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Abstract

We propose a system for pointing gesture recogni-
tion and detecting indicated objects by using a vision
sensor. By using random sampling and importance
sampling, our method can track hands and estimate
hand positions in real-time. By using the concepts of
a cognitive origin and a reference plane, our system
can also detect a direction to an indicated object. We
use an omnidirectional vision sensor in order to cover
the wide range of hand operations and movement of in-
dicated objects. The camera is mounted on the head,
which enables the system to be tolerant of the occlusion
problem. The method for detecting an indicated object
uses a linear model with the concepts of a cognitive
origin and a reference plane.

1 Introduction

A human being can generate a new idea from oth-
ers’ suggestions by communicating with them. Every-
one has had the experience of solving a problem which
cannot be addressed alone but only by communicat-
ing with others. It is a fact that communication with
others is an effective way to generate a new idea or
activate creativity. In such a case, what means and
information we use for communication with others is
important. What place we exchange communications
in is also important.

General means of communication are facial expres-
sion, gesture, and speaking. These are performed face
to face. Only text and voice are used for communi-
cation when people are apart from each other. If a
system is developed which can send and receive real-
istic facial expressions and gestures, we will be able
to communicate with each other more effectively. The
important components in such a system are a natural
interface and a real-time process. The pointing ges-
ture is one of the natural interfaces for man-machine
interaction. We think that a system becomes more
effective in communication if the system can find an
indicated object.

A vision system is suitable for such a natural in-
terface since this involves passive sensing and gestures
of the user can be estimated without any discomfort.
Moreover a wearable camera system has some advan-
tages. One of them is that the user wearing the system
can freely move anywhere because the camera moves
with the user if the camera has a sufficient field of
view. In the case of a fixed camera, the user must
ensure that his/her position is in the fixed camera’s
field of view. Another advantage is that it is possi-
ble for the wearable camera to have the same field
of view as the user. Because of these advantages, a
head-mounted omnidirectional camera is suitable for
our system in order to activate communications. We
therefore propose a wearable camera system for point-
ing gesture recognition and estimating orientation of
an indicated object in real-time.

Our proposed system can also avoid occlusion prob-
lems by using a head-mounted camera and by captur-
ing images from the top. A 3D hand position is esti-
mated from the hand regions by giving the lengths of
arms in advance. The hand is detected and tracked
quickly by random sampling and importance sam-
pling. The pointing gesture is also recognized in real
time. We use a camera with an omnidirectional sen-
sor (HyperOmni Vision)[4] in order to cover the wide
range of hand movement and indicated objects. The
method for detecting an indicated object uses a lin-
ear model and the concepts of a cognitive origin and
a reference plane.

1.1 Related work

Many methods for human posture and gesture es-
timation have been proposed. These methods are di-
vided into two classes: one uses a monocular camera
and the other uses multiple cameras.

A method using a monocular camera[19, 20] has the
advantage that the system is simple, but has the disad-
vantage that the occlusion problem occurs frequently.
Absolute depth information cannot be estimated, so



some posture estimation methods require known pa-
rameters such as link length, initial position, and so
on. There is another posture estimation method[1]
which uses constraints and evaluation functions with-
out known parameters, but this method takes much
time for computation.

A method using multiple cameras|2, 3] is tolerant
of the occlusion problem because it has a wide field of
view and absolute depth information is estimated by
feature matching. By feature matching, a 3D position
can also be estimated. However, a system using mul-
tiple cameras is more complex and takes much time
for feature matching.

Many tracking methods using vision sensors have
been proposed. Especially, the color model is im-
portant in the case of tracking skin regions such as
face, hand, and body. The distribution of skin color
has been studied by Yang et al.[5]. They concluded
that human skin colors cluster in a small region in
a color space, that human skin colors differ more in
intensity than in color, and that under a certain light-
ing condition, a skin color distribution can be charac-
terized by a multivariate normal distribution in the
normalized color space. Therefore, many methods
for visual tracking using a target’s color have been
proposed[6, 7, 8, 9, 11, 2]. For more robust track-
ing, a target’s shape is also used with performing edge
detection[6, 10].

MCMC (Monte Carlo Markov Chain)[12] is also
used for visual tracking[13]. MCMC has the advan-
tage that an object moving randomly can be tracked
because MCMC keeps the distribution of a moving
object. By using factor sampling or importance sam-
pling, tracking can be processed quickly. The method
in this paper also uses importance sampling and also
has the above advantage.

The pointing and spatial cognition have been stud-
ied in the field of neuroscience and cognitive science
for a long time [14, 15]. In these years, the pointing
gesture has also been studied in the field of human
interface and robotics because it is an effective inter-
face for man-machine communication [16, 17, 18]. We
think that pointing gesture is one of a natural interface
for man-machine interaction too. A method proposed
by Kahn and Swain [16] uses positions of head and
pointing hand to detect an indicated object. When
a human being points an object with looking at the
object, the pointing hand doesn’t overlap with the ob-
ject in his/her view. It is easy to understand that
the indicated object isn’t on the line from the eyes
or head through the hand. At the present time, the
knowledge of pointing in reaching distance increases,
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Figure 1: HyperOmni Vision

but the knowledge in walking distance doesn’t increase
sufficiently, because the relation between an indicated
object in walking distance and the pointing gesture is
not clear yet.

