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Abstract

This paper describes a synergistic integration of a
graspingsimulator and a real-time visual tracking sys-
tem, that work in concert to 1) �nd an object's pose,2)
plan graspsand movementtrajectories, and 3) visually
monitor task execution. Starting with a CAD model of
an object to be grasped, the systemcan �nd the object's
pose through vision which then synchronizes the state
of the robot workcell with an online, model-based grasp
planning and visualization system we have developed
called GraspIt. GraspIt can then plan a stable grasp
for the object, and direct the robotic hand system to
perform the grasp. It can also generate trajectories for
the movementof the grasped object, which are used by
the visual control systemto monitor the task and com-
pare the actual grasp and trajectory with the planned
ones. We present experimental results using typical
grasping tasks.

1 In tro duction

Visual control of robotic tasks is a major goal of cur-
rent robotics research. The advent of real-time vi-
sion systemshas led to the creation of systemsthat
usecamerasto control robotic tasks such as grasping
[13]. This paper describesa system that extends this
paradigm in a number of ways. Most importantly , we
have been able to integrate real-time vision with on-
line, model-basedsimulation, to create a grasp plan-
ning, control and monitoring systemthat can visually
determine an object's pose, plan a stable grasp, ex-
ecute the grasp, and monitor the task for errors and
correctness(seeFig. 1). The vision system is respon-
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sible for providing accurate and fast estimates of an
object's pose,while the grasping simulator usesthese
estimates to plan 1) an e�ectiv e and stable grasp of
the object and 2) a collision free tra jectory in the
workspace for transporting the grasped object to a
new position. The simulator output is then used to
execute the planned grasp and tra jectory, which is
monitored by the vision system.
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Figure 1: Block diagram of the system.

By merging visual control with grasp planning, we
have created a systemthat can extend the idea of au-
tonomousrobot control. Using a calibrated vision sys-
tem, we only need a CAD model of the object to be
grasped to both track the object and determine its
posein real-time. The grasping simulator, previously
developed by Miller and Allen [9, 10], is able to com-
pute a stable graspwith a quality measurein real-time
using the sameCAD model. The graspstabilit y analy-
sisalso includesmaterial properties of the object, and
the simulator contains a library of robots and handsto
choosefrom, giving it added
exibilit y for usein many
di�eren t robot workcells. Below, we describe the vi-
sion and grasp simulation modules, and then discuss
the integration of thesemoduleson real graspingtasks
using a Barrett hand.



2 Pose Estimation and Tracking

Closed-loop control of a robot where vision is used in
the feedback loop is commonly referred to as visual
servoing, [7]. Vision basedtracking techniques incor-
porated in visual servoing systems usually facilitate
model based or feature based approaches. A model
basedapproach relies on a CAD model of the object
to be tracked [3, 12] while feature based techniques
usedistinct image features: corners, lines, regions[6].
There are two categoriesof visual servoing: position
based servoing and image based servoing, [7]. In our
work, we use both approaches: position based ap-
proach is used for driving the arm and the hand to
a posegeneratedby a simulator. Later, image based
servo control is usedto visually servo a grasped object
to the desiredpose.

By de�nition, a necessaryrequirement of a visual
servo systemis continuoustracking. Our tracking sys-
tem is basedon the ideasproposedin [3]. The general
idea and the tracking system operation are presented
in Fig. 2.
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Figure 2: The tracking system.
Pose Estimation

To estimate the position and orientation of the ob-
ject, 
( R ; t ), we use the approach proposed by De-
menthon [2]. This step is followed by an extension of
Lowe's [8] nonlinear approach proposed in [5]. The
pose estimation step is called POSE in Fig. 2. The
initialization of the tracking system is at this stage
done manually. A number of corresponding points on
the wire frame model and the imageare chosenby the
user, seeFig. 3(a) and Fig. 3(b).

