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Hand–Eye Calibration Applied to Viewpoint
Selection for Robotic Vision

Yuichi Motai, Member, IEEE, and Akio Kosaka, Member, IEEE

Abstract—Viewpoint calibration is a method to manipulate
hand–eye for generating calibration parameters for active view-
point control and object grasping. In robot vision applications,
accurate vision sensor calibration and robust vision-based robot
control are essential 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 grasp-
ing. Our method provides a 1.0-pixel level of image registration
accuracy when a standard Puma/Kawasaki robot generates an
arbitrary viewpoint. To attain this accuracy, our new formalism of
hand–eye calibration deals with a lens distortion model of a vision
sensor. Our most distinguished approach of optimizing intrinsic
parameters is to utilize a new parameter estimation algorithm
using an extended Kalman filter. Most previous approaches did not
even consider the optimal estimates of the intrinsic and extrinsic
camera parameters, or chose one of the estimates obtained from
multiple solutions, which caused a large amount of estimation er-
ror in hand–eye calibration. We demonstrate the power of this new
method for: 1) generating 3-D object models using an interactive
3-D modeling editor; 2) recognizing 3-D objects using stereovision
systems; and 3) grasping 3-D objects using a manipulator. Experi-
mental results using Puma and Kawasaki robots are shown.

Index Terms—Hand–eye calibration, Kalman filter, lens distor-
tion, multiple viewpoints, robot vision.

I. INTRODUCTION

W E REPORT here an improved technique for calibrating
hand–eye robotic vision systems. Our approach allows

the system to compute robotic calibration parameters of the
camera and the end-effector for multiple 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 acquiring a 3-D object model,
one would separately carry out camera calibration for each
viewpoint. An alternative approach consists of carrying out cali-
bration for a certain number of designated viewpoints and using
interpolation for other viewpoints. The disadvantages of this ap-
proach are: 1) overall low accuracy (partially dominant errors)
and 2) spatial limitation of the viewpoint generation. In our pro-
posed scheme, we use multiple viewpoints (at least three view-
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points) for calibration of the camera mounted on the gripper
and optimally estimate all the necessary parameters for active
control of viewpoints and precise object grasping. The advan-
tages of our method are to minimize the camera calibration
error by: 1) applying a lens distortion model and 2) optimizing
the camera parameters with robotic arm kinematics.

Since camera calibration is fundamental to all phases of
research in robot vision, much work has been done so far.
Some of the earliest references to camera calibration in the
computer vision literature are [7] and [11]. These assume a
pinhole model for the camera, and, therefore, this assumption
restricts the use of a wide range of views for 3-D reconstruction
since the lens distortion can be severe in the peripheral of the
camera view. Whereas few of these references deal with lens
distortion of camera optics [23], others address the issue of
efficient calculation of various camera parameters [25], [26].

Hand–eye calibration utilizes techniques of camera calibra-
tion and motion control of the robot hand. We have developed
algorithms for hand–eye calibration by moving the camera
to different viewpoints through robot arm motion and taking
images of 3-D calibration patterns. The algorithms first estimate
intrinsic and extrinsic camera parameters for each viewpoint
and select the intrinsic camera parameters of one viewpoint as
the truth-value of the intrinsic camera parameters for all view-
points. The algorithms then estimate various transformation
matrices for hand–eye calibration, including the transformation
from the camera to the end-effector and the transformation from
the robot base to the world coordinate frame.

When the lens distortion of the camera becomes severe,
however, the estimated intrinsic camera parameters can greatly
differ between views due to the instability of intrinsic camera
parameter estimation (including lens distortion parameters).
The selection of the intrinsic camera parameters from a single
view leads to a large hand–eye calibration error, particularly for
arbitrary viewpoints used in 3-D modeling of objects.

In this paper, to achieve accurate and reliable performance
of active vision control, we have modeled a camera with lens
distortion as well as optimally estimated camera calibration pa-
rameters by integrating those estimates obtained from multiple
viewpoints using the Kalman filter approach. Kalman filters
have been widely used in many industrial electronics, and some
robotic applications similar to ours are found in [4], [15], [16],
and [28]–[43].

Fig. 1 shows the image registration error of the overall
hand–eye calibration for viewpoint generation. Small black
circles are used for the camera calibration patterns 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
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Fig. 1. Camera mounted on the gripper takes an image of calibration patterns
of radius 2.0 mm at the distance of 0.2 m. The estimated calibration parameters
from our method are used to produce the white cross-hairs, superimposed at the
expected pattern centers.

