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ABSTRACT

This paper presents real-time human motion analysis for
human-machine interface. In general, man-machine ‘smart’
interface requires real-time human motion capturing sys-
tems withoutl special devices or markers. Although vision-
based human motion capturing systems do not use such
special devices and markers, they are essentially unstable
and can only acquire partial information because of self-
occlusion. When we analyze full-body motion, the problem
becomes more severer. Therefore, we have to introduce a
robust pose estimation strategy to deal with relatively poor
results of image analysis. To solve this problem, we have
developed a method to estimate full-body human postures,
where an initial estimation is acquired by real-time inverse
kinematics and, based on the estimation, more accurate es-
timation is searched for referring to the processed image.
The key point is that our system can estimate full-body hu-
man postures from limited perceptual cues such as positions
of a head, hands and feet, which can be stably acquired by
sithouetie contour analysis.

Categories and Subject Descriptors

1.4 [Computing Methodologies|: Image Processing and
Computer Vision; 1.4.8 [Image Processing and Com-
puter Vision|: Scene Analysis—motion, tracking, object
recognition; H.5 {Information Systems|: Information In-
terfaces and Presentation; H.5.2 {Information Interfaces
and Presentation]: User Interfaces—interaction styles

General Terms

Experimentation, Human Factors
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1. INTRODUCTION

Man-machine seamless 3-D interaction is an important
tool for various interactive systems such as virtual reality
systems, video game consoles, etc. To realize such inter-
action, the system has to estimate motion parameters of
human bodies in real-time. Up to the present, as a method
for human motion sensing, many motion capture devices
with special markers or magnetic sensor attachments have
been employed, which often impose physical restrictions on
the object, and which are not comfortable for their users.
On the other hand, recently, fully image-feature-based mo-
tion capturing systems which do not impose such restrictions
have been developed as computer vision applications|1]. Al-
though the vision-based approach still has problems to be
solved, it is a very smart approach which can achieve seam-
less human-machine interaction. Morcover, it has a po-
tential merit that it can acquire shape properties and sur-
face textures, which can not be measured by the former
approach. Therefore, we are undertaking to develop an
image-feature-based motion capturing system and to apply
it human-friendly man-machine interface, giving considera-
tion to alleviating scene constraints and physical constraints
imposed on the system as little as possible.

There are many researches of human posture/motion anal-
ysis, almost all of which employ model-based approaches to
analyze complex-shaped objects. Precise analysis of human
posture/motion requires sophisticated hurnan models{2, 3,
4], which cause huge computation, and, as a result, their
real-time processing becomes almost impossible. To achieve
real-time human motion analysis, we have to employ more
simplified models and algorithms. In such directions, there
are two kinds of approaches: one is blob-based approach|1,
5, 6] and the other is silhouette-based approach(7, 8]. The
former approach employs blobs, or coherent color regions,
which generally appear in a face and hands in an image,
as image features, and the latter employs a silhouetie con-
tour of human region. Since color-based image features are
not very robust, or they require a color parameter learn-
ing phase[9], which is often dependent on target individu-
als, we employ a silhouette-based approach here. However,
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even with a silhouette-based approach, features which can
be detected robustly are limited and view dependent, and,
thus, we have to develop a mechanism to estimate human
full-body posture from the limited number of cues. In addi-
tion, to deal with the view dependency and the self-occlusion
problem when a human makes various poses, we have em-
ployed an approach of multi-view image analysis and have
developed a view selection mechanism.

In this paper, we present multi-view-based real-time hu-
man motion analysis system and its application to real-time
human-machine interface. The key point of our system is
that it can estimate human postures from limited percep-
tual cues such as positions of a head, hands and feet which
are stably detected by image analysis. In the viewpoint
of human-machine interface, real-time feature is quite im-
portant, and, therefore, to realize a real-time system with
multiple cameras which produce enormous amount of infor-
mation, we use a PC-cluster, a set of PCs connected via
high-speed neiwork, and acquire quite high performance of
image processing.

