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ABSTRACT

In this paper we propose a new, unsupervised approach
to multi-view face recognition, which can be formulated
mathematically as a problem of partitioning of pairwise
proximity data, obtained from multi-view face image se-
quences. The proposed approach is implemented in two
steps: in the first step, the so-called VQ-faces are calcu-
lated incrementally as prototype vectors of local areas in
image-space, coding for different face-views (i.e. a "view
code-book" is generated). In the second step the different
Jace sequences are clustered into identity categories by a
combinatorial optimization-based partitioning of the prox-
imity matrix of pairwise relations between the sequences,
generated with respect to the VQ-faces. The general ap-
proach proposed here has been tested experimentally on a
data set of multi-view face sequences gathered over a pe-
riod of several months in real-world conditions and en-
couraging results were obtained.

1. INTRODUCTION

Although in recent years face recognition is attracting a
lot of attention, the research effort in this area has largely
been concentrated on supervised methods. Unsupervised
face recognition (see [1,2] for some earlier work) can be
considered important not only from theoretical point of
view, but also because of the numerous potential applica-
tions which it can find like for online identification in video
surveillance systems and man-machine interfaces, for con-
tent-based image retrieval in multimedia applications,
among many others, when supervised strategies might be
either impossible (category information is simply not avail-
able and category patterns have to be discovered. or “self-
organized” from the input data stream) or impractical (when
the manual segmentation/labeling of huge datasets into
category groups can be overwhelming and costly).

Another difficult problem in face recognition, is the
problem of multi-view face recognition — recognizing faces
across different views. Achieving multi-view recognition in
practical applications is difficult, because different people’s
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faces observed in the same conditions (illumination. view
angle, size and so on) look more similar to each other than
the same person’s face observed in different conditions — in
frontal and side view, under extreme illumination condi-
tions, occluded, and so on. Different approaches have been
proposed to solve this problem. While initially most of the
research work was concentrated predominantly on static
face images like for example, the modular eigenspaces of
[3], elastic graph matching [4], or leaming the correspon-
dence transformations between views [5], just to mention a
few representative approaches, more recently, the fact that
the information contained in dynamic video sequences with
continuously changing face views can be used advanta-
geously, has started to attract more research effort [6-8].

Here we further expand the dynamic approach by con-
sidering an unsupervised alternative to the predominantly
supervised algorithms for multi-view face recognition from
video sequences. In a previous paper [9], we have proposed
VQ-faces (explained below) as an unsupervised approach to
multi-view face recognition. However, in [9] the partition-
ing into face clusters was based on exhaustive combinato-
rial search. rendering it inefficient if a large number of se-
quences has to be considered. Here, in section 2.2, we pro-
pose a new and much more efficient framework for solving
this problem, which is now formulated mathematically as a
problem of clustering of proximity data, obtained from the
VQ-faces. We also introduce one novel pairwise-clustering
method (section 2.3), able to find the global solution of the
combinatorial optimization problem above.

2. MULTI-VIEW RECOGNITION WITH VQ-FACES

The final aim of the algorithms introduced in this paper
is to group a set of unlabelled face image sequences into
their corresponding identity categories in unsupervised
manner, without using any category information provided in
advance. Here, first we will briefly describe the main points
which determine our clustering strategy. Rather than mak-
ing any assumptions on a global level about the form of the
multi-view face clusters (which is unlikely to be of some
well-defined distribution), we make the following assump-
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tion about the local distribution of face samples in image
space. If face-image space is divided into local areas repre-
sented by an area prototype (calculated as the centroid of
the samples in the area) and all face-samples within a radius
R from that prototype: then if a suitable value for R is cho-
sen, the predominant part of the local areas will contain
face-samples coming from different sequences, but corre-
sponding to a similar face-view of the same category (same
person), plus an insignificant amount of “noise samples”,
consisting of faces coming from different views of the same
category, or similar (to the prototype) views of different
category. Based on the above assumption, the VQ-faces
approach can be implemented by the following two steps:

noise samples

Figurel. Tesselation of face-space results in the generation of a
“view-codebook”. The VQ-faces are with blue frames and noise
samples in red frames.