Fig. 2. Verification of hand–eye calibration using a stylus is shown. (a) Puma
and (b) Kawasaki robots attempt to locate the tip of the stylus to the origin of
the world coordinate frame by using the estimated calibration parameters.

the 1.0-pixel level of image registration accuracy (1-mm level
of accuracy in the 3-D workspace) when the camera is moved
to a position that was not used for calibration. Fig. 2 also shows
the verification of our hand–eye calibration for object grasping.
The robot attempts to move the tip of the stylus mounted on the
gripper to the center of calibration patterns.

As several early studies demonstrated, the solution of the
kinematics can be derived as a closed form using an inverse
transformation matrix [10]. To determine the position and
the orientation of the hand–eye camera with respect to the
workspace, more recent issues are to solve the unknown trans-
formation of the robot hand, which is formed as a homogeneous
matrix equation AX = XB [6], [21], [24] and to solve this
equation using a quaternion approach [6], [8], [24]. In our
method, we propose a modified algorithm using a nonlinear
iteration method and then evaluate the new solution using our
robot manipulation systems.

Here, we apply our hand–eye calibration technique to 3-D
modeling and grasping of industrial objects. Our robotic cal-

ibration can be applied to develop a human-assisted model
acquisition system [17]. In this project, objects are placed in the
work area by a human, who then “guides” the system into es-
tablishing 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 view-
points for pose calculation if the object is placed inside a known
workspace or in the view of the single camera mounted on the
robot hand. In the acquired model, the object surfaces that are
appropriate for grasping with the robotic hand are marked. The
computer vision method identifies which surface has grasping
capabilities before using the robotic hand to pick up the object.
Lastly, robotic manipulation is executed to grasp the object for
which the grasping points have already been acquired.

We also seek an efficient viewpoint selection for imaging, so
that our robot vision system can reliably compute an object’s
pose. The choice of an imaging viewpoint has been examined
in the field of active vision [1], [2]. In these studies, a camera
is manipulated to improve the quality of the perceptual results.
Because we can compute calibration parameters at any camera
position, having active control over the viewpoint direction
increases machine perception ability [22].

In this paper, we will first present our new approach for the
hand–eye calibration system and will then apply this calibration
result to the human-assisted model acquisition system. Lastly,
experimental results that verify the power of our approach will
be shown.

II. PROBLEM STATEMENT OF HAND–EYE CALIBRATION

To generate a 3-D object model, we mount a monocular cam-
era on the gripper of the robotic manipulator to capture views of
the object from multiple viewpoints. It is desired that all mul-
tiple views be automatically captured using the robot, followed
by calibration parameter calculation for model acquisition. For
this strategy in 3-D modeling, hand–eye calibration is an im-
portant task to perform. To formulate the hand–eye calibration
problem, we define the following coordinate frames as shown
in Fig. 3: Base (xB , yB , zB), Tool (xT , yT , zT ), Approach
(xA, yA, zA), Grasping (xG, yG, zG), Object (xO, yO, zO),
World (xW , yW , zW ), Camera (xC , yC , zC), and Image (u, v).

In our laboratory platform, robotic hand motion is fully
determined using a Puma 761 or Kawasaki JS10 controller with
the positioning commands XY ZOAT (which is a platform-
dependent control parameter similar to XY Zϕθψ). We will
be able to determine the homogeneous transformation HTool

Base

from the robot tool to the robot base coordinate frames [see
later in (33) and (34)]. Thus, our hand–eye calibration problems
are, first, to solve a camera (eye) calibration problem and then
to solve a robotic (hand) calibration problem, described as
follows:

1) determine the camera-image transformation g, namely

(u, v) = g(xC , yC , zC) (1)

2) determine the homogeneous transformations of HTool
Camera

and HWorld
Base .
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Fig. 3. Coordinate transitional illustration for robot manipulation.

Fig. 4. Camera distortion model.

A. Camera Distortion Model

Before discussing the details of our calibration procedure,
we will present the process of camera image formation that
deals with lens distortion (Fig. 4). Let us first assume that
the camera is modeled by a pinhole camera. In this case, the
camera image coordinates (up, vp) can be mapped into the
normalized pinhole camera image coordinates (u′, v′) by the in-
trinsic camera parameters, the magnification factors αu and αv ,
and the image center coordinates (u0, v0) as follows:

u′ =
up − u0

αu
=

xC

zC

v′ =
vp − v0

αv
=

yC

zC
. (2)