2. SYSTEM OVERVIEW
2.1 OQutline of the Algorithm

The basic algorithm fow of our real-time motion captur-
ing is as follows:

1. Perception (Detection of cues)
o Silhouette detection and 2-D feature extraction

e Calculation of 3-D positions of features using multi-
view fusion

2. Human Motion Synthesis

e Generation of human figure full-body motion and
rendering in the virtual space and calculation of
the interaction.

In order to analyze various human postures, we arrange
multiple cameras so as to capture horizontal views and ver-
tical views of a human body. As we mentioned, to make
the system real-time and on-line, we have implemented the
system on the PC cluster. Figure 1 shows the configura-
tion of processing modules on the PC cluster, which is a
parallel-pipeline structure. Each rectangle in the figure in-
dicates one PC. At first, each view image is processed, or
applied to 2D image processing, in a pipelined combination
of ICM and HPM (or TPM). This means that the degree
of parallelism at this stage is equal to the number of views,
or the number of cameras. Then the processed results of
all views are integrated and processed at 3DPM (3D image
processing) and reconstructed at RRM (real-time render-
ing) sequentially. Therefore, when we use N views, or N
cameras, we need N + 1 PCs.

Details of the processing modules are as follows:

a) Perception Module:

Image Capturing Module (ICM)
These modules work as image-capturing modules. Fach
ICM, (v = 1,---,N; N is the number of cameras)
caplures images with 320x240 pixel (YUV:422 pixel
format) and sends them to TPM and HPMs,
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Figure 1: Image processing modules on PC cluster.

Horizontal view Processing Module (HPM)
These modules work as 2-D image processing modules
for horizontal-view-cameras. The image processing al-
gorithm contains silhouette detection and 2D feature
extraction). Each HPM receives the image data from
ICM, and sends 2-D extracted image feature data (po-
sitions of detected cues) to 3SDPM.

Top view Processing Module (TPM)

This module works as 2-D image processing modules
for a vertical-view-camera (or top-view-camera). Since
usually the rotation of body around the body axis is
not easy lo estimate accurately, we have intreduced
the top view. The role of this module is almost the
same as that of HPM, except that image processed
here is captured from top view.

3-D Processing Module (3DPM)
This module works as a 3-D vision processing module.
It receives and integrates the 2-D image feature data
from HPM, (v = 1,--- ,N — 1) and TPM, and esti-
males 3-D model parameters (3-D positions of cues).
The estimated parameters are sent to the RRM.

b) Human Motion Synthesis:

Real-time Rendering Module (RRM)
This module works as a real-time renderer of the vir-
tual space. It receives the 3-D cue positions from
3DPM and estimates 3-D pose and motion of the hu-
man body based on the received data.

3. 2D IMAGE ANALYSIS

3.1 Feature Extraction Based on Contour
Analysis

Here, we use a silhouette contour of a human image for
human body posture analysis, because, in general, impor-
tant features for the human body posture analysis, which
are hands, feet, and a head usually appear in the silhouette
contour. In addition, silhouette detection can be achieved
by relatively simple methods, especially in case of in-house
situation, where we assume our system works. An algorithm
flow of our feature extraction is as follows:

1. We pre-acquire a background image for each view, in
which a human body is not taken.


file://'/prJi

2. To each frame of an input image sequence, background
subtraction is applied, and a human body region is
extracted.

3. Coordinates of the centroid (center of gravity) of the
extracted human region are calculated.

4. From the calculated centroid, scanning image upward,
the system searches for a contour pixel on the ex-
tracted region. Then, from the detected contour pixel
(we call it “starting point”), the silhouette contour is
traced and the 2D coordinates of contour pixels are
listed.

The above processing is common to images taken by horizontal-

view-cameras and one taken by a vertical-view-camera.

