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Abstract. We present an approach for controlling robotic interactions with objects, using synthetic images gen-
erated by morphing shapes. In particular, we attempt the problem of positioning an eye-in-hand robotic system
with respect to objects in the workspace for grasping and manipulation. In our formulation, the grasp position (and
consequently the approach trajectory of the manipulator), varies with each object. The proposed solution to the
problem consists of two parts. First, based on a model-based object recognition framework, images of the objects
taken at the desired grasp pose are stored in a database. The recognition and identification of the grasp position for
an unknown input object (selected from the family of recognizable objects) occurs by morphing its contour to the
templates in the database and using the virtual energy spent during the morph as a dissimilarity measure. In the
second step, the images synthesized during the morph are used to guide the eye-in-hand system and execute the
grasp. The proposed method requires minimal calibration of the system. Furthermore, it conjoins techniques from
shape recognition, computer graphics, and vision-based robot control in a unified engineering framework. Potential
applications range from recognition and positioning with respect to partially-occluded or deformable objects to
planning robotic grasping based on human demonstration.

Keywords: shape recognition, shape morphing, robotic visual servoing, vision-based robot control, vision-based
grasping

1. Introduction

Controlling the interactions of an eye-in-hand system
with a static target is a challenging research problem.
A framework towards the solution of such a problem
involves identification of the desired pose at which
alignment is to occur (a recognition issue), planning
a trajectory for the robot to attain the desired posi-
tion, planning the interactions, and careful calibration
of the system and the environment. In this paper we
consider the problem of grasping objects that have
varying shape complexity and grasp positions by intro-
ducing a new approach to vision-based robot control
based on shape morphing. In the proposed framework
the recognition of the object and, thereby, the iden-

tification of its grasp position; the subsequent trans-
lational and rotational pose alignment of the manip-
ulator with the object; and its movement in depth
are controlled by using the virtual (synthetic) images
from the morph. We use a model-based framework
where the image of each object at a graspable pose
is stored in a database. Given an unknown object in
the workspace, its identity is established by morph-
ing its contours to the shapes in the database and
using a quantification of the morph as a dissimilar-
ity measure. In the case of rigid objects (assuming
correct recognition), thevirtual motion in the morph
plane (see Fig. 1) corresponds to a pose transforma-
tion with respect to astatic virtual camera. The basic
idea of the proposed method is to treat the sequence
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Figure 1. Starting state (top left), goal state (top right), and the
virtual motion (bottom), as represented by successive synthetic im-
ages, in the morph plane.

of synthetic intermediate images as subgoals for an
eye-in-hand system and guide the robot to the desired
orientation and height by mapping the virtual motion in
the morph plane to the actual movements of the robot
in the world.

We begin this paper with an overview of the prior
research in the area of vision-based grasping systems
(Section 2). This is followed by the formulation of the
proposed method in Section 3. Experimental results are
presented in Section 4 and the work is summarized and
some possible directions of future work are outlined in
Section 5.

2. Issues and Prior Research

In recent literature the maturing field of robotic
visual servoing is summarized among others in
a tutorial (Hutchinson et al., 1996) and, in the

following book (Vincze and Hager, 2000). Gener-
ally, vision-based positioning and grasping systems
can be classified asposition-basedor image-based
depending on whether the control error function is com-
puted in the Cartesian space or in the image-plane re-
spectively (Hutchinson et al., 1996; Vincze and Hager,
2000). The basic idea of image-based robotic visual
servoing lies in defining an error between the current
and the desired positions of the manipulator in image
coordinates (Weiss, 1984), such that zero error implies
that the desired end-effector position is reached, regard-
less of the camera position (Hager, 1995). In contrast,
position-based methods allow the direct specification
of the desired relative trajectories in the end-effector
Cartesian coordinate frame.

Different methods, based on both the above have
been proposed for the problem of robotic visual ser-
voing around a static object. One of the earliest meth-
ods is a model reference adaptive control scheme that
was proposed in Weiss et al. (1987). A pre-computed
Jacobian was used in conjunction with an adaptive
control law to control the motion of a robot-camera
system to attain a certain pose with respect to a
static object in Chaumette et al. (1991). In Hasimoto
et al. (1992), a neural-network based approach was
proposed to learn the inverse perspective transforma-
tion based on feature points. It may be noted that
the above mentioned approaches were all tested in
simulation or with idealized objects. A real robot
(Direct Drive Arm II) was used in Papanikolopoulos
and Khosla (1992), where thecontrolled active vision
framework was used for positioning the robot. The
controlled active visionframework was extended to
to the full 6-DoF case with uncertain parameters in
Papanikolopoulos et al. (1995). This paper also ad-
dresses the limitations and the assumptions involved
in extracting 6D information from 2D images. An ex-
tension of this approach for grasping static and moving
objects can be found in Smith and Papanikolopoulos
(1996). Based on geometric cues obtained from the
environment, a calibration free approach for manipu-
lating a randomly placed part is formulated in Ghosh
et al. (1996). In this work calibration is performed as
a part of the estimation, planning and tracking pro-
cess. In Hager (1995) results from projective geom-
etry are used to design a calibration free approach.
A system based on a pure position-based approach is
presented in Wilson et al. (1996). A hybrid approach
is proposed in Malis et al. (1998, 1999), where the
control error function is computed partly in the 2D
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image plane and partly in the 3D Cartesian space.
Allotta and Colombo (1999) discuss the use of linear
models in the camera-object interaction. Their system
includes a planner, a robot controller, and a visual anal-
ysis module. Gangloff, De Mathelin and Abba (1999)
have presented a very fast visual servoing scheme for
3-D profile following by a 6-DoF manipulator. While
their vision processing covers simple objects, their con-
trol structure is innovative compared to relevant work
in the area. Janabi-Sharifi and Wilson (1998) intro-
duce a planning strategy for vision-based grasping.
Salganicoff, Ungar, and Bajcsy (1996) discuss learn-
ing strategies for vision-based grasping. Finally, visual
servoing techniques have also been used in various ap-
plications (Corke et al., 1998; Joshi and Sanderson,
1998).