Please note that, in general, the camera image coordinates
(up, vp) under the pinhole camera image coordinates are not
observable. Lens distortion adds to the normalized pinhole
camera image coordinates a deviation of (u′, v′). Let (ũ, ṽ)
be the normalized camera image coordinate frame with lens
distortion. Then, we can represent the relationship between
(u′, v′) and (ũ, ṽ) by the following [25]:

u′ =
xC

zC
≈ ũ + k1ũ(ũ2 + ṽ2)

v′ =
yC

zC
≈ ṽ + k1ṽ(ũ2 + ṽ2) (3)

where the coefficient k1 for the deviation represents the pa-
rameter for the radial distortion of the camera, and (ũ, ṽ) is
computed from the actual camera image coordinates (u, v) as
follows:

ũ =
u − u0

αu

ṽ =
v − v0

αv
. (4)

In this paper, we will call s = [αu, αv, u0, v0, k1]T the in-
trinsic camera parameters. Note that these intrinsic camera pa-
rameters will remain constant during the hand–eye calibration
process. As shown in [25], tangential distortion is not dominant
for robotic applications. Therefore, we only model here a radial
distortion case. However, our method is applicable to lens
distortion models dealing with radial and tangential cases.

We now consider multiple viewpoints by moving a camera in
the world coordinate frame. At viewpoint i, the camera location
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in the world coordinate frame is specified by the homogeneous
transformation HTool

Camera, which consists of the rotation matrix
Ri = (ri

km) and the translation vector ti = [tix, tiy, tiz]
T . Then

from (3), the 3-D point (xW , yW , zW ) in the world coordinate
frame is mapped onto the camera image frame as follows:

u′ =
ri
11xW + ri

12yW + ri
13zW + tix

ri
31xW + ri

32yW + ri
33zW + tiz

≈ ũ + k1ũ(ũ2 + ṽ2)

(5)

v′ =
ri
21xW + ri

22yW + ri
23zW + tixy

ri
31xW + ri

32yW + ri
33zW + tiz

≈ ṽ + k1ṽ(ũ2 + ṽ2)

(6)

where the rotation matrix Ri is specified by independent
yaw–pitch–roll angles ϕx, ϕy , and ϕz . We will call ei =
[ϕi

x, ϕi
y, ϕi

z, t
i
x, tiy, tiz, ]

T the extrinsic camera parameters for
viewpoint i.

Having the intrinsic camera parameters s and the view-
dependent extrinsic camera parameters ei, we can always de-
termine the mapping of the world coordinate frame 3-D points
into the camera coordinate frame. To compute the camera-
image transformation, i.e., 2-D image coordinates (u, v) from
the corresponding 3-D point (xW , yW , zW ) in the world frame,
we take the following two steps.

1) Compute the normalized camera image coordinates (ũ, ṽ)
by solving the implicit forms of (5) and (6) using an
appropriate iterative gradient method, for example, the
Newton method, with initial values (ũ, ṽ) = (u′, v′).

2) Compute the actual image coordinates (u, v) from (ũ, ṽ)
using (4).

III. 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 servoing for robotic ma-
nipulation [22]. In most cases, these methods only utilized
central regions of camera images, where the pinhole camera is
generally sufficient to model the 3-D–2-D point projection.

When using a camera with a small focal length and wider
views for 3-D object modeling, lens distortion becomes a sig-
nificant issue for calculating precise 3-D measurements or for
object modeling using multiple view observations. We propose
here an efficient and accurate approach that can deal with lens
distortion for the camera model while still producing precise
determination of robotic hand and camera transformations.

In our hand–eye calibration strategy, as shown in Fig. 5, we
take the following three steps.

Step 1) We locate a calibration pattern board at differ-
ent heights (zW values) in the world coordinate
frame and then take snapshots of the calibration
pattern board from multiple viewpoints by moving
the robot end-effector. We then independently esti-
mate the intrinsic and extrinsic camera parameters
for each viewpoint, assuming that intrinsic camera
parameters are not actually equal.

Fig. 5. Calibration steps.

Fig. 6. Radial lens distortion illustration by iteratively minimizing (8). The
left-hand side shows the initial estimation corresponding to the pinhole camera
model. The right-hand side shows how the radial distortion is handled via
nonlinear iterations.

Step 2) We reestimate intrinsic and extrinsic camera param-
eters by imposing the constraint that all intrinsic
camera parameters be equal.

Step 3) We compute the homogeneous transformation be-
tween the robot tool and the camera coordinate
frames as well as that between the robot base and
the world coordinate frames.

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 servoing for robotic ma-
nipulation [22]. In most cases, these methods only utilized
central regions of camera images, where the pinhole camera
is generally sufficient to model the 3-D–2-D point projection
(Fig. 6).