3.2 Analysis for Horizontal-view-camera

Feature points to detect in horizontal-view-camera images
are a head top, right/left hands (fingertips), right/left foot
points. Except for unusual human body postures, these fea-
ture points appear as relatively sharp convex points (here-
after we call these points as “convex points”) on the silhou-
ette contour. In general, only from the points with large
curvatures, we cannot recognize the correct correspondence
between the large curvature points and individual feature
points of a human silhouette. Therefore, we have introduced
the assumption that in successive image frames shapes of
the silhouettes do not change very largely, and the system
searches for the feature points in the neighborhood of its
corresponding feature point detected in the previous frame.
At the initial frame, we assume a standard initial posture,
which is a standing posture with arms and legs open like
Figure 2, and the order of the feature points appeared on
the silhouette contour is given to the system in advance.

The biggest problem of this approach, in which large cur-
vature points are detected from the silhouette contour, is
that it is not easy to detect knees and elbows, which are
very important features to estimate human postures. This
is because they often overlap with other body parts and do
not appear in the silhouette contour. To solve this problem,
we have introduced multi-view approach and 3D pose esti-
mation based on inverse kinematics and search by reverse
projection. Details will be presented in Section 5.

We show some results of 2D feature point detection (Fig-
ure 3), where a silhouette contour of human body is pre-
sented. Circles in this figure indicate a head top, the cen-
troid of a torso, right/left fingertips, and right/left foot ends.
The system can correctly detect feature points even in a
crouching pose like (b) and even when the order of feature
points on the silhouette contour changes like (c). Of course,
when a hand overlaps with a torso, it fails to detect the
hand, but, when the hand re-appears, it can re-detect and
track the hand again within about 5 frames. It is satisfac-
tory result for single view image analysis of human motion.

3.3 Analysis for Vertical-view-camera

In TPM, the 2D positions of right and left fingertips, those
of both shoulders, and the rotation angle of torso around
the body axis are estimated. The fingertip positions are
estimated by a method similar to 3.2. For estimation of the
rotation around the body axis, the orientation of the major
axis of the silhouette region is a good cue, and it is calculated
from the second order moment and moment of inertia.
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Figure 2: Assumed initial standing position.
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Figure 3: Results of feature point detection.

However, the angle of the major axis of a sithouette region
in the top view is often severely affected by configurations
of both arms, and, as a result, it is sometimes different from
the torso angle. To diminish the influence of the arm con-
figurations, we erase arm parts from the silhouette region
by applying a morphology operation, opening, and extract
the torso part. The structuring element in this case is very
simple, {(0,0),(1,0),(-1,0),(0,1),(0,-1)}, and we iterate
the opening operation seven times. The number of iteration
is decided according to preliminary experiments'.

As for the 2D positions of both shoulders, referring to a
pre-defined value of the shoulder width, we simply estimate
them from the position of the centroid of the silhouette re-
gion and the rotation angle of torso. Figure 4 shows ex-
amples of the image analysis results in TPM. Gray regions
are extracted torso parts, and a line in each region indicates
the rotation angle of torso. Bright dots in the region are
the centroid and estimated 2D positions of the shoulders. It
shows our image analysis works correctly.

Figure 4: Image analysis in TPM.

The number of iteration should be further considered.
Probably, it is better to change the iteration number de-
pending on input images



4. 3D FEATURE ANALYSIS

In principle, when at least two views of an object point
are available, we can calculate its 3D position based on the
binocular stereo mechanism. However, only two views are
not enough to analyze various body posture because of self
occlusion. Therefore, in our system, we use multiple, or re-
dundant, views including a top view. In 3DPM, the system
dynamically select good views for stereo calculation refer-
ring to the result of TPM (described in 3.3). Outline of the
algorithm is as follows:

1. Referring to the body rotation acquired in TPM, the
system selects two cameras (front cameras) facing to
the front of the body and one camera (side camera)
viewing the side of the body. The selection is done re-
ferring to inner products of a vector of the body direc-
tion and vectors from the centroid of the silhouette re-
gion in the top view to cameras (Figure 5). Two cam-
eras giving two maximum inner products are selected
as front cameras and a camera giving inner product
nearest Lo zero is selecled as side camera.

