Grasp Recognition using a 3D Articulated Model and Infrared Images
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Abstract— A technique to recognize the shape of a grasp-
ing hand during manipulation tasks is proposed; which
utilizes a 3D articulated hand model and a reconstructed
3D volume from infrared cameras. Vision-based recognition
of a grasping hand is a tough problem, because a hand may
be partially occluded by a grasped object and the ratio of
occlusion changes along the progress of the task. To recognize
the shape in a single time frame, a robust recognition method
of an articulated object is proposed. In this method, 3D
volumetric representation of a hand is reconstructed from
multiple silhouette images and a 3D articulated object model
is fitted to the reconstructed data to estimate the pose and
the joint angles. To deal with large occlusion, a technique
to simultaneously estimate time series reconstructed volumes
with the above method is proposed, which can automatically
suppress the effect from badly reconstructed volumes. The
proposed techniques are verified in simulation as well as in
a real world.

I. INTRODUCTION

Robust hand shape recognition technique is a key
requirement for flexible human computer interface(HCI),
tele-operation and teaching robot behavior. As for teaching
robot behavior, much attention is paid to “Learning from
Observation” paradigm in recent years, in which a robot
system observes a demonstration of manipulation tasks
and learns a procedure of a task automatically for purposes
of reproduction. To reproduce delicate manipulation, ac-
curate recognition of the hand shape is necessary as well
as object recognition, intention understanding, etc.

The approaches to recognize the hand shape can be
divided into two classes; one is to utilize contact-based
sensing devices, such as data gloves, on top of a hand
and measure the hand shape directly[1]. While the other
approach is to recognize the hand shape by using computer
vision techniques, which has the advantage of being a nat-
ural user interface, thus many studies have been attempted
toward this direction so far.

The purpose of our research is to recognize the hand
shape during manipulation tasks by vision, and the issues
to be solved are summarized as follows. (1) What geomet-
ric representation should be reconstructed by vision which
is appropriate for being recognized. (2) How to estimate
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the shape of an articulated object, hand in this case, from
the representation. (3) How to deal with occlusion problem
in that an acquired image may be partially occluded by a
manipulated object.

The basic ideas are (1) to represent a 3D geometry
of a hand from multiple infrared cameras by volume
intersection approach, (2) to extend our 3D robust pose
estimation technique to deal with an articulated object
model and (3) to utilize time series reconstructed volumes
to avoid occlusion problem on the assumption that the
orientation of the hand changes while the joint angles do
not.

In section 11, the related research is referred and the
advantage of our approach is briefly mentioned. In section
I11, a method to reconstruct 3D volumetric representation
from multiple cameras is described. The representation
of a 3D articulated hand model is also described here.
A robust estimation technique for an articulated object
model from a single reconstructed volume is proposed
in section 1V. To apply this technique to a grasping
hand, a simultaneous estimation technique is proposed in
section V which utilizes time series reconstructed volumes
for automatically selecting well reconstructed, i.e. not
much occluded, volumes to be weighted higher in the
recognition process. In section VI, some experimental
results are shown. We conclude in section VII.

Il. RELATED RESEARCH
A. Hand Shape Recognition

Vision based recognition techniques of the hand shape
are ranging from a 2D model fitting from a single camera
system to a 3D model fitting from a multiple cameras
system[2]. Among them, Rehg et al. takes a 2D approach
and deals with self occlusion by utilizing 2D templates of
finger tips which are ordered along z-axis [3]. Delamarre
et al. reconstructs a 3D surface of a hand from a stereo
vision system and estimates the hand shape by shifting a
3D articulated hand model based on virtual forces between



Fig. 1. Intensity Image(left) and Infrared Image(right)

the model surface and the reconstructed hand surface[4].
Ueda et al. reconstructs the hand shape by volume in-
tersection approach using multiple cameras and applies
virtual forces between the 3D reconstructed volume and
an articulated hand surface model [5]. However, most of
the approaches so far assume an empty hand, i.e. a hand
without grasping, so they are not suitable for recognition
of the hand shape during manipulation tasks in which a
hand may be partially occluded by a manipulated object.
Our approach employs a volume intersection technique
similar to [5] to reconstruct 3D representation of a hand.
While they aim for real-time gesture recognition and
efficiency in computation is their main concern, we devel-
oped much robust fitting techniques and time-series hand
motion data are utilized to disregard badly reconstructed
volumes to estimate the shape of a grasping hand.

B. 3D Modéd Fitting

With regard to localization techniques between a rigid
3D geometric model and 3D range data, Besl et al.
proposed iterative closest point (ICP) algorithm which
iteratively searches for the corresponding model vertex to
each 3D range point. Then the optimal correspondence,
i.e. the pose of the model, is calculated by solving the
least squares method using all the correspondences[6].
However ICP is sensitive to outliers, so Wheeler et al.
proposed 3D template matching (3DTM) technique which
utilizes M-estimator from robust statistics to exclude the
effect of outliers[7]. This technique has been used, for
example, to track a manipulated object in 3D space[8].
We extend 3DTM to handle an articulated object model
so that the joint angles as well as the pose of a hand can be
robustly estimated by applying an articulated hand model
to a reconstructed hand volume.

