are representative for the data included in this
set.

Samples with and without glasses were included for all
subjects (except for the “rare visitors”™), and hairstyles
changed with time. Resolution of the original images was
320x240 pixels, and 18x22 pixels for the normalized face-
only images. Near real-time processing was achieved on a
SGI 02 workstation with R12000 (300MHz) processor.
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The following formula was used for calculating the
recognition (self-organization) rate R:

Egp+E,

R=(1.0- yx100% , (18)

where N is the total number of sequences to be grouped,
E 5 is the number of sequences which are mistakenly

grouped into the cluster for certain category 4, although in
reality they come from category B, and E,, is the number of

samples gathered in clusters in which no single category
occupies more than 50% of the nodes inside them. The fol-
lowing 3 experiments were conducted, with results given in
Table 1. In all experiments data from all 33 subjects were
used.

Experiment 1 Only data from data set A were used
where predominantly frontal faces were included.

Experiment 2 Only data from data set B were used, i.e.
both frontal and side-view face images were included.

Experiment 3 Both data sets A and B (all data available
until now) were used.

Dataset | Sequences E 5 E, R (%)
A 277 5 3 97.1
B 275 12 38 81.8
A+B 536 17 40 89.3

Table 1. Experimental results
4. Conclusion

In this paper we have proposed a novel method for un-
supervised face recognition from video sequences of time-
varying face images obtained over an extended period of
time in real-world conditions. The learning process imple-
mented by the method does not rely on category-specific
information provided by human teachers in advance, but
rather lets the system find out by itself the structure and
underlying relations inherent in the sensory input. The pro-
posed method provides the following important advantages:
(a) it allows all stages of the resulting system to be com-
pletely automated, avoiding the need for manual segmenta-
tion and labeling of the input stream, which might be biased
by our limited understanding of the complex real-world
environment. Moreover, manual segmentation and labeling
of the input stream might be impractical and sometimes
impossible, e.g. in on-line video surveillance systems; (b)
this permits to train the system with a sufficient quantity of
input data, providing the higher level of sensory variation
necessary for such a challenging task as the one attempted
here; (c) both frontal and side view faces can be
learnt/recognized by the method; (d) the proposed method
has a natural incremental implementation, allowing for
“non-destructive” learning, which may be important in
online systems dealing with large databases.

Results from several experiments using both frontal and
side-view face sequences obtained under demanding illumi-
nation conditions were reported here, achieving recognition
rate of 89.3% for the data set obtained until now. Although
the preliminary results are encouraging (having in mind the
difficulty of the task and the bottleneck of the fea-
tures/distance measures used), additional tests with much
larger data sets have to be done in order to obtain further
insights about the limitations and possibilities of the present
method.
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