While much of the early research in vision-based ser-
voing (Chaumette and Rives, 1990; Chaumette et al.,
1991; Feddema and Lee, 1990; Weiss et al., 1987) in-
volved precise off-line calibration, such systems usu-
ally suffered from lack of accuracy outside the regions
where they are calibrated (Yoshimi and Allen, 1995). In
contrast, recent work has focused on the use of on-line
estimation of the calibration (Ghosh et al., 1996; Hager,
1995; Papanikolopoulos and Khosla, 1993; Yoshimi
and Allen, 1995; Papanikolopoulos et al., 1995). Al-
though these methods are less sensitive to calibration
errors, it is worth mentioning that they primarily focus
on the vision based control aspects of the problem and
either do not consider formulations where the required
alignment pose may vary with the object (Ghosh et al.,
1996; Yoshimi and Allen, 1995) or involve manual se-
lection of features which are used to reduce the image
error and thereby control the manipulator (Hager 1995;
Papanikolopoulos and Khosla, 1993; Vikramaditya and
Nelson, 1999). Finally, they all formulate the error to
the goal point as a standard minimization problem with-
out trajectory control through the state space (image
plane).

Robotic grasping research can be broadly catego-
rized into two groups: empirical and analytical (Hester
et al., 1999). Empirical methods mimic human selec-
tion of grasp point and pre-shape while analytical meth-
ods determine a set of contact locations that satisfy
kinematic and dynamic constraints. Most of this work,
both empirical (e.g., Borst et al., 1999; Voyles and
Khosla, 1999) and analytical (e.g., Hester et al., 1999),
has been directed toward multi-fingered hands with
high complexity. Our immediate interest is in parallel-
jaw grippers and pinch-type grasps.

Studies on parallel-jaw grippers have largely been
analytical, due to the simplicity of considering poly-
gons. Ferrari and Canny (1992) planned optimal grasps
of hypothetical planar polygonal objects with two- and
three-jaw grippers. They assumed the dimensions of the
edges of the object were comparable to the width of the
finger and tested all possible configurations of planar
gripper and object without concern for mass properties
of the object. Smith et al. (1999) included center-of-
mass information to suggest a variety of ranked “grips”
for the cross-section of a part under design. Polygo-
nal cross sections on the order of tens of vertices take
on the order of seconds to compute. Both these meth-
ods are based on geometric models of the polygons.
Perrin et al. (2000) perform a similar analysis of grips
based on real-time visual feedback in tracking real ob-
ject contours using deformable snakes, but center of
mass is visually estimated so asymmetric objects like
hammers may fail.

An example of an empirical approach with parallel-
jaw grippers is embodied in “learning by watching”
(Kuniyoshi et al., 1994). They model the human hand
as a parallel-jaw gripper and grasp an object in the same
location that a human does. They assume the human
considers possible asymmetries of the center of mass
and other material properties that may affect the success
of the grasp and accept the grasp point selection of the
human.

3. The Proposed Method

In a realistic setting, the grasp location as well as the
alignment position from which a grasp can occur, vary
with each object. For example, the object in Fig. 1 is
designed and balanced for grasping at the narrow han-
dle with primary grasp forces exerted perpendicular to
the major axis of the device. Attempting to grasp at
the smooth, sloping centroid of the object is not robust,
nor is grasping at the handle with the wrong orienta-
tion. In a generic setting, grasping any (graspable) ob-
ject in the workspace, involves solving the following
sub-problems:

1. Identification of the grasp points for the object.
2. Trajectory generation for the manipulator from its

current position to the position from which the grasp
can occur. This involves:

• Translational and rotational positioning of the
end-effector at an appropriate approach point with
respect to the object.
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• Movement in depth (approach) to execute the
grasp.

3. Calibration between the image plane and the world.

In this paper we consider the problem of vision-
directed grasping of objects based on a conceptually
new framework involving image morphing. The pro-
posed approach allows us to treat issues related to
recognition, trajectory generation and on-line calibra-
tion in a unified manner. Although there are many pos-
sible ways to identify the grasp points of an object, for
the purposes of this paper, we assume that the object
to be grasped comes from a known set of objects (a
model-based framework). Furthermore, we require a
learning step where the grasp position and the desired
orientation of each object, at grasp execution, are spec-
ified by the user. Thereby, each template in the model-
based framework encodes object identity as well as rel-
ative object-gripper pose for grasping. This effectively
equates the problem of grasp point identification with
object recognition.

The aforementioned formulation induces the follow-
ing operational division (similar to Malis et al., 1998),
of the the positioning and grasping problem:

1. Off-line learning: The eye-in-hand system is
moved to the alignment position with respect to an
object. The alignment is such that the gripper is di-
rectly above the grasp position of the object. The
view of the object is captured and stored in an im-
age database.

2. Visual servoing: After the camera and/or the target
has moved, the camera motion is controlled so that
the visual error between the current view of the ob-
ject and its reference view (obtained in the previous
step) is reduced to zero.

The first step creates a database of images where each
image represents the desired view of the object and
specifies the pose which the manipulator must attain to
approach and grasp the object. The alignment and grasp
positions can be arbitrarily defined and are neither lim-
ited by assumptions on object shape, nor depend on
hand-crafted rules for their definition.

During the second step, a given unknown input ob-
ject is compared at run time with the models acquired
and stored in the database by using shape morphing.
The comparison is based on determining a quantifica-
tion of the non-rigid deformations of the input object
contours to the models stored as templates. Of primary

importance, in the present context, is the sequence of
virtual imagesgenerated during the morph that de-
scribe the progressive transformation of the input (both
in terms of its shape and pose) to the template (see
Fig. 1). These images are used as subgoals to guide an
eye-in-hand robotic system to attain the desired pose
and then grasp the identified object in its workspace.