Normal Displacemen t and A�ne Motion
Using estimated pose,the model of the object is pro-
jected onto the image plane. For each visible edge,
tracking nodesare assignedat regular intervals in im-
age coordinates along the edgedirection. After that,
a search is performed for the maximum discontinuit y
in the intensity gradient along the normal direction to
the edge. The edgenormal is approximated with four

directions: 0; 45; 90, and 135 degrees. This way we
obtain a displacement vector, d?

i (x i ; yi ) = [� x i � yi ]T ,
representing the normal displacement �eld of visible
edges.A 2D a�ne transformation is expressed:
�
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where � = (a1; a2; a3; a4; Tx ; Ty )T represents the pa-
rameters of the a�ne model. There is a linear rela-
tionship betweentwo consecutive imageswith respect
to �:

di (x i ; yi ) = A (x i ; yi )� 0 (2)

= A ((x i ; yi ))[� � (1; 0; 0; 1; 0; 0)T ] (3)

From the previous equation follows:

d?
i = nT

i d(Pi ) = nT
i A (P i )� 0 (4)

where n i is a unit vector orthogonal to the edgeat a
point P i . From Eq. 4 we can estimate the parameters
of the a�ne model, b� 0 using a M-estimator � :

b� 0 = argmin
� 0

X

i

� (d?
i � nT

i A (P i )� 0) (5)

Using the estimate of points in the imageat time t + 1,
the POSE step is performed in order to obtain the
pose of the object in the camera coordinate system,

( R ; t ) init .

3D Tracking

Using the estimateda�ne parametersb� 0and positions
of edgenodesat time t, we are able to compute their
positions at time t + 1 from Eq. 1. As already men-
tioned, the a�ne model does not completely account
for the 3D motion and perspective e�ects that occur
during the object motion. Therefore, the posespace,

( R ; t ), should be searched for a best �t given the
image data. As proposedin [3], the projection of the
object model is �tted to the spatial intensity gradients
in the image, using 
( R ; t ) init as the initialization:

b
( R ; t ) = argmin
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where r G(t + 1) is the intensity gradient along the
projected model edgesand C
 are the visible edgesof
the model for given a pose
.

The optimization method usesa discrete hierarchi-
cal search with respect to the poseparameters. How-
ever, the correct discrete step of the poseparameters



Figure 3: The key components of the visual tracking system : left (a): the model with points used in POSIT to determine
the pose, middle (b): pose estimation (the model is overlayed in black), and right (c): normal 
o w estimation (the lines
represent the direction and not the magnitude).

is crucial in order to �nd the right minimum value.
The a�ne motion model is particularly sensitive to
the rotational motions of the object and large changes
in rotation usually result in a lossof tracking. In ad-
dition to the original algorithm, we have implemented
an adaptive search step determination based on the
object's 3D velocity. The basic idea is to dynamically
change the size of the search step instead of keeping
it constant.

3 Grasping Simulator

GraspIt is a real-time, interactive simulator that al-
lows the user to manipulate a model of an articulated
robotic hand, perform graspswith the hand, and visu-
alize stabilit y analysis results on the 
y . GraspIt has
facilities for modeling a robotic arm and workcell to
allow the user to examinethe reachabilit y constraints
for a given grasping task as well. By consistently us-
ing accurate geometric models of all elements of the
task, we ensurethat graspsplanned in the simulator
can actually be executed in the real world. In this
section we describe how a user interacts with the sys-
tem and brie
y describe someof the components that
make up GraspIt (summarized in Fig. 4). Refer to re-
views by Bicchi and Kumar [1] and Shimoga [11] for
further information regarding grasping analysis.

First the user must decidewhich robotic hand and
which object shouldbe usedin this graspingtask. Our
library of hands currently includes the Barrett Hand,
the DLR hand (shown in Fig. 4), the NASA Robonaut
hand, the Rutgers hand, and a simple parallel jaw
gripper. While our experiments in this paper focus
on the Barrett hand, since it is available to us in the
lab, they could be replicated with any of the other
hands. Furthermore, by using a simple con�guration
�le that speci�es a hand's kinematics and geometry,

we have kept the system 
exible enough to import
new hand designswith ease.An object model can be
made from a CAD �le, with additional information
specifying the surfacematerial and center of gravit y.
The visual tracking system usesa similar wire frame
model representation, which can be derived from the
CAD model (see�gure 3(a)).

