Shape Recognition and Vision-based Robot Control by Shape
Morphing

Rahul Singh*; Richard M. Voyles, David Littau, Nikolaos P. Papanikolopoulos
Artificial Intelligence, Robotics, and Vision Laboratory
Department of Computer Science and Engineering
University of Minnesota, Minneapolis, MN 55455

Abstract

In this paper we present an unified approach for ob-
ject recognition and recognition-based control of robotic
interactions with objects. The approach is based on
morphing the shape of objects. The morph of one ob-
ject to another is treated as a deformation and is de-
fined such that it can be quantified using a physics-
based model. This quantification serves as a dissimi-
larity measure and is used for shape recognition. By
storing the views that represent the grasp positions
for different object, the proposed framework is used to
identify the desired end-position a robot needs to attain
for interacting with the given object. Furthermore, the
images synthesized during the morph define a view-
based trajectory starting with the view defining the ini-
tial robot-object orientation to the view defining the
desired robot-object orientation. We propose a tech-
nique where these synthetic images are used to control
the motion of a PUMA 560 eye-in-hand manipulator
to execute alignment and grasping tasks. The proposed
approach does not require complete calibration infor-
mation, obviates manual feature selection and corre-
spondence, can provide smooth trajectories, and needs
a single image for each object (in a 4-DOF formula-
tion). Potential applications range from recognition
and positioning with respect to partially-occluded or
deformable objects as well as planning robotic grasping
based on human demonstration.

1 Introduction

Developing computational models for visual recog-
nition and vision-based robotic control are some of the
most fundamental problems in Cybernetics. In spite
of strong interdependency between these functions in
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biological organisms, computational techniques for ad-
dressing these problems have typically been mutually
exclusive. Generally, recognition techniques, neither
seek to address the problem of vision-based control,
nor do they attempt to formulate a framework link-
ing recognition to purposive motion. Vision-based
robotics on the other hand, either assumes the recogni-
tion problem to be solved or involves manual feature
selection and correspondence as an essential part of
the technique, thus implicitly addressing the recogni-
tion issues. Thus, while many recognition and vision-
based control techniques are available, there is need
for research that studies and exploits the interaction
of these problems.

In this paper we present an approach that seeks to
solve the robotic grasping problem in a 4-DOF setting
in conjunction with the object recognition problem.
Specifically, the trajectory followed by the manipula-
tor is the result of solving the recognition formula-
tion. Neither manual feature selection nor complete
calibration information is needed. An on-line learn-
ing procedure is used to partially estimate the cali-
bration transformation. The method is applicable to
deformable or partially occluded objects and smooth
manipulator trajectories can be generated.

In a realistic robotic grasping problem, the grasp
location as well as the alignment position from which
a grasp can occur, vary with each object. Given an ob-
ject in the workspace, grasping it involves solving the
following sub-problems: identification of the grasp lo-
cation, trajectory generation (translational, rotational,
and movement in depth), and calibration. To clarify
the link between the aforementioned robotic-grasping
problems and model-based recognition, we consider
the following operational division of the problem:

1. Off-line learning (Model acquisition): The eye-in-
hand system is moved to the alignment position
with respect to an object. The alignment is such
that the gripper is directly above the grasp posi-



tion of the object. The view of the object is cap-
tured and stored in an image (template) database.

2. Object Identification: After the camera and/or
the target has moved, the new view of the object
is compared with views stored in the database.
The comparison is done by morphing the input
image to each template and using the quantifica-
tion of the morph as a dissimilarity measure. In
this case the morph occurs between two real views
of the object.

3. Visual servoing: Using the sequence of images
synthesized during the morph, the camera motion
is controlled so that the visual error between the
current view of the object and its reference view
(obtained in the previous step) is reduced below
a predefined threshold. During the motion of the
manipulator, the real views are morphed to the re-
spective synthesized view to estimate on-line the
calibration.

We begin this paper with an brief overview of re-
lated prior research in the areas of shape recognition
and vision-based grasping (Section 2). This is fol-
lowed by a description of the shape representation and
recognition framework in Section 3. The positioning of
the robot in terms of translation, rotation and depth
based on the virtual images generated in the morph is
described in Section 4. Experimental results are pre-
sented in Section 5 and the work is summarized and
some possible directions of future work are outlined in
Section 6.

