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Abstract

W e de�ne image-b ase d r ob ot servoing as a con tin ual pro cess of p erception-

action cycles for the task of to ol handling or ob ject insp ection. Image

analysis techniques and control rules are presented as the basic comp o-

nen ts of a b ehaviour-based rob ot system. Our rob ot hardw are consists

of a bisigh t head on a mov able platform with sev eral degrees-of-freedom,

an articulation manipulator on a stationary platform with a parallel ja w

gripp er including a hand-mounted single camera, and �nally a rotary ta-

ble. The approac hing, assembling, and contin ual handling of the gripp er

to ol is illustrated. F or the purp ose of ob ject insp ection the head-camera

system or the manipulator (carrying the ob ject) are controlled to reac h a

desired size, resolution and orientation of the depicted ob ject. Manipu-

lator and head servoing is also used for self-calibration, i.e., determining

the optical axes, the �elds of visibility and the lo cation of the head in

the manipulator co ordinate system. Finally , the signi�cant role of o�ine

visual demonstration is exempli�ed for sp ecifying visual goal situations

in rob ot serv oing.

1 In tro duction

This w ork giv es a review of the wide application sp ectrum of image-b ase d r ob ot servoing

(IBRS) using a m ulti-comp onen t rob ot system in a realistic scene. W e are convinced that

the usefulness is far from b eing su�cien tly realized which is due to sev eral reasons. First,

the v arious de gr e es-of-fr e e dom (DOF) of a rob ot head, e.g., pan, tilt, vergence, fo cus, fo cal

length, and ap erture of the head-cameras, m ust b e controlled in co op eration in order to

exploit their complemen tary strengths [1]. Our w ork contributes in sev eral asp ects to

this problem. Second, nearly all contributions to rob otic visual servoing describ e systems

consisting of just one rob ot, e.g., exclusiv ely a rob ot manipulator or a rob ot head. Instead

of that, w e presen t applications of image-based rob ot servoing for a multi-c omp onent r ob ot

system consisting exemplary of a mov able rob ot head, a stationary manipulator, and a

rotary table. Third, for solving rob ot tasks in realism, p erhaps a priori mo dels of ob jects

and their arrangemen t are hardly a v ailable and consequently mo del-free exploring rob ots

are required. The b o ok edited b y [2] giv es the state of the art of exploratory vision

and includes a c hapter on rob ots that explore. Image-based rob ot servoing m ust pla y a

signi�cant role esp ecially in mo del-free exploration of scenes. Our w ork prop oses visual

demonstr ation as a means for supp orting visual exploration.

In the follo wing w e describ e shortly imp ortant contributions of IBRS relev ant for our w ork.

The b o ok edited b y [3] giv es an o verview of v arious approac hes of automatic control of

mechanical systems using visual sensory feedbac k. T o mention just the intro ductory w ork

of [4] there t w o approac hes of visual servoing are prop osed, the p osition-b ase d and the

fe atur e-b ase d . In p osition-based control features are extracted from the image and used in

conjunction with a geometric mo del of the target to determine the p ose of the target with

resp ect to the camera. In image-based servoing the last step is omitted, and servoing
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is done on the basis of image features directly . In our applications geometric ob ject

mo dels are hardly a v ailable and accordingly the visual feedbac k controller m ust b e feature-

based. A further classi�cation criterion is whether a current rob ot state (e.g., p osition

and orien tation of a gripp er) is used as additional feedbac k information for successiv e

control. The dynamic lo ok-and-move appr o aches use it, but the servo appr o aches only

rely on visual feedbac k. In our system w e can request the manipulator or head state

during the mo v eme n t and can also alter this movem en t dynamically . F urthermore the

images can b e tak en and analysed parallel with the control. Therefore our control scheme

is a fe atur e-b ase d dynamic lo ok-and-move appr o ach .

This approac h is also used b y [5] who describ e a system that p ositions a rob ot manipulator

using visual information from t w o stationary cameras. The end-e�ector and the visual

features de�ning the goal p osition are sim ultaneously trac ked using a PI controller. W e

adopt the idea of using Jacobians for describing the 3 D {2 D relation but taking pro jection

matrices of a p o orly calibrated head-camera{manipulatior relation into account instead

of explicit camera parameters.

Similary the system of [6] trac ks a moving ob ject with a single camera moun ted on a

manipulator. A visual feedbac k controller is used which is based on an inverse Jacobian

matrix for transforming c hanges from image co ordinates to rob ot join t angles. The w ork

is interesting to us b ecause the role of a te ach-by-showing metho d is mentioned. O�ine the

user teac hes the rob ot desired motion commands and generates reference vision-feature

data. In the online pla ybac k mo de the system executes the motion commands and controls

the rob ot un til the extracted feature data corresp ond to the reference data.

The authors [7] presen t an algorithm for rob otic camera servoing around a static target

ob ject with the purp ose of reac hing a certain relation to the ob ject. This is done b y moving

the camera (moun ted on a manipulator) such that the image pro jections of certain feature

p oin ts of the ob ject reac h some desired image p ositions. In our w ork a similar problem

o ccurs in controlling a manipulator to carry an ob ject tow ards the head-camera such that

a desired size, resolution and orientation of the depicted ob ject is reac hed.

The system of [8] reconstructs the 3 D structure of geometric primitiv es lik e cylinders

from controlled motion of a single camera. The intention is to obtain a high accuracy

b y fo cusing at the ob ject and generating optimal camera motions. An optimal camera

mov eme n t for reconstructing the cyclinder w ould b e a cycle around it. This camera

tra jectory is acquired via visual servoing around a cylinder b y keeping the ob ject depiction

in v ertical orien tation in the image center. The w ork is related to our approac h of using

IBRS for determining the optical axis and the �eld of visibility of a head-camera.

This �rst c hapter men tioned imp ortant contributions related to our w ork. In the second

c hapter IBRS is discussed in simple general terms. The third c hapter presents an ap-

proach of self-calibration of the head-camera{manipulator relation and uses image-b ase d

manipulator servoing (IBMS) to determine the optical axis and �eld of visibility of the

head-camera. In the fourth c hapter image-based manipulator servoing is applied to to ol

handling (�rst principal goal). The �fth c hapter combines image-based manipulator servo-

ing with image-b ase d he ad servoing (IBHS) for ob ject insp ection (second principal goal).

