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Abstract 
Viewpoint calibration is a method to manipulate 

hand-eye for generating calibration parameters for ac- 
tive viewpoint control and object grasping. In robot 
vision applications, accurate vision sensor calibration 
and robust vision-based robot motion control are es- 
sential for developing an intelligent and autonomous 
robotic system. This paper presents a new approach 
to hand-eye robotic calibration for vision-based object 
modeling and grasping. Our method provides a 1.0- 
pixel level of image registration accuracy when a stan- 
dard Puma robot generates an arbitrary viewpoint. In 
order to attain this accuracy, our new formalism of 
hand-eye calibration deals with a lens distortion model 
of a vision sensor and utilizes a new parameter es- 
timation algorithm using an extended Kalman filter. 
We demonstrate the power of this new method called 
“SmartView” for (1) generating 3D object models us- 
ing an interactive 3D modeling editor, (2) recognizing 
3D objects using stereo vision systems, and (3) grasp- 
ing 3D objects using a manipulator. Experimental re- 
sults using a Purrla robot are shown. 

1 Introduction 
We will report an improved technique for calibrating 

wrist-mounted robotic vision systems. Our approach 
allows the systeni to compute robotic calibration pa- 
rameters of both the camera and the end-effector for 
active viewpoint generation, after the system performs 
the vision-based camera calibration for only a small 
number of viewpoints. 

Ordinarily, if one wishes to integrate multiple views 
for modeling 3D objects, one would carry out camera 
calibration for each viewpoint separately. An alterna- 
tive consists of carrying out calibration for a certain 
number of designated viewpoints and using interpola- 
tion for other viewpoints. The disadvantages of this 
approach are (I.) overall low accuracy and sometimes 
partially dominant, error, and (2) spatial limitation of 
viewpoint generation. In our proposed scheme, we 
use only five viewpoints for calibration of the camera 
mounted on the gripper, and optimally estimate all 
necessary parameters for active control of viewpoints 
and precise object grasping. The advantages of our 
method are to minimize the calibration error by (1) 
applying a lens distortion model and (2) optimizing 
the camera parameters with robotic arm kinematics. 

Since ca,mera calibration is fundamental to all 
phases of research described in robot vision, much work 

Figure 1: T h e  camera mounted o n  the gripper takes a n  
image of calibration patterns of radius 2.0 mm a t  the 
distance of 0.2 m. Whi t e  c r o w b a r s  are superimposed 
at the expected pat tern centers using the estimated cali- 
bration parameters. This  figure therefore demonstrates 
the accuracy of our calibration approach. 

has been done so far. These assumed a pin-hole model 
for the camera, an assumption that in early days was 
often a poor approximation to actual camera lenses, 
but is applicable today only if the optical quality of 
the camera lenses has improved. While fews of these 
references deal with non-linear aspects of camera imag- 
ing [lo], others address the issue of efficient calculation 
of the various camera parameters [11]. Most papers on 
hand-eye calibration ignore the lens distortion (since it 
is difficult to model), and camera intrinsic parameters 
are chosen just from one of the viewpoints. In our 
work, in order to achieve an accurate and reliable per- 
formance of active vision control, we have modeled a 
camera with lens distortion as well as have optimally 
estimated camera calibration parameters by integrat- 
ing those estimates obtained from multiple viewpoints. 

In order for readers to get the sense of the power 
of our hand-eye calibration method, we show in Fig. 1 
the image registration error of the overall hand-eye cal- 
ibration for viewpoint generation. In this figure, small 
black circles are used for the camera calibration pat- 
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Figure 3: Grasping coordinates an the object model. 

Figure 2: Verification of hand-eye calibration using a 
stylus as shown. T h e  robot at tempts  t o  locate the t ip of 
the stylus t o  the origin of the world coordinate f rame  
by using the estimated calibration parameters.  

terns in order to  deal with lens distortion, and white 
cross-bars are superimposed to  verify the accuracy of 
the method. As shown in this figure, we attain the 1.0- 
pixel level of image registration accuracy (1 mm-level 
of accuracy in the 3D workspate) when an arbitrary 
viewpoint is commanded to achkve. Fig. 2 also shows 
the verification of our hand-eye calibration for object 
grasping. The robot attempts to locate the tip of the 
stylus mounted on the gripper to the center of calibra- 
tion patterns. 