In our method for indicated object detection, we
use the concepts of the cognitive origin and the refer-
ence plane. The estimation of a cognitive origin decide
the direction for indicated object. The reference plane
limits the cognitive origin’s movable dimension under
our assumption that a cognitive origin moves in the
reference plane. We defined the relation of a position
of cognitive origin in the reference plane and an arm
posture by linear. Our method can detect the direc-
tion for the indicated object by the model.

We explain a pointing gesture model for detect-
ing an indicated object, a camera model, and a color
model in section 2, the algorithms for tracking and
posture estimation in section 3 and the system which
implements the proposed algorithm in section 4. We
conduct experiments to evaluate our proposed method
in section 5, and conclude in section 6.

2 Models
2.1 Camera model

We use an omnidirectional image sensor for obser-
vation of pointing gestures in our system. This sensor
covers the wide range of hand operations and has the
same optical characteristics of a common camera, so
we can easily estimate the object position. We briefly
explain the sensor below.

The sensor consists of a camera fixed upward and
a hyperboloidal mirror fixed downward. A hyper-
boloidal plane of the mirror is expressed by equation 1.
A hyperboloidal plane has two focal points: (0,0, +c)
and (0,0,—c). The hyperboloidal mirror is fixed at
the upper focal point, (0,0, +c), and a focal point of
the camera is fixed at the lower focal point, (0,0, —c),
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Figure 2: The pointing gesture model

as shown in figure 1. The image plane, xy, is paral-
lel to the XY-plane, and the image plane is fixed at
(0,0, f —¢). f is a focal length of the camera.
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where a, b are parameters of a hyperboloidal plane, «
is a depression angle, and 3 is an angle between the
optical axis and projected point (x,y).
2.2 Color model

There are many methods for visual tracking us-
ing an object color model or using an object contour
model. Most color models are static, C,,, C, or even
supports temporal change of color, C,(t), Cx(t).

Our system evaluates the sampling points by using
a color model assumed to be a normal distribution. In
our system, the method for color evaluation uses RGB
color space and static C), and Cyx, of each target.
2.3 Pointing gesture model

The pointing gesture model is shown in figure 2.
The cognitive origin, Py, is a point in 3D space, and
we assume that the indicated object, Pr, is on the
line extending from the cognitive origin to the end
of the pointing arm, Ps;. Parameters 6, and ¢, are
the directions of the vector from P; to P, and 0y

a = tan

{4)

g = tan~

(5)

and ¢o are the directions of the vector from P» to
P;. We define that the cognitive origin, Pp, lies in
the reference plane. The coordinates of the cognitive
origin in the reference plane, (x,.,y,), are determined
from the posture of the pointing arm. We define a
pointing gesture as that in which the positions of a
user’s right shoulder Py, right elbow P» and right hand
Ps are collinear; in other words, the case in which
f; = 0 and ¢ = 0. 61 and ¢; are calculated from
a vector from shoulder P; to hand P3. We assume
that (01,¢1) and (z,,y,) are linear, as expressed by
the following equation:
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where a1, --,ag are coeflicients, 61 and ¢; are ob-
served parameters estimated from the arm posture.

3 Algorithms
3.1 Tracking

The proposed method uses a centroid of colored re-
gion for depth estimation in order to determine the
vector, V;, from focal point of the mirror, (0,0, +c),
to P;. The region of interest (ROI) should be small
in order to track the region in real time, but the re-
gion should be large enough in order to detect it ro-
bustly. The size of the ROI is the cost-time trade-off.
While many studies for tracking have been done, it is
accepted that random sampling reduces computation
time more than processing a whole image. We there-
fore use random sampling and importance sampling
for tracking regions, and also use the color informa-
tion of the sampling points for object detection.

For random sampling, sampling points are uni-
formly selected in an input image. The color infor-
mation of the sampling point is compared with the
object color model. Random sampling is used for de-
tection and estimation of hand regions when hand re-
gions have not yet been detected.

For importance sampling, sampling points are uni-
formly selected in the ROI of an input image. Im-
portance sampling is used for estimation of a centroid
of the hand region more accurately. The probability
that a sampling point is on the tracked object can be
defined as follows:

P {1_ (R;T“)N}PT(R), (7)
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Figure 3: Region of sampling

where T, is the area of the target, N is a number of
sampling points, R is the area of ROI, and P,(R) is
the probability that the target exists in the ROI. In
the case where the area of the target, T,, cannot be en-
larged, N should be increased or R should be reduced
or P,(R) should be enlarged in order to gain the detec-
tion probability P. Much computation time, however,
is required when N is increased. R should therefore be
reduced while keeping the probability P,.(R) high. In
order to reduce the area of R, we predict a position of
the hand region from the previous position, and then
we sample data around the predicted point.