A. Step 1: Initial Estimation of Camera Parameters

In Step 1, we generate multiple viewpoints (M viewpoints
in total) by moving the camera with the robot and taking
snapshots of the planar calibration pattern board, which is
located at different heights zW specified in the world coordinate
frame. The calibration patterns consist of small black circles
(N circles in total), and the 3-D coordinates of the centroids
of the calibration patterns are measured in the world frame.
By analyzing the snapshots of the calibration patterns by a
computer, we can estimate the 2-D image coordinates of the
centroids in the camera image frame. For each viewpoint i
and each circle j, let (xi

j , y
i
j , z

i
j) and (ui

j , v
i
j) be the 3-D

coordinates of the calibration pattern centroids in the world
coordinate frame and the corresponding 2-D image coordi-
nates in the camera image frame measured and accumulated
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from various heights, respectively. Then, from (5) and (6),
we obtain

ri
11xW + ri

12yW + ri
13zW + tix

ri
31xW + ri

32yW + ri
33zW + tiz

= ũi
j + k1ũ

i
j

(
(ũi

j)
2 + (ṽi

j)
2
)

ri
21xW + ri

22yW + ri
23zW + tiy

ri
31xW + ri

32yW + ri
33zW + tiz

= ṽi
j + k1ṽ

i
j

(
(ũi

j)
2 + (ṽi

j)
2
)

(7)

ũi
j =

ui
j − u0

αu

ṽi
j =

vi
j − v0

αv
.

In Step 1, we first independently estimate intrinsic camera
parameters si = [αiu, αiv, ui

0, v
i
0, k

i
1]

T and extrinsic cam-
era parameters ei = [ϕix, ϕiy, ϕiz, tix, tiy, tiz]T for differ-
ent viewpoints i. To do this, we apply Weng’s algorithm, a
nonlinear iterative method that is described in detail in [25].
The main contribution of the algorithm is that this problem
is converted into an optimization problem that minimizes the
objective function of the image registration error between the
2-D measurement coordinates (uij, vi

j) and the 2-D projected
coordinates (uij, vi

j) based on the parametric representation of
intrinsic and extrinsic camera models si and ei, respectively,
computed from (7).

The objective function is defined by

f =
∑

j

{(
ui

j − u−i
j

)2 +
(
vi

j − v−i
j

)2
}

(8)

which should be minimized with respect to si and ei.

B. Step 2: Integration of Camera Parameter Estimates From
Multiple Views

In the previous step, intrinsic camera parameters si (i =
1, 2, . . . ,M) are not necessarily equal since, for this algorithm,
the parameters are independently estimated for viewpoint i. In
Step 2, we integrate all estimates to obtain an optimal estimate
of intrinsic and extrinsic camera parameters s and ei by a
nonlinear iteration algorithm. As for the initial estimates for the
iteration, we use the estimates si and ei obtained in Step 1.
More specifically, we attempt to minimize f in (8) under the
following additional constraint:

s = s1 = s2 = sM . (9)

We also apply an iterative technique of nonlinear optimiza-
tion to attain a robust and accurate estimate. In this case, we
have a good initial estimate for s and ei (i = 1, 2, . . . , M);
then, we apply an extended Kalman filter-based updating
scheme [13], so that sequential updating of parameters can be
attained along with outlier elimination. In our implementation
of the extended Kalman filtering, for each image measure-

ment point (ui
j , v

i
j), we have a pair of constraint equations

as follows:

f ≡

⎡
⎣

ri
11xW+ri

12yW+ri
13zW+ti

x

ri
31xW+ri

32yW+ri
33zW+ti

z
−

(
ũi

j +k1ũ
i
j

(
(ũi

j)
2+(ṽi

j)
2
))

ri
21xW+ri

22yW+ri
23zW+ti

x

ri
31xW+ri

32yW+ri
33zW+ti

z
−

(
ṽi

j +k1ṽ
i
j

(
(ũi

j)
2+(ṽi

j)
2
))

⎤
⎦=0

(10)

where the image measurement (uij, vij) is converted to the
normalized image point (ũij, ṽij) as (7). We define the
parameter vector p to be estimated as follows:

p = [s e1 e2 · · · em] (11)

and measurement vector z = (uij, vij), and we associate the
mean p and the error covariance matrix Σ. Then, the extended
Kalman filter updating from (p,Σ) to (pnew,Σnew) is, for each
iteration, expressed by

pnew = p − K(Mp − y) (12)

Σnew = (I − KM)Σ (13)

where

f = Mp − y (14)

K = ΣMT (W + MΣMT ) (15)

M =
∂f

∂p
(16)

W =
(

∂f

∂z

)
R

(
∂f

∂z

)T

. (17)