(1) divide image space into local areas of radius R (see
Fig. 1);

(2) use as a temporal constraint the fact that each se-
quence belongs to a single category only (that is, different
people’s faces are being tracked separately and don’t appear
in the same sequence), in order to group the sequences by a
combinatorial optimization process operating on the prox-
imity matrix of pairwise relations between the sequences,
generated with respect to the prototype areas.

2.1. Tesselation of input image space

As different unlabelled face image sequences become
available from the face tracking module (only time-stamps
being attached to each sequence at this stage. with no cate-
gory-specific information provided), the following algo-
rithm is used to divide input image space into polyhedral
regions, each region represented by prototype face vectors.
which we call VQ-faces.

In our algorithm summarized below. x and y are face vec-
tors (face images represented in a vector form). NV is the
number of currently allocated prototype vectors (VQ-faces).

¢ and u'" stand for the VQ-face vector and the number
of face samples in area i respectively, and dist(x, y) calcu-
lates the distance between vector-faces x and y. Procedure
remove (¥, .m) removes face y, from areamand puts it
. . ky - ..

into an area k, distance to whose prototype ¢ is minimal

compared to all prototypes, distance to which is less than R.
If such area doesn’t exist, a new area N = N+1 is formed

with prototype ¢ M = Ymax

VO-faces : face-space tessellation algorithm

INITIALIZE
R;N=1; ¢ = first face in first sequence; u=0.

WHILE 3 unprocessed image sequences
FOR each face-image vector x in current sequence

IF min{dist(",x)} > R (m=1,...,N)
THEN
N=N+1,{™=x, g™V =1
ELSE
m = argmin{dist (", x)}; u" = 4"+ 1
¢ =g e —¢ ;
/J(m)

WHILE 3y, =argmaxidist(¢"™,y)> R}
remove (Y .. »M);
,u(m) - #(m) -1

;(m) -y
(m) .=§("') +
(my

As a result of the algorithm above, input face-image
space is divided into N areas, each area being represented
by its prototype (VQ-face). Several examples of such VQ-
faces, together with some of the sample-faces in their area
used to calculate them are shown in Fig. 1. The tessellation
algorithm will build a “view-book™ (similar to the codebook
in the VQ algorithm) from the input sequences, with differ-
ent prototypes coding for faces of different view angles.

2.2. Generation of pairwise proximities

Now, the temporal-constraint can be used to group the
unlabelled L face sequences into categories. From the tes-
sellation obtained with the algorithm in the previous section,
all areas (together with their prototypes) which contain
samples from a single image sequence only are eliminated,
thus the number of areas is reduced from N to M (where
M<N). The following matrix A=!q,, ;. is calculated from

the remaining M areas:
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ay, = Y exp(-ale ™ - ) M)
inC
0(:—?; (2)

where C is a constant (e.g. it can be chosen C=0.01, mean-
ing that that much the weights will decay at the boundary

for radius R), and x;" are all vector-faces of sequence / in

area m.

1 -d3qunu 3duanbas ey

1200

area number m

Figure 2. Matrix A generated from the data for experiment 1 in
section 3.

From matrix A, the proximity (dissimilarity) matrix P can
be calculated as

py =AY -ATENAO AV (j:1.0) (3)
where £=L"'A"HA , and H=1-L"117, and using P,
the available data can be partitioned into clusters by pair-
wise clustering. Usually first P is modified into an affinity

(or similarity) matrix S, ={s,} defined as

2 2
P . Pij
_ J (- L) if exp(-—L)> ¢
5 =177 0 2 -
0 othervise

where o is a free parameter reflecting some reasonable
local scale. and values less than a certain small constant r
are set to zero. If the face sequences are thought of as nodes
in a graph, interacting with each other, the i-th row in S will
describe the strength of interaction (or affiniry) between the

i-th node (sequence) and all other nodes (sequences), which
will always be positive or zero.