2 Issues and Prior Research

Recognition by quantifying shape morphing is an
example of a deformation-based recognition method.
Some related methods in recent literature include
shape description and recognition by learning affine
transformations [2], recognition by linear combination
of models [11], recognition by using the eigenvectors of
an objects stiffness matrix [7], deformable templates,
and elastic matching [1]. In the current research we do
not use multiple object models. The proposed recog-
nition technique differs from modal matching [7], since
it is neither restricted to closed contours nor does it re-
quire extensive apriori shape modeling. Furthermore
our method is (unlike [1]), invariant to rotations. Ad-
ditionally, the morph provides, via the synthetic im-
ages, an image plane representation of the shape and
pose transformation between the input and the tem-
plate.

The problem of robotic visual servoing around a
static object has been a subject of extensive research.
A model reference adaptive control scheme was pro-
posed in [12]. In [6] the controlled active vision frame-
work was used for positioning a real robot. Based on
geometric-cues obtained from the environment, a cal-
ibration free approach for manipulating a randomly
placed part is formulated in [3]. In [5], the control
error function is computed partly in the 2D image
plane and partly in the 3D Cartesian space. Other
authors have used, among others, projective geome-
try [4], pre-computed jacobians, and position based
techniques [13].

3 Shape Representation and Morphing

Shapes are represented in our approach by their
contours. This choice is based on the ability of shape
contours to effectively capture the visual form, as well
as the applicability of contours for the representation
of different types of shapes. The contour of each shape
is modeled piece-wise by virtual wires. Shape morph-
ing occurs through deformation (stretching and bend-
ing) of the artificial wires. In this formulation, the
shape recognition problem can be treated as an energy
minimization one, where shape similarity is quantified
by the energy consumed for stretching and bending
one wireform contour model to another. Shape mor-
phing is guided by a few key points, which are deter-
mined by segmenting the object contour.

Let ST = [SE,...,SI] and ST =[S7T,...,ST] be
the segmentation points of the input and the target
shape contours. The morph of S’ to ST is defined
by a sequence of intermediate shapes obtained by the
following cross dissolve operation between S’ and S7:

Sit) = uST+1ST
= [uSE+tST uSt +tST,... uSE +tST]
= [So(t),S1(t),- -, Sn(t)] (1)

where u = 1 —t. S;(t) is the ith segmentation point
of the intermediate shape, formed at time ¢. The time
parameter ¢ is normalized to the interval [0, 1].

The morph can be used as the basis of a method to
compare the similarity of contours. It may be noted
that the morph as described by Eq. (1), requires a
correspondence of the segmentation points of the two
contours. By defining the optimal correspondence be-
tween two contours to be the one that involves min-
imal deformation, the shape recognition problem can
be reduced to solving the following two sub-problems:

e Definition of a quantification of the deformation.



e Algorithmic establishment of the optimal point
correspondence between any two shapes, by min-
imizing the above quantification.

otivated by the physics-based model [ ], we quan-
tify the deformations using the energy spent in stretch-
ing and bending the input contour to the target. The
stretching energy is computed for every segment (pair
of points) and is defined as:

( T — ) B ( I — ) (2)
(1 - ) in t
where
in = i ( ) y Iy T)
- ( ) s I» T)‘
In Eq. (2) denotes the stretching energy spent
in the current deformation, , j;,and 7 denote the

segment lengths at the beginning, before the current
deformation, and after the current deformation, re-
spectively. The term  corresponds to the penalty for
segments collapsing to points and  is the stretching
stiffness parameter. The bending energy is com-
puted for point triplets and denotes the cost of angular
deformation.

) —(r= )] (3)

where indicates bending stiffness, represents
the original angle, and ; and 7 denote respec-
tively, the angles before and after the current de-
formation. By constraining the deformations at the
segmentation points, the following optimal substruc-
ture property may be observed: The optimum cost of
the point correspondence (S7, ST) equals the optimum
cost of the previous point correspondence (S{ |, S7)

2

or (Sf ,,8% ) or (Sf,8T |) and the cost of establish-

2
ing the correspondence (S7, ST). Based on the above,
an efficient ( ( )) dynamic programming scheme

can be constructed for obtaining the optimal corre-
spondence. This optimal correspondence is depen-
dent on the starting correspondence. This dependency
can be removed by minimizing the energy required for
deformation over all starting correspondences. The
point correspondence, thus obtained, is invariant to
Euclidean transformations and can be used to recover
the translation and the rotation between the input
and the target. This information can be used not only
during servoing, but also to pre-warp the images and
ensure physical validity of the synthesized views. An
example morph for a pair of pliers is shown in Figure
1.