In summary, the proposed framework treats the
problem of vision-based robotic grasping in terms of
solutions to the following sub-problems:

1. The recognition problem: Determination of the
object’s identity and (by definition) its alignment
position and the object-relative grasp location.

2. Translational and rotational alignment: Position-
ing the end-effector with respect to the target in
terms of translation and rotation.

3. Grasp execution: Controlling the movement of the
end-effector in depth so as to execute the grasp.

3.1. The Recognition Problem

Let SI = [SI
0, . . . , SI

n ] and ST = [ST
0 , . . . , ST

n ] be the
point sets representing the input and the target con-
tours, respectively. The morph of shapeSI to shape
ST is defined by a sequence of intermediate shapes,
that are generated by a cross dissolve operation on the
corresponding points of the two shapes:

S(t) = uSI + tST

= [
uSI

0 + t ST
0 , uSI

1 + t ST
1 , . . . ,uSI

n + t ST
n

]
= [S0(t), S1(t), . . . , Sn(t)] (1)

whereu= 1− t . Si (t) is the ith contour point in the
intermediate shape, formed at timet . The time param-
eter t is normalized to the interval [0, 1]. In practice,
the contours of the object are approximated by using
a segmentation algorithm. In this work, we use the
following segmentation technique: Given a contour,
the algorithm (Ray and Ray, 1993) is applied to get
its piecewise linear approximation. For each segmen-
tation point thus obtained, the curvature is computed
and points with high curvature are retained. A merging
step is then executed to remove points due to noise or
quantization errors. The proposed segmentation tech-
nique provides low approximation errors and consis-
tent placement of segmentation points. Details of this
technique and its performance can be found in Singh
and Papanikolopoulos (2000). It may be pointed out



Shape Morphing-Based Control of Robotic Visual Servoing 321

that if the input objects undergo substantial deforma-
tions (examples include hand-drawings or objects with
significant occlusions), it may be desirable to use a seg-
mentation algorithm that is not based on reducing an
error norm, as we have chosen. Segmentation strate-
gies based on the automatic detection of perceptually
important points could be used in such cases (Brault
and Plamondon, 1993; Pavlidis et al., 1998).

Since the contoursSI andST , in general, have differ-
ent number of segmentation points, for the morph (as
described by Eq. (1)) to occur, a point correspondence
between the input and the target shapes is required,
such that every segmentation point on the input contour
corresponds to at least one segmentation point on the
target contour and vice versa. To find an optimal corre-
spondence (and thereby an optimal morph), we follow
a strategy that is motivated by the physics-based ap-
proach to shape blending (Sederberg and Greenwood,
1992) and define the cost of a point correspondence as
the sum of stretching and bending energies required to
bring about the correspondence. The stretching energy
is computed for every segment (pair of points) and is
defined as:

Es= ks
(LT − L O)

2− (L I − L O)
2

(1− cs)Lmin+ csLmax
(2)

where

Lmin= min(L O, . . . , L I , LT )

and

Lmax= max(L O, . . . , L I , LT )

In Eq. (2) Es denotes the stretching energy spent
in the current deformation,L O, L I , and LT denote
the segment lengths at the beginning, before the cur-
rent deformation, and after the current deformation, re-
spectively. The termcs corresponds to the penalty for
segments collapsing to points andks is the stretching
stiffness parameter. The bending energyEb is com-
puted for point triplets and denotes the cost of angular
deformation.

Eb= |kb[(φT − φO)
2− (φI − φO)

2]| (3)

wherekb indicates bending stiffness,φO represents the
original angle, andφI andφT denote the angle before
the current deformation and the angle after the current
deformation, respectively.

The optimal morph, between two contours is de-
fined by the correspondence requiring the least stretch-
ing and bending energy. By constraining the deforma-
tions at the segmentation points, the following optimal
substructure property may be observed: The optimum
cost of the point correspondence(SI

i , ST
j ) equals the

optimum cost of the previous point correspondence
(SI

i−1, ST
j ) or (SI

i−1, ST
j−1) or (SI

i , ST
j−1) and the cost

of establishing the correspondence(SI
i , ST

j ). Based on
the above, an efficient (O(mn)) dynamic programming
scheme can be constructed for morphing a contourCA

with m points to anotherCB havingn points. Since the
energy computation described above, requires a start-
ing point correspondence, we define the optimal mor-
phing between two contoursCA andCB as:

Dmorph(A, B)= min
Ä

E(CA,CB) (4)

Here,Ä denotes the set of all starting point correspon-
dences between the contoursCA andCB.

In Fig. 2, an example of the adjustment in the num-
ber of segmentation points is shown for the contour
of an object. The optimal starting correspondence ob-
tained from the morph is depicted by the unbroken ar-
row. Examples of segmentation point adjustment are
shown with dashed arrows. The reader may note, that
the correspondences associated with the segmenta-
tion point adjustments are optimal in the sense that
they minimize the stretching and bending energies

Figure 2. Adjustment of the number of segmentation points during
the morph.
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required to transform the input shape to the target
shape.

Owing to the fact that the energy measures (Eqs. (2)
and (3)) used in the morph depend on the relative po-
sition of the contour points of an object and not their
absolute position, they are invariant to translation and
rotation. Invariance to scale changes is achieved by
mapping the shapes to a unit square. This allows for
correct recognition in cases when the training sam-
ple (template) is captured at a different height than
that at which recognition and grasping experiments are
conducted.