A summary in c hapter six concludes the w ork.
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2 De�nition of image-based rob ot serv oing

Image-based rob ot serv oing is the gradual actuator movemen t of a rob ot system contin-

ually controlled with visual sensory feedbac k.

This de�nition can b est b e understo o d in its wide range b y �rst intro ducing an exemplary

camera-based rob ot system (see Figure 1).

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

FIG. 1: Exemplary arc hitecture of a camera-based rob ot system.

A stationary manipulator is sho wn with six rotational join ts for p ositioning its hand and

one linear join t for op ening/closing parallel ja w �ngers. F urthermore a single camera is

fastened at the manipulator hand with the viewing direction straight through the �ngers.

Beside the manipulator a mov able platform for a stereo camera system is sho wn to observ e

the scene at v ariable viewing p oin ts. The camera system b elongs to a rob ot head with

pan, tilt, v ergence DOF, and zo oming/fo cusing facilities. In b etw een the manipulator

and the rob ot head a rotary table is lo cated which can turn ob jects if desired. By using

the inv erse manipulator kinematics a goal p osition (in 3 D co ordinates X ; Y ; Z ) and goal

orientation (in Euler angles ya w, pitc h, roll) of the manipulator hand can b e transformed

into six join t angles [9]. The w orking space of the hand, i.e., arbitrary orientation in a

certain space, is a cub e of ab out 400 mm sidelength. The movem en t of the platform for

the stereo camera is sp eci�ed in a lo cal attached 2 D co ordinate system. The pan and tilt

DOF of the rob ot head are from � 90 to +90 degrees each. The vergence DOF for each

camera is from � 45 to +45 degrees. The fo cal length of the camera can v ary b etw een 11

and 69 mm . The turning angle of the rotary table is sp eci�ed b etw een 0 and 360 degrees.

Generally , a rob ot system to b e controlled can b e c haracterized b y a �xe d state ve ctor S

f

which is inherent constan t in the system, and b y a variable state ve ctor S

v

( t ) which can
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b e c hanged through a ve ctor of c ontr ol signals C ( t ) at time t . F or example, the �xed state

v ector of a rob ot manipulator contains the Denavit-Hartenb er g p ar ameters length, twist,

o�set for each link which are constan t for rotating join ts [9]. On the basis of the v ariable

state v ector S

v

( t ) and control vector C ( t ) the transition function f determines the next

state v ector S

v

( t + 1):

S

v

( t + 1) := f ( C ( t ) ; S

v

( t )) (1)

F or example, if the v ectors C ( t ) and S

v

( t ) are of equal dimension with the comp onen ts

corresp onding pairwise, and the function f is the vector addition, then C ( t ) serves as an

incremen t v ector for S

v

( t ). The vector S

v

( t ) could b e the 6-dimensional state of p osition

and orien tation of the rob ot hand, and C ( t )

T

:= ( 4 X ; 4 Y ; 4 Z ; 0 ; 0 ; 0), then after the

mov eme n t the state v ector S

v

( t + 1) describ es a new p osition of the hand preserving the

orientation. Both state and control vector are sp eci�ed in the manipulator co ordinate

system.

In each state of the rob ot system the cameras tak e images from the scene. This is sym-

b olized b y a function g which pro duces a curr ent me asur ement ve ctor Q ( t ) at time t (in

co ordinate systems of the cameras).

Q ( t ) := g ( S

v

( t ) ; S

f

) (2)

Given the curren t measurement vector Q ( t ), the current state vector S

v

( t ), and a desir e d

me asur ement ve ctor Q

�

, the controller generates a c ontr ol ve ctor C ( t ).

C ( t ) := h ( Q

�

; Q ( t ) ; S

v

( t )) (3)

The c ontr ol rule h describ es the relation b etw een c hanges in di�eren t co ordinate systems,

e.g., Q ( t ) in the head-camera and C ( t ) in the manipulator co ordinate system. The control

v ector C ( t ) is used to up date the state vector into S

v

( t + 1), and then a new measurement

v ector Q ( t + 1) is acquired that should b e more closer to Q

�

than Q ( t ). In the case that

the desired situation is already reac hed after the �rst actuator movem en t, the one-step

c ontr ol ler can b e thought of as an exact inverse mo del of the rob ot system. Unfortunately ,

in realistic control en vironments only approximations for the inverse mo del are a v ailable.

In consequence of that, it is necessary to run through cycles of gradual actuator movemen t

and contin ual visual feedbac k to successiv e reac h the desired situation. F requently , the

control rule h is a line ar appr oximation of the unknown inverse mo del, i.e., the parameters

Q

�

; Q ( t ) ; S

v

( t ) are linear combined to pro duce C ( t ). Some articles in [3] also describ e

nonlinear, fuzzy logic, and neural netw ork control schemes.

IBRS is organized in to an o�ine-phase and an online-phase. O�ine w e sp ecify the ap-

pro ximate he ad-c amer a{manipulator r elation of co ordinate systems and de�ne the control

rule thereof. Online the control rule is applied during which the system recognizes a

current situation and compares it with a certain goal situation. In case of deviation an

actuator is mo ving to bring the new situation closer to the goal situation. This cycle is

rep eated un til a certain threshold criterion is reac hed.

3 Calibration of head-camera{manipulator relation

The relation b et w een the co ordinate systems of the head-camera and the manipulator

is acquired roughly b y taking the agilit y of the manipulator into account and trac king
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systematic gripp er mo v emen ts. This is the basis for nearly all applications of image-based

manipulator serv oing presented in this w ork. F or example, in this c hapter IBMS will b e

applied to determine the optical axis and the �eld of visibility of a head-camera. These

informations are extraordinary imp ortant in the activ e vision paradigm (see c hapter �ve).

Finally , w e presen t a strategy for lo cating the head-camera system in the manipulator

co ordinate system using once again IBMS.