As we use a hyperboloidal mirror, sampling points
are not simply picked up uniformly in the xy-image
coordinate system, but picked up uniformly in the r6-
polar coordinate system. One of the problems of us-
ing a hyperboloidal mirror is that the object becomes
small when the object gets close to the center of im-
age. The area of the object is dependent on not only
the distance between the camera and the object, but
also the depression angle. XY-uniform random sam-
pling on such a sensor causes an estimation bias which
drifts an estimate outward. We addressed this prob-
lem by performing random sampling uniformly in the
r@-polar coordinate system. Sampling points therefore
become sparse in proportion to r. Figure 3 shows an
example of sampling regions. In figure 3, G(rqg, 0g) is
a position of a target in the previous frame, ©; and
Ry are parameters of a region for importance sam-
pling, ©p and Rp are bias parameters, ©r and Rp
are parameters of the region for random sampling, and
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Figure 4: Solution adjustment in case of imaginary
number

p(zc,ye) is the center of an omnidirectional image.

3.2 Position estimation of targets

A target is tracked by comparing the color models,
C,, Cs, with the color of a sampled point, C(z;), de-
termined by random and importance sampling. The
dissimilarity, D(x;), is defined by the following equa-
tion:

D(z;) = (C(zi) — Cu) " Cx(Clmi) = Cu). - (8)
Sampling point, x;, is a target if the dissimilarity is
less than a certain threshold value, K. The area, S,
and the centroid, G, of the target are estimated by the
following equation:
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where N is the sum of sampling points. In the case
of S = 0, the target cannot be found and importance
sampling is stopped. The positions of tracked cen-
troids are used for depth estimation of the arm.

3.3 Depth estimation

The human arm model is shown in figure 2. In
figure 4. z;V; = (X;,Y;, Z;) expresses the 3D position
of each joint, P;. Vj is the unit vector from the focal
point of the mirror (0,0,+4c) to the joint. z; is the
depth of the joint. L; is the length of the arm.

We can estimate the depth of each joint and then
calculate the 3D position of the joint from equation 2
and equation 3 by giving the lengths of arms, L;, and
the vectors to the joints, V;. In the case of HyperOmni



Vision, V; is calculated from p(z;,y;) by the following
equation:

cos 0 cos(—a)
V; = | sinfcos(—a) |, (12)
sin(—a)

where, a and 6 are obtained from equations 2 and 3.
The following constraint is established when the
arm length, L;, is given:

|2:Vi — zi—1Vica|| = L, (13)
where V; is a view line from the focal point of the

mirror to joint ¢. The above equation can be explicitly
solved as follows:

2= (Vi Vien)mor #1/[(Vi, Vien)? — 122, + L2
(14)
All the positions of links are determined relative to z;
from the above equation. The solution of equation 14
is real when the following condition is satisfied:

[(Vi, Vic1)® —1] 27 + L7 > 0. (15)

(Vi,Vic1)? <landlet —C?> = (V;,V;_1)> = 1,{ > 0,
then we obtain

0< 2z <L;/C. (16)

When the solution is an imaginary number, we calcu-
late the solution again by using the following equation:

zi =/ L? — 22 . (17)
The geometrical explanation is shown in figure 4.

4 Implementation

The outline of our system is shown in figure 5. The
sum of random sampling points and importance sam-
pling points is fixed at constant IV, so the computation
is performed at a constant rate. The importance sam-
pling points are picked up around the region centering
a centroid of a tracking target.

The position of shoulder and the length of arms are
given in advance. At this moment in time, the system
has up to 4 solutions because of sign ambiguity. The
correct posture is decided at the part of the point-
ing gesture recognition. For learning aq, - - -, ag, test
subjects pointed 75 targets with sitting on a chair in
advance. The color parameters, C,,(t) and Cx(t), are
also learned in advance.
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Figure 5: System flow

5 Experimental Results

We conduct experiments on real images by using an
SGI workstation (Onyx2, MIPS R12K, 400 MHz) with
an omnidirectional sensor (TOM-02-0013, Suekage).
The size of an image is 720 x 243 pixels. The lengths
of all arms, L;, are given in advance, and the root
depth, 21, is also given.

Figure 6 shows the marker tracking and posture es-
timation using importance and random sampling. Fig-
ure 7 shows the estimated line from the hand to the
indicated object. The line projected onto an the om-
nidirectional image is shown in figure 7. In this figure,
the indicated object is a cardboard box. Though the
line maintains a slight distance from the target, the
distance between the target and the line is acceptable
because the system searches for the indicated objects
around the line.

6 Summary

We proposed a wearable camera system using the
head-mounted omnidirectional camera for pointing
gesture recognition and detecting an indicated object.
Our system can estimate arm posture and detect an
orientation of an indicated object. The advantages of
our system are that the system runs in real-time and
the camera can shoot an arm and an indicated object.
Another advantage is that the user wearing the sys-
tem can freely move anywhere. We think that it is
acceptable to find an indicated object by searching for
it around the line estimated from a pointing gesture



Figure 7: Omnidirectional image and an estimated
direction

in an omnidirectional image.
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