The formulation of the morph, as defined above, uses
a linear cross dissolve operation (Eq. (1)). Therefore, it
does not, by itself, guaranteephysically validinterme-
diate shapes between images of the same object, unless
the input and the target contours have rotational align-
ment. Specifically, the lack of physical validity may
be manifested by a cross-over of the object contours
during the intermediate morphs. (Imagine the segmen-
tation points in Fig. 2 switching places gradually from
initial image to final image. The respective trajecto-
ries (denoted by the dotted arrows) would cross over
at the mid point, creating invalid intermediate images.)
This may be avoided by including in the morph a rec-
tification of the rigid transformations (translation and
rotation) between the input and the target shapes, by
warping them prior to the application of Eq. (1). The
rectification of the rigid transformations is based on
the observation that, during the recognition process,
the computation of the optimal morph provides a point
correspondence which is invariant to translation and
rotation of the corresponding objects. This correspon-
dence can therefore be used to estimate the elongation
vectors for the input and the target shapes. The transla-
tional discrepancy between the centers of the input and
the target elongation vectors is used for translational
rectification between the images. The rotation between
the two shapes is estimated by computing the angle
between the elongation vectors, about their center, af-
ter translation rectification. Correction of the rotational
discrepancy occurs by generating virtual images in the
direction of the smaller angle of rotation. The recti-
fication of the rigid transformations (translation and
rotation) involves an update of the coordinates of the
input and does not affect the correspondences that were
obtained during the computation of the minimal en-
ergy. These correspondences along with the updated
coordinate values of the input are used to rectify the
deformations between it and the target.

3.2. Translational and Rotational Alignment
using Synthetic Images

Let {W} denote the world frame,{R} the robot end-
effector frame, and{C} the camera tool frame. Let also
the morph plane be denoted by{I } and the object frame
by {O}. The relations between these coordinate frames
can be described by the following homogeneous trans-
formations:

• W
RTi : Describes the pose of the end-effector in the
world frame at time instanti . This transformation is
known at any time instant.
• R

CT : The constant transformation between the robot
end-effector and the camera (unknown).
• C

OTi : Denotes the object in the camera frame and is
unknown.
• C

I T : The image projection transformation. This
transformation is assumed known from an off-line
calibration step, but it could be automatically de-
duced. In the equations below, we useI

CT which is
the inverse of the transformationCI T .
• I

OTi : The transformation describing the object in the
image plane at time instanti . This transformation is
assumed to be known.
• W

OT : The transformation between the object frame
and the world frame which is unknown.

A graphical depiction of these transforms and their
interrelationship is shown in Fig. 3. The series of trans-
formations may be arranged in two loops, denoted as A
and B, respectively. These loops are coupled mathemat-
ically by the transformC

OTi . The subscripti is omitted
from the transformations for brevity, when from the
context it is clear that the relation holds across all time
instants.

The object frame can be related to the world frame
and the image frame based on the following relations:

W
OT = W

RT R
CT C

OT (5)
I

OT = I
CT C

OT (6)

Denoting the initial and the goal transformation be-
tween the object and the image frames byI

OT0

and I
OTgoal respectively, we have from loop B of

Fig. 3

I
OT0= I

CT C
OT0 (7)

Let the transformation from the initial state to the goal
state in the morph plane be denoted asI

MTgoal. Letting
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Figure 3. Various coordinate frames and their relationships.

the intermediate transformation between the camera
and the object to beCOTi , we obtain the following rela-
tionships

I
OTgoal= I

MT−1
goal

I
OT0= I

CT C
OTi (8)

Replacing from Eq. (6), the value ofI
OT0 in Eq. (8) and

solving for C
OTi , we get

C
OTi = I

C T−1 I
M T−1

goal
I

C T C
OT0 (9)

But from Eq. (5), we have forCO T0

C
OT0= R

CT−1 W
RT−1

0
W
O T (10)

Replacing this value in the previous equation, we get

C
OTi = I

CT−1 I
MT−1

goal
I

CT R
CT−1 W

R T−1
0

W
O T (11)

Let us now consider the relationship described in loop
A of Fig. 3 and expressed by Eq. (10). LetRTid be the

desired motion of the robot at the intermediate stagei .
We then have

W
RTi =W

RT0
RTid (12)

Replacing in Eq. (10), the value ofW
R T−1

i , from Eq.
(12), we obtain the following relationship forCO Ti

C
OTi = R

CT−1 RT−1
id

W
RT−1

0
W
OT (13)

From the above equation, we obtain the following ex-
pression forRT−1

id
:

RT−1
id
= R

C T C
OTi

W
O T−1 W

RT0 (14)

Using the value ofCOTi from Eq. (11), replacing it in
the above equation and simplifying, we finally have

RTid = R
C T I

CT−1 I
MTgoal

I
CT R

CT−1 (15)
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If the calibration transformR
CT was known, Eq. (15)

could be used to align the eye-in-hand system at the
desired position with the object. However, we have
assumed no knowledge of this calibration matrix. In-
stead, we estimate it on-line using the intermediate im-
ages that result from the morph sequence. We start
with an arbitrary estimation ofRCT and use each in-
termediate virtual image as a sub-goal. The deviation
between the actual and the desired trajectory is then
computed by morphing the actual view of the object to
the current virtual image being used as a sub-goal. The
error transformation thus obtained is used to update
(with possible averaging), the estimation ofR

CT . The
translational displacement, it may be noted, can only
be estimated up to a scale factor. We therefore, fol-
low an approach similar to that in Malis et al. (1998)
and estimate the scale factor using the ratio of the de-
sired move to the actual move. In the current imple-
mentation we first align the end-effector in terms of
the translation and then account for the rotations. The
latter step may be followed by a set of translational
corrections if the grasp position of the object is not
around its centroid (in such a case executing the ro-
tations may induce a translational misalignment). It is
possible, to interleave the positional alignment steps
with recognition, where the real view of the object af-
ter each move is morphed to the database to verify
the object identity. This setup is useful in situations
where the workplace may have multiple, possibly self-
occluding, objects or in cases where the distance of the
object from the end-effector causes severe contour dis-
tortions and may lead to incorrect initial recognition.
Another important parameter in the proposed frame-
work is the number of intermediate synthetic images
generated. Using very few intermediate images would
lead to non-smooth manipulator trajectories and slow
convergence of the calibration estimation, while using
too many images would slow down the manipulator
motion. In our experiments, typically, the morph be-
tween any two shapes (real-real or real-synthetic) was
uniformly sampled at five instances, to give five inter-
mediate synthetic images.