As several early studies formalized, the solution of 
the kinematics can be derived as a closed-form by in- 
verse transformation matrix [4]. In order to  determine 
the position and orientation of hand-eye camera with 
respect to  the workspace, more recent issues are to  
solve the unknown transformation of the robot hand, 
which is formed as a homogeneous matrix equation 
A X  = X B  [8, 21 and to solve this equation using a 
quaternion approach [3, 21. In c,ur formalism, we pro- 
pose a modified algorithm using a non-linear iteration 
method and then evaluate the new solution by our cur- 
rent robot manipulation systems. 

Our robotic calibration can be applied to  develop a 
human-assisted model acquisition system [7]. In this 
project, objects are placed in the work area by a human 
who then "guides" the system into establishing image- 
to-image and pose-to-pose correspondences. After a 
model is acquired in this manner during the test phase, 
the same object in a random pose is viewed from two 
viewpoints for pose calculation. If the object is placed 
in the appropriate field, or randomly placed in the field 
of the single camera mounded on the robot hand; the 
robot hand can pick up the object. The computer 
vision checks which surface has grasping capabilities 
before picking up the object. In the acquired model, 
the object surfaces are classified as appropriate to  be 
picked up or not, as shown in Fig. 3. And finally, 
robot manipulation is carried out to  grasp the object 
in which the grasping points are already acquired. 

We also seek a robust imaging so that our robot vi- 

sion system can compute the reliable object pose. The 
imaging viewpoint decision has been studied as active 
vision. These manipulate a camera to  improve the 
quality of the perceptual results. Because we can com- 
pute calibration parameters a t  *any camera position, 
the active control of viewpoint direction increases ma- 
chine perception activity, or the sensor planning [9]. 

In this paper, we will first present our new approach 
of hand-eye calibration system arid will then apply this 
calibration result to  the human-assisted model acquisi- 
tion system. Finally, experimentrzl results which verify 
the power of our approach will ble shown. 

2 Problem Statement of Hand-Eye 

We mount a monocular camera on the gripper of the 
robotic manipulator to  generate a 3D object model by 
taking multiple views of the object from different view- 
points. As we mentioned, we like the robot to  auto- 
matically generate all multiple views and compute all 
necessary calibration parameters for model acquisition 
systems. In such a strategy for 311 modeling, the hand- 
eye calibration is an important t,ask to  achieve. In or- 
der to formulate the hand-eye caJibration problem, we 
define the following coordinate frames as shown in Fig. 
4. 

Base coordinate frame : BaJe( zB ,  Y B ,  ZB) 

Tool coordinate frame : T o o l ( z ~ ,  y ~ ,  z ~ )  

Calibration 

This frame is associated with the robot base. 
. 

The gripper of the robot is mounted with respect 
to  this tool coordinate frame. The homogeneous 
transformation from the robot base to the tool 
is fully determined by the robot positioning com- 
mands. 

Object coordinate frame : Objec t ( z0 ,  yo, zo )  
The object model is generated with respect to  this 
coordinate frame. 

The world coordinate frarne is specified in the 
workspace of the robot gripper. 

This coordinate frame is associated with the cam- 
era mounted on the gripper. 

World coordinate frame : W o r l d ( z w ,  y w ,  zw)  

Camera coordinate frame : C a m e r a ( x c ,  yc, z c )  
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Figure 4: Coordhate transition>al illustration for robot 
manipulation. 

Image coordinate frame : Image(u, 1)) 
The image coordinate frame is associated with the 
2D camera image plane of the camera. 

Since a Puma hand motion is fully determined by 
its positioning commands X Y Z O A T ,  we will be able 
to determine the homogeneous transformation H~~~~ 
from the robot tool to the robot base coordinate frames 
(See later Eqs. (18 )  and ( 1 9 ) ) .  So our hand-eye cali- 
bration problem is described as follows: 

0 Determine the homogencous transformations of 
as well as the camera- Hg$eT,  and 

imagc transformation g ,  namely, 

2.1 Camera image transformation 
Before discussing the details of our calibration pro- 

cedure, we will present the camera image formation 
which deals with lens distortion. Let us first assume 
that the camera is modeled by a pinhole camera. In 
this case, the camera image coordinates (u,v)  can be 
normalized into the normalized pinhole camera image 
coordinates (U', U') by the intrinsic camera parameters 
- magnification factors au,a,  and the image center 
coordinates ( u O ,  v g )  as follows: 

