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Abstract. Ageneral scheme torepresentthe relation between dynamic images and camera and/or object motions is
proposed for applications to visual control of robots. We consider the case where a moving camera observes moving
objects in a static scene. The camera obtains images of the objects moving within the scene. Then, the possible
combinations of the camera and the objects’ poses and the obtained images are not arbitrary but constrained to
each other. Here we represent this constraint as a lower dimensional hypersurface in the product space of the whole
combination of their motion control parameters and image data. The visual control is interpreted as to find a path
on this surface leading to their poses where a given goal image will be obtained. In this paper, we propose a visual
control method to utilize tangential properties of this surface. First, we represent images with a composition of a
small number of gigen imagesby usingK-L (Karhunen-L&ve)expansion. Then, we consider to reconstruct the
eigen space (the eigen image space) to achieve efficient and straightforward controls. Such reconstruction of the
space results in the constraint surface being mostly flat within the eigen space. By this method, visual control of
robots in a complex configuration is achieved without image processing to extract and correspond image features
in dynamic images. The method also does not need camera or hand-eye calibrations. Experimental results of visual
servoing with the proposed method show the feasibility and applicability of our newly proposed approach to a
simultaneous control of camera self-motion and object motions.

Keywords: visual servoing, motion images, eigen space method, camera motion control

1. Introduction are not easy to establish. Even when we obtain accurate
image features, we need camera and hand-eye calibra-
There are many works on dynamic image sequence tions to utilize them.
analysis with respect to camera motion. Visual servo-  In this paper, we propose a new approach of image
ing is a main application of the works, where the robot based visual servoing. This belongs to the so-called
arm mounting a camera is controlled to track a mov- appearance based one where we do not need any image
ing object or to move to a goal pose with visual feed- processing for feature extraction and correspondence
back. Most approaches assume that (Hashimoto, 1993;search. We applied the visual servoing to more complex
Espiauetal., 1992; Weiss etal., 1987; Hutchinson et al., situations. Figure 1 shows one typical example, where
1996) (1) the object images are expressed with simple a target object is picked up by a robot-arm and moved
primitive features such as points, lines and conics, and to a certain position, and its motion control is carried
(2) the correspondences of those features are alwaysout based on the image taken by the camera mounted
maintained in the image sequence. Apparently these on another mobile robot-arm. For this purpose also,
assumptions do not hold when applied to a long se- the camera position should be controlled to get a good
quence of real images. Furthermore, although points observation. Then, for a given goal image, our task in
or lines are too simple to express the real objects, ac- this case is to move a robot-arm mounting a camera to
curate extractions and their correspondences in imagesthe position where a given goal image was taken and,
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Figure 1 (a) The configuration for the typical example of our visual servoing task. Robot arm mounting a camera is controlled to move to
the goal pose where it obtains the goal image (b). At the same time, a target object is moved to a certain position by another robot to the goal
position where it has just the same pose as in the goal image. This simultaneous control is carried out by referring to the difference between the
current image (c) and the goal image.

at the same time, to move some target objects to thein sequence and the camera motion (Deguchi, 1997,
same positions as they were in the goal image. Deguchi and Noguchi, 1996). In this paper, we extend
Furthermore, we consider the case where two cam- the use of the idea for simultaneous controls of motions
eras observe the target object motion from different of the cameras and the target objects to deal with the
viewing angles and the respective camera positions above, as well as more complex tasks.
themselves are also controlled. The summary of the main idea is as followings: Let
For these purposes, it is not enough to extract and us consider that the information contained within an
observe some fixed object features in an image by the image taken by a camera can be expressed witR an
camera. Moreover, what kind of image features must dimensional vector. Usuallyy equals the number of
be utilized for efficient control in these situations is not pixels in an image. The camera pose and position are
clear. determined withF parameters. For the case where the
To overcome these difficulties and to achieve flexible object motion is simultaneously controlled, tRemo-
control of the motions, we proposed a basic idea of a tion parameters also include those of the object motion.
direct interpretation of the relation between the image The imaging system, including the camera intrinsic



parameters, illumination condition, and so on, is spec-
ified with P parameters.