3.3. Grasping using Virtual Images

After the translational and rotational alignment has
occurred, the end-effector is positioned such that the
desired trajectory for the grasp can be achieved by mov-
ing the manipulator along theZ-axis of the end-effector
frame. However, control of the entire downward motion

till the grasp point by using contour morphing is infea-
sible due to the fact that at close proximity of the end-
effector to the object, the object contour falls outside
the image window. A possible solution to this is the
use of artificially placed features inside the object re-
gions (Malis et al., 1998; Smith and Papanikolopoulos,
1996). Such an approach may however, constrain the
applicability of the system. In our work we solve this
problem by storing the distance-to-grasp along with the
image of the object during the off-line learning phase.
Typically, the distance-to-grasp is measured and stored
from the minimal height of the gripper over the object.
The minimal height is determined as the closest vertical
proximity of the gripper to the object at which the ob-
ject’s image is completely contained in the processing
window. It may be of interest to note that this type of
information can also be derived from systems that are
built around theprogramming by human demonstration
paradigm, where an instrumented human demonstrates
the task to be performed and via points are automati-
cally extracted (Voyles and Khosla, 1999). The frame-
work used by us to control the motion of the manipu-
lator along theZ-axis of the end-effector frame is not
limited to the distance-to-grasp information collected
from a minimal height above the object. Specifically,
the test case may have a manipulator at a position that
is closer to the object than the training case where the
distance-to-grasp information was collected (as long
as the object contour is in the image window). An ex-
ample of this situation is presented in the experimental
results (Section 4).

Our approach towards controlling the movement of
the robot along theZ axis is based on the concept of the
focus of expansionof the camera (Horn, 1986). This is
justified by the fact that the robot motion after pose-
alignment is along theZ axis of the end-effector frame,
which coincides with the optical axis of the camera.
The focus of expansion, thus is the center of the image
plane. In this setting, the rate of expansion of the im-
age is proportional to the distance of the end-effector
from the object. Controlling the movement in theZ
axis is based on the above observation. A sequence of
images is synthesized by morphing the current view
of the object and the view stored in the database with-
out size normalization. The primary change exhibited
in the morph is in the size of the synthesized images,
where the size of a real or virtual image is computed
as the number of pixels that fall inside its contour. The
motion of the manipulator is guided by comparing the
size of the object in the image plane with the size of the
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corresponding synthesized image. The transformation
that maps the change in the image size to the motion of
the robot is estimated on-line by using the relationships
derived in the following:

Let {I } and {R} denote the morph plane and the
robot end-effector frame respectively. Further, letR

I Tz

denote the true (unknown) transform from{I } to {R},
that maps the rate of expansion of the image to the
movement of the robot inZ. Let R

I T̃z be its current
estimate of this mapping. IfI Ed is the desired size
change in the image plane, we have

RT̃
z
d= R

I T̃
z IEd (16)

whereRT̃
z
d is the actual motion command sent to the

robot based on the current estimation of the mapping
R
I T̃z. The resultant changeI Ta, in the image size due
to this motion can be defined as:

ITa= R
I Tz−1 RT̃z

d (17)

Let ITz
error be the error defined in the image plane.

ITz
error is computed after every move of the robot in

Z. We define this error as the absolute value of the
difference between the expected and the actual size of
the object in the image plane.I Tz

error may therefore be
expressed as follows:

ITz
error= IEd − R

I Tz−1 RT̃z
d (18)

Note that the expected image size may be defined either
by using the intermediate virtual images generated dur-
ing the morph, or by using the template image. Com-
bining Eqs. (16) and (17) we get,

ITz
error= R

I T̃
z−1 RT̃z

d − R
I T

z−1 RT̃z
d (19)

By rearranging terms we get the error between the in-
verses of the estimated and actual mappings:

ITz
error

RT̃z
d
−1= R

I T̃z−1− R
I Tz−1

(20)

So the new estimate of the mapping,R
I T̃z′, becomes

R
I T̃

z′ = (R
I T̃z−1− I Tz

error
RT̃z

d
−1)−1

(21)

which we can use either directly to replace the old es-
timate or perform some filtering to update the estimate
in a more controlled fashion to reduce sensitivity to
noise.

In Fig. 4 the manipulator views during different
stages of the positioning in depth for a tape dispenser
are shown. The desired view of the object correspond-
ing to the height the manipulator needs to attain, is
shown in black borders in the lower row. The view
at the starting state (after translational and rotational
alignment), is shown in the leftmost image of the
top row. In the proposed method, the mapping be-
tween the required change in the image size and the
corresponding movement in depth, is learnt on-line.
This may cause the manipulator movement in depth
to be non-monotonic. An example is the given case,
where the first and the third moves along theZ axis,
bring the end-effector closer to the object than is de-
sired. The movement of the gripper for this case is
plotted in Fig. 13.

In summary, the proposed approach of controlling
manipulator interactions with objects using shape mor-
phing, consists of the following steps:

1. Shape recognition: The shape model, most similar
to the input, in terms of the stretching and bending
energies is determined. The identity of the closest
shape is obtained by using the optimal substructure
property described above.

2. Rectification of rigid transformations: The elonga-
tion vectors for the input and the target shapes are
computed. These are used to recover and rectify the
translational and rotational differences. The coordi-
nates of the input shape are updated to reflect the
rectification.

3. Rectification of deformations: The updated coor-
dinate values of the input along with the corre-
spondences computed during the recognition stage
are used for rectifying the deformations using
Eq. (1).

