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Abstract: For human collaborative machines and
human interactive systems, function to visually iden-
infy person is quite crucial. Conventionally, the visual
identification of person is performed via face recogni-
#ion. And usually identifying programs require ideal
conditions on background, brightness, and so.on. In
the practical situation, these conditions are not so
easy and high cost computation is necessary to meet
the conditions properly. Hence it is crucially needed
to develop some other method which supplements
fate recognition.

In the present paper, a novel method to visually
identify person from binary silhouette image of full-
length body is proposed. The experimental result
supports the feasibility of the proposed idea.

1 Introductioh

Towards the coming aged society, human collabora-
tive machines and/or human interactive systems are
expected as a promising area for the intelligent me-
chanical system of the future. Smart environments,
human interactive robots, service robots, artificial
pets, and so forth are typical ‘examples. For such
systems that treat humans as target, function to vi-
sually identify person is quite crucial. If these intelli-
gent mechanical systems could recognize person and
behave properly towards him or her, these systems
would become more intelligent and useful as human
supporting systems. In other words, capability of
person identification is a key to add value to these
systems. Needless to say, the person identification is
also important for security.

Conventionally the visual identification of person
is performed via face recognition([1][2]. In this case,
gray or color image is used as the input. And usu-
ally identifying programs require frontal face images
that are properly extracted from scene and does not
include background. These face images should have
similar size and brightness. In the practical situation,
such as the smart environment or the human interac-
tive robot, these conditions are not so easy and high
cost computation is necessary to meet the conditions
properly.

So far, the authors have studied several methods
for face detection and identification. From our ex-

perience, we have faced the above problem of the
no easy conditions and the high cost computation.
And we conclude that some other method of person
identification with low computational cost is crucially
needed. The method should be pre-processing of the
face recognition and augment total performance of
the identification system.

Thus, in this paper, the authors propose a novel
method to visually identify person from binary
silhouette image of full-length body. The pro-
posed method utilizes our online linear discriminant
analysis(OLDA)[3][4]. OLDA is developed by the au-
thors as a variant of LDA with adaptability and has
been used for the face identification. We intend to
combine the proposed method and the face identifi-
cation to improve total performance of the identifi-
cation system. To confirm the feasibility and the ef-
fectiveness of the proposed method, the authors con-
duct experiments using 600 silhouette images of three
persons. As the result, we find that OLDA can be
applied to even the binary silhouette image and per-
forms identification well at over 93% correct identifi-
cation ratio after learning of 600 images. The experi-
mental result supports the feasibility of the proposed
idea.

In the following, section 2 describes our proposed
OLDA. In section 3, we discuss application of OLDA
to the binary silhouette image of full-length body.
Person identification experiments are also explained.
Section 4 is the conclusion.

92 Online linear discriminant

analysis

In the present study, an online version of linear
discriminant analysis is used to identify persons [3](4].

At every time step t = 1,2,3,---, a new
pair (®(t),c(t)) is presented, where x(t) is an N-
dimensional data vector, c(t) € {1,---,M} is the
class of (t), and M is the number of classes. Based
on this pair, auxiliary variables are updated as fol-



lows:
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c(t)), 0(c # c(t)). Then N x L discriminant matrix
A is updated:
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where the learning coefficient 7 and the regulariza-
tion coefficient € are small positive numbers, and I is
the identity matrix. The term +el is useful for sta-
bilization of the algorithm [3]. As for tips on efficient
calculation, see [4].

In ihe identification phase, data vector = of un-
known class is presented. It is transformed to “fea-
ture vector” y = A(t)T and compared with y° (t) =
A)Tac(t) (c=1,--+, M).
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3 Person identification from
silhouette image

We have applied the OLDA method to person iden-
tification task from silhouette images. The setting of
the experiments is summarized in Table 1.

3.1

Front-view silhouette images of full-length bodies
have been taken for three persons A, B, and C. For
each person, 100 images are prepared '. Some sample
images are shown in Fig. 1. These images are reduced
to 10 x 18 pixels (Fig. 2).