For example, a frame of raw gray scale image with
n x n pixels can be represented asin= n x n di-
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surface becomes flatest which enables us to represent
images more efficiently and to speed up the conver-
gence in the control. This representation can be ob-
tained by constructing a new set of base vectors with

mensional vector. If a camera and an object pose has 6weighted summations of the original eigen vectors. We

degrees of freedom each, and we are intending to con-

trol them, F becomes 12. If we employ two cameras,
as shown in one of the experiments lafeérincreases

up to 18, that is 3x 6. In this case, the obtained im-
age can be considered to have twice the pixel size of
N=2xnxn.

also present an algorithm for this reconstruction.
Finally, we present some experimental results of the
proposed method. The first experiment is the simul-
taneous controls of the camera and the target object
motions to return back to their respective goals from
arbitrary initial positions. In the second experiment, we

In addition, an event where the camera gets an image show the simultaneous controls of the poses of multi-
of the object in a scene at certain positions under some ple cameras and the target object. Experimental results

imaging condition can be represented by a point in
the N + F + P dimensional space. In this paper, we
fix the imaging condition to be constar® (= 0) and
considerN + F dimensional space to make the basic
principle cleatt

For a specific object, the camera cannot obtain any
arbitrary image, so that the possible combination of

the camera and the object poses and the obtained im-

age should be constrained within a surface inthe F
dimensional space. It must have much smaller dimen-
sionality.

Our approach is based on the analysis of the prop-
erties of this constraint surface. More specifically, we
utilize its differential or tangential property for visual
servoing.

At this point of view, first, the dimension of the im-
age information becomes a key probfetrecause a

of the visual servoing show that complex controls can
be achieved with a very simple implementation of our
method. The experiments also show the feasibility and
applicability of our newly proposed approach.

2. Direct Interpretation of Dynamic Images and
Camera Motion
2.1. Image and Camera Motion Representation for

Visual Control

As was described, an image taken by a moving camera
is expressed with aN = n x n dimensional vector

X, whose components are gray levels of each pixels.

The camera and the target object poses and positions
are determined with aR dimensional vectow. If we

raw image contains more than a hundred thousand pix- intend to control only camera motion in a static scene,

els and its numbeN becomes much larger thda.
For the first step, we propose to use the principal com-

ponent analysis and to represent images with a com-

position of a small number oEigen imagesby using
K-L (Karhunen-L@ve)expansion (Deguchi, 1997). We

F =6,andv = (X, Y, Z, wx, wy, »;) |, where(x, y, z)

is the camera position aridy, wy, w,) isits pose angle.
For the case where we intend to simultaneously con-

trol of the camera and a target object motions in a static

scene, we will need up to 12 dimensional vectors, that

represent images by using the eigen system obtainedis, 6 forthe camera and 6 for the target object. If we have

by the conventional eigen space method.

Next, we describe how a normal vector of the above
mentioned surface is related to the so-called Interaction
Matrix, which is used to relate camera motion and im-
age motion in conventional visual servoing techniques.

The second key problem is the efficiency for the
control when we utilize the property of this constraint
surface. For this problem, we point out that, if the con-
straint surface is flat with respect to the motion parame-

more cameras and/or more target objects, the nufber
of the motion parameters to be controlled will become
larger.

For a specific scene, an event that the camera takes
an image at a position can be represented as a point
x",wh)TintheN + F dimensional space. This point
is the combination of the obtained image and the cam-
era and the target object positions. It must be empha-
sized that the possible combination of their poses and

ters, the image change linearly depends on the motionsthe obtained image should be restricted within a sub-
and the controls will be efficiently realized by simple space having much smaller dimensionality. That is, it
visual feedback. forms a lower dimensional hyper surface in the- F

According to this idea, we consider the reconstruc- dimensional space. The motion images are constrained
tion of the representation space in which the constraint within this surface (Fig. 2).
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Figure 2 A hypersurface in th& + F dimensional space which
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Figure 4 The constraint surface in w-x space is characterized

constrains the camera and the target object poses and the imagewith its tangent plang.

combination.

This surface is defined with respecwtoThat is, for
every value ofw, the surface has one value xafWe
denote this surface with.

Then, as shown in Fig. 3, our visual servoing is to
control the camera and the target object from initial
posesws, where we have the initial image, to their
goal posesvg, where its image is supposed to kg
through a path on this constraint surfaceOf course,
we do not know the absolute valuewf We can only
estimate its relative differenagw and the change of
the imagedx with respect talw.