Once the hand and object have been chosen, the
simulator constructs the models and allows the user
to manipulate the hand model. If a connection is es-
tablished with the object tracking module, the simu-
lator sets the initial poseof the object in relation to
the robot. At this point the user begins to plan the
graspby translating and rotating the wrist within the
constraints of the Puma arm. Real-time collision de-
tection prevents the hand model from penetrating any
other world elements. After positioning the wrist, the
usermay manipulate the �nger degreesof freedomin-
dividually , or perform an auto-grasp where the joints
are closedat �xed velocities until contact occurs, pro-
viding a faster way to perform an initial grasp.

Each time a contact occurs between a link model
and an object model, the system determines the con-
tact area and places friction cones at the points of
contact. The sizeof theseconesis determined by the
two contacting surfacematerials and a static Coulomb
friction model.

The system will then analyze the grasp's stabilit y
on the 
y , as each new contact occurs. Using a con-
vex hull operation, the simulator determines the 6-
dimensional spaceof forces and torques that can be
applied by the grasp. This is also known as the grasp
wrench space (GWS), and if the space includes the
origin, then the grasp is consideredstable becauseit
can resist any outside disturbance force by scaling the
forcesat the contact points. Several metrics havebeen
proposed to quantify the grasp quality, and we cur-
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Figure 4: (Left) The internal components of GraspIt! and their functions. (Right) The DLR hand grasping a 
ask. The
volumes in the small windows are projections of the grasp wrench spacefor this grasp.

rently compute two of them, although others could
easily be added. The �rst is a worst casemeasureof
the grasp's weakest point, and is de�ned by the dis-
tancefrom the origin to the closestfacet on the bound-
ary of the grasp wrench space. Indicators within the
scenealso show the direction of the worst casedistur-
banceforceand torque, and aid the userin �nding this
weakest point. The secondmeasureis de�ned by the
volume of the GWS and servesas more of an average
casequality measure.

In addition to the numeric measures,the user is
also presented with various 3-dimensionalprojections
of the GWS to allow better visualization of a grasp's
strong and weak points. This information allows the
user to incrementally improve the stabilit y of the
grasp, and once satis�ed, the user may chose to ex-
ecute the grasp with an actual robotic hand.

4 Exp erimen tal Evaluation

To test the system we set up some simple grasping
tasks using two di�eren t objects. The task involved
determining the object's posefrom vision, �nding an
appropriate and stable grasp for the robotic hand
given the object's con�guration, executing the grasp,
and monitoring the grasped object's tra jectory as it
moved.

The dextrous robot hand usedin this exampleis the
Barret Hand. The details about the hand canbefound
in [9]. The hand is attached to a Puma560arm which
operates in a simple workcell. The vision system uses
a standard CCD camera (Sony XC-77) with a focal
length of 25mm and is calibrated with respect to the
robot workspace.The camerais mounted on a trip od
and views the robot and workcell from a 2m distance.
Both the robot controller and the framegrabber are
connectedto a Sparc20workstation which is linkedvia

a TCP socket connection to an SGI Indigo 2 running
the GraspIt software.

The processof planning and executing a grasping
task is as follows (refer also to the block diagram pre-
sented in Fig. 1):

1. After an image of the sceneis obtained, interac-
tiv e poseestimation of the object is performed as
presented in Section 2.

2. A pose estimate is sent to the GraspIt grasp
planning software which assistsa userto generate
the most suitable grasp.

3. Through GraspIt the actual arm and hand are
controlled in order to perform the �nal grasp.

4. Once the object is grasped, the monitoring task
begins. Image based visual servoing is used
to place the object into the �nal desired pose.
Through GraspIt , a few tra jectory points (ob-
ject poses)are manually generated. Each gener-
ated poseis usedas an intermediate desiredpose
for the visual servoing routine.

Our two examplegrasps(Fig. 5) demonstratesteps
1-3of the system(poseestimation, graspplanning and
grasp execution). After the �rst image of the scene
is acquired, a manual initialization step is performed
as explained in Section 2, and the estimated poseof
the object is sent to GraspIt, which aids the user in
selecting an appropriate grasp. After a satisfactory
grasp is planned, it is executed by controlling both
the robot arm and the robot hand.