2. Two cameras for stereo calculation are selected among
two front cameras, side camera and top camera.

e For positions of a head, a torso and both feet
ends, two front cameras are selected. The torso
position here is calculated from the position of
the centroid of the human region.

o For positions of both fingertips, or fingertips, the
system checks whether fingertips appear on sil-
houette contours in front camera views. This is
done by calculating, in a top view image, the
distznce between a fingertip and a line which is
parallel to body direction and which is passing
through the centroid of a human region. When
the distance is larger than the shoulder widih,
which means that arms are wide open, two front
cameras are selected. Otherwise, it is judged that
a fingertip does not appear on the sithouette con-
tour in front camera views, and top camera and
side camera are selected for stereo calculation.

Top Camera Coordinate System

Figure 5: View selection mechanism.

5. 3D POSE ESTIMATION

198

5.1 Basic concept

Since information acquired in the perception process is
just 3-D positions of a torso, a head, hands and feet of a hu-
man body, we have to estimate the body posture from these
cues, the number of which is less than the degree of freedom
of the body. Actually, we have to estimate 3D positions
of elbows and knees. In our system, we have adopted two
approaches: real-time inverse kinematics (IK) and search
by reverse projection (SRP). The former is a general and
elegant (and fast!) approach but it can only calculate a
suboptimal solution. On the other hand, the latter is rather
brute force and searches for the solution referring to original
silhouette regions, not to the 3D feature points. The system,
at first, estimates the elbow and knee positions using inverse
kinematics, and after once the estimation is acquired the sys-
tem searches for optimal solution referring to the estimated
result. In analyzing an image sequence, those positions in
a frame are usually searched by the latter approach based
on the results in the previous frame. An important point
is that when something wrong happens, or the elbow and
knee positions can not be detected, because of noise and
other reasons, the inverse kinematics is invoked as an error
recovery process.

5.2 Inverse Kinematics

In general, estimation of elbow and knee positions is rep-
resented in a framework of inverse kinematics(12]. In our
case, a human body is represented as a multi-part articu-
lated object, or as 14 paris with 23 degrees of freedom (see
Figure 6), and the 3D feature positions (fingertips and foot)
are given as the goal positions, or the end effectors. The in-
verse kinematics which we have designed can be summarized
as follows:

e Each arm is represented in a two-link part, and the po-
sition of an elbow is acquired by solving inverse kine-
matics where a fingertip is the goal and a shoulder is
the root. The positions of knees can be calculated in
a similar way.

¢ Since rotation angle around the goal direction (see Fig-
ure 7), which is called characteristic angle hereafter,
can not be solved directly, we use a pre-defined value,
which is acquired in a learning process. Thus, the in-
verse kinematics can be reduced into a very simple
form, or 2D triangle calculation, and it is calculated
very fast, or in real-time,

The solution gives us continuous and natural-looking
motion of the human body.

In our system, a goal position, or a goal vector, g¥ =

(95,95 597 » ])T is represented in the following formula:

g¥ = T°RY0,R,% R.>)RY (R.”,0,0)
TYRY (R, R ORI (RA,0,RN) (1)
TLER2(0,0, R,'2) t°

where T®, R® and R are matrices representing the body
pose; T, RN, Rlll, T2 and R'2 are pose matrices related
to link 1 (L1 in Figure 6)and link 2 (L2) respectively; t° is a
translation vector related to the end-effector position of L2.
Because it is not very difficult at all, detailed description of
analytical solution of the inverse kinematics is omitted here.



Goal
Directio

Figure 7: Definition of a goal with an arm direction.

As mentioned above, the 3-D feature positions acquired by
the perception modules are sometimes imprecise. In other
words, the goal positions are sometimes established at posi-
tions where physically possible solutions cannot be derived.
Therefore, we interpret each of the given goals as the com-
bination of the direction of the goal and the distance to the
goal. When the goal position is located where a physically
possible solution can not be derived, we find a solution in
which the direction of the connecting link coincides with the
goal direction (see Figure 7).

5.3 Search by Reverse Projection

Basic idea of estimation of elbow and knee positions based
on search by reverse projection is not very difficult. After
we estimate the positions of a fingertip and a shoulder for
one arm, if we know the lengths of its upper arm and fore-
arm, the position of its elbow is restricted on a circle in 3D
space shown in Figure 8, and we only have to search for
the elbow position on the circle. When we select a point
on the circle and map it onto an image plane of each view,
the point should be included in every silhouette region. In
other words, points which satisfy the above condition might
coincide with the elbow position with high probability.