()

©

Figure 3. In matrices W, each entry represents the weighted similar-
ity (5) between the i-th and j-th face sequences. For visualization
purposes only, here the face sequences/nodes have been ordered
into their corresponding correct groups, that is nodes belonging to
the same cluster have been put next to each other. Of course. such
ordering information is not available a priori (neither used by the
grouping algorithm), but has to be found by the clustering itself. (a)
data for experiment I (98 sequences, both frontal and multi-view
faces); (b) data for experiment II (552 sequences, both frontal and
multi-view faces); (¢) data for experiment Il (275 sequences, fion-
tal faces). Details about the experiments are given in section 3.

However, rather than zeroing all interactions between
nodes further away from each other than a certain distance,
we propose instead of (4) above to use the following trans-
formation on P to form matrix W, which permits both posi-
tive and negative interactions between nodes:
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P, (py —20)°
exp(— —=) — exp(— ————)
207 207

-1 if pj220

if py<20

(%)
Several examples of matrix-W (obtained for data used in the
experiments described in section 3) can be seen in Fig. 3.
In this way we define two types of interactions between
nodes (the face sequences): nodes for which w;; is positive

are said to attract each other with strength proportional
to w;; , and nodes for which w; is negative are said to repel

each other with strength proportional to | w;; |-

Using repulsion (rather than discarding the negative val-
ues in W as unnecessary information) together with attrac-
tion to guide the grouping process permits much fuller ex-
ploitation of the structural information hidden in the rela-
tion values of the proximity matrices, which is especially
important in the case when real-world data with lots of
noise have to be processed. As can be seen from the data in
Fig. 3, the diagonal blocks, that is the clusters to be found,
contain a lot of noise (caused, especially in our case, by
factors like the non-uniform ranges of face-view change
among sequences, problems due to illumination changes,
imperfect preprocessing and so on), they are not clearly and
unambiguously separated from each other and the off-
diagonal blocks, but the nuances and gradation of the
“noise” can be utilized both to distinguish between struc-
tures which otherwise might be considered homogeneous
(leading to undersegmentation) or to find similarities be-
tween structures which otherwise might be taken apart
(leading to oversegmentation).

2.3. Clustering with Attraction and Repulsion

We define a symmetric Boolean matrix X = {x;;} of size
NxN , called an indicator matrix, for which x; =1 if

nodes (i, j) belong to the same partition (cluster), and
x; =0 otherwise (note that x; should always be 1). The /-

th row of X is the indicator vector x| (i=1.....N). whose

non-zero entries’ indexes show which other nodes are
grouped in the same cluster as node i. According to our
definition, a permutation of X in which all nodes belonging
to the same cluster are ordered next to each other would
consist of diagonal blocks of all *1’s, and off-diagonal
blocks of all “0’s. The aim of the algorithm then will be to
determine X by optimizing a certain global criterion which
is a suitable function of the matrices X (the sought parti-
tion) and W (the input data on which the attrac-
tion/repulsion transformation (5) has been applied). We
consider the minimization of the following criterion (cost)
function:

NS NoA
C(X) =min :—'ZZ.\'U\UU + ZZ(] - ,\'{/)\|‘[,[ :
i=l j=1 i=l j=1
NN
=min {33 (1= 2x; )wy

i=1 j=I
The criterion function in (6) maximizes the within-cluster
attraction and the between-cluster repulsion at the same
time. In order to solve the combinatorial optimization prob-
lem (6) we use a stochastic optimization strategy in which
state space is stochastically sampled by a Markov process.
and new solutions are accepted or rejected according to the
Metropolis algorithm with the following transition prob-
abilities

P(X old N Xneu") — {

(6)

1 if AC(X)<0
exp(—~AC(X)/T) otherwise

where AC(X)= C(X"®*)—C(X°“). State changes corre-

sponding to decreases in the cost function are always ac-
cepted, while in addition, to avoid local minima, state
changes corresponding to an increased cost are accepted
with an exponentially weighted probability, determined by
the temperature parameter T. The temperature is gradually
reduced during the stochastic search process according to a
predetermined cooling schedule [10].