3.1 Appro ximate head-camera{manipulator relation

The approac h computes p ersp ective pro jection matrices describing the head-camera{

manipulator mapping. In general this estimated relation is p o or b ecause the camera

platform is mo v able. The head-camera system is put up in a p osition and orientation

that the common �eld of visibility of the t w o cameras contains a large enough subspace of

3 D w orking space of the manipulator. A certain reference p oin t of the gripp er is de�ned

as the to ol cen ter p oin t (i.e., the gripp er tip) for which the 3 D co ordinates in the manip-

ulator co ordinate system are kno wn. F rom this gripp er tip the 2 D co ordinates m ust b e

determined in the stereo images.

The gripp er systematic moves in the w orking space, stops on equidistan t places, and from

the gripp er tip the 3 D co ordinates and the t wice 2 D co ordinates are recorded. Based

on the resulting samples the head-camera{manipulator mapping can b e approximated

directly without putting a calibration ob ject in b etw een. The n um b er of samples for this

mapping is v ariable due to steerable distances b etw een the stopping places. F urthermore

calibration p oin ts b oth on the surface and within the w orking space are considered. The

only serious problem is to extract the gripp er tip from the stereo images as accurate as

p ossible.

First, b y correlation matc hing which is based on the sum of squared distances the gripp er

tip is lo cated roughly (see Figure 2). As the manipulator systematic moves w e can pre-

dict the lo cation of gripp er tip in the following image and thus restrict the search area.

Second, to v erify the place of maxim um correlation and lo cate the p osition of the refer-

ence p oin t exactly w e additional extract geometric attributes of the gripp er app earance.

The gripp er reference p oin t is de�ned in the image as the intersection p oin t b etw een the

middle straigh t line and the end straight line of the parallel ja w gripp er (see Figure 3).

Hough transformation [10] can b e used for extracting straight lines of the �nger contours

restricted on the gripp er tip region. T aking the p olar form for represen ting lines the

Hough image can b e de�ned such that the horizon tal axis is for the radial distance and

the v ertical axis is for the orientation of a line. According to this agreemen t an image

line is Hough transformed such that a p eak o ccurs in the Hough image and its p osition

just sp eci�es the line parameters in the grey lev el image. F or example the t w o pairs of

long lines for the t w o �ngers o ccur in the Hough image as four p eaks which are nearly

horizon tal due to similar line orientations. Therefore according to the sp eci�c pattern

of four p eaks the long �nger lines are extracted and from those the middle straight line.

F urthermore the Hough image can b e used for constructing the end straight line.
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FIG. 2: Gripp er, gripp er tip region, correlation image.

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

FIG. 3: Middle straigh t and end straigh t line.

F or each camera, k 2 f 1 ; 2 g , a p ersp ective pro jection matrix is computed b y using corre-

sp onding 3 D p oin ts and 2 D p oin ts (resp ective for each of the t w o head-cameras).
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M

3

k

:= ( m
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k

; m

32

k

; m

33

k

; m

34

k

)

(4)

The scalar parameters m

ij

k

are determined with linear metho ds according to ([11], pp.

55-58). They represen t a combination of extrinsic and intrinsic camera parameters which

w e lea v e implicit. The usage of the pro jection matrix is sp eci�ed within the following

context. Given a p oin t in homogeneous manipulator co ordinates P := ( X ; Y ; Z ; 1)

T

the

p osition in homogeneous image co ordinates p

k

:= ( x

k

; y

k

; 1)

T

can b e obtained b y solving

p

k

:=

1

�

k

� M

k

� P ; w ith �

k

:= M

3

k

� P (5)

The equations (4) and (5) are easily derived b y taking the p ersp ective pro jection of a

pinhole camera in to account. Next w e describ e how a certain c hange in manipulator

co ordinates a�ects a c hange in image co ordinates. The Jacobian J

k

for the mapping in

equation (5) is used.

J

k

( P ) :=

 

@ x

k

@ X

( P )

@ x

k

@ Y

( P )

@ x

k

@ Z

( P )

@ y

k
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( P )

@ y

k

@ Y

( P )

@ y

k

@ Z

( P )

!

=

0

B

@

m

11

k

� M

3

k

� P � m

31

k

� M

1

k

� P

( M

3

k

� P ) � ( M

3

k

� P )

� � �

.

.

.

.

.

.

1

C

A

(6)

3.2 Manipulator serv oing for determining the optical axis

IBMS can b e applied for determining the optical axis of a head-camera. During the

pro cedure the rob ot head is motionless and the manipulator gripp er will b e servo ed to

t w o distinct p oin ts lo cated on the optical axis. It is assumed that all p oin ts lo cated on

this axis are pro jected to the image center approximately . Accordingly , w e m ust servo the

gripp er such that the t w o-dimensional pro jection of the gripp er tip approac hes the image

center. In the goal situation the 3 D p osition of the gripp er tip (whic h is the kno wn to ol

center p oin t in (

~

X ;

~

Y ;

~

Z ) manipulator co ordinate system) is tak en as a p oin t on the optical
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axis. F or simplifying the servoing task t w o planes are sp eci�ed which are parallel to the

(

~

Y ;

~

Z ) plane with constan t o�sets X

1

and X

2

on the

~

X -axis and the movem en t of the

gripp er is restricted just on these planes (see Figure 4). Generally , in IBRS the deviation

b etw een a curren t situation and a goal situation is sp eci�ed in image co ordinates. T o

transform a desired c hange from image co ordinates back to manipulator co ordinates the

inv erse or pseudo in v erse of the Jacobian of the pro jection matrices is computed. In this

application the Jacobian J

k

; k 2 f 1 ; 2 g ; in equation (6) for the mapping in equation (5)

can b e restricted to the second and third columns b ecause the co ordinates on the

~

X -

axis are �xed. Accordingly , the inverse of the quadratic Jacobian matrix is computed,

J

y

( P ) := J

k

( P )

� 1

.

Z x

y

X

X1

2

P1
P2

X

Y

1

1

FIG. 4: Determining the optical axis of a head-camera.