4. Translational and rotational alignment: Based on
the virtual images generated during the morph the
gripper is aligned over the grasp position of the ob-
ject. The motion of the end-effector is controlled
using the relation described in Eq. (15).

5. Grasp execution: After the translational and ro-
tational alignment is complete, a morph sequence
is generated without size normalization. Based on
the changes in the size of the virtual images,
the motion of the manipulator is controlled using
Eq. (21). On reaching the minimal attainable height
over the object, the distance to grasp information
stored in the database is used to execute the final
approach.
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Figure 4. Different stages during the positioning of the manipulator in depth for grasping a tape dispenser.

4. Experimental Results

The method has been used for positioning a PUMA
560 manipulator with respect to planar objects as well
as positioning and grasping 3D objects using their
planar projections. The experimental setup consisted of
an IRIX Indigo workstation for generating the morphs.
The results from morphing were communicated to the
eye-in-hand system, which consisted of a PUMA 560

Figure 5. Objects used in the pose alignment and grasping experiments.

manipulator with a custom real-time controller to cir-
cumvent VAL.

A set of sixteen objects having varying shape com-
plexity were used in the recognition and grasping
experiments. These objects are shown in Fig. 6. Po-
sitioning and grasping experiments were conducted on
a subset of six objects chosen from this set, which
are shown in Fig. 5. These objects were specifically
selected to test the system’s ability to servo objects
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with similar contours (object 2 and object 5), objects
having non-convex shapes (object 1 and object 3), ob-
jects whose shapes may not be perfectly rigid (object 6,
where the pliers may be open to varying extents), and
objects that can only be grasped at precise locations due
to shape, size, or functionality constraints (object 1 at
the top of the handle, object 2 at the top of the stapler,
and object 4 precisely at the middle, around the tape).

During the off-line learning phase, a single image of
each object at a graspable pose was stored as a tem-
plate in the image database and the image was an-
notated with the corresponding distance-to-grasp in-
formation. The positioning and grasping experiments
were conducted by placing the eye-in-hand system over
the workspace, looking down. For the grasping experi-
ments, the starting height of the manipulator was varied
for each object. The objects were randomly placed at
a different position and orientation within the field of
view of the eye-in-hand system. For objects like the pair
of pliers, non-rigid shape changes like opening them
to different extents were also included. The contour
of each object was extracted after moment-preserving
thresholding and segmented using the algorithm out-
lined in Section III-A. The value of its morph to the
templates in the database, was used as a dissimilarity
measure to determined its identity. We note that in the
current setting only one object was presented to the
robot at a time and therefore the decision regarding
which object to servo was not required. In a setting
involving multiple objects, the current framework can
be applied by extracting each blob corresponding to a
given object, followed by contour detection and then
morphing the contour-based shape descriptions to the
templates in the database.

In Table 1, the average dissimilarity measure
values over test instances for each object from our
database are shown. The values in the table repre-
sent the average quantification of the optimal energy

Table 1. Recognition results for the set of objects.

Templates
Test
shapes 1 2 3 4 5 6

1 257.87 672.65 862.61 648.74 585.11 686.62

2 512.91 64.45 1296.70 125.87 148.10 215.85

3 997.98 1269.90 249.26 1079.30 1137.70 1178.50

4 579.06 207.46 1044.50 90.73 205.02 253.35

5 454.38 119.63 1169.20 155.61 39.08 101.14

6 637.74 193.19 1282.70 199.74 129.43 64.38

required for transforming eachtest shapeto the cor-
responding storedtemplate. The lowest value of the
dissimilarity measure (energy spent in morphing), in-
dicating the best match is underlined. For the given test
instances, no mis-recognitions occurred. For the com-
plete set of objects depicted in Fig. 6, an overall recog-
nition rate of over 98 percent was obtained by using this
method. Analysis and details of the recognition experi-
ments on this set of objects as well as other deformable
shapes may be found in Singh and Papanikolopoulos
(2000). There, the reader can also find a formal analysis
of the metric properties of the morph-based dissimilar-
ity measure. In Singh and Papanikolopoulos (2000),
we describe how the metric property, used in conjunc-
tion with predefined reference shapes can significantly
reduce the recognition time by allowing retrieval of
the correct template without an exhaustive search of
the database. The basic idea lies in relating templates
in the database to a predefined reference shape. The
morph of a test shape to the reference shape then pro-
vides a criterion (based on the triangle inequality) for
eliminating templates that are vastly different from the
input without actually computing the morph between
them. The processing and recognition time, using the
above idea, was less than one second per test shape, for
the entire set of templates (shown in Fig. 6), with the
current hardware.

After the identity of an input object was estab-
lished from the morph, the images generated during
the morph were successively used as sub-goals to guide
the manipulator to the correct alignment position. After
each move of the manipulator, the image of the object
obtained from the current position was morphed to the
virtual image serving as the current sub-goal. The cor-
responding morph value (asub-morph), in this case,
indicated the local error in the image plane of the tra-
jectory sub-goal. The pose difference between the two
was used to update the estimated calibration matrix and
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Figure 6. The set of all objects used in recognition experiments (of which six are used in the positioning and grasping experiments described
in this paper).
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move the manipulator to a new position. When the pose
difference between the actual image and the virtual
images became less than a threshold (empirically de-
fined to be 0.10 radians for rotation and within five
pixels inX andY for translation), the next virtual im-
age from the morph sequence was used. The process
terminated when all the images generated in the morph
had been utilized.

The movement in depth was controlled such that the
size of the object (as defined by the number of pixels in-
side the contour) was within 3% of the template. From
this point, the final movement in depth (the approach)
was done using the offset information collected in the
learning stage. A simple example of positioning the ma-
nipulator in terms of rotation of the end-effector based
on the synthetic images generated in Fig. 7 is shown

Figure 7. Contour morph sequence for the pliers. The first and the last images show the input and the desired orientations. All the intermediate
images are synthesized during the morph.