1Exactly speaking, 50 of them are front-view and 50 are

back-view. They are approximately equivalent since only sil-
houette is concerned in the present study.
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Figure 1: Some sample images for the experiments.

© (left: person A, middle: person B, right: person C)

Figure 2: Reduced images for the experiments.
(left: person A, middle: person B, right: person C)

3.2 Procedures of experiments

Let ¢ be the step of learning. One image is pre-
sented at every step.

During t = 1,---,200, only the images of per-
son A are presented (Table 2). In this stage, only

— 24 —



Table 1: Setting of the experiments

task person identification from silhouette 1mages

]

data vector z (1)

siThouette image of full-length body
(front. view, 256 level gray scale, normalized to [-1,+1])

size of «(l)
number of classes to be identified
number of features

L =M — 1 (= number of columns in A)

N = 10 x 18 = 180 (pixels)
M=1-—2— 3 (persons)

initial values of elements in A
learning coefficient
regularization coefficient

Tandom values from the nniform distribution on [—0.001, $0.001]

7 = 0.05
e = 0.001

procedure of learning
procedure of evaluation

number of sample images

SThonette images for learning 1s presented in a random order.
The ratio of the correct identification is evaluated
on the same silhouetie images as for learning.
100(images per person) X 3(persons) = 300

number of trials

700 independent trials with different random seeds

Table 2: Procedures of experiments. During t =
1,---,200, only the person A is presented. During

=201,---,400, only the person B is presented and
the performance is evaluated on the identification of
A and B. Duringt = 401,---,600, only the person C
is presented and the performance is evaluated on the
identification of A, B and C.

1

[[ Tearning | evaluation |

1,---,200
201, ---,400 B A, B
401, ---,600 C AB C

the mean vectors & and gpersonk gre ypdated. At
t = 201, new class “person B” is added. Accordingly,
180 x 1 discriminant matrix A and the class mean vec-
tor zPeT8°TB 5re generated. During t = 201,---, 400,
only the images of person B are presented. At
t = 401, new class “person C” is added in the same
way. Accordingly, a new column is appended to the
discriminant matrix A so that A is enlarged to 180 2.
The class mean vector zPersonC ¢ also generated.
During ¢ = 401,---,600, only the images of person
C are presented 2.

At every 10 steps, performance of identification is
evaluated. In the evaluation, all images of person A
(t =1,---,100), AB (t = 201, -, 400), or A-B-C
(t = 401,---,600) are examined and the percent-
age of correct identification is recorded. Learning is
stopped during this evaluation phase. Same images
are used for both learning and evaluation.

2Gince only 100 images are prepared for each person, the
same image set is presented two times.

3.3 Experimental results

The result of the simulation is shown in Fig. 3.
This result supports the feasibility of the proposed
method.
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Figure 3: Mean learning curve for 100 independent
trials (Horizontal azis: steps of learning.  Verti-
cal azis: percentage of correct discrimination). At
t = 200 and t = 400, new person is added and the
performance goes down temporally. And soon, the
performance s successfully recovered.

Fig. 3 is the mean learning curve for 100 indepen-
dent trials. That is, the same experiment is per-
formed with 100 different random seeds. These ran-
dom seeds are used to generate the initial value of
A. Since OLDA is an iterative algorithm, the perfor-
mance depends on the initial value.
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4 Conclusion

Person identification from silhouette images of full-
length bodies is studied in the present paper. Online
linear discriminant analysis (OLDA[3]) is applied to
this task. And it is experimentally shown that OLDA
works feasibly for this task.

A problem on OLDA is setting of the learning coel-
ficient 9. If 1) is too large, the discriminant matrix A
can diverge. In the present experiments, such diver-
gence is observed for 10% of 100 trials. An algorithm
to prevent it is proposed in [5].

Another point which we must study further is gen-
eralization ability and robusiness of our method for
changes of direction, clothes, and posture. The au-
thors are planning to build more powerful identifiers
by use of adaptive background estimation (6] and at-
tention mechanism [7](8].
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