The curren t measurement vector Q ( t ) is de�ned as the 2 D image lo cation of the gripp er

tip and the desired measurement vector Q

�

as the image center p oin t. The v ariable state

v ector S

v

( t ) consists of the t w o v ariable co ordinates of the to ol center p oin t in the selected

plane ( X

1

; Y ; Z ) or ( X

2

; Y ; Z ). Then the control scheme is as follows

C ( t ) :=

(

s � J

y

( S

v

( t )) � ( Q

�

� Q ( t )) : j Q

�

� Q ( t ) j > thr esh

0 : el se

(7)

with the serv oing factor s to control the velo cit y of approac hing the optical axis. The

gripp er p osition is c hanged b y a non-null vector C ( t ) if desired and current p ositions

in the image deviate more than a threshold thr esh . Actually equation (7) de�nes a

prop ortional control law (P-controller), meaning that the c hange is prop ortional to the

deviation b et w een the desired and the current p osition.

1

First the gripp er tip is servo ed

to the in tersection p oin t P

1

of the unknown optical axis with the plane ( X

1

; Y ; Z ), and

second to the in tersection p oin t P

2

with plane ( X

2

; Y ; Z ). The t w o resulting p ositions

of the to ol cen ter p oin t sp ecify the axis which is represen ted in the manipulator system.

Figure 5 sho ws for manipulator servoing on one plane the succession of extracted gripp er

p ositions in the image with the �nal p oin t at the image center (serv oing factor s := 0 : 3).

1

Alternativ ely the P-con troller can b e com bined with an in tegral and a deriv ative con trol law to

construct a PID-con troller. Ho w ev er the P-con troller is go o d enough for this simple con trol task.
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FIG. 5: Course of detected gripp er.

3.3 Determining the �eld of visibili t y and sharpness

IBMS is a means for constructing the �eld of visibility and sharpness of a head-camera

which can b e appro ximated as a truncated p yramid with top and b ottom rectangles

normal to the optical axis (see Figure 6). The top rectangle is small and near to the

camera, the b ottom rectangle is larger and at a greater distance from the camera.

y

X

Y

Z
x1

1

FIG. 6: Pyramid �eld of visibilit y and sharpness.

F or determining the range of sharp fo cus the gripp er tip is servo ed along the optical axis

and the sharpness of the depicted gripp er is ev aluated. As the gripp er tip is lo cated in the

image cen ter w e extract a small rectangular patc h surrounding the center and compute

the sharpness in it. F or example, a measure of sharpness is obtained b y computing

the magnitudes of grey lev el gradien ts and taking the mean of 10 p ercen t of maxim um

resp onses. Figure 7 sho ws these measuremen ts for a head-camera with fo cal length 69 mm .

The gripp er is starting at a distance of 1030 mm to the camera and approac hes to 610 mm

with stopping places every 30 mm (this giv es 15 measuremen ts). W e sp ecify a threshold

v alue Q

�

for the measuremen ts Q ( t ) for de�ning the acceptable lev el of sharpness. In

Figure 7 four measurements surpass the threshold, n um b ers 9 ; 10 ; 11 ; 12, which means
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that the depth of sharpness is ab out 90 mm , reac hing from 700 mm to 790 mm distances

from the camera. The control pro cedure consists of t w o stages, �rst reac hing the sharp

�eld, and second mo ving through it.

Q

FIG. 7: Sharpness measuremen ts.

The v ariable state v ector S

v

( t ) is just a scalar de�ning the p osition of the gripp er tip on

the optical axis and the control vector C ( t ) is constan t scalar (e.g., r := 30 mm ).

C ( t ) :=

(

r : ( Q

�

� Q ( t )) > 0

0 : el se

; C ( t ) :=

(

r : ( Q

�

� Q ( t )) < 0

0 : el se

(8)

The width and heigh t of visibility m ust b e determined at the top and b ottom p oin t of

sharpness which are incident to the top and b ottom rectangle of the truncated p yramid.

Once again the agilit y of the manipulator comes into pla y to determine the rectangle

corners. First the gripp er is servo ed on the top plane and second on the b ottom plane.

Sequen tially the gripp er m ust reac h those four 3 D p ositions for which the gripp er tip

is pro jected on to one of the image corners. The control schema is equal to the one for

determining the optical axis with rede�ned measurement vectors and control vectors.

Rep eating the pro cedure for b oth planes w e obtain the eigh t corners of the truncated

p yramid. F or example, using quadratic images from the our head-camera (fo cal length

69 mm ) the sidelength of the top rectangle is 80 mm and of the b ottom rectangle 90 mm .

3.4 Lo cating the rob ot head

The p ersp ective pro jection matrices of the head-camera{manipulator relation are com-

puted roughly and therefore a lo calization of the rob ot head is inaccurate if using the
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matrices directly . F ortunately , w e can construct the optical axes of the head-cameras

exactly using IBMS and determine from those the head p osition in the manipulator co-

ordinate system. The tilt rotation axis and the t w o vergence rotation axes intersect at

the fo cal p oin ts of the t w o cameras (see Figure 8). Tw o arbitrary angles �

1

and �

2

of the

tilt DOF are used, and for each the optical axes of the t w o head-cameras are determined.

This giv es t w o pairs of in tersecting straight lines, one intersection p oin t P

H

1

is equal to

the fo cal p oin t of the left camera and the other p oin t P

H

2

is the one of the righ t camera

(see Figure 9). The middle p oin t P

H

b etw een b oth sp eci�es the head p osition.

�
�
�
�

�
�
�
�

fq q

y

1 2

FIG. 8: Degrees of freedom of the rob ot head.

PH
1

PH

PH
2

f 2 f 1

f 2 1f

FIG. 9: Optical axes under changing tilt.

4 Manipulator serv oing for to ol handling

A principal goal of IBRS is manipulating ob jects. The manipulator carries a to ol for

c hanging the p ose or shap e of an ob ject. T o ol handling is comp osed of four successiv e

stages. First the to ol approac hes the ob ject and second is �ne-con trolled un til it tak es on a

certain spatial relation to the ob ject. Third the to ol w orks, i.e., it m ust b e �ne-con trolled

contin ually and through careful movem en t the ob ject is manipulated. F ourth the to ol will

b e decoupled from the ob ject.
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4.1 Approac hing the to ol to a ob ject

The head-cameras are used for taking stereo images from the manipulator w orking space

contin ually . In the images the ob ject p osition and the current to ol p osition are detected

and according to the control rule an incremen t vector for moving the to ol nearer to the

ob ject is computed (similar to [5]).