At almost everyw, 7 can be considered to be con-
tinuous and smooth. It implies that a small motion of
dw produces a small image changedafas

dx =L dw (1)

x:image

Figure 3 Visual servoing inv-x space. The camera and the target
object are led to their goal along a path on the constraint surface

LT is called thelnteraction Matrixor Image Jaco-
bian.

This means that the camera can be led to the goal
position by forming the visual feedback loaw =
—kLTF(x — xg), whereL T+ is a generalized inverse
of LT and 0< « < 1. ThisLT can be interpreted
as the coefficient matrix of the tangent plane of the
surfacer at the current camera position (Fig. 4). It
should be noted thdt T is given as a function of. If
the surfacer is flat, which means the positional dif-
ferencew linearly depends on the image difference
the camera can reach the goal at once with= 1.
However, in generakr is not flat, and we must em-
ploy iterative feed-back to reach the goal by setting
Kk < 1.

We should also emphasize that we cannot obtain the
analytical form ofr andL T. However, empirically we
can obtain an approximation of its derivatives by mov-
ing the camera around in small increments and taking
images. Conventionally, for the interaction matiix,
the LT obtained around the goal is commonly used.
In Deguchi (1997), we also used this approximation
for LT. It worked to bring the camera to its goal, but
the trajectories to the goal were not straightforward.
In Deguchi and Noguchi (1996), we proposed a dy-
namic estimation of th& " to improve the efficiency.

It worked well, though it required rather complex on-
line processing, and it may not efficiently apply to the
multiple motion controls discussed here.

Therefore, to achieve more efficient control based on
our above mentioned approach, in the next subsection
we propose a means of reconstructing the constraint
surface.



2.2. Linear Mapping of Images for Optimal Control
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to their respective goals by iterating the nidk and

movesteps:

If the constraint surfacer is flat, the image differ-

ence and camera position difference correspond lin- 1

early. This means that the Interaction Matrix is con-

stant within an extent around the goal, which resultsin 2

a linear trajectory of the camera movement to the goal
position bydw = —«x LT+ (X — Xg).

To realize such an effective control, first, we must re-
duce the dimensionality of the image. This is because
the original image dimensionality is too large to eval-
uate the optimality and difficult to reconstruct the con-
straint surface directly. Next, we reconstruct the rep-
resentation space which makes the constraint surface
mostly flat around the goal. We achieve both steps by
a linear mapping of the image

Xx—d

as shown in Fig. 5.
The three step strategy to find such a linear mapping
of the image is as follows:

around the goal. The set of sample images are taken
by moving the camera (and the object, for the case to
control also the object motion) in small increments.

. From the image set, by using the eigen space
method, we reduce the image dimensionality.

. Fromthe eigen vectors, we construct the linear map-
ping which makes the distribution of the sample mo-
tion images to be optimally flat with respect to the
motion parameters.

When we obtain the optimal image transformation
d and good estimate of the Interaction MattiX for
thed, we control the camera and the object movements

Figure 5 Realization of an effective control by reducing the di-
mensionality of images and reconstructing the representation space
which make the constraint surface mostly flat around the goal.

From the imagex at current camera and object
poses, obtain its eigenspace representatifinok)
Estimate the differencAaw of the current camera
pose to the goal pose by

Aw = LT+(d - dg) (2)

3. Move camera and object byk Aw (wherek is a

constant and G x < 1). (move)

4. If d — dg is not sufficiently small, return back to 1.

If it becomes small, the camera and the object are
just at their respective goals.

Itis known that, if_L T+ is a good estimate df " * in

the sense that TL T+ is always positive definite, the

above iteration leads the camera and the object to their
goal poses (Espiau et al., 1992).

3. Construction of The Effective Image
Transformation for Visual Controls

. Foragiven goal pose, we take several sampleimages

3.1. Reduction of the Image Dimensionality by the

Eigen Space Method

First, we briefly describe the eigen space method em-
ployed here. We reduce the image dimensionality by
the eigen space method. For visual servoing, the dimen-
sion reduced representations of the image must main-
tain properties that are sensitive to small changes in
the original image, easy to compute for real-time use,
and enable direct and straightforward interpretation to
the camera and the object motions. The eigen space
method is one feasible technique in this sense (Murase
and Nayar, 1993). The imageobtained by the cam-
era is approximated with a linear combinatidf-1(
expansioh of M major principal component images
in N dimensional data space, whavke <« N. These
components are given as first ortho-normal eigen
vectors which correspond td largest eigen values of
theN x N covariance matrix of the sample image set.