Purposi e Manipu ator Motion ro
I age Morphing

Let denote the world frame, the robot
end-effector frame, and the camera tool frame.
Let also the morph plane be denoted by and the

object frame by The relations between these
coordinate frames can be described by the following
homogeneous transformations.

. i : Describes the pose of the end-effector in
the world frame at time instant ¢. This transfor-
mation is known at any time instant.

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

. i : Denotes the object in the camera frame and
is unknown.

e , : Theimage projection transformation, which
is assumed to be known. In the equations below,
we use I which is the inverse of the transforma-
tion ;

I . The transformation describing the object in

the image plane and is assumed to be known.



. : 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 Figure 2. The series of
transformations may be arranged in two loops, de-
noted as A and B respectively. These loops are cou-
pled mathematically by the transform ;. The ob-
ject frame can be related to the world frame and the
image frame based on the following relations:

- (4)
oo (5)

Denoting the initial and the goal transformation be-
tween the object and the image frames by ! ¢ and
4 respectively, we have from loop B of Figure 2

10:I 0 (6)

Let the transformation from the initial state to the
goal state in the morph plane be denoted as !
Letting the intermediate transformation between the
camera and the object to be  ;, we obtain the fol-
lowing relationships

I _I IIO_I ; (7)

Replacing from Eq. (5), the value of I ¢ in Eq. (7)
and solving for  ;, we get

z,:I 11 1 1 0 ()

But from Eq. (4), we have for ¢

1
0 = ! 0 0 ( )

Replacing this value in the previous equation, we get
i = 1 11 11 1 0 1 0 (10)

Let us now consider the relationship described in loop
A of Figure 2 and expressed by Eq. ( ). Let ; be
the desired motion of the robot at the intermediate
stage i. We then have

i= 0 i (11)

Replacing in Eq. (), the value of i ! from Eq.
(11), we obtain the following relationship for  ;

;= 1 ‘1 01 0 (12)

7

From the above equation, we obtain the following ex-

. 1.
pression for , ":

; 1 — i 1 0 (13)

Using the value of ; from Eq. (10), replacing it in
the above equation and simplifying, we finally have

;= I 1171 I 1 (14)

Alignment of the eye-in-hand system can be
achieved by using Eq. (14). owever, the calibration
transform is not known. We estimate this matrix
on-line using the intermediate images that result from
the morph sequence. We start with an arbitrary esti-
mation of and use each intermediate 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 transfor-
mation thus obtained is used to update (with possible
averaging), the estimation of

After the translational and rotational alignment has
been achieved, the end-effector is positioned such that
the desired grasp can be achieved by moving the ma-
nipulator along the -axis of the end-effector frame.

owever, 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 out-
side the image window. A possible solution to this is
the use of artificially placed features inside the object
regions [10, 5]. Such an approach may however, con-
strain the applicability of the system. 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 computed
from minimal attainable height above the object, such
that the object s image in contained the the processing
window.

Our approach towards controlling the movement of
the robot along the axis is based on the concept of
the focus of expansion of the camera. This is justified
by the fact that the robot motion after translational
and rotational positioning has occurred is along the

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 image is proportional to
the distance of the end-effector from the object. Con-
trolling the movement in the axis is based on the
above observation and involves comparing the size of
the object in the image plane with the expected size
obtained from the morph ! and using the difference to
guide the motion of the manipulator. Since the trans-
formation that maps the change in the image size to
the motion of the robot is not known a priori, we es-
timate it on-line using the following scheme:

Let and denote the morph plane and the
robot end-effector frame respectively. Further, let ;
denote the true (unknown) transform from  to )
that maps the rate of expansion of the image to the
movement of the robot in . Let ;  be its current
estimate of this mapping. If I  is the desired size
change in the image plane, we have

r 7 (15)

Where is the actual motion command sent to the
robot based on the current estimation of the mapping
; - The resultant change T | in the image size due
to this motion can be defined as:

-, (16)

Let 1 be the error defined in the image plane.
I is computed after every move of the robot in

. 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. ! may therefore
be expressed as follows:

o= (17)

Note that the expected image size may be defined ei-
ther by using the intermediate virtual images gener-
ated during the morph, or by using the template im-
age. Combining Egs. (15) and (17) we get,

1 1
! =TI -1 (1)

he si e of a real or virtual image is com uted as the num-
er of ixels that fall inside the contour.