Note that y is obtained as the linearization of the con-
straint equation f , K is the Kalman gain, and R is the error
measurement covariance matrix. To stabilize the estimation,
Kalman updating is sequentially performed for each measure-
ment point (uij, vij) by randomizing the order of indexes i
and j. During the sequential updating, we also check whether
outliers exist in the image measurements, as described in [13].
In our case, we have a large number of measurements of
image calibration points (uj, vj) (j = 1, 2, . . . , N), where N
is typically around 1000. The extended Kalman filter-based
updating can be implemented for a small number of constraints
for each iteration of updating; more specifically, only two
degrees of freedom for the constraints are necessary as seen
in the constraint equation (10). Note that the parameters to be
estimated are (s,e1,e2, . . . ,em) for m multiple views, and the
dimension of the parameter vector p is 5 + 6m. The constraint
equation acquired from (10) is simply 2-D associated with
the image measurements (uj, vj) for each sequential updating.
This reduction of dimensionality greatly helps the reduction of
computational complexity.

We would like to mention here that our approach of opti-
mizing intrinsic parameters from multiple views is important.
Compared to previous approaches that do not consider the
optimal estimates of the unique intrinsic camera parameters
and multiple extrinsic camera parameters in multiple views, our
proposed method is chosen as a good tool to move the camera
to an arbitrary viewpoint. Many studies on visual servoing
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for robotic manipulation simply choose one of the intrinsic
parameters from multiple solutions. This causes a large amount
of an estimation error for hand–eye calibration, particularly
for scenarios with severe lens distortion. As our experimental
results later show, this step significantly improves the accuracy
of camera calibration.

C. Step 3: Robotic Calibration

Once the experimental process has provided the camera pa-
rameters s and ei (i = 1, 2, . . . ,M), the relationship between
coordinates in Fig. 3 will be obtained as each component trans-
formation matrix such as HTool

Camera, HBase
Tool , and HWorld

Base . Note
that HWorld

Camerai
is derived from the extrinsic camera parameters

ei. The transitional relationship between those transformation
matrices is shown in the following:

HWorld
Camerai

= HTooli
Camerai

HBase
Tooli

HWorld
Base . (18)

Since one camera setting is fixed in the tool position, the
images of different viewpoints are produced by controlling
the tool position. Given the positioning control parameters,
we can specify the transformation matrix HBase

Tooli
[10]. The

two unknown transformation matrices in (18) are HWorld
Base and

HTooli
Camerai

. Note that since the transformation from Tool co-
ordinates to Camera coordinates is viewpoint independent, we
can denote an invariant matrix as HTool

Camera. Using the multiple
camera calibration results, we solve HWorld

Base first, use this
matrix, and then compute the last unknown matrix HTool

Camera.
Since we approximately know that the world z-axis and the
robot base z-axis are almost parallel, HWorld

Base is nearly equal
to an identity matrix in a rotational part and some values in
a translational part. For simplicity, in (19), we show the two
pairs of viewpoint cases for five viewpoints, denoted with i
and j (thus, 5C2 combinatory possibilities), for the transitional
relationship, i.e.,

HWorld
Camerai/j

= HTool
CameraH

Base
Tooli/j

HWorld
Base . (19)

We eliminate HTool
Camera from viewpoints i and j in (19) and

obtain

AijX − XBij = O (20)

where the notations are defined as follows:

X =HWorld
Base (21)

Aij =
(
HBase

Tooli

)−1
HBase

Toolj
(22)

Bij =
(
HWorld

Camerai

)−1
HWorld

Cameraj
. (23)

In the above notation, the 3 × 3 rotation matrix R and the
3 × 1 translation vector t can be separately expressed in a
homogeneous form, so that the equation can be decomposed
as follows:

RA
ijR =RRB

ij (24)

RA
ijt + tA

ij =RtB
ij + t. (25)

Therefore, our first problem is to estimate R. Although an
analytical derivation of solutions to R in (24) is generally dif-
ficult [6], [21], we can apply a simple iterative approach using
the following method. Let ψx, ψy , and ψz be the yaw–pitch–roll
angles associated with the rotational transformation from the
world coordinate to the base coordinate associated with R
defined by (26), shown at the bottom of the page. We ap-
ply the Broyden–Fletcher–Goldfarb–Shanno optimization algo-
rithm [5] to obtain the solution of q = (ψx, ψy, ψz)T , which
minimizes the following objective function:

f(q) =
∑

i,j(i�=j)

∥∥RA
ijR − RRB

ij

∥∥2
. (27)

For this nonlinear iteration method, we can appropriately
select an initial estimate for q since we know the approx-
imate position of the robot base with respect to the world
coordinate frame. Our initial estimate may not be sufficiently
close to the true value for us to apply a simple gradient-
descent method like the Newton method; therefore, we utilize
the Broyden–Fletcher–Goldfarb–Shanno optimization method,
which is known to have a stable convergence [3].