We assume a given setwfimages(xi, X2, . . ., Xm}
which are taken around the goal. From this image set,
we compute the mean images

©)
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Then, we define the matrix as If the constraint surface is flat, the image differ-
ence and position difference are linearly correspond-
X=[X1—¢CX2—¢C,...,Xm—C], 4) ing, which results in a linear trajectory of the camera

movement to the goal position. To realize such an ef-
and the covariance matr@ of the image set of;} as fective control, we must rearrange the eigen system by
relating eachimage toits position where it was obtained
1,1 around the goal.
Q= EXX ®) Now we introduce a new orthogonal system
] ) ) {P1, Do, ..., Pk} instead of{ey, &, ...,em} (K <
We denote the firsM eigen vectors ofQ with M), where every vectop; is a linear combination of
e, &, ..., ey. An effective algorithm to obtain eigen {eL, &, ..., eu}, toobtain amore effective reduced im-

vectors from a set of large dimensional vectors was gged for the control. That is, we construct the system
proposed in Murakami and Vijaya Kumar (1982). An (P1, Do ... ) BS

imagex within this image set will be well approximated

by ¢j = gj1€1+ gj2€2+ - -+ + gjmem
M = Eg; (8)
x:Zaa+c (6) whereE = [ey, ..., ey] andg; = (g1, - ... Gjm) ' SO
=t that the new reduced imagde= (d,, . .., dk) given by

wherec is the mean vector of the set xf

We call eacte aneigen imageand the set of weight d =x-cep (=1....K). ©)

coefficientsa = (a. . ..., aw) " areduced imagef forms a mostly flat surface in the-d space.
X, whose components are given as Once, the new eigen system is established, the re-
duced imageal of a newly obtained imagg will be
a=(x-0'g (7) obtained easily by (9) in real-time and on-line process-
ing.
Using this formula, the image data dimensitvh However, it should also be noted that, to reconstruct
becomes much smaller thaw the new eigen system, employing a criterion to evaluate

the flatness of the new constraint surface is not enough.

This is because we may have a nhonsense system that

makes alfy; = 0. We mustalso consider the sensitivity

to the small change of images. In the next section, we
dpresent an algorithm to rearrange the eigen system in

order to satisfy these requirements.

3.2. Reconstruction of the Eigen System for
Effective Visual Controls

We proposed previously to use the eigen space metho
itself for visual servoing (Deguchi, 1997; Deguchi and
Noguchi, 1996). In those papers, we used the reduced

imageaof (7) forthe originalimage. Itwas shownthat 4. Optimal Interaction Matrix

this introduction of the eigen space method enabled the

visual servoing technique withoutimage feature extrac- 4.1. Minimization of Position and Pose

tions and correspondences. The experimental results Estimation Errors

showed the proposed method achieved simple and ef-

fective robot control which does not need complexim- Now, the problem is to findg;, g,, ..., 9k} to con-
age processing procedures. However, the experimentsstruct{¢,, ¢», ..., ¢« } by (8), which makes the most

also showed that, in many cases, the pose errors did noteffective image feature vectors for the control. Before

decrease monotonically to reach the goal position. obtaining the orthogonal system, we discuss the opti-
The dominant reason is that the constraint surface mality of the Interaction Matrix again.

« for the w-a combination is not sufficiently flat We have a set of sample imades, ..., Xp} taken at

around the goal. This is because the eigen systemthe corresponding camera positiomg, Wo, ..., Wn}.

{e1, &, ..., em} has not been related to any positional We are using the image feature vectdr =

information. They were constructed only from a set of (di1, ..., dikx)" instead of thex; for the control. For

sample images. this case, the optimal Interaction Matrix for this set



of sample images is defined as the matrix which esti-
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Then the above estimation error depending oﬁjthe

mates the difference between obtained image and thejs given as

goal image most accurately from the difference of the

camera and the object poses. Here, we discuss how to

establish the minimization of the estimation error. We
will also discuss the sensitivity of the small difference
of the motions and images in the next subsection.