- - ? ( 2 )  U - U 0  ZC v - 210 
U' = - - - - u t = - - - -  

If we deal with the lens distortion, we add the devi- 
ation to the normalized pinhole camera image coordi- 
nates ( U ' ,  U'). Let (ii,8) be the normalized camera im- 
age coordinate frame with lens distortion, then we can 

0, Z C  a, Z C  

represent the relationship between ( U ' ,  U') and ( 6 , V )  
by the.fol1owin.g equations [ I l l :  

where the coefficient kl for the deviation represents 
the parameter for the radial distortion of the camera, 
and ( G , G )  is computed from the actual camera image 
coordinates ( U ,  U) as 

In this paper, we will call s = [ Q , , ~ , , , u o , v o , ~ ~ ] ~  the 
intrinsic camera parameters. Note that these intrinsic 
camera parameters will remain constant over the hand- 
eye calibration. 

We now consider multiple viewpoints by moving a 
camera in the world coordinate frame. At viewpoint i ,  
the camera location in the world coordinate frame is 
specified by the homogeneous transformation HE;$, 
which consists of the rotation matrix Ri = ( r im)  and 
the translation vector t i  = [ t i ,  t i ,  tf]*. Then from Eqs. 
( 3 ) ,  3D point (sw,~~,zw) in the world coordinate 
frame is mapped onto the camera image frame as 

where the rotation matrix Rz is specified by indepen- 
dent yaw-pitch-roll angles &, & and d z .  We will call 
e' = [@, q!$, I$;, t i ,  t i ,  tilT be the extrznszc camera pa- 
rameters for viewpoint i .  

Having the intrinsic camera parameters, s and the 
view-dependent extrinsic camera parameters e', we 
can always determine the mapping of 3D points in 
the world coordinate frame into the camera coordi- 
nate frame. In order to compute the camera image 
coordinates ( U ,  v) from the corresponding 3D point 
(SW, yw, zw) in the world frame, 

1. compute the normalized camera image coordi- 
nates (.,a) by solving the implicit forms of Eqs. 
( 5 )  and (6) using an appropriate iterative gradient 
method, say Newton method, with initial values 

2. compute the actual image coordinates ( U ,  a) from 

(.,6) = (u' ,v ') .  

( G , G )  using Eq. (4).  

3 Solution to Hand-Eye Calibration 
Most of the previous work on hand-eye calibration 

did not take into account the lens distortion for hand- 
eye calibration, since their main interest was visual 
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servoing for robotic manipulation, which in most cases 
only utilized central regions of camera images where 
the pinhole camera might be :sufficient to  model the 
3D-2D point projection. 

When we wish to use a camera with small focal 
length and wider views for 3D object modeling, lens 
distortion becomes significant for precise 3D measure- 
ments, or for acquiring object modeling from multiple 
view observations. We propose here an efficient and 
accurate approach which can d,eal with lens distortion 
for the camera model as well acj precise determination 
of robotic hand and camera transformations. In our 
hand-eye calibration strategy, we take the following 
three steps as shown in Fig. E ' :  In Step 1, we locate 
a calibration pattern board at. different heights (zw 
values) in the world coordinate frame, and then take 
snapshots of the calibration paktern board from mul- 
tiple viewpoints by moving the robot end-effector as 
shown in Fig. 6. We then estimate the intrinsic and 
extrinsic camera parameters for each viewpoint inde- 
pendently, assuming that intrinsic camera parameters 
are not necessarily equal. In ;Step 2, we re-estimate 
intrinsic and extrinsic camera parameters by impos- 
ing the constraint that all intrinsic camera parameters 
be equal. In Step 3, we com.pute the homogeneous 
transformation between the robot tool and the camera 
coordinate frames as well as that between the robot 
base and the world coordinate frames. 

Step 1: For each viewpoint i, independently estimate 
intrinsic and extrinsic camera parameters (s i , e i )  I I 

Step 3: Estimate homogeneous transformations 
H and H :zz!era I 

Figure 5: Calibration steps. 