I11. DATA REPRESENTATION
A. Volumetric Reconstruction from Infrared Images

In this study, infrared cameras are selected because the
areas corresponding to a hand silhouette is easily extracted
from infrared images as shown in Fig. 1. Three images are
taken at a time from three infrared cameras whose optical
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Fig. 2. Reconstructed Hand Volume

axes intersect at right angles to each other. A volumetric
representation is generated from three silhouette images by
using volume intersection technique enhanced by Octree
data structure[9] as shown in Fig. 2(left).

The Octree representation is converted to mesh repre-
sentation by applying Marching-cubes algorithm[10] as
shown in Fig. 2(center). To reduce calculation cost later,
this representation is further simplified by applying a mesh
simplification method[11] as shown in Fig. 2(right).

B. Articulated Hand Surface Model

A hand model used in this study is composed of a
kinematic bone model and a surface mesh model.

1) Kinematic Bone Model: The kinematic bone model
is represented by bones in anatomically correct tree-
structure. A connection between bones indicates a joint
and 15 joints (20 D.O.F.) are modeled as shown in Fig.
3(left). In addition to 20 D.O.F. for joints, the bone model
has extra 6 D.O.F.,, 3 D.O.F. for translation and 3 D.O.F.
for rotation, which determines the pose of the entire hand.

Fig. 3. Articulated Hand Model

2) Surface Mesh Model: A surface model of a hand is
constructed by measuring a real hand using a range finder
and a mesh model is generated by the same way as in the
case of hand volume reconstruction.



Then the kinematic bone model and the surface mesh
model are overlapped and each vertex in the surface model
is linked to the corresponding two bones (the nearest
and the second nearest). As a bone rotates about a joint,
all the linked vertices move to a new location which is
determined by weighted interior division of two relative
relations(links); so the mesh model deforms smoothly
around each joint(Fig. 3(right)).

IV. ESTIMATION OF THE HAND SHAPE

The pose and the shape of a reconstructed hand vol-
ume is estimated by fitting the articulated hand model
in 3D space. As a fitting algorithm, 3DTM localization
algorithm[7] is extended to deal with an articulated object
model.

In the subsequent sections, 3DTM algorithm is ex-
plained and the extended 3DTM algorithm is presented.

A. 3DTM

The point r; in the reconstructed volume corresponding
to a point m; in the hand model can be represented with
two parameters, t, a translation vector, and R, a rotation
matrix as Eq.(1).

ri=Rm;+t+ [ Q)

where ( is random 3D noise. If § follows a gaussian
distribution, < R,t > can be estimated by minimizing
Eq.(2) by solving the least squares method.

f(R,t) = Z |Rm; +t — ry|? )

But the real error distribution usually doesn’t follow
a gaussian distribution and the effect of outliers makes
the localization process unstable. Therefore, Wheeler pro-
posed a technique to apply M-estimator to estimate the real
error distribution[7]. M-estimator is a generalized form of
the least squares method and is formulated as Eq.(3).

E(p) = Z p(zi) (3)

where p = (tT,g™)T is the position and the rotation of the
rigid object model and ¢ is a 4 D.O.F. quaternion vector
which is equivalent to R. p(z;) is an arbitrary function of
the error z;(= 3?).

p which minimizes E(p) can be solved from Eq.(4).
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Here, we introduce w(z) as a weight function which
represents an error term as Eq.(5).
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With Eq.(5), Eqg.(4) can be rewritten as Eq.(6). If we
ignore the fact that w(z) is a function of z, this is a form

of weighted least squares.
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In this study, Lorentzian distribution is chosen as a
probability distribution of error to exclude the effect of
outliers and the weight function is defined as follows.
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Eq.(6) can be solved by conjugate gradient search
algorithm and p which minimizes the error is obtained.

B. Extension to an Articulated Model
In section IV-A, E(p) is described as Eq.(8).

Ep) =3 p (IRmi+t—r;]%) ®)
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To handle an articulated model, the above equation is
rewritten as Eq.(9).

E(p.0) =Y p(IBmi(0) +t—r,*) (9

() (%)

where T;(6;) is a 4 x4 homogeneous matrix which takes [-
th joint angle and converts a point in the coordinate frame
of a child link to that of the parent link.

Now the estimation process can be written as follows.

1) repeat

2) p=p,0=0

3) Calculate E(p, 0)

4) Calculate gradient %%9)

5) Estimate new p’ which minimizes E(p’, 8)

6) Calculate E(p’, 0)

7 Calculate gradient %é’e)

8) Estimate new 6" which minimizes E(p’, 8")

9) until |[E(p',0") — E(p,0)| <¢
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Fig. 4. Effect of Simultaneous Estimation

V. SIMULTANEOUS ESTIMATION WITH TEMPORAL
SEQUENCE

A single reconstructed volume may lead to bad estima-
tion because of occlusion caused by a manipulated object
as shown in Fig. 4(left). The ratio of occlusion depends
on the orientation of the hand at that time.

