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Abstract

In order to transmit, share and store human knowl-
edge, it is important for a robot to be able to acquire
task models and skills by observing human actions.
Since vision plays an important role for observation,
we propose a technique for measuring the position
and posture of objects and hands in 3-dimensional
space at high speed and with high precision by vi-
sion. Next, we show a framework for analysis and
description of a task by using an object’s functions
as elements.

1 Introduction

It is important for a robot to be able to acquire task
models and skills by observing human actions in or-
der to transmit, share and store human knowledge.
The strategy for understanding a human’s action is
the subject which should be tackled in order to solve
processes such as studying and gaining experience
from a human. Although research on teaching from
observation is advanced on various points[1][2][3], the
technique is still far from being applicable to real
world problems, because of insufficient capabilities
in observing and describing the real world. Since
the aim of this research is the acquisition of human
handworking skills, we tackle the problem of mea-
suring the shape of a hand or an object’s posture
in 3-dimensional space with sufficient accuracy to do
task analysis by vision. Furthermore, we tackle the
problem of automatically generating a task descrip-
tion from the acquired vision information as an op-
eration sequence on an abstraction level which can
be understood by a human.

A human determines the optimal shape of his hand
based on the task[4]. The used grasp form is useful
for estimating the purpose of the task or of a spe-
cific state of the task. Moreover, the kinds of tasks
a robot can execute can be increased by generating
the robot’s grasp operation automatically from ob-
servation of the human’s grasp operation[5]. Many
techniques have been proposed for recognizing the
form of the hand, such as classification by silhouette,
using devices such as sensor gloves, the eigen-space

method by using depth images, etc. However, it is
not desirable to use equipment which has physical
restrictions like a sensor glove in a scene where a hu-
man and a robot do cooperative work. Recognition
from arbitrary 3-dimensional positions is required,
without being limited to specific viewpoints. More-
over, in conventional research, only the hand region
was observed using a low resolution range sensor, and
it was not intended to make a wide range observa-
tion of the task[6]. In this paper, in order to solve
these problems, we perform hand shape recognition
with the eigen space method by using a depth im-
age from a high resolution range sensor, in which the
hand region was clipped and normalized.

The principal subject of task analysis is to observe
the state of objects, such as a tool, parts, etc. which
are operated by a human. In order to analyze var-
ious operations, it is necessary to recognize objects
with free curved surfaces, and to acquire their po-
sition and posture in 3-dimensional space continu-
ously. The active search method, based on color his-
tograms, is one of the techniques which look for a
specific object in an image[7]. Using color histogram
search makes the technique robust to little changes in
form, and allows to find objects at high speed. How-
ever, it is difficult to look for a 3-dimensional object
whose silhouette changes with its posture, and it is
necessary to use a previously created image database
of all silhouettes to obtain a solution. In this pa-
per, we propose a technique for high-speed search
by generating the color histogram of arbitrary pos-
tures using a color model and a geometric model of
the object. Furthermore, the object position and its
posture are estimated by the ICP method using a
depth image[9].

Task analysis expresses the state of the environment
such as a human’s action and tools from observation
of the human’s demonstration. The problem is how
to find a good modelling framework, that is, how to
design a description language for a recognition strat-
egy. Since handwork is a task that relates to the mu-
tual interaction of humans and objects, it is difficult
to generally design the modelling framework. At this
stage, various trials are still being performed. In this
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paper, we concentrate on the problem of segmenting
events from vision information. Information at a low
degree of abstraction is an advantageous element for
the flexibility of a model. The functional part of an
object is treated as attention point in space, and the
speed as attention point in time. We show exam-
ples of event recognition by evaluating distance and
posture between the functional parts of objects.

2 Vision Process

2.1 Observation Environment

Here, we show the observation environment, com-
position, and input images. A side-view of the ob-
servation environment is shown in the Fig.1. Hand-
work performed on the desk set at a robot’s front is
observed by the range sensor located on the robot’s
head. The observable range is between about 500mm
- 1000 mm from the camera center. Since the reso-
lution of the depth direction is 8 bits, precision is
about 2mm. The size of an input image is 280× 200
pixels. The input image sets are depth, color, SSAD,
error, and sequence in time. The range sensor has a
zoom function of 1.5 times to 2.0 times, obtained by
using the electronic zoom function of the separate
cameras(Fig.2(a)). The depth image obtained is the
so-called 2.5-dimensional figure.(Fig.2(b)) The fram-
erate is 30frame/sec.