Step 1: Initial estimation of camera parameters 
In Step 1, we generate multiple viewpoints ( M  view- 

points in total) by moving the c.smera by the robot and 
then take a snapshot of the planar calibration pattern 
board which is located in differ,ent heights (ZW) spec- 
ified in the world coordinate frame. As shown in Fig. 
6, the calibration patterns consist of small black circles 
( N  circles in total) and the 3D coordinates of the cen- 
troids of the calibration pat.terns are measured in the 
world frame. By analyzing the snapshots of the cali- 
bration patterns by a computer, we can estimate the 
2D image coordinates of the centroids in the camera 
image frame. For each viewpoint i and each circle j ,  
let (xj, yj,  2;) and (U:, U:) be the 3D coordinates of the 
calibration pattern centroids ill the world coordinate 
frame and the corresponding 2D image coordinates in 
the camera image frame measured and accumulated 
from various heights. Then from Eqs. (5) and (6), we 

Camera Posltlons Camera - '\ 

X \ (  J 1 

. .World Coordlnate 
e - = * *  

. " I . ,  

. D "  " y ;  c .  m * ,  

Figure 6: T h e  imagin>g vieuipoints are illustrated. A 
single camera as mounted o n  th,e robot hand.  Th,e five 
camera positions are located such tha t  the angular dis- 
t a m e ,  as subtended at the object, i s  between successive 
positions at 9.5 degrees. 

obtain 

In Step 1, we first estimate intrinsic camera param- 
eters si = [ah, ai,, U;? U;! ki]' and extrinsic camera pa- 
rameters ei = [&., 4, &, t;,  t&,  tilT for different view- 
point i independent.ly. To do this, we apply Weng's al- 
gorithm based on a non-linear iterative algorithm[ll]. 
Due to  the space limit of this paper, we will not ex- 
plain the details of this algorithm. But the main part 
of the algorithm is that  this problem is converted into 
an optimization problem which minimizes the objec- 
tive function of image registration error between 2D 
measurement coordinates (U:, U;) and the 2D projected 
coordinates (ii:, $) based on the parametric represen- 
tation of intrinsic and extrinsic camera models si and 
e' computed from Eqs. ( 7 ) .  

The objective function is act,ually defined by 

which should be minimized with respect to  sa and ea. 
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Step 2: Integration of camera parameter esti- 
mates from multiple views 

In Step 1, intrinsic camera parameters sz ( i  = 1, 
2, ...., &I) are not necessarily equal, since the algo- 
rithm independently estimates these parameters for 
viewpoint %. In Step 2, we integrate all estimates to  
obtain an optimal estimate of intrinsic and extrinsic 
camera parameters s and e‘ by a non-linear iteration 
algorithm. As for the initial estimates for the itera- 
tion, we use the estimates so and ez obtained in Step 
1. More specificallg, we attempt to minimize f in Eq. 
(8) under the additional constraints: 

(9) s = SI = 3 2  ,,. = S M  

We also apply an iterative technique of non-linear op- 
timization to  attain a robust and accurate estimate. 
In this case, we have a good initial estimate for s 
and ei (i = 1, ..., A&), and then we apply an extended 
Kalman filter-based updating scheme [5] so that se- 
quential updating of parameters can be attained along 
with outlier elimination. The sequential updating is 
useful when some outliers due to  the noise exist. In 
our case, we have a large number of measurements of 
image calibration points ( 1 9 ,  vj) ( j  = 1 , 2 ,  ..., N) where 
N is typically around 1000. The extended Kalman fil- 
ter based updating can be implemented for a small 
number of constraints in each iteration of updating; 
more specifically only two degrees of freedom for the 
constraints are necessary. Note that parameters to  be 
estimated are (s, e1 ,e2,  ..., e*’) and the dimension of 
the parameter space is 5 + 6A6. The constraint equa- 
tion acquired from Eq. (9) is simply two-dimensional 
associated with the image measurements (uj, vj) for 
each sequential updating. This reduction of dimen- 
sionality greatly helps the reduction of computational 
complexity. 

We also like to mention here that our approach to  
optimizing intrinsic parameters is important. Most 
previous approaches did not even consider the optimal 
estimates of the intrinsic and extrinsic camera param- 
eters for multiple viewpoint cases. In other words, the 
previous methods simply chose one of the estimates 
obtained from multiple solutions. This caused a large 
amount of estimation error in hand-eye calibration es- 
pecially when the lens distortion was not taken into 
account. 