Extracting image p ositions of gripp er and ob ject

In each of the stereo images b oth the gripp er tip and the target ob ject m ust b e lo cated.

Gripp er detection has already b een tac kled in c hapter 3. The detection of an ob ject also

requires a sp eci�c op erator which is tuned to sp eci�c ob ject attributes. In [12] a neural

netw ork of radial basis functions is trained with the grey lev el images of v arious ob ject

views and th us the app earance manifold is represen ted. F urthermore this netw ork is ex-

tended with an output layer in which the w eigh ts can b e trained such that the whole

netw ork computes a v alue of reliability for the ob ject to b e recognized. Alternatively the

approac h for ob ject detection in [13] uses geometric features which are inv ariant under p er-

sp ective pro jection. Based on the Hough transformation a set of inv ariants are extracted

and combined for the purp ose of detecting an ob ject of approximate parallelepip ed shap e.

How ever these approac hes are time-consuming and therefore should b e applied only prior

to the control cycle. F or stationary or slo w moving ob jects this is acceptable b ecause

during the serv oing cycle an e�cient pro cedure for c hange detection can b e used to verify

or determine the new ob ject p osition.

Determining the con trol rule

Corresp onding ob ject p ositions in the stereo images m ust b e related to p ositions in the

manipulator co ordinate system (i.e., c hanges of p ositions). The Jacobians J

1

( P ) and

J

2

( P ) of equation (6) for the t w o head-cameras are simply combined in a (4 � 3) matrix.

T o transform a desired c hange from stereo image co ordinates into manipulator co ordinates

the pseudo in v erse J

y

( P ) is computed.

J ( P ) :=

 

J

1

( P )

J

2

( P )

!

; J

y

( P ) := ( J

T

( P ) � J ( P ))

� 1

� J

T

( P ) (9)

The v ariable state v ector S

v

( t ) is de�ned b y the 3 D co ordinate vector P ( t ) of the gripp er

tip. The desired measurement vector is a 4 D vector of the 2 D p ositions of the ob ject in

the stereo images, the current measurement vector represen ts the stereo 2D p ositions of

the gripp er tip.

Q

�

:=

 

p

�

1

p

�

2

!

; Q ( t ) :=

 

p

1

( t )

p

2

( t )

!

(10)

With these de�nitions the control scheme in equation (7) can b e applied. The manipula-

tor gripp er approac hes the ob ject, and if the ob ject is moving then the gripp er will follow

it.

Exp erimen ts

The usefulness of serv oing is exempli�ed for inaccurate head-camera{manipulator rela-

tions. The manipulator w orking space is a cub e of sidelength 400 mm . The spatial dis-
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tance b et w een head-camera and manipulator is ab out 1500 mm , the head-camera fo cal

length is tak en as 12 mm . The self-calibration pro cedure has b een applied for three dif-

feren t densities of calibration p oin ts (i.e., stopping places of the gripp er). Distances of

100 mm , 200 mm , or 400 mm yield 125, 27, or 8 calibration p oin ts resp ectively from which

three pro jection matrices are computed. In all exp eriments the gripp er starts at a corner

and m ust b e serv o ed to the center of w orking space. F or a servoing factor s := 0 : 5 it

turns out that at most 10 cycle iterations are necessary un til convergence. After con-

v ergence w e mak e mesuremen ts of the deviation from the 3 D center p oin t. First, the

servoing pro cedure is applied under the use of the three mentioned pro jection matrices.

The result is that the �nal deviation from the goal p osition is at most 5 mm with no

direct correlation to the density of calibration p oin ts (i.e., the accuracy of the pro jection

matrices). According to that it is su�cien t to use just eigh t corners of the w orking space

for head-camera{manipulator self-calibration. Second, the servoing pro cedure is applied

after c hanging certain geometric parameters of the rob ot head resp ectively . Changing

the head p osition in a circle of radius 100 mm , or c hanging pan or tilt DOF within angle

interv al of 10 degrees yield deviations from goal p osition of at most 25 mm . The errors

o ccur mainly due to the restricted image resolution of 256 � 256 pixels. According to that

the head-camera{manipulator relation need not b e re-calibrated in case of the mentioned

c hanges of the pre-calibrated arrangemen t.

4.2 Assem bling the to ol to an ob ject

The gripp er has approac hed a motionless ob ject such that a safe distance is kept b oth

o v er and in forn t of the ob ject (�rst image in Figure 10). Now the manipulator will b e

carefully serv o ed to an optimal grasping situation based on the manipulator moun ted

camera (fourth image in Figure 10). Using an ob jective with large fo cal length the situa-

tions are depicted with high resolution which is a precondition to reac h a high accuracy

during assem bling. T o simplify recognition of c hanging situations �rst a rotation and then

a translation tak es place.

FIG. 10: Assem bling the gripp er to an ob ject.

Rotational mo v emen t of the gripp er

The purp ose of gripp er rotation is to mak e the �nger orientation equal to the principal

orientation of the ob ject (second image in Figure 10). F or simplicit y it is assumed to

w ork on a horizon tal plane and thus deal only with one rotating degree of freedom (i.e.,
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the roll parameter R ( t )). Both �ngers and the ob ject are detected in the grey lev el image

(see pro cedures in c hapters 3.1 and 4.1). As a result w e assume a binarized image of

greylevel edges which originate from �ngers and ob ject b oundary . W e p erserv e the edges

orientations and construct a histogram thereof. Figures 11 and 12 sho w these histograms

prior and after the cycles of rotational gripp er movem en t (for �rst and second image in

Figure 10). The p osition of the �rst p eak in Figure 11 sp eci�es the principal orientation r

o

of the ob ject and the second larger p eak the gripp er orientation r

g

in the image. During

the serv oing cycle the gripp er orientation c hanges but due to the moun ted camera a c hange

of the ob ject orien tation app ears. Accordingly , the �rst histogram p eak m ust move to the

righ t un til it uni�es in to the second p eak (Figure 12).

FIG. 11: Edge orien tation histogram prior to rotation.