The �rst exampleshows a successfullyplanned and
executed stable grasp of an L-shaped object. The
graspplanned in the secondexampleis not stable but
requires preciseestimation of the object poseso that
the thumb can hook through the handle of the mug



Figure 5: [Ro w 1] Left: The vision system determines the pose of the L-shaped object within the robot workspace.
Middle: A stable grasp planned within GraspIt. Right: The completed grasp. [Ro w 2] While the grasp planned in this
example is not stable, it demonstrates the accuracy of the system. The camera is 2m away from the workspace, yet the
thumb was able to enter the handle opening which is only 1.5 cm wider than it.

and it serves to demonstrate the accuracy of the sys-
tem.

Once the object is grasped the monitoring task be-
gins,and this is doneusing imagebasedvisual servoing
to move the object to a desiredposition. While many
existing servoing systems,[7], de�ne the goal poseus-
ing a \teach{b y{showing" method where the object is
physically moved to the destination and feature ex-
traction is performed, our system allows the user to
specify the desiredend position (as well asway points
to de�ne the tra jectory) in the simulator and using
knowledgeof the cameraparameters, it is straightfor-
ward to estimate the image positions of a number of
the control points usedto construct the error vector.

According to [7], a simple proportional control is
usedto guide the robot:

T G = g(Ĵ
T

W Ĵ) � 1Ĵ
T

W (f � fd) = gĴ
y
(fd � f) (7)

where T G is velocity screw of the robot, fd, f are
desired and current image features positions, Ĵ is a
model of image Jacobian, J which is used in the con-
trol expressionand W is a symmetric positive matrix
of rank 6 usedto selectsomepreferred points out of k
available ones.

In this experiment we chosea highly stable grasp
around the side of the block, (see Fig. 6). The 
at
palm of the Barrett hand allows for a strong planar
contact on onesideof the object and the planar �nger
surfaces form line contacts when closed around the
edgesof the opposite face. Looking at the projection

of the GWS into force space,shown in the middle of
Fig. 6, we seethat this grasp can apply strong forces
along the horizontal plane but is weaker in the vertical
direction since it relies purely on tangential friction
forces. Having planned a stable grasp, we executed
it from the simulator as before. Then we moved the
simulated object to a desired destination pose, and
sent this pose to the visual servoing system. Using
the camera parameters, the corners of the object in
its destination posewere projected to the image, and
the servoing system successfullymoved the object to
that position as seenin Fig. 7.

5 Summary and Conclusion

We have implemented a robotic grasping system that
integrates real-time vision with online grasp planning
via a simulator to execute stable grasps on objects,
and which can also monitor a grasped object's tra-
jectory for correctness. The system represents a step
forward in autonomouscontrol of tasks such asgrasp-
ing.

Although the system is still in an initial phase,we
believe it is an important step in integrating real-time
visual control, grasp planning, and online task mon-
itoring. All of the system components are still open
research issuesin the �eld of robotics and we will con-
tinue to improve the performanceof each of them.

The visual tracking component has as its major
goals improved robustnessand increasedspeed. The
current update rate of 10Hz is far from satisfactory.



Figure 6: (Left) A stable grasp of the L-shaped object. The axes are positioned at the object's center of gravit y (Z axis
points into the table). (Middle Top) The 6D grasp wrench spaceprojected into torque spaceby setting the net force to
0. (Z axis points up). (Middle Bottom) The GWS projected into force spaceby setting the net torque to 0. (Right) The
task is planned in GraspIt by moving the object from its original location (empty wireframe) to its destination point and
saving the new object pose.

Figure 7: Snapshots of the servoing near the beginning
and end of the task. The object is being tracked and the
corners of the destination poseare shown as white dots in
the image.

To improve the robustness in the caseof signi�can t
occlusions and natural background, we will continue
to test the two implemented tracking techniquesmore
extensively. In addition, noneof the techniquesincor-
porates any kind of velocity or accelerationprediction
which can be easily added (e.g. a Kalman �lter ap-
proach).

Currently , the graspplanning function is only semi-
automated; the user needsto place the hand in prox-
imit y of the object and an automated �nger contact
procedureis instituted. We are exploring adding rules
to properly synthesize a grasp given an object's pose
and environmental constraints [4].
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