Step 3: Hand-eye calibration 
Once the experimental process has provided the 

camera parameters s and ei  ( i  = 1, 2, ..., M ) ,  the.re- 
lationship between several coordinates in Fig. 4 will 
be obtained as each component transformation ma- 
trix such as H;:gera, H;:T, HFE:d. Note that 
HE;:$,, is derived from the extrinsic camera param- 
eters e’. The transitional relationship between those 
transformation matrices is formulated as the following 
equation: 

Since one camera is fixed in the tool position in our 
camera setting, the images of different viewpoints are 
produced by tool position control. Given the position- 
ing control Puma commands XI‘ZOAT in Eq. (18), 
we can specify the transformation matrix H@::: [4]. 
The two unknown transformation matrices in Eq. (10) 
are HBase World  and HCTZ;A&, . Note that since the trans- 
formation from Tool coordinates to Camera coordi- 
nates is viewpoint independent, we can denote an i 
invariant matrix by Hgzgera. Using the results of 
multiple camera calibration results, we solve 
first, use this matrix, and then compute the last un- 
known matrix HZE:iera. Since we approximately know 
that the world z-axis and robot base z-axis are almost 
parallel, HT$id is almost equal to an identity ma- 
trix in a rotational part, some values in a translational 
part. For simplicity, we show the two pair viewpoints 
case among five viewpoints, denoted i and j for the 
transitional relationship in Eqs. (11): 

W o r l d  - T O O L  Base H W O T l d  
HCamera,, ,  - HCameraHTool, , ,  B a s e  (‘I) 

We eliminate HZ:&,Ta from i and j Eqs. (ll), and 
obtain: 

A,, X - X B,, = 0 (12) 

where those notations are provided as: 

(13) 

(15) 

W o r l d  x =  H B a s e  

A,, = (H&yH;;$;  (14) 
W o r l d  ) - 1 H W o T l d  Bw = (HCamel., C a m e r a ,  

Although an analytical derivation of solutions to  X 
in Eq. (12) is generally tough [8, 21, we can derive a 
simple iterative approach for Eq. (12) in the following 
form: Let $z, $,, and $z be the yaw-pitch-roll an- 
gles associated with the homogeneous transformation Hg:2d, and (pz,p,,pz) be the translational vector as- 
sociated with the transformation. Then 

1 CzCy  CzSySn ~ SzCn CtSyCn + StSz p ,  
CzCn S z S y C r  - CzSn p y  

Cy Cn P Z  

0 0 0 1 

(16) 
We apply the Broyden-Fletcher-Goldfarb-Shanno op- 
timization algorithm [l] to obtain the solution of q = 
($z,qy, $ ) z , ~ z , ~ y , ~ r ) T  which minimizes the objective 
function: 

For this non-linear iteration method, we can appro- 
priately select an initial estimate of q ,  since we ap- 
proximately know the position of the robot base with 
respect to the world coordinate frame. But of course, 
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our initial estimate may not be sufficiently close for 
us to  apply a simple gradient-descent method like 
Newton’s. Therefore we utilize Broyden-Fletcher- 
Goldfarb-Shanno optimization method whose conver- 
gence is known to be stable. 

Note that estimation of Hz:&,a is derived as the 
same form Eq. (12) in the case of HBWRd. When the 
robot tool is moving toward a specific position, we have 
the robot positioning control parameter X Y Z O A T  
and its corresponding homogeneous transformation 
H::Z:. The three transformation matrices HZZZeTa, 
HF:z:, HBW,Osreld will produce the desired transforma- 
tion matrix HF:A:$,, by Eq. (10). Therefore, we 
can now generate both intrinsic and extrinsic cam- 
era parameters for any tool positions if we have the 
end-effector positioning parameters X Y Z O A T .  The 
output of our solution is the optimized intrinsic cam- 
era parameters s and the computed extrinsic camera 
parameters e at  any arbitrary 1,001 position. This has 
eliminated the need for re-calibr ation as the robot end- 
effector is moved to different positions. 

4 Viewpoint Generation by Robotic 
Motion 

5 Applications 
5.1 Application to Object Modeling from 

Multiple Views 
The estimated intrinsic camera parameters s and 

extrinsic camera parameters e at the generated view- 
points are used to compute feat-ure coordinates for an 
object modeling. In the model acquisition phase of 
our project [7], the feature correspondence in the mul- 
tiple views is handled by a human operator with ref- 
erence to  the automatically extracted feature candi- 
dates and epipolar line. The number of viewpoints are 
five, with one taken straight from above, and two each 
frorn viewpoints that are offset, along the X and Y 
world coordinates. After the feature correspondences 
in inultiple views are established, the feature distri- 
bution in the 3D world coordinate frame is computed 
using the camera parameters s and e by least-mean- 
square minimization as described in [6]. An example 
of an polyhedral object model is illustrated in Fig. 3. 
The computed 3D feature points in this model are dis- 
played in the wireframe representation. In each sur- 
face, feasible Grasping coordinates are also introduced 
by human operator’s decision whether the robot should 
grasp that surface or not. Fo:r example, the object 
model in Fig. 3 has two Grasping coordinates, which 
are used for robot manipulation of grasping. 