2.2 Hand Shape Recognition

In this section, we discuss the problem of recognizing
the shape of a human’s hand using the eigen space
method on the distance and color images acquired
by a high resolution range sensor.

Hand Shape Recognition using the Eigen
Space Method. Although the eigen space method
is known to be used to recognize object postures, es-
timate their position, etc. we use it to classify hand

shapes and estimate hand positions. Generally the
problem is the need to use normalized data as the
input of an eigen space method. The process flow of
hand shape recognition is shown in Fig.3. First, skin
color is extracted from a color image and the region
of the human’s hand is clipped. The position of a 2-
dimensional image of the hand region is specified by
template matching based on normalized correlation
to the hand region of the last scene. The image of
the obtained hand region is passed in an area filter,
and noise is removed. The center of gravity of the
resulting image of the hand region is acquired as the
position of the hand at that time. The hand region
image is normalized, including the depth direction,
using the size in real space already obtained from the
range sensor.

The depth value is treated as a vector and recog-
nition performed using the eigen space method as
follows:

1. The eigen vector of the covariance matrix of the
vector group from study images is calculated.

2. The eigen space is constituted on the basis of
the eigen vector with the largest eigen value.

3. Observation images and study images are pro-
jected and expressed as points in eigen space.

4. The distance between a pair of corresponding
points is regarded as an evaluation measure for
class resemblance.

Consequently, the hand shape in the current scene
is acquired from the distance values for each class.
For more robust estimation, the evaluation is done
continuously in time. The hand shape is obtained
from the minimum value of the distance values to
the second power from a number of scenes in the
past.
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2.3 Object Tracking

In this section, we discuss a method for 3-
dimensional object tracking combining object region
search in the 2-dimensional image by color and recog-
nition of the 3-dimensional position and posture of
the object by the ICP method.

Tracking of the object region by color clas-
sification. Generally, searching the object region
in a 2-dimensional image by color offers the advan-
tage that one can obtain the edge of an object region
clearly and at high speed, and the drawback that
recognition of a 3-dimensional object is difficult. On
the other hand, the ICP method can estimate the
posture of an object with complicated form, but it
needs exact range data. However, with the stereo
vision system based on area matching used in this
research, no clear range data of the edges of objects
is obtained. In this paper, we argue that in combin-
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ing the two techniques, they compensate each other’s
faults.

The process flow of object region tracking by color
is shown in Fig.4. Color histograms are generated
from an observation image and the silhouette of an
object model, respectively, and the object region is
extracted by comparison.

The vote box I[r][g][b], a 3-dimensional array which
divides into Qconst pieces each of the 3-dimensions
of color space for storing a color histogram, is pre-
pared. The color histogram of an observation image
is generated by scanning the pixels one by one, and
voting a corresponding color to one corresponding
vote box. Next, the color histogram of an object
model is generated. Object information is given be-
forehand as a geometric model and a color model.
The objects, such as a tool, are usually colored by
two or more colors. Since there are differences in the
views of an object depending on its posture, the color



of the mesh of the last observed scene is used to draw
a model image. Like the color histogram of the ob-
servation image, the 3-dimensional vote box for the
object model histogram is prepared, a projection im-
age of the object’s posture is scanned pixel by pixel,
and the color histogram of the model is generated.

Next, the degree of similarity of the two histogram is
checked. The ratio R[r][g][b] of the color histogram
of an object model and an observation image is calcu-
lated, and normalized so that its size is in the range
0-1.

R[r][g][b] = min(
M[r][g][b]

I[r][g][b]
, 1) (1)

If an observation image is replaced with the value of
this ratio, a region with a color close to the object’s
color will take a value nearer to 1, and the object
region will be extracted. Labeling of the object re-
gion is carried out, and region with values below a
threshold are removed. The depth image is masked
by the pixels which remained and an output in form
of 3-dimensional point group data is obtained.

Estimation of object’s posture by the ICP
method. The 6DOF position and posture are ob-
tained by fitting the 3-dimensional point group data
and the point of an object geometry model’s mesh.
In this paper, the ICP method known as 3-d tem-
plate matching is used. Since this method uses M-
estimators for optimization of a posture, it handles
well the noise in the observation image and the incor-
rect correspondence between the object model and
the observation image. The estimation of the object
posture can be performed based on the following four
procedures.

1. Visible points of the object model are evaluated
from the normal direction of the meshes of the
object model and the viewpoint.

2. The closest correspondence between visible
points of an object model and the dots of the
object region in the observation image is found.