Suppose that

e the position of the shoulder point is (z1,¥1, 21),

o A = (A, Ay, A.) is a vector from the shoulder point
to the fingertip,

e the length of the upper arm is I; and that of the fore-
arm is lg,
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handtip Shoulder

Figure 8: Positional relation among a shoulder, an
elbow and a hand.

the radius » and the center T, of the circle are represented
as follows:

AAR(3 +13) + 4212 — (12 + 13 + |A]2)?

= — (2)
2|4
T = (:1:1 + Azt, 1 + Ayt, z1 + At) (3)
12 —1r2

where t = =
|Af?

Actual procedure of elbow position estimation is as fol-
lows:

1. Estimation of 3D position of shoulder

A z coordinate of the shoulder point can be calculated
by adding the height of torso (D in Figure 9), which
is a pre-defined value, to the position of the torso (cf
4). As for its x and y coordinates, first, a line of sight
passing through the shoulder point in the image plane
is calculated (dotted line s in Figure 9) based on cam-
era calibration parameters and the 2D position of a
shoulder in a top view. Then x, y coordinates of the
shoulder position is calculated from its z coordinate
and the line of sight.

2. Setup of local coordinates for elbow position
estimation
A local coordinate system whose origin is Te, whose x
axis is A, whose z axis coincides with an axis which
is the projection of the z axis of the world coordinate
system onto a plane including the search circle. Then,
the search circle becomes to lie on the y-z plane of the
defined local coordinate system, and, therefore, the
calculation of elbow position search can be simplified.
The reverse transformation from this local coordinate
system into the world coordinate system is very simple
as well.

3. Estimation of elbow position
Figure 10 shows the process of elbow position search in
the t-th frame. At first, the possible range of the elbow
position is established as a neighborhood of the elbow
position estimated in the (t-1)-th frame (or by IK) (cd
in Figure 10). Then, the possible range is reversely
projected onto all the image planes, and the possible
range which is inside of all of the silhouette regions
becomes the final possible range of the elbow position
(ab in Figure 10). Generally, the final possible range



does not become a single point, and, therefore, the
center of the possible range is decided as the estimated
elbow position.

’
s+ Image plane of
i .~ .
2 Iop View

i ’
/' 2D Shoulds;/;osich

” Torso

Figure 9: Shoulder position in the world coordi-
nates.

Figure 10: Estimation of an elbow position.

Figure 11 shows difference between analysis result based
on IK (b) and on SRP (c). As shown here, although IK gives
a result with relatively large error because its characteristic
angle is not precise, SRP gives more accurate result.

5.4 Estimation of Torso Posture

Torso posture consists of two elements, the axis of the
torso and the pan angle around the axis. The pan angle can
be estimated by moment analysis of the silhouette region in
top view (3.3). The axis of the torso is an axis connecting
the centroids of a head part and a torso part and is defined
as follows:

T,* 1T,

b : 1]
R;”> = —arcsin H'Fh_JI‘bH (4)
T." - T°
R,> = —arctan = —=%_ (5)
v Tt T,F

6. EXPERIMENTS

6.1 Basic Experimental Results

In this experiment, we have used 6 IEEE1394-based color
cameras (Sony DFW-V500) with f:4mm lenses, all of which
are synchronized by a common external trigger. Five of

(a) Input images.

(c) Estimation results by our method.

Figure 11: Difference between the results of the
original IK and those of our new method.

them are horizontal-view-cameras and arranged circularly
at intervals of about 30 degrees, and the rest is a vertical-
view-camera (Figure 6.1). These cameras are geometrically
calibrated in advance?. The images are captured with the
size of 320 x 240 pixels, and the frame rate is 15 fps®. The
number of PC’s in the system is seven, each of which has
dual PentiumIII’s(700MHz) running Linux.