F or the control sc heme w e de�ne the v ariable state vector S

v

( t ) := R ( t ), the current

measurement v ector Q ( t ) := r

o

( t ), the desired measurement vector Q

�

:= r

g

.

C ( t ) :=

(

r � sig num ( Q

�

� Q ( t )) : j Q

�

� Q ( t ) j > thr esh

0 : el se

(11)

F or the case that desired and current orientation deviate more than a threshold thr esh

the orien tation c hanges b y a small v alue r .

T ranslational mo v emen t of the gripp er

The gripp er will b e serv o ed such that the gripp er reference p oin t is collinear with the

principal axis of the ob ject and then is servo ed along the direction of this axis un til a

certain grasping situation is reac hed. A constan t incremen t vector r is prefered (similar

to the case of rotation) for b etter surveying the movem en t. Reasonable v alues for r
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FIG. 12: Edge orien tation histogram after rotation.

are obtained b y o�ine exp erimentation. F or de�ning grasping situations w e can tak e

the gripp er reference p oin t and the ob ject center p oin t into account, e.g., computing

the cit y blo c k distance b etw een b oth. If this distance falls b elo w a certain threshold

thr esh then the desired grasping situation is reac hed, else the gripp er translates in small

incremen ts. An alternative approac h for ev aluating the grasping stabilit y is demonstrated

in [12] which a v oids the use of geometric features. A neural netw ork learns to ev aluate

the stabilit y of grasping situations on the basis of training examples. These example

situations are represen ted as patc hes of �lter resp onses in which a band pass �lter is tuned

to sp eci�cally resp ond on certain relationships b etw een grasping �ngers and ob ject. These

�lter resp onses E ( t ) implici t represen t a measurement of distance of the gripp er from the

most stable p osition. F or example, when the gripp er moves step b y step to the most stable

grasping p ose and then moves o� the netw ork learns a parab olic curv e with the maxim um

at the most stable situation. A precondition for using the approac h is that gripp er and

ob ject m ust b e in a small neigh b orho o d so that the �lter can catc h the relation. Instead

of computing for the v ector of �lter resp onses a v alue of grasping stabilit y it is p ossible to

asso ciate an appropriate incremen t vector for moving the gripp er. In that case the control

rule h is implem en ted as neural netw ork which is applied to a �lter resp onse vector E ( t ).

4.3 Con tin ual handling of a to ol

F requently for ob ject manipulation it is required to move the to ol along a certain tra jec-

tory and furthermore k eep a certain orientation relative to the ob ject. F or example, w e

assume that a gripp er �nger m ust b e servo ed at a certain distance o ver an ob ject surface

and m ust b e k ept normal to the surface. F or example, taking the application area of dis-

mantling computer monitors a plausible strategy is to detac h the fron t part of a monitor
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case using a laser b eam cutter. The tra jectory of the cutter is approximately a rectangle

which surrounds the fron t part and during this course the b eam orientation should b e

k ept orthogonal to the lines of the rectangle. Figure 13 sho ws stereo images of a monitor

(fo cal length 12 mm ) and in more detail the �nger{monitor relation (fo cal length 69 mm ).

F or this adv anced application of IBMS the control problem is m uc h more complicated.

First, the goal situation actually is an ordered sequence of intermediate goal situations

which m ust b e reac hed step b y step. Second, the measurement vector describung a situ-

ation m ust b e partitioned into t w o subvectors the �rst one consisting of attributes which

should b e k ept constan t and the second one consisting of attributes which m ust c hange

systematically to reac h the next goal situation. Third, for sp ecifying criteria under which

the goal situations are reac hed it is adv antageous to visually demonstrate these situations

in an o�ine stage.

FIG. 13: Stereo images of a monitor, and detailled �nger{monitor relation.

Supp orting manipulator serv oing b y visual demonstration

The control cycles for approac hing and assembling a to ol to a target ob ject are running as

long as the deviation b et w een current situation and goal situation is larger than a certain

threshold thr esh . Ho w ever the v alue for this parameter m ust b e sp eci�ed in terms of

pixels which is incon v enien t for system users. Unfortunately in complicated applications

even a ve ctor of thr eshold values m ust b e sp eci�ed. T o simplify this kind of user interac-

tion it mak es sense to manually arrange certain goal situations prior to the servoing cycles

and tak e images. These images are analysed with the purp ose of automatically extract-

ing the goal situations and furthermore determining relev ant thresholds which describ e

acceptable deviations. E.g., for servoing the �nger w e m ust sp ecify in terms of pixels the

p ermissible tolerance for the orthogonalit y to the surface and for the distance from the

surface. Actually , this tolerances are a priori kno wn in the euclidean 3 D space but m ust

b e determined in the images. Figure 14 sho ws in the �rst and second image exemplary

the tolerance concerning orthogonalit y and distance and in the third and fourth image

non-acceptable deviations. F or determining the acceptable v ariances in b oth parameters

a simple image subtraction and a detailled analysis of the subtraction area is useful.

A further even more imp ortant asp ect of visual demonstration is to acquire op erators

for situation recognition prior to the servoing cycles. The goal situations (including t yp-
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FIG. 14: Acceptable and non-acceptable �nger{monitor relations.

ical p ermissible v ariations) are manually arranged and b y taking images for each goal

situation a manifold of situation app erances is constructed. F rom that, op erators for sit-

uation recognition can b e learned, e.g., using RBF netw orks in [12]. The great strength

of this approac h is that w e don't have to pro vide geometric mo dels for the recognition

task. Instead, op erators for recognition are learned on the basis of real examples from the

app earances of situations.

Beha viour-based strategy for con tin ual ob ject handling

The complex task of contin ual ob ject handling can b est b e organized b y sev eral b ehaviours

each one p erforming p erception{action cycles with the purp ose of retaining or striving

for a certain subgoal. T o obtain an o verall b ehaviour as desired the basic b ehaviours

m ust co op erate appropriately , e.g., w orking in parallel or exclusiv e, or one suppressing or

animating the other [14]. F or the task of detac hing the fron t part of a monitor case one

basic b ehaviour is resp onsible for servoing the to ol o ver the monitor ( go{over b ehaviour )

and another one for k eeping the to ol in a certain relation to a part of the surface ( ke ep{

r elation b ehaviour ). W e assumed an approximate rectangular tra jectory o ver the fron t

part of the monitor. The go{over b ehaviour striv es for moving along an exact rectangle

but will b e mo di�ed slightly b y the keep{relation b ehaviour.