Figure 8. Pose (rotational) alignment for a pair of pliers: The views obtained from the eye-in-hand system are interleaved with the virtual
images generated by the morph. Initial and target frames are shown in black borders. The robot initially starts moving the wrong way due to
unknown transformation of the camera. As it moves, it estimates the transform and gets on track.

in Fig. 8. Here, the images of the object observed by
the manipulator during the pose alignment process are
shown interleaved with the synthetic images generated
during the morph. Each synthetic image (shown as the
object contour and numbered 1 through 5) corresponds
to a view from a desired position which the manip-
ulator needs to attain. The real views of the object,
obtained by using a synthetic image as a subgoal are
superscripted with the same number as the correspond-
ing synthetic sub-goal and alphabetically subscripted
to show their ordering by time. In this example, the eye-
in-hand system is required to rotate clockwise to reach
the desired alignment. However, due to the unknown
calibration transform,RCT , it initially rotates counter-
clockwise (view 1a and view 1b). As the calibration
is updated the manipulator moves correctly to reach
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Figure 9. Experimental results for a pair of pliers. The images on the left indicate the starting view (top) and the desired view (bottom). The
first graph shows the decrease in the angular error, with respect to the final desired pose. The second graph shows the change in the angular error
as each new sub-goal is introduced to guide the manipulator to the desired alignment position.

the sub-goal in terms of the aforementioned predefined
threshold (views 1c through 1e). At this point, the next
synthetic image is introduced. The effect of the on-
line estimating of the calibration on convergence can
be noticed, as from this stage onwards (images 2, 3,
4, and 5), only a single move is required to reach the
corresponding sub-goals.

In Fig. 9, two plots describing the above experiment
are shown. The start and the target views are shown,
respectively in the top left and bottom left images of
this figure. The first plot describes the error from the
desired rotational alignment as a function of the moves
made by the manipulator. The increase in the rotational
error, as depicted in the initial part of the process is due
to the absence of calibration information. As described
in the previous paragraph, the motion executed by the
manipulator, is guided by the synthetic images gener-
ated from the morph. In the second plot, this is profiled
by plotting the error between each real image and the
corresponding sub-goal (synthetic image). As the ma-
nipulator achieves a sub-goal, a decrease in the error
can be observed for the corresponding move number
(modulo the threshold). At this point, a new synthetic
image is introduced as a sub-goal, causing the error to
increase and giving the plot a non-monotonic fluctuat-
ing character.

Results from a translational alignment experiment
with a wedge are shown in Fig. 10. Since there is no
rotation in this case, the errors are measured in pixels

(image coordinates) and Cartesian displacement (world
coordinates). The changes in the alignment error, in the
morph plane (left) and world coordinates (right) are
depicted in the top row. The lower left graph depicts
the changes in the error as the translation converges to
each sub-goal and a new synthetic image is introduced
to define the next sub-goal. The bottom right graph
shows the trajectory of the gripper from the start till
the end of the experiment. It may be noted from this
plot, how the lack of calibration estimation causes the
robot to move in the wrong direction initially.

In Figs. 11–14, we respectively present the results of
grasping a prism, vacuum cleaner, tape dispenser, and
a stapler. Each of these objects was arbitrarily placed in
the workspace of the manipulator. The results for the
prism are presented in Fig. 11. In this case attaining
the desired position required the manipulator to exe-
cute translational motion only (no rotational misalign-
ment). Furthermore, the uniform nature of the object’s
shape allowed a straightforward definition of the grasp
position around the center of the prism. However, for
this experiment, the gripper was placedcloser to the
object in the test case than in the training case, where
the object view annotated with thedistance to grasp
information was captured. Therefore, the manipulator
had to reach a pointhigher than where it started, to
use the distance-to-grasp information and execute the
grasp. The change in the translational error in the morph
plane is shown in part (b). The oscillations in the error
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Figure 10. Translational pose alignment with a wedge. In the top row, the error from the desired pose in the morph plane is plotted on the left
while the error from the desired pose in world coordinates is plotted on the right. The pose error between each virtual image (sub-goal) and its
corresponding real image is shown in the left graph in the bottom row. In the right graph the planar trajectory of the gripper is depicted in world
coordinates.

plot caused due to the introduction of a new synthetic
images can be seen in part (c), where the error is plotted
with respect to each sub-goal. The alignment of the ma-
nipulator to the object, in world coordinates is shown
in part (d). In part (e), the trajectory of the gripper, as it
executes the grasp is shown. Note, that the distance-to-
grasp information was computed from a point that was
over two feet above the object. The final approach was
therefore done in two moves (move number 5 and 6)
to circumvent controller thresholds on the maximum
distance the end-effector could be displaced in a single
move. The trajectory of the manipulator is shown in
part (f).

In Fig. 12 plots describing the grasping of a vacuum
cleaner are presented. For this object, the grasp posi-
tion was defined on the narrow handle (and was there-
fore offset from the centroid of the image). Attaining

the grasp position required the eye-in-hand system to
position itself in terms of both translation and rota-
tion. Plots (b), (c), and (d) profile the translational
alignment process. The rotational alignment is depicted
in plot (e) (error in the morph plane) and plot (f)
(error in world coordinates). The reader may note the
overrotation of the end-effector in move 2. Further-
more, since the grasp point is offset from the centroid
of the object, rotational correction induces errors in
translational alignment, that need to be rectified after
the rotational alignment is complete. This effect can
be seen in graph (d) where 19 moves are required to
complete the translational alignment. In this experi-
ment, the height of the end-effector above the object
was the same for both the training and test cases. No
height adjustment was therefore required and the stored
distance-to-grasp information could be directly used to
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Figure 11. Results of translational pose alignment and grasping of a prism: (a) View at start (left) and desired view (right). (b) Error in the
morph plane from the final position. (c) Error in the morph plane with respect to each virtual image used as a sub-goal. (d) Error in the world
coordinates. (e) Movement in depth. (f) Trajectory during the alignment.

plan the final approach. This is depicted by the smooth
monotonically decreasing graph in part (g). The over-
all trajectory of the manipulator in world coordinates
is shown in the final graph.