The goal of our method is that, referring to multiple, or
redundant, view images, the system can analyze human pos-
tures in such situations that a hand overlaps with a torso
part, which cannot be analyzed by usual silhouette analy-
sis. To illustrate this effect of multi-view image analysis, we
analyzed human motion in which a left hand swings in a
arc from the left side of the body to the front of the body.

2Camera calibration is accomplished based on Tsai’s
method[13].

3When an external trigger is given to our cameras, the max-
imum frame rate becomes 15fps, not 30fps. However, the
potential performance of the system can be 30fps, normal
video rate.



Figure 13 shows the analysis result, which illustrates the
human motion reconstructed by CG technique from view 2.
From the top, they are estimated result at frames 0, 23, 42,
68, 92. This shows that our proposed method can analyze
the human postures, by selecting adequate views, in such
situations that a body part overlaps with other body parts.
However, the problem of estimation accuracy still remains
because of the error of the body rotation estimation in top
view images.

Figure 12: Multiple camera configuration.

In this method the system can not estimate very complex
postures, since the human model is very simple:

e Twist of the neck can not be detected. However, it
can be detected after we introduce face detection to
the system.

e Postures in which hands or feet can not be detected
are almost impossible to estimate.

In spite of these problems, we can apply this system to var-
ious interactive applications.

6.2 Real-time Interaction between Human
and Virtual Environment

Here, the real-time human motion analysis mentioned above

is applied to Visually Guided 8D Animation, or a real-time
online interaction system in a virtual space. Figure 14 shows
demo shots of a prototypical system, in which a user visu-
alized as an awvatar in the virtual space kicks a ball in the
virtual space. In this case, reaction in the virtual space is
calculated based on simple physical collision detection be-
tween the body parts of the avatar and the ball and on
simple physical characteristics.

The performance of the system is summarized as follows:

e For each frame, about 20 msec is required for HPM
and about 40 msec for TMP. The size of each frame is
320 x 240 pixels.

e 35 msec is required for 3DPM and RRM.

e The delay introduced is about 0.1 second because of
the latency of the pipelined implementation.

As shown above, the system can work completely in real-
time, i.e., 15fps. Because of the delay introduced to the
system, in the demo shots the avatar postures are slightly
different from those of the user.
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Figure 13: Results when a hand overlaps with a
torso.

6.3 Application to Desktop Interface

Our idea can be also applied to desktop interface with lit-
tle modification. In case of desktop interface, the system has
to only analyze upper body motion, and the body posture
is rather restricted compared with full-body motion. There-
fore, the system can be simpler, i.e., the number of cameras
required for analysis can be reduced. In practice, two cam-
eras are usually enough for the analysis. Thanks to the
recent speed-up of micro processors and peripherals, we can
construct a compact system. Actually, we have constructed
a prototypical desktop interface system using one PC which
has two PentiumlIl’s (700MHz) and two IEEE1394-based
cameras|14]. The two cameras are connected to the PC via
one IEEE-1394 bus, which can transfer video images of two
cameras simultaneously. Figure 15 shows a demo shot of the
prototypical desktop interface system, where a user indicates
his instruction by his gesture.

7. CONCLUSIONS

In this paper, we have shown a real-time human motion
capturing without special marker-sensors and its application
to real-time human-machine interaction. For real-time mo-
tion analysis, we have adopted silhouette-based multi-view
fusion to realize full-body motion analysis. The key point



Figure 15: Snapshot of a desktop interface.

is that we have established a framework of estimation of
full-body motion from a limited number of perceptual cues,
which can be stably extracted from input images. Since the
system implemented on PC-cluster works in real-time and
online, it can be applied to various real-virtual applications.
In our system, we refer to pre-defined values with relation
to the sizes of several body parameters, such as shoulder
width. We are constructing a system calculating those pre-
defined values from images, where a certain kind of posture
is made. This, as an initial setup stage, will be integrated
into the system. We will also improve each image analy-
sis algorithm to make more robust human motion analysis
possible, which leads our real-time human motion analysis
more applicable. In future work, we will investigate more
practical applications of human-machine interface based on
real-time human motion analysis.
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