Once R is estimated from (27), we have the following
translation equation from (25):

(
I − RA

ij

)
t = tA

ij − RtB
ij . (28)

Then, we have the following:

C t = d (29)

where the following notations are used:

C =

⎡
⎢⎣

I − RA
1,2

...
I − RA

m−1,m

⎤
⎥⎦ d =

⎡
⎢⎣

tA
1,2 − RtB

1,2

...
tA
m−1,m − RtB

m−1,m

⎤
⎥⎦ (30)

where m is the number of viewpoints. The solution to (29) with
respect to t is given by

t = (CT C)−1CT d (31)

which is equivalent to the solution that minimizes ‖Ct − d‖2.
This completes the estimates of X in (20).

R =

⎡
⎣ cos ψz cos ψy cos ψz sinψy sin ψx − sin ψz cos ψx cos ψz sin ψy cos ψx + sin ψz sinψx

sin ψz cos ψy sinψz sinψy sin ψx + cos ψz cos ψx sinψz sin ψy cos ψz − cos ψz sin ψx

− sin ψy cos ψy sin ψx cos ψy cos ψx

⎤
⎦ (26)
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Note that the estimation of HTool
Camera is derived as the same

from (20) in the case of HWorld
Base . When the robot tool is

moving toward a specific position, we have the robot posi-
tioning control parameter and its corresponding homogeneous
transformation HBase

Tooli
. From (18), the three transformation

matrices HTool
Camera, HBase

Tooli
, and HWorld

Base will produce the
desired transformation matrix HWorld

Camera. Therefore, we can
now generate both intrinsic and extrinsic camera parameters
for any tool positions if we have the end-effector positioning
parameters. The output of our solution is the optimized intrin-
sic camera parameters s and the computed extrinsic camera
parameters ei at any arbitrary tool position at i. This eliminates
the need for recalibration as the robot end-effector is moved to
different positions.

IV. VIEWPOINT GENERATION BY ROBOTIC MOTION

The purpose of hand–eye calibration is to generate view-
points and to obtain all parameters for transformations that
are associated with viewpoints. In our case, we would like
to model 3-D objects located in the world coordinate frame
by moving the camera to arbitrary viewing positions specified
in the world coordinate frame. To achieve this, we need the
inverse kinematics to locate the camera at arbitrary positions
and orientations in the world coordinate frame by moving the
end-effector of the robot. Therefore, the problem is specified as
follows.

• Given a homogeneous transformation from the world co-
ordinate frame to the camera coordinate frame, generate
the robot motion commands.

Therefore, the first step of our viewpoint generation problem
is how to compute HTool

Base using HCamera
World based on extrinsic

camera parameters e. Because the robot hand is controlled by
HTool

Base, this can be done by computing

HTool
Base = HWorld

Base HCamera
World HTool

Camera (32)

where HWorld
Base and HTool

Camera are determined using the camera
calibration methods discussed in Step 3 in Section III.

The second step of our viewpoint generation problem is to
compute the robotic motion parameters from HTool

Base. This is
a well-known inverse kinematics problem for various robotic

manipulators. In our case, we apply our method with the
following two robots.

A. Puma 761

Puma 761 is a Puma robot hand, whose end-effector tool
position is controlled by the six parameters XY ZOAT , and is
expressed in terms of the homogeneous transformation matrix
in (33), shown at the bottom of the page.

Given HTool
Base, XY ZOAT parameters are computed for each

element of (33).
A detailed element computation for the Puma robotic plat-

form can be found in [10].

B. Kawasaki js10

In the Kawasaki JS10 Trellis controller, the 3 × 3 rotation
matrix portion in (33) is represented by roll ϕ, pitch θ, and yaw
ψ as given in (34), shown at the bottom of the page.

The parameters ϕ, θ, and ψ were derived by transforming the
elements of the above matrix with respect to the arc tangent.

V. EXPERIMENTAL RESULTS

We implemented the proposed calibration method on a SUN
Workstation (the implemented source code in this paper is
available by request). We performed the evaluation experiments
for the Puma and Kawasaki platforms. Several minutes of
computation were required to optimally estimate the camera
parameters s and ei and homogeneous transformation matrices
HTool

Camera and HWorld
Base . In this experiment, we used a Sony

DC-47 monocular 1/3 in a charge-coupled device camera with a
Pulnix lens of focal length 16 mm. We selected five viewpoints
to estimate the hand–eye calibration parameters. All of five
viewpoints were set up in such a manner that each was directed
to the world origin at the same height in the world coordinate
frame. One camera viewpoint was located directly above a
pattern board, and the other viewpoints were symmetrically
offset along the X and Y world coordinates, as shown in Fig. 7.