By rearranging terms we get the error between the
inverses of the estimated and actual mappings:

1 1 1
! =1 I (1)
So the new estimate of the mapping, ; , becomes
1 g 11
I = I - (20)

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

peri enta Resu ts

The method has been used for positioninga U A
560 manipulator with respect to planar objects as well
as positioning and grasping 3D objects using their pla-
nar projections. The experimental setup consisted of
anIRI Indigo workstation for generating the morphs.
The results from morphing were communicated to a

U A 560 manipulator, used as the eye-in-hand sys-
tem. Experiments were conducted on a set of six ob-
jects having varying shape complexity. The objects
used in the experiment are shown in Figure 3. For
recognition results with a larger database, we refer
the reader to [ ]. A study of the recognition perfor-
mance in the presence of noise and partial occlusions
can also be found in [ ]. During the off-line learning
phase, a single image of each object at a graspable pose
was stored as a template in the image database and
image was annotated with the corresponding distance-
to-grasp information.

During the on-line visual servoing phase, the ob-
jects were randomly placed at a different position and
orientation. ositioning and grasping experiments
were carried out by varying the height of the end-
effector for each case. The identity of an input object
was determined by morphing its image to the tem-
plates in the database. Recognition results using the
proposed method for the set of objects shown in Figure
3 are presented in Table 1. The values in the table rep-
resent the average quantification of the optimal morph
values. The average was computed for five instances of
each object randomly placed in the workspace of the
manipulator. For each object the lowest average value
of the morph is underlined. No misrecognitions were
reported during the experiments. Images from the se-
quence generated during the morph were successively
used to guide the manipulator to the alignment posi-
tion with respect to each object. After each move, the



1 2 3 1 5 6
1 257. 7| 672.65 | 62.61 | 64 .74 | 5 5.11 | 6 6.62
2 512. 1| 64.45 |12 6.70 | 125. 7 | 14 .10 | 215. 5
3 7. 1126 .0 24 .26 | 107 .30 | 1137.70 | 117 .50
4 57 06 | 207.46 | 1044.50 | _0.73 | 205.02 | 253.35
5 4543 | 11 .63 | 116 .20 | 155.61 | 3.0 | 101.14
6 63774 | 131 |12270| 1 74 | 12 43 | 64.3

image of the object obtained from the current posi-
tion was morphed to the virtual image serving as the
current sub-goal. The pose difference between the two
was used to update the estimated calibration matrix
and move the manipulator to a new position. When
the pose difference between the actual image and the
virtual images became less than a threshold (empiri-
cally defined to be 0.10 radians for rotation and within
five pixels in  and  for translation), the next vir-
tual image 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 de-
fined by the number of pixels inside the contour) was
within 3  of the template. From this point, the re-
maining movement in depth was done using the depth
information collected during the learning stage. In
Figure 4, we present the results for positioning and
grasping a tape dispenser. The results of an analogous
experiment with a stapler are presented in Figure 5.
To test the accuracy of the proposed technique, the
grasp points for the dispenser were defined to be in
the middle of the object (the only place where the ob-
ject could fit inside the gripper). The grasp position
for the stapler was defined on its front top portion. All
the objects were successfully grasped at the respective
designated locations.

onc usions and uture or

In this paper we present a methodology which ad-
dresses the problem of visual recognition and vision-
based control of robot motion in a unified framework.
The proposed method is based on image morphing and
the use of the intermediate virtual images to guide
the manipulator to the target. Salient advantages of
the proposed technique include its ability to recognize
partially occluded and deformable shapes, controlled
motion in the absence of complete calibration informa-
tion, and lack of manual feature selection and corre-
spondence. Since the recognition technique compares
geometric shape as defined by the object contours, it is
incapable of distinguishing objects when the primary
difference is in internal shape or other attributes like
color. The current recognition and control formulation
is also limited to planar objects or planar projections
of 3D objects. Future research may include its exten-
sion to multiple shape attributes and 3D objects.
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