F or the go{o v er b ehaviour four intermediate subgoals are de�ned which are the four

corners of the monitor fron t. The head-cameras are used for taking stereo images each

of which containing the whole monitor fron t and the gripp er �nger. In b oth images w e

extract the four (virtual) corner p oin ts of the monitor, e.g., using one of the recognition

approac hes discussed ab o v e. By combining the corresp onding 2 D co ordinates b etw een the

stereo images w e obtain four 4 D vectors which represen t the intermediate goal p ositions

in the stereo images, i.e., w e m ust pass successiv ely four desired measuremen t vectors

Q

�

(1) ; Q

�

(2) ; Q

�

(3) ; Q

�

(4). The v ariable state vector S

v

( t ) is de�ned as the 3 D co ordinate

v ector P ( t ) of the �nger tip, and the current measurement vector Q ( t ) represen ts its

p osition in the stereo images. The pseudo inverse J

y

( S

v

( t )) of the Jacobian is tak en

from equation (9). The control rule for approac hing the desired measurement vectors

Q

�

( i ) ; i 2 f 1 ; 2 ; 3 ; 4 g ; is as follows.

C ( t ) :=

(

s �

J

y

( S

v

( t )) � ( Q

�

� Q ( t ))

j J

y

( S

v

( t )) � ( Q

�

� Q ( t )) j

: j Q

�

� Q ( t ) j > thr esh

0 : el se

(12)

In the application phase parameter i is running from 1 to 4, i.e., as so on as Q

�

( i ) is passed

taking threshold thr esh into account then the b ehaviour is striving for Q

�

( i + 1). Due
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to the normalization in v olv ed in the control rule an incremen t vector of constan t length

is computed which mak es sense b ecause in the application a movemen t with constan t

v elo cit y is fa v ourable.

The k eep{relation b ehaviour is resp onsible for keeping the �nger in an orthogonal ori-

en tation near to the current part (determined b y the go-over b ehaviour) of the monitor

surface. F or taking images from the situations at a high resolution (see Figure 14) the

manipulator camera is used. Similar to the assembling task (chapter 4.2) a rotational

and/or a translational mo vemen t tak es place if the current situation is non-acceptable.

F or rotational serv oing simply histograms of edge orientations are used to distinguish

b etw een acceptable and non-acceptable angles b etw een �nger and surface. Coming back

to the role of visual demonstration it is necessary to acquire three classes of histograms

prior to the serv oing cycles. One class consisting of acceptable relations and t w o other

classes represen ting non-acceptable relations with the distinction of clo c kwise or coun ter-

clo c kwise deviation from orthogonalit y . Based on that a certain angle b etw een �nger and

surface will b e classi�ed during the servoing cycles using its edge orientation histogram.

2

F or example an RBF neural netw ork [15] can b e used in which a collection of hidden

no des represen ts the three manifolds of histograms and an output no de computes an

evidence v alue indicating the relev ant class, e.g., v alue near to 0 for acceptable relations

and v alues near to 1 or -1 for non-acceptable clo c kwise or coun ter-clo c kwise deviation.

As usual the hidden no des are created on the basis of the c-me ans clustering algorithm

and the link w eigh ts to the output no de are determined b y the pseudo inverse te chnique .

The control rule for the rotation task is similar to equation (11) with the distinction

that a measure of distance b etw een current and desired measurement vectors (i.e., edge

orientation histograms) is computed b y the RBF netw ork.

F or translating the �nger to reac h and then keep a certain distance to the monitor a

strategy similar to the translational movem en t of the gripp er can b e applied (see c hapter

4.2). The co op eration b etw een the go{over b ehaviour and the keep{relation b ehaviour

is according to the principle of alternation. The go{over b ehaviour follows step b y step

the corners of the monitor und computes in each iteration of its control cycles a small

incremen t tow ards the next monitor corner. Then the control cycles of the keep{relation

b ehaviour starts to bring the to ol into the desired relation to the monitor. Next, again

an iteration of the go{o v er control cycle comes into pla y , and so on.

5 Manipulator and/or head serv oing for ob ject

insp ection

A further primary goal of image-based rob ot servoing is to acquire information ab out

certain ob jects (e.g., ob ject insp ection). The optical axes and the �elds of visibility of the

head-cameras are imp ortant for this purp ose. F or example, the manipulator can carry an

ob ject in to the �eld of visibility of a head-camera, then move the ob ject along the optical

2

The strength of applying the learning pro cess to the ra w histogram data is that the net w ork can

generalize from a large amoun t of data. Ho w ev er, if data compression w ould b e done prior to learning

(e.g., computing sym b olic v alues from the histograms) then quan tization or generalization errors are

una v oidable.

17



axis tow ards the camera to increase image resolution and �nally rotate the ob ject to view

the ob ject from v arious orientations. Alternatively , the degrees-of-freedom of the rob ot

head can b e controlled to move the �eld of visibility to the ob ject place.

5.1 Role of the optical axis for ob ject insp ection

The optical axis is a useful guideline for manipulator or head servoing in order to extract

ob ject information from adequate images. T aking this optical axis constrain t into account

v arious techniques b ecome simpli�ed or even applicable at all.

Reasonable size, resolution, and orien tation of an ob ject

W e assume that an ob ject of interest is lo cated at a p oin t on the optical axis. F or depicting

the ob ject with reasonable size and resolution the fo cal length of the head-camera can b e

servo ed. An appropriate ob ject orientation is reac hed with the rotary table. Figure 15

sho ws an ob ject tak en under large (left) and small (middle) fo cal length, and under

degenerate orien tation (right).

FIG. 15: T ransceiv er b o x, tak en under large and small fo cal length, and under degenerate orien tation.