Denoting the Interaction Matrix which minimizes
the estimation error biz T, and estimating the reduced
image by

d =LTw —wg) +dg (10)

the LT is defined as the matrix which minimizes the
estimation error

. 18 A
Errae(L) = =3 lidi —d 2 (11)
i=1

Let us denote the jk)-th component of thel T
with 1jx, and define thej-th row vector of LT as
i =dj1,1j2....1;5)T. Then, the estimation error
is rewritten as

~ 1 ~
8rrave(|—T) ﬁgrrtotal(LT)

1 -
=525rrj(|,-) (12)
j=1
wheregrr (1) is the error which depends dp
This &rr(lj) is given as followings:
First we define
Y =[X1 — XG, X2 = XG, - - - » Xn — Xg] (13)
and
Bi =Yg, (14)

Onthe othe[ hand, we also define the estimation of this
Bj by usingl; as

(15)

where

(16)

~ 1 ~
5”j(|j)=ﬁ||ﬁj—,6j||2 (7)

Because the sum of tig&r | (Tj) makes a total error
of Errwa(LT), the minimization of (112) is given by
minimizing the&rr ; (i;). This second minimization is
given straightforwardly af = (WTW)'W'3 ; and
the minimum value is given as

_ 1
MIn{Erej) = ~18; = WW W)W ;|1

= %5}0 -WW'w)'whHz; (18)

4.2. Optimal Base Vectors for Visual Servoing

Based on the previous discussion on the optimality of
the Interaction Matrix, we obtain the most effective or-
thogonal base set §th, ¢, ..., dx }(K < M). The
following algorithm is an extension of the ODV method
for pattern recognition (Hamamoto et al., 1991).

Now we reduce the image into the new reduced
imaged; = (di1, di2, ..., dik) by using the set of new
eigen vectors as

dij = X — ¢, @)) (19)

As was discussed, minimizing the estimation error and
obtaining the most efficient control is equivalent to ob-
taining the flatest constraint surfagefor the camera
and the object poses and this néw

However, if we are allowed to choose any arbitrary
base vector, we get a nonsense solutios- 0 which
makes the estimation error always 0. To avoid such a
nonsense solution and, at the same time, to obtain the
most sensitive images to the difference of poses, that
is, to obtain the flatest constraint surface and, at the
same time, the most accurate estimation of the posi-
tion error to the %Qal, we must minimize not simply
{Min{&rr}} but{%}, Whereo—j2 is the variance
ofthe j-th componeth of the reduced image. This min-
imization means to obtaitp; which minimizeserr
and, simultaneously, maximizes the varianfe

This variance is given by using = [X; — C, Xo —
C.....xn—Clanda; = X"¢; aso? = taa;.
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Thus, we must minimize

Min{€rr;}  B] (I = WW W)'W)g,
2 - T

] Qj

(20)
&
This means that the optimal orthonormal system of

{1, &2, - .., Pk }isgiven by employing the abovg; }
which minimizes

Min{€rri} @] Y(I = WW W)"'WT)Y ¢,
of ¢ XXT o,
ng ETY( —WWTW)~twThyT Eg;
B g/ ETXXTEg; '
(21)

For a vectog;, the formg] Ag; /g Bg; with matrices

A andB is well-known as the Rayleigh quotient, and
g; minimizing this form is given as the eigen vector
corresponding to the minimum eigen value®fA.
Therefore, applying this theory, this vecgris given
straightforwardly as an eigen vector corresponding to

Set of

1

Eigen Space
{ e, e,, ...

1

€y

Motion Images

} —_—

Reduced Image

the minimum eigen value of the matrix

ATTETY( = WWTW)TTWHYTE, (22)
whereA = ETXXTE = diag(Ag, A2, ..., Am) and
the; is thei-th largest eigen value @ = %XXT.

Once g; is obtained, we can construct an or-
thonormal systenig,, ¢,, ..., ¢k} fromg;, because
(@i, #j) = (9, 9;)- This can be done by determige
first, which minimizes above in (21), thap subject
to be orthogonal t@,. By iterating this step, we ob-
tain the coefficients,, g,, . ... That is,g; is searched
within the subspace orthogonal to the space spanned
by {gs. ..., 9;_1}, and so on.

We summarize the procedure to construct the opti-
mal feature extraction bases for the control in Fig. 6.