Another important detail is to determine the way in
which the configuration X°“ has to be perturbed in order

to obtain the new configuration X", or the definition of a
“move” between two configurations. Here we would like a
move between two configurations to implement the idea of
merges/splits of nodes to/from clusters. For this purpose,
we initially set X to be equal to the unit matrix I, that is the
N available nodes form N singleton clusters, and each move

randomly selects some X; (i # j) whose binary value is

7

flipped as
A 1 lf xq_l(l =0
z,l_eu = U (8)
0 {f x[(}/{[ =1

which can be interpreted in the following way:
(1) If x;, issetto "1". this means that the j-th node will be

added (merged) to the cluster who has node i among its
members, after being removed (split) from its current clus-
ter. In addition to that, the following update of X is neces-
sary:

=1 for Yk for which =1 9)
i =0 for Vk for which .\‘ﬂ‘l =1 (and k = j). (10)
The updates (9) and (10) performed on X complete the split

of the j-th node from its previous cluster and its merge to
the new cluster.

ACCV2004



(2) If x; issetto ‘0", this means that the j-th node will be

removed (split) from its current cluster (which has also
node / among its members). Also the following update of X

=0 for Yk for which x99 =1 (and k = 7). (1)
kj ik

is necessary in order to complete the split of the j-th node
from its previous cluster to form a singleton (which can be
merged again to another cluster at some future move).

Our clustering algorithm does not need to know the
number of identity categories/clusters K in advance (al-
though it can be easily modified to find exactly K clusters,
if such information is available, by using an N x K matrix
X, and slightly modifying expressions (8)-(11) above), and
the grouping process is guided by both attraction and repul-
sion.

3. EXPERIMENTS

In order to evaluate and compare the performance of the
proposed method, several experiments were conducted us-
ing a data set of about 600 face image sequences obtained
over a period of several months from 33 different subjects.
[llumination conditions were very demanding and varied
significantly with the time of the day during which the sam-
ples were taken. The video sequences’ length varied be-
tween 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 sequences were available for
the remaining 16 subjects (“rare visitors”).

3.1. Data sets

We prepared two different data sets to be used in the fol-
lowing experiments:

(a) Data set A: in this data set, the subjects were just
walking forward toward the camera. As a result, this data set
contained predominantly frontal faces, with only a few side-
view faces included at the end of the sequences, when the
subjects passed beside the camera.

(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.

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 size-normalized
face-only images. Because of the large volume of data, we
were unable to manually inspect all the face sequences out-
put from the face tracking module, but from the few in-
spected ones it was obvious that the dataset on which the
system had to perform contained many instances of noisy
data, in the form of erroneous face croppings and misalign-

En

ments, large variations in illumination with face shadows,
and so on, as would be expected in a real-world situation.

3.2. Evaluation of the clustering

We propose the following formula to calculate the self-
organization (recognition) rate o of the final clusters:
_ Ep+Ep )x

p=(1.0 100% (12)

where N is the total number of sequences to be grouped,
E 45 is the number of sequences which are mistakenly

grouped into cluster for certain category 4, although in real-
ity they come from category B, and £, is the number of

samples gathered in clusters in which no single category
occupies more than 50% of the nodes inside them. While
the meaning of E,; above is obvious, analysis of many
different partitions obtained for different data sets revealed
the following interpretation for E,. A small £, (in com-

parison to E ;) usually signals the relatively harmless

presence of some small clusters of outliers, which have
happened to be very near to each other, while a large value
of E, most probably is a sign of bad partitioning (un-

dersegmentation), and most likely occurs when the cluster-
ing algorithm has been unable to discriminate between the
members belonging to several different identity categories,
effectively mixing them together in some huge cluster(s).