3. An initial position and posture are estimated
using the least-squares method.

4. An optimization is performed by repeated cor-
rection so that the distance between correspond-
ing points becomes small, using a statistical M-
estimator technique.

In the repetition operation of the ICP method, it
happens that the object position and posture do not
converge, but oscillate. To remedy this, a kalman
filter is applied. Moreover, an object speed can also
be obtained from the state value estimated by the
kalman filter, and used for the task analysis. This is
shown in the following chapter.
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3 Task Analysis

In this section, we explain task analysis on an exam-
ple in part assembly. The analysis is based on the
segmentation of events by paying attention to object
speed and position.

3.1 Primitives for the task analysis

We defined four hand shape classes that will always
be well visible at the time of work. The Eigen space
was generated using study images of 25 pose varia-
tions of each hand shape. Here, the eigen space of
a right hand and left hand was prepared, and both
hands have been recognized.

The object for observation is shown in Fig.6. The
point which should be noted is defined as a func-
tional part on the object’s geometric form. The ob-
ject’s functional part such as a hole or an axis is
expressed by a coordinate system on the object. It
was manually determined a priori.

The event to recognize is defined as the state of an
operation, expressed as relations between functional
parts of two objects, and the kind of operation is
described as a predicate. For example, the event in
which the right hand holds the object Obj’s func-
tional part 1 is described: “Right-Hand Grasped
Obj.f [1]”. The objects and operations which are
used as observation primitives in this paper are ar-
ranged in Table3.1. An example of the contents of a
task is shown in Fig.7. There is the task of attach-
ing Block-A and Block-B, and of them fixing using a
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Screwdriver. The trajectories of hands and objects
obtained from vision are shown in Fig.8 and Fig.9.

Table3-1 Observation elements
object Right-Hand operation pinch-1

Left-Hand pinch-2
Block-A grip
Block-B receive
Driver release

fix

3.2 Event detection by speed of an object’s
functional part

If we assume that only man’s hand and the object
move, observation will focus on the thing which is
moving. Since people have a tendency to perform
operations involving object contact slowly, carefully,
speed can be used as feature to detect an event. The
model controlling attention for event detection is de-
fined by making the speed of a functional part of an
object into a parameter.

States of attention are ”disregard”, ”caution”, and
”gaze.” The allowed change of states is ”disregard”
”caution” ”gaze” ”disregard”. The ”gaze” state is
defined as a trigger for event detection by geometric
evaluation. When an object’s functional part moves
from a still state to a state of operation, the state
it changed from ”disregard” to ”caution”. Event de-
tection is triggered when shifting from operation to
stillness, i.e. the state is changed from ”caution” to
”gaze.” If the system stays in the ”gaze” state for a
while, it will shift to the ”disregard” state.

3.3 Event detection by position of object’s
functional parts

The event detection by spatial evaluation is per-
formed as follows: The distances between each func-
tional part of objects whose positions were expressed
within the world coordinate system are calculated.
The position of the center-of-gravity and the finger-
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tips of the human’s hand in a world coordinate sys-
tem are calculated. The functional part in the ”gaze”
state and other functional parts are scanned one by
one. The relation between two functional parts is
evaluated based on distance and posture, and it is
judged as follows whether an event happened or not:
When the distance between functional parts is less
than a threshold value, contact is recognized. Fur-
thermore, when the posture of the coordinate sys-
tem of two functional parts is in agreement, it is
recognized that axis alignment was performed. The
method of grasping operation of the human’s hand
on the object is described by the shape of the human
hand, such as Pitch, Grip, etc.

3.4 The task analysis experiment

The result of task analysis based on the speed of
objects and hand shape is shown in Fig.10. The de-
tected events were able to be described as follows
with the time they occured at marked in parenthe-
ses. (1)Initial scene, (2)Right-Hand Grasped Block-
A.f[1], (3)Left-Hand Grasped Block-B.f[1], (4)Block-
A.f[2] Block-B.f[2] Fixed, (5)Right-Hand Released
Block-A.f[1], (6)Right-Hand Grasped Driver.f[1],
(7)Driver.f[2] Block-A.f[3] Fixed, (8)Right-Hand Re-
leased Driver.f[1].

4 Summary

This paper showed a method for tracking the po-
sition and posture of objects by vision in real space
and real time using a high-speed range sensor of high
resolution, and also showed a method for recognizing
hand shapes. Moreover, we showed a framework for
task analysis and showed an experimental result for

the example of assembly work on objects.
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