5. Experiments for Effective Control

This section presents the experimental results of the
simultaneous control of the camera and object motions
by the proposed method. The first experiment was to

Camera Poses

{w,, wy, ... wyl

{gll gz’ o e g}(}

1 Image used
> to control

{a;, a,, ... ay}
{a,, 4,, ... d,}
Obtained Image a= Ex = Fx
X - ——"
{0,,0,, 20}

Figure 6. The schematics of the procedure to construct the optimal feature extraction bases for the control.
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control the poses of a camera mounted on a robot armthe given goal and the target object must be observed

and an object also mounted on another robot arm. Thejust as in the goal image.

robotarm mounting the cameramoved inascene where In this experiment, the camera and the object poses

the target object was also moving. Other objects in the each had 3 DOFX y, andz positions), So the total

scene were static. DOF was 6. That is, the control parameter veator
The second experiment was to control the motions was a 6 dimensional vector.

of two cameras and a moving target object in a static  First, we took 61 sample images at different camera

scene. The two camera were viewing the target object positions around and including its goal pose by fixing

from different view directions, and two respective goal the target object position at its goal pose. Then, fixing

images were given to specify each camera and the targethe camera pose atits goal, 60 additional sample images

object goals. were taken for different object positions around its goal.
The following experimental results show that our The total number of sample images was 121.
method could be extended for such complex cases. From these sample images, we obtained 20 eigen

imagesley, ..., &} by the eigen space method. Then,
using these 20 eigen images, we computed a new set
5.1. Simultaneous Control of Camera and Object of 8 reconstructed eigen imagégy, . . ., ¢g}. These
Motions reconstructed eigen images are shown in Fig. 7.
Figure 8 shows the constraint surfacgn the d-w
The camera was mounted on a robot arm (MIT- space. This shows the plottings of (a) comportgraf
SUBISHI RV-E2), and another robot arm (MIT- the new reduced imagewith respect tox coordinate
SUBISHI RV-M1) was mounting a target object. The Ry of the camera and coordinateTy of the target
goalimage, shown in Fig. 7(a), was taken by the camera object, and (byl, with respect to the the robot armxs
at its goal pose. Our objective was to move the camera andy coordinatesR, andRy.
and the object from their arbitrary initial poses to the = Their values were obtained by (9) by applying the
poses where the camera could take the same image aset of new eigen images of Fig. 7(b) to images taken at
every position of the camera and the object shown in
this figure.
This figure shows we had an almost flat surface for
the constraint surface.
Using these new reconstructed eigen images, we
4$ £ 3 computed the Interaction Matrix, and controlled the
;-. camera pose and target object motions with the algo-
‘ rithm described above.
Their motion converged to the goal from a
wide range of initial positions. Figure 9 shows the

(b)

Figure 8 The constraint surface ithw space for the first experi-
Figure 7. The goal image and the rearranged eigen images for the ment. (a)d; with respect to the camerasscoordinateR, and the
control of the camera and object motion in the first experiment. (a) target object'sc coordinateTy; (b) dz with respect to the camerats
Goal image; (b) Rearranged eigen images. andy coordinateR, andRy.
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exp.1 (-30,40,20)

ATx[mm] ATy [mmi

-50

(©) (d) (e) (0)

Figure 9 Experimental results starting at several initial positions. (a) and (b) the trajectories of the camera and the target object, respectively,
starting at several initial positions, from (c) to (f) four examples of initial images obtained by the camera at the four positions indicated in (a)
and (b). ((c) Exp. 1; (d) Exp. 2; (e) Exp. 3; (f) Exp. 4).

Cameras mounted

trajectories of the camera and the target object starting on Robot-Arms

at several initial positions. In this figure, four examples
of initial images obtained by the camera at the four po-
sitions indicated in the figures (a) and (b) are shown in
from (c) to (f).