It should be noted, however, that although the recogni-
tion rate proposed above can evaluate the error of misclassi-
fication contained in the final partitioning precisely, it pro-
vides only partial information about the structural quality of
the obtained partitioning. That is, it can detect (from the
value of E, above) when a certain clustering leads to an

undersegmentation of the data, but it can be fooled by a
clustering leading to oversegmentation, which might pro-
duce very high p , although the resulting partitioning might

be practically useless (as the data is split into too many
clusters). When the true partitioning is known (as in the
case of the experiments reported below), a more objective
Judgement about the partitioning quality can be obtained by
the combined information provided by (a) the number of
the frue partitions P (that is the number of identity catego-
ries); (b) the number of the obtained partitions K; (c) the
number of detected singleton-outliers S; and (d) the recog-
nition rate p , above. All these have been provided in the

experimental results summarized in Table | below.

3.3. Experiments

The following 3 experiments were conducted.

Experiment I This experiment used a data set containing
face sequences randomly selected from both data sets A and
B. that is both frontal and multi-view sequences were in-
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cluded. The samples included a total of 98 sequences, 7
sequences being available for each of 14 different subjects.
The purpose here is to test on a data set which is (a) easy to
be visualized, as the samples are distributed evenly among
the categories; (b) relatively clean, as the small size of the
data sets permitted the results of the face extractor to be
inspected and “cleaned” from obviously wrong face crop-
pings; (c) relatively small, which might render this experi-
ment relatively easier (although definitely not trivial), but
useful, in conjunction with the other two experiments be-
Jow, to show how the performance of the algorithm changes
with change in the size of the input data set. Additionally,
there are many practical cases when algorithms have to per-
form on small data sets, possibly because of insufficient
data.

Experiment II This experiment used all available data,
that is all data in sets A and B put together. Both frontal and
side-view faces were represented in this relatively large data
set, which included 552 face sequences from 33 subjects.

Experiment III Only data from data set A (frontal or
near-frontal faces only) were used in this experiment. The
purpose was to isolate the “multi-view” factor, and report
results obtained for unsupervised frontal face recognition.
The data set included 275 face sequences from 17 subjects
(excluding the “rare visitors” as for those we didn’t have
frontal-face-only data).

Each of the three experiments above were conducted us-
ing the algorithm described in section 3.3, and the recogni-
tion results are summarized in Table 1.

experi- P K(S) E Ey, | p (%)
ment

1(98) 14 | 1727) 0 95.9

11(552) | 33 | 58(64) 8 52 89.1

me7sy | 17 | 3047) 6 0 97.8

Table 1. Experimental results

As can be seen from the experimental results in Table 1,
for all experiments an acceptable structural quality of the
obtained partitions was achieved, the latter being judged by
comparing the number of obtained clusters to the number of
the original identity clusters (if those are not very different,
it is unlikely to have an oversegmentation) and small values
for E, (which means there was no undersegmentation ei-

ther). A certain difference between the number of obtained
clusters and the number of the original identity clusters is
acceptable and inevitable, having in mind that the illumina-
tion conditions were very demanding and the data was
taken over a long period of time, while the simple distance
measure between faces in the tessellation algorithm was not
specifically chosen to be invariant under such conditions.

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 proposed method pro-
vides the following important advantages: (a) it allows all
stages of the resulting system to be completely automated,
avoiding the need for manual segmentation and labeling of
the input stream; (b) it can be easily implemented as a pair-
wise clustering algorithm which is simple and robust to
noise in the data; (c) both frontal and side view faces can be
recognized by the method.

We reported results from several face recognition test ex-
periments using both frontal and side-view face sequences
obtained under demanding real-world conditions. The re-
sults seem encouraging, having in mind the difficulty of the
task. the bottleneck of the preprocessor output and the sub-
optimal distance measures used. It is expected that the pro-
posed method can find application in video surveillance
systems, human-computer interfaces, for content-based in-
formation retrieval from video databases of multi-view ob-
jects (like faces), and generally in situations where manual
segmentation and labeling of the input video stream into
categories are considered impractical or impossible.
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