Our application aim of calibration is to  generate 5.2 Application to Ob,ject Localization 

Our final goal of the research is to develop a 
vision-based bin-picking system for automation. Once 
3D models are generated through the human-assisted 
model acquisition system, the wireframe-based CAD 
model will be used for the robot to  recognize and grasp 
the object which will be randomly located in a bin in 
the robotic workspace. In our strategy, the robot ini- 
tially takes two views of the object whose viewpoints 
are determined by the same method described in Sec- 
tioii 4. The robot then attempts to  recognize the ob- 
ject based on the correspondence between the model 
features in the 3D CAD model and image features ex- 
tracted from camera images taken at  such viewpoints. 
In our current setup, we utilize point features and 
line features for model and image features. We ap- 

C O S T  - S O S A C T  C O C T  + S O S A S T  S O C A  ply the model-based stereo vision algorithm developed 
by Kosaka and Kak [6] to  extract image features and to  
recognize and localize objects i:n the world coordinate 

If the system generates multiple hypotheses for ob- 
ject poses from original two views, the system attempts 
to  verify or reject these hypotheses by moving the cam- 
era, to  an additional viewpoint. This camera motion is 
automatically generated by the robot motion so as to  
disambiguate the initial set of hypothesis. A preferable 
verification viewpoint is selected such that the camera 
is pointing out to  the normal direction of the localized 
top surface because, in our application, the robot hand 

HBase - Base  (19) picks up the object along the axis of that perpendicu- 
lar direction. This greatly improves the pose accuracy 
with minimum computations by disambiguating the 
correspondence problem with a. grasping application. 

After the object pose is fully verified by the system, 

and Grasping by Robot Motion viewpoints and to obtain all parameters for transfor- 
mations associated with viewpoints. In order to  es- 
tablish this task, we need a kinematics to  locate the 
camera at  arbitrary positions and orientations in the 
world coordinate frame by moTIing the end-effector of 
the robot. So the ,problem is specified as follows: 

Given a homogeneous transformation from the 
world coordinate frame to the camera coordinate 
frame, generate the robot :motion commands. 

In our current system setup, we use Puma robot hand 
whose end-effector tool position is controlled by the six 
parameters X Y Z O A T  and is expressed in terms of the 
homogeneous transformation matrix: 

SOCT - C O S A S T  - -COCA Y 
-SA ] C A S T  

0 0 1 frame. 
(18) 

Given HZZZL, X Y Z O A T  parameters are computed 
by each element of E ~ .  18 141, so our viewpoiIlt 
generation problem is how to compute HZZZL, us- 
ing based on extrinsic camera Parameters 
e .  This can be done by computing 

T O O 1  - HWOT/dHCanLeTaHTOOl 

Obviously, H2&ld and HZZ&,T,. are determined by 
the camera calibration discussed In the previous sec- 
tion. 

21 88 



t 

Method 
our method with distortion 

our method without distortion 
interuolation method 

dot number 
dot number 

Average Error (pixel) 
1.38 f 0.79 
1.71 f 0.91 
4.21 f 2.1 

Figure 7: Error of calibration parameters with pixel 
deviation between the projected value and the actual 
image poan,t. The  average image registration error i s  
1.38 f 0.79 pixel/dot.  

we obtain the homogeneous transformation HF!f$ 
from the object coordinate frame to  the world coor&- 
nate frame. Based on the 3D pose of the object, the 
system now generates the grasping strategy by com- 
puting the homogeneous transformation Hg:$,t from 
the tool coordinates to the object coordinates. Finally, 
the robot positioning command will be generated by 
computing Hg::; as follows: 