For each viewpoint, we took snapshots of a planar calibration
pattern board at three different levels of z-values specified in the
world frame. The calibration plane was moved in the zw axis
to the zW values 0.001, 0.12325, and 0.2465 m. The spacing
of the points in the calibration pattern spacing was 0.0175 m.

HTool
Base =

⎡
⎢⎣

cos O sin T − sin O sin A cos T cos O cos T + sin O sin A sin T sin O cos A X
sin O sin T + cos O sin A cos T sin O cos T − cos O sin A sin T − cos O cos A Y

− cos A cos T cos A cos T − sin A Z
0 0 0 1

⎤
⎥⎦ (33)

HTool
Base =

⎡
⎢⎣

cos φ cos θ cos φ sin θ sin ψ − sinφ cos ψ cos φ sin θ cos + sin φ sinψ X
sin φ cos θ sin φ sin θ sin ψ + cos φ cos ψ sinφ sin θ cos ψ − cos φ sinψ Y
− sin θ cos θ sinψ cos θ cos ψ Z

0 0 0 1

⎤
⎥⎦ (34)
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Fig. 7. Five image viewpoints used for imaging an object.

As long as the noncoplanar points are located in the roughly
3 × 3 m2 workspace, then all of the camera parameters can be
estimated. This is different from typical self-calibration because
the zw motion is not necessarily parallel to the camera optic
axis. We then independently estimated the intrinsic camera
parameters si and the extrinsic camera parameters ei. Next,
we integrated multiple view-dependent camera parameters to
estimate the optimal intrinsic camera parameters s and to
modify individual extrinsic camera parameters ei. Last, the
hand–eye homogeneous transformations, such as HTool

Camera and
HWorld

Base , were estimated.

A. Evaluation of Hand–Eye Calibration by Image Registration

The accuracy of the estimated calibration parameters was
evaluated in the 2-D image plane by generating arbitrary robot
hand motions and by projecting known 3-D coordinates of the
calibration patterns (white cross-bars) onto the originally cap-
tured images of calibration patterns. Fig. 8 shows the results of
image registration accuracy. We numerically analyzed the error
of calibration parameters with pixel deviation between the pro-
jected points and the actual image points. In the Puma platform,
the average error was 1.38 ± 0.79 pixel/marker, as the typical
image shown in Fig. 1 (Section I). In the Kawasaki platform,
several other viewpoint images were also evaluated as in Fig. 8.

The image registration errors for all views are shown in
Fig. 9 (the Kawasaki robot platform). The image registration
results were compared to alternative solutions in Table I, which
included the method without lens distortion. Modeling the reg-
istration results with lens distortion provides the best accuracy,
particularly if wider camera image views are used, as shown in
Fig. 8 and Table I.

B. Evaluation for 3-D Reconstruction

The calibration results were also evaluated for 3-D recon-
struction by integrating views from multiple viewpoints. We
placed a calibration pattern board with 225 black markers at
three different heights in the world coordinates and took snap-
shots of this calibration board from five different viewpoints.
We then extracted markers and estimated the 3-D coordinates of
the black markers in the world coordinate frame using the stereo

Fig. 8. Verification of superimposed maker patterns at two different z values
in the Kawasaki platform. For (a) and (b), the projection matrix is determined
using the results of the pinhole camera model. For (c) and (d), the results of the
radial distortion camera model are used.

Fig. 9. Integration of all superimposed images using estimated distortion cam-
era parameters in the Kawasaki platform. The white cross-bars “+” represent
the superimposition of the pattern using the estimated transformation. The black
overlaps “×” represent the actual extraction of the patterns.

TABLE I
IMAGE REGISTRATION ERROR
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Fig. 10. Three-dimensional reconstruction of the maker patterns from three viewpoint images using hand–eye calibration results (a) with eliminating distortion
and (b) affected by distortion. The stereo correspondence pattern points in the three images were identified and computed the world coordinate values (in
meters) with depth value z. The marker point spacing in 3-D was z = 0.001, 0.12325, and 0.2465 m. The standard deviations of z were (a) 0.00698 m and
(b) 0.00885 m, which demonstrates a 21.1% improvement when lens distortion is taken into account.

Fig. 11. Standard deviation of z values versus the number of stereo
images used.

reconstruction technique described in [14]. Fig. 10 shows the
3-D reconstruction results from merging three views. Fig. 10(a)
shows the results with respect to lens distortion, and Fig. 10(b)
shows the results without taking lens distortion into account
(using the pinhole camera model). As we can see from Fig. 10,
modeling the lens distortion leads to better accuracy for 3-D
reconstruction. We also evaluate the relationship between the
number of viewpoints and the 3-D reconstruction error. Fig. 11
shows the result. We conclude that five views are sufficient for
modeling 3-D reconstruction of the object.