The c hange of the depicted ob ject size can b e ev aluated b y image subtraction, activ e

contour construction, optical 
o w computation, etc. F or example, an activ e contour

approac h [16] is simply started b y putting an initial contour at the image center and then

expanding it step b y step un til the background image area of the ob ject is reac hed which

is assumed to b e homogeneous. Based on this represen tation it is easy ev aluated whether

the ob ject silhouette is of a desired size or lo cally touc hes the image b order and thus

meets an optimalit y criterion concerning depicted ob ject size.

The c hange of ob ject resolution in the image can b e ev aluated b y frequency analysis,

Hough transformation, steerable �lters, etc. F or example, using Hough transformation

w e extract b oundary lines and ev aluate distances b etw een approximate parallel lines. A

measure of resolution is based on the pattern of p eaks within a horizon tal strip e in the

Hough image. Figure 16 sho ws for the images in Figure 15 the Hough image resp ectively .

F or the case of low (high) resolution the horizon tal distances b etw een the p eaks are small

(large). Ha ving the ob ject depicted at the image center the straight b oundary lines of a

p olyhedral ob ject can b e approximated as straight image lines due to minim al p ersp ective

distortions.
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FIG. 16: Hough transformation of binarized images in Figure 15.

F or the purp ose of ob ject recognition w e are interested in taking images under a general

ob ject orien tation, e.g., three visible faces of the transceiv er b o x in Figure 15 (left and

middle). Ho w ever the degenerate ob ject view in Figure 15 (right) only sho ws t w o faces.

T aking the p eak pattern of the Hough transformation into account w e can di�eren tiate

b etw een general and degenerate views (see Figure 16, middle and righ t). According to

that the ob ject can b e rotated appropriately while preserving its p osition on the optical

axis.

Depth and shap e reconstruction

F or reconstructing depth or shap e of an ob ject once again the optical axis is imp ortant.

By taking t w o images under di�eren t fo cal length (see Figure 15, left and middle) w e can

use simple constrain ts for solving the serious matc hing problem. Corresp onding features

(e.g., lines) b et w een the images are detected under the reasonable assumption that they

m ust expand with the image center as the fo cus of expansion. Alternatively , a depth-

from-fo cus strategy of shap e reconstruction can b e applied [17] in which the manipulator

carries the ob ject along the optical axis. The image is partitioned regulary and for each

patc h a measure of sharpness is computed (e.g., see c hapter 3.3). During the manipulator

mov eme n t w e tak e images at certain p ositions and ev aluate for each patc h the sharpness.

This giv es for each patc h a series of sharpness v alues and from that w e lo ok for the max-

imum and asso ciate the relev ant p osition of the manipulator gripp er to it. Accordingly ,

for each patc h individual p ositions of the manipulator gripp er are determined which in-

dicate the depth and shap e of the ob ject. Usually the asp ect of image p oin t motion m ust

b e tak en in to accoun t [18] which is simpli�ed under the assumption that the fo cus of

expansion is lo cated at the image center.

5.2 View con trol of the head-camera system

Supp ose the head-camera system is used to visually control the actions of the manipulator,

e.g., approac hing the gripp er to an ob ject. As a precondition the task-sp eci�c w orking

space of the manipulator m ust b e contained in the common �eld of visibility of the t w o

head-cameras.

Visibilit y of a certain w orking space

F or simplifyi ng the task w e construct a sphere which minimally surrounds the volume of
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the w orking space. Its p osition is kno wn in the manipulator co ordinate system. On the

other hand also the head p osition is represen ted in the co ordinate system of the manipu-

lator (see c hapters 3.1, 3.2 and 3.4). F urthermore a relationship is obtained b etw een the

quadrup el of pan, tilt, and t w o vergence v alues (given in the rob ot head) and the orien-

tation of the optical axes (given in the manipulator co ordinate system). Finally , for a

certain v alue of fo cal length the �eld of visibility , i.e., the size and p osition of the truncated

p yramid, is determined for each head-camera (see c hapter 3.3). If the sphere �ts into the

visibilit y p yramid of a head-camera then the fo cal length should b e tak en as appropriate.

Else it m ust b e decreased systematically un til the �tting condition is ful�lled. With all

these data the rob ot head can b e steered directly such that b oth optical axes intersect

at the cen ter of the sphere and b oth vergence angles are equal. This arrangemen t of the

rob ot head is considered as optimal for observing the manipulator actions.

Ob ject insp ection with view con trol

In contrast to the previous case the head-cameras can b e used sim ultaneously but dis-

similar concerning the fo cal length. If w e use a constan t small fo cal length for the left

and a constan t large fo cal length for the righ t head camera w e tak e a wide range of the

en vironment with the left and a small with the righ t one. F or example, in Figure 15 the

left image sho ws a (large) ob ject as a whole and the righ t image sho ws an ob ject part

in detail. As opp osed to the ab o ve arrangemen t these t w o images could b e tak en b y the

head-cameras sim ultaneously . Accordingly the �eld of visibility of the righ t camera m ust

b e contained in the �eld of visibility of the left camera. F or this arrangemen t the pan and

tilt DOF are serv o ed systematically such that the left camera alwa ys depicts the ob ject

as a whole and the righ t camera successiv e insp ects certain parts of the ob ject in detail.

F or an automatic control the visible part of the scene tak en b y the righ t camera m ust

b e kno wn in the image tak en b y the left camera. Then a strategy similar to contin ual

ob ject handling in c hapter 4.3 can b e applied to insp ect the fron t of a monitor case. The

rob ot head will b e serv o ed such that the righ t camera insp ects successiv e the b order of

the monitor.

6 Summary

The usefulness of image-based rob ot servoing w as demonstrated for a m ulti-comp onen t

rob ot system consisting of a mov able rob ot head, a stationary manipulator, and a ro-

tary table. The v arious degrees-of-freedom can b e controlled in co op eration to o vercome

their individual restrictions and exploit their compleme n tary strengths. The most serious

problem is image-based situation recognition as a precondition to determine appropriate

control signals (desirable in video frame rate). W e are convinced that visual demonstra-

tion is a step tow ards solution. Prior to the servoing cycles certain goal situations are

manually arranged and from the images thereof a set of appropriate op erators for image

analysis m ust b e learned automatically . As these op erators are grounded in actual situa-

tions the application during the servoing cycles should b e successful and e�cient.
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