6 Experimental Results 
6.1 Experiments of Calibration Accuracy 

We implemented the off-line proposed calibration 
process in a SUN Workstation ULTRA 10. It takes 
several minutes of cornputation to  optimally estimate 
the camera parameters and homogeneous transforma- 
tion matrices such as s, H;,O&,,,, H E & / d .  In this 
experiment, we used a Sony DC - 47 monocular 113 
inch CCD camera with Pulnix lens of focal-length 16 
m m .  And then, as an on-line process, we implemented 
to construct s and ei at  a viewpoint i in a PC (Pen- 
tium 350MHz) with a PUMA 761 controller. The 
whole computation time is less than 0.2sec to generate 
a calibration matrix as the tool moves to  one position, 
which is less than the time of servoing the Puma hand. 
Fig. 1 shows the result of the error evaluation of the es- 
timated calibration parameters with lens distortion, by 
superimposing the white cross-bars projected with the 
estimated parameters. Fig. 7 shows the quantitative 
deviation distribution between the white-bars and the 
actual circular calibration patterns in the image. We 
evaluated the results of estimating transformation ma- 
trices by comparing other solutions in Table l, which 
included the method without lens distortion and a sim- 
ple linear interpolation. Obviously, the modeling with 
lens distortion provides the outstanding accuracy of 
registration. 

6.2 Application Experiments of Object 

In order to verify thc applications of our calibration 
accuracy, we made experiments of object localization 
and grasping tasks described in Subsection 5.2. The 
system generates Puma gripper positioning parame- 
ters X Y Z O A T  to  generate the desired viewpoints for 
capturing the images of objects shown in Fig. 8. The 
system first extracts image features of vertices to rec- 
ognize and localize objects in the scene. Figs. 8 (a) 
and (b) represent Canny’s edge images for two view- 
points (left and right views) and corner points of image 
features are extracted from the Canny’s edge images. 
The next task is to establish a correspondence between 
the model and image features. As we have discussed 
in Subsection 5.1, the model features are registered in 
a CAD model based on the human-assisted model ac- 
quisition system. We thcn applied the model-based 
stereo vision algorithm [6] which generates multiple 
pose hypotheses from candidate correspondences be- 
tween model features and irnage features. 

In order to  verify and/or reject the pose hypotheses, 
a new viewpoint for camera observation is computed 
so that the desired images can be obtained at  that 
viewpoint. If the hypothesis is not fully verified, the 
system will try to capture an additional image from the 
next viewpoint, and the object pose is recomputed on 
the basis of the model-image feature correspondence 
candidates newly obtained. 

Fig. 8 (c) shows the image taken at  the new view- 
point for verification. Fig. 8 (d) depicts the wireframe 
object model which is selected by the object recogni- 
tion. Fig. 8(e) demonstrates the result of the pose 
estimation. In this figure, the wireframe of the object 
model based on the estimated pose is superimposed 
onto the original image frame taken at  the verified 
viewpoint. Therefore, this figure demonstrates the ac- 
curacy of our recognition and pose estimation. Finally 
Fig. 8(f) shows that the robot hand successfully picks 
up the object based on the verified 3D pose. 

7 Conclusions 
This paper presented a new method called 

“SmartView” of hand-eye robotic calibration for 
vision-based object modeling and grasping. Our 
method provided a 1.0-pixel level of image registra- 
tion accuracy when a standard Puma robot generates 
arbitrary viewpoints. In order to  attain this accuracy, 
we formalized hand-eye calibration with the lens dis- 
tortion camera model in addition to  a simple pin-hole 
model. Also, our formalism also included the opti- 
mal integration of camera parameter estimates com- 
puted from multiple views. Through the modeling 
and manipulation experiments using a Puma robot, 
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we demonstrated the accuracy .and performance of our 
hand-eye calibration method, a.nd showed that our v -  
sion system had sufficient power for active viewpoint 
generation for accurate 3D model acquisition and ro- 
bust 3D object recognition. Currently, we are working 
on a quantitative evaluation O F  the robustness of our 
method. 
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Figure 8: Application Experiments:  (a)  (b) Canny’s 
edge maps  representing image features used t o  gener- 
ate pose hypotheses f o r  (a)  left and (b)  right initial 
viewpoints, (c )  edge m a p  frons another  viewpoint t o  
verify the hypotheses, ( d )  wireframe model of the ob- 
ject  generated by the  human-assisted model acquisition 
system,  ( e )  superposition of the wireframe object model 
on to  the original image using the  estimated pose, ( f )  
robot manipulation. 
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