VI. APPLICATIONS OF THE CAMERA

AND ROBOT CALIBRATION

We utilized our hand–eye calibration results for 3-D object
modeling and robotic bin picking. As we have discussed in

Fig. 12. Stereo correspondence in human–computer interaction editor. The
feature extraction and correspondences in multiple views are established using
the human-in-the-loop approach. The features are computed in the 3-D world
coordinate frame using the camera parameters s and e by least-mean-square
minimization. With the calibration results, each feature is represented in the
3-D world coordinates from multiple viewpoint images.

the previous sections, we have a good tool to move the cam-
era to an arbitrary viewpoint in the world coordinate frame
where the object to be modeled or to be grasped is located.
In the following, we will present the experimental results for:
1) modeling 3-D objects and 2) recognizing and grasping such
objects by controlling the viewpoints used by the camera.

A. Object Model Acquisition

In our laboratory, vision models of 3-D objects were gener-
ated using the human-assisted model-acquisition system [17],
[18] along with the results from hand–eye calibration. In this
robot teaching system, shown in Fig. 12, the objects were
placed in the work area by a human, who then taught the system
to establish the registration of image-to-image and pose-to-pose
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Fig. 13. Some results of acquiring object models. For the polyhedral objects
(a), (b) and (c), (d), and the oval objects (e), (f). The geometrical shape was
reconstructed using the calibration parameters.

correspondences. We generated a 3-D geometrical model of
a 3-D object from salient features such as circles, polygons,
ellipses, and free-form curves. The computer extracted 2-D
salient features from the images taken from multiple views.
The system then interacted with a human operator to represent
the object with the extracted features for each 2-D view image.
Then, the system estimated the 3-D coordinates of features in
the world frame from the 2-D features in the image coordinates
since the system registered the estimated 3-D features as a
body of the 3-D object model. During the 3-D reconstruction
process, the calibration results, such as the lens distortion
parameters k1 in (3), s, and e and robotic kinematics, were
required when the system integrated multiple views to generate
3-D object models, so that lines and curves in each image
can be reliably and accurately reconstructed in 3-D features.
Based on our evaluation experiment, five views were used for
integration—this was verified by Fig. 11.

The example results of the two polyhedral object models
are shown in Fig. 13(b) and (d). We tested our calibration
method by modeling an artificially made object made of wood
with polygon surfaces since the 3-D reconstruction for these
objects easily evaluated the accuracy of our calibration re-
sults. The modeling error was less than 3% (around 3 mm)
compared to the true values of measuring the actual objects
[17], [18]. The industrial objects, including oval curve shapes,
were also examined through a human computer interface editor
(Fig. 12).

B. Object Localization and Grasping

We also show other experimental results that verify that our
calibration method for viewpoint generation can be applied to
3-D object recognition and pose estimation tasks. After 3-D
object models were generated with the human-assisted model
acquisition system described in Section VI-A, the actual objects
were randomly placed in a bin in the robot’s workspace. The
robot’s task was to recognize and grasp the objects using the
vision model. To verify and/or reject the pose hypotheses,
a new viewpoint was computed by following the method in
Section IV, so that the desired view could be obtained at that
viewpoint. If the hypothesis was not fully verified, the system
tried to capture an additional image from a subsequent view-
point, and the object pose was recomputed to match the features
obtained at the new viewpoints. We applied a model-based
stereovision algorithm developed by Kosaka and Kak [14]
to extract salient image features for object localization in the
world coordinate frame. In our strategy, the robot initially took
two views of the object whose viewpoints are preassigned.
The robot then attempted to compute the pose hypotheses of
the object based on the correspondence between the model
features. To verify the applications of our calibration accuracy,
we made experiments for object localization and grasping tasks
[19], [20].

VII. CONCLUSION

This paper presented a new method of hand–eye robotic
calibration for vision-based object modeling and grasping. Our
method provides pixel-level image registration accuracy for
3-D reconstruction when arbitrary viewpoints are generated
using a standard Puma or a Kawasaki robot. To attain this accu-
racy, we developed a hand–eye calibration process that included
a lens distortion camera model. Our method integrates estimates
of camera parameters obtained from multiple viewpoints by
utilizing an extended Kalman filter. Based on modeling and
manipulation experiments using the robots, we showed that
our vision system had sufficient power for active viewpoint
generation to acquire 3-D models of objects and to recognize
and grasp these objects in the robotic work cell.
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