Object 4 (the tape dispenser) considered by us was
interesting because, unlike the other shapes, it could
fit the gripper exactly about its middle only. Due to
the curved nature of its surface, even very small de-
viations from this position (about 0.5 cm), rendered
the object ungraspable. Using the proposed method,
the object was successfully grasped in every experi-
mental run. Results from one such run are shown in
Fig. 13. Since the grasp position was very close to the
object center, unlike the previous example, rotational

alignment did not induce translational errors. In part
(h) of this figure, the graph depicts the movements
of the end effector as it positions itself to execute
the grasp. This corresponds to the images shown in
Fig. 4.

The results of grasping the final object (Stapler)
are depicted in Fig. 14. In this example, one can note
the distortions caused due to the viewing angle in the
first image (part (a)). However, this distortions did not
effect the recognition of the object. Since the grasp
position for this object is at its top (offset from the
center), rotational alignment, when following transla-
tional alignment, induced errors that had to be rectified
by translating the end-effector. This effect caused the
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Figure 12. Grasping a vacuum cleaner: (a) View at start (left) and desired view (right). (b) Error in the morph plane from the final position
during translational alignment. (c) Error in the morph plane with respect to each virtual image used as a subgoal for translational alignment. (d)
Translational error in the world coordinates. (e) Rotational error in the morph plane. (f) Rotational trajectory of the robot in the world coordinates.
(g) Movement in depth. (h) End-effector trajectory during the alignment.

spike in the translational error plots (graphs (b), (c), and
(d)) at move number 14. The effects of this correction
can also be seen in graph (i), where the trajectory of
the end-effector is plotted.

5. Conclusions and Future Work

We have presented the theory underlying the control of
vision-based robotic tasks involving hand-eye coordi-
nation using synthetic images created by shape morph-
ing. The basic idea of the approach lies in mapping the
virtual changes in the morph plane to the real motion

of the manipulator. Specifically, the morph is used in
three ways: to recognize objects from a known set, to
specify a series of sub-goals along the trajectory, and
to calculate the image plane error for servoing to those
sub-goals. The practical application of this framework
has been demonstrated by using it to control a PUMA
560 eye-in-hand system, to grasp objects of varying
shape complexity.

A fundamental contribution of this approach is to
link, both conceptually and algorithmically, the issue
of object recognition with that of planning shape-based
interactions with the object. With respect to contribu-
tions in visual servoing, the proposed method allows the
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Figure 13. Results of pose alignment and grasping of a tape dispenser: (a) View at start (left) and desired position in the image plane (right).
(b) Translational error in the morph plane from the final position. (c) Translational error in the morph plane with respect to each virtual image
used as a sub-goal. (d) Translational error in the world coordinates. (e) Rotational error in the morph plane. (f) Rotational trajectory in the world
coordinates. (g) Appearance of the object at the alignment pose and height. (h) Trajectory of the end-effector in depth. (i) Trajectory during the
alignment.

specification of different grasp positions for different
objects and does not involve manual feature selection
and correspondence. Furthermore smooth trajectories
can be obtained by generating an arbitrary number
of intermediate images, allowing for path planning.
It should be mentioned that our method has some
similarities, in the general sense, to the work of
Chaumette’s group (Malis et al., 1999). The differences
are in the way that the computer vision is coupled with
the servoing component. In our work, there is a very

strong coupling that allows us to use more complicated
and realistic objects. In their case (Malis et al., 1999),
the objects are black/white ones with clear landmarks.

Although our work is apparently limited by de-
pendence on planar projections of the object contour,
the limitation is not overtly constraining. While the
recognition accuracy of complex objects at oblique ele-
vation angles could decrease rapidly, the morph will al-
ways produce accurate translation vectors. As the eye-
in-hand system is translated to a less oblique view, the
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Figure 14. Results of pose alignment and grasping of a stapler: (a) View at start (left) and the alignment position (right). (b) Translational
error in the morph plane from the final position. (c) Translational error in the morph plane with respect to each virtual image used as a sub-goal.
(d) Translational error in the world coordinates. (e) Rotational error in the morph plane. (f) Rotational trajectory in the world coordinates. (g)
Appearance of the object at the alignment pose and height. (h) Trajectory of the end-effector in depth. (i) Trajectory during the alignment.

recognition morph could be re-evaluated (as described
in Section 3.2.), to correctly identify the object and,
hence, the appropriate grasp position.

We believe that the ideas explored in this work
may provide the basis for a fundamentally new ap-
proach to many problems in vision-based robotics. The
seamless integration of object recognition and servoed
trajectory generation is an important new development
that provides obvious hooks for external and, eventu-
ally, integrated path planning. Although many potential
applications are essentially planar and well-suited, the
foremost challenge we are attempting to address is the

extension to 3D grasping in a full 6-DOF formulation.
One possible direction to explore in this context is to use
results for generating photorealistic 3D morphs using
either the fundamental matrix (Seitz and Dyer, 1996),
or the trilinear tensor (Avidan and Shashua, 1997). Fur-
thermore, in the current system a single image of an
object was used as a template. A possible direction of
future research would be to research the use of mul-
tiple views of an object as templates and its influence
on the robustness of the recognition results. Another
potential application may be motivated by our results
in content-based retrieval problems. There, we used
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shape morphing with images of objects as templates
and hand drawn outlines as the input. Extension of
this idea, to visual servoing, may allow an operator
to vary the approach and explore an object, by specify-
ing (drawing) it at different orientations. A more direct
application could be the extension of this system to the
programming by human demonstration framework. In
such a scenario, the visual specification of grasp point
and grasp orientation would be a natural part of the
paradigm.
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