5.2. Control of Two Cameras and an Object

Next, we conducted an experiment for a more compli-
cated case (Fig. 10). Here, the target object was moved
on ax-¢ stage which made translation and rotation Work Station

with 2 DOF. That is, the target object can shift along Figure 10 The configuration of the second experiment of two cam-
one direction and rotate in a static scene. This motion eras and the object motions.

was observed by two cameras from different view di-

rections. These cameras were mounted on the robotwas 11, which was the dimensionality wf for this
arms used for the previous experiment. One cameracase.

had 6 DOF and the other had 3 DOF in their motions. ~ We have two images by the two cameras. We com-
Therefore, the total number of the control parameters bined the two images to form a single image, now twice
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image of 'image of
cameral | camera?2
|

Figure 11 Two images by the two cameras are considered as a
single image, twice the original size by combining them.

as large, as shown in Fig. 11. Then, the dimension of Figure 13 Reconstructed eigen images for the second experiment.
the image datdN becomeg2n) x n. We treat these
combined two images as one observed image. era 1 from its goal with respect to the control steps. (b)
Figure 12 shows the goalimage inthis form. Itshould shows the errors of camera 2 positions and the position
be noted that, as shown in the goal image, beside theand pose of the object. These plottings show that all the
target object, camera 2 itself was also the object for errors converged to 0 monotonically and all positions
camera 1. This would be too complicated problem for and poses returned back to their respective goals. (c)
the conventional approach. shows images taken by the cameras on the way to the
For the sample image set, we took 321 images by goal in this experiment.
changing the pose of camera 1 only around its goal  Also, we have made experiments starting from var-
pose, 60 images by changing the pose of camera 2 only,ious initial positions in a wide range around the goal,
40 images by changing the target object pose, and theand almost all controls succeeded to return the cameras
goal image. The total number of sample images was and the target object to their respective goals. This in-
422, dicates the feasibility of the proposed method for such
For this case, as the first step, we obtained 70 eigen complex cases where the simultaneous controls of plu-
images by the eigen space method from this sample setral cameras and target objects’ motions. Fig. 16 shows
Then, we reconstructed the space for optimal control other experimental results of the controls starting from
spanned by 20 newly reconstructed eigen images. In four initial positions. (a) shows the trajectories of cam-
Fig. 13, 9 out of these 20 reconstructed eigen images era 1, (b) shows the trajectories of camera 2, and from
are shown. (c) to (f) show the initial images obtained at these four
Figure 14 shows an example of the initial image ob- initial positions.
tained at one of the initial positions of the cameras  As described above, the goal image of camera 1
and the target object. The result of the control from included the image of camera 2. Therefore, we also
the initial positions of the cameras and the target ob- conducted an experiment to simultaneously control the
ject is shown in Fig. 15. In this figure, (a) shows the motions of the two cameras and the object by using
changes of the errors of the positions and poses of cam-only the image by camera 1. The comparisons of the
final errors for their positions and poses starting from

Target
object

cameraz

Figure 12 Goal image for the second experiment. Figure 14 Aninitial image.
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Figure 15 Experimental results of the control from an initial positions where the initial images are shown in Fig. 14. (a) Position and pose
errors of camera 1; (b) Position and pose errors of camera 2 and the object; (c) Images taken on the way to the goal.

the same initial positions in Fig. 15 are shown in the Of course, we had more and various information from
Table 1.
This table shows that all the cameras and object could control.

return their respective goals by using only one image,

two cameras, and we could utilize this to achieve better

However, it should be noted here that such a config-

but, by using two cameras, we obtained much higher uration could not be realized by using the conventional
accurate final poses than in the single camera casesimage feature based method. This is due to the fact
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Figure 16 (a), (b) Trajectory of the camera motions from four initial positions. From (c) to (f) are the images taken at the four initial positions
shown in (a) and (b). (a) Trajectories of camera 1 motion; (b) Trajectories of camera 2 motion; (c) Exp. 1; (d) Exp. 2; (e) Exp. 3; (f) Exp. 4.

that the Interaction Matrix would be hard to construct a factor of two. We could apply our method to such a
properly. complex case and achieve efficient control without any

On the other hand, as shown here, all we need to do further considerations. This is the main advantage of
is to increase the dimensionality of the raw image by the proposed method.

Table 1 Comparison of the final errors of the controls using one .
image and two images (Positionsritmand Poses and Rotationin 6. Conclusions

degree.
Camera 1 Camera 2 Target object A gengra_l scheme to represent th_e relation between
Number of dynamic images and camera motion was presented.
images Position Pose Position Position Rotation Then. its application to visual servoing was pro-
5 142 032 0.45 0.24 023 posed. In the method, image processings to extract
595 795 4.95 123 —452 image features and to establish their correspondences

between dynamic images were not needed. It does
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