However, in typical manipulation tasks, we can assume
that a demonstrator moves and rotates the manipulated
object without changing grasp itself. In this case, the
recognition ratio can be improved by using temporal
sequence of reconstructed volumes.

In this study, we assume that the shape of the grasp is
not changed during observation and that the rough initial
pose, not shape, of the first time frame is given. The rough
initial pose can be estimated by a random sample approach
or an image template based approach. When the pose
of the first frame is known, the pose in the subsequent
frames can be estimated by applying the proposed fitting
algorithm by setting the previous frame’s pose as the initial
pose of the current frame.

Here a method to suppress the effect of occlusion by
using reconstructed volumes for N continuous frames
simultaneously is proposed.

A. Smultaneous Estimation

From Eq.(9), E(px, @) for each frame £ is described as
Eq.(10).

E(pr.0) = > P (IRemes(0) + t =iy ) (20)
Because 0 is maintained as the same for all the data

from the assumption, the simultaneous estimation is de-
fined as to estimate p;, @ which minimizes Eiotal.

Etotal - Z E(pk; 0) (11)

Fig. 5. Procedure of Fitting

The procedure of estimation is as follows.

1) For each reconstructed result, calculate p},, 6.
2) Calculate 8’ which is the average of 7.
3) repeat

4 p=p...p.=p,0=06

5) Fix @ and calculate p, ..., py iteratively.

6) Fix p,,...,py and calculate 6 iteratively.

7) until ‘Etotal(pllv ce ,PZ, 0,) - Etotal(pp .
9

B. Effect of Smultaneous Estimation

State of each part of each reconstructed volume can be
divided into one of three cases as shown in Fig. 4(right).

1) Complete reconstruction and the accuracy of fitting
is good

2) Incomplete reconstruction and the accuracy of fitting
is good

3) Incomplete reconstruction result and the accuracy of
fitting is bad

If we see the index finger in Fig. 4(right), the index
finger model in the case of 1 is greatly affected by the
reconstructed result which is close to it. On the contrary,
in the case of 2 and 3, no reconstructed volume exist near
the index finger model so the influence of these two cases
are reduced compared to the first case by the effect of
M-estimator. So, the influence to the index finger from
incomplete volumes is suppressed and the accuracy of
fitting is improved.

The above three cases are the extreme cases and the
actual influence is automatically estimated based on the
result of nearest neighbor search at each model point.
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Fig. 6. Result in Simulation

TABLE |
RESULTS FROM SIMULATION

Average error between | Average error between
surface patches [mm] joint angles [deg]

Grasp 1 8.3 135
Grasp 2 10.5 15.8
Grasp 3 10.9 18.2

V1. EXPERIMENT
A. Smulation

As quantitative analysis, the proposed method is applied
to data created in a virtual environment. In this case, the
true value is known and the error can be evaluated.

Fig. 5 shows the case where the hand model is fitted
to the hand volume made from the same hand model. It
shows the effectiveness of the extended 3DTM algorithm
with an articulated object.

Table I shows the recognition error from three different
types of grasp typically appeared in manipulation tasks.

Fig. 6 shows the result of an experiment. With regard to
the index finger, frame 1, 2, 3 correspond to the first case
in section V-B, frame 4 corresponds to the second case
and Frame 5 corresponds to the third case respectively. In
the simultaneous estimation process, the influence of the
result from Frame 4 and Frame 5 is reduced and the total
accuracy keeps higher.

Fig. 7. Experimental Setup

B. Real environment

As in the virtual environment, an experimental setup
whose length is 1500[mm], width is 1500[mm] and height
is 2000[mm] is constructed and 3 infrared cameras, Nikon
Thermal Vision LAIRD-S270, are mounted (Fig. 7).

Experimental result is shown in Fig. 8. The estimation
result seems relatively good, though the accuracy of thumb
is lower compared to the other fingers. This is caused
by the complex kinematic structure of thumb and some
heuristics should be introduced.

VI1I. CONCLUSION

In this paper, a robust 3D shape recognition technique
of an articulated object is proposed. The main contribution
of the proposed technique is that it can recover 3D shape
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Fig. 8. Results in Real Environment

of a hand, joint angles and pose, even if it is partially
occluded by an object. The features of our technique
can be summarized as follows. (1) It is a vision-based
approach, so the motion of the user is not constrained by
any of attached sensors. (2) It estimates large number of
D.O.F. of an articulated object model simultaneously by
using a method from robust statistics which suppresses the
effect of noise and small occlusion. (3) To deal with large
occlusion, time series hand motion are utilized and badly
reconstructed hand volume are automatically rejected.

The proposed technique is verified in a virtual world as
well as in a real world, and the shape of a hand which
grasps various objects are robustly recognized.

Although infrared cameras are used to detect silhouette
of a hand easily, our technique can be applied to normal
color cameras together with a skin detection algorithm.

Future work includes adopting trajectory information of
the hand motion to constrain the possible pose of the hand
and improve the accuracy of estimation.
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