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Abstract— iTASC (acronym for ‘instantaneous task specifica-
tion and control) [1] is a systematic constraint-based approach
to specify complex tasks of general sensor-based robot systems.
iTASC integrates both instantaneous task specification and
estimation of geometric uncertainty in a unified framework.
Automatic derivation of controller and estimator equations
follows from a geometric task model that is obtained using
a systematic task modeling procedure. The approach applies to
a large variety of robot systems (mobile robots, multiple robot
systems, dynamic human-robot interaction, etc.), varioussensor
systems, and different robot tasks.

Using an example task, this paper shows that iTASC is a
powerful tool for multi-sensor integration in robot manipu -
lation. The example task includes multiple sensors: encoders,
a force sensor, cameras, a laser distance sensor and a laser
scanner. The paper details the systematic modeling procedure
for the example task and elaborates on the task specific choice
of two types of task coordinates: feature coordinates, defined
with respect to object and feature frames, which facilitate
the task specification, and uncertainty coordinates to model
geometric uncertainty. Experimental results for the example
task are presented.

I. I NTRODUCTION

The goal of our research is to develop programming sup-
port for the implementation of complex, sensor-based robotic
tasks in the presence of geometric uncertainty. Examples of
complex tasks include sensor-based navigation and 3D ma-
nipulation in partially or completely unknown environments,
using redundant robotic systems such as mobile manipulator
arms, cooperating robots, robotic hands or humanoid robots,
and using multiple sensors such as vision, force, torque,
tactile and distance sensors.

The foundation for this programming support is iTASC, a
generic and systematic approach [1] to specify and control
a task while dealing properly with geometric uncertainty.

Previous work on specification of sensor-based robot
tasks, such as force controlled manipulation [2]–[5] or force
controlled compliant motion combined with visual servoing
[6], was based on the concept of thecompliance frame[7]
or task frame[8]. In this frame, different control modes,
such as trajectory following, force control, visual servoing
or distance control, are assigned to each of the translational
directions along the frame axes and to each of the rotational
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directions about the frame axes. The drawback of the task
frame approach is that it only applies to task geometries for
which separate control modes can be assigned independently
to three pure translational and three pure rotational directions
along the axes of asingle frame.

A more systematic approach is to assign control modes
and corresponding constraints toarbitrary directions in the
six dimensional manipulation space. This approach, known
asconstraint-based programming, opens up new applications
involving a much more complex geometry and/or involving
multiple sensors that control different directions in space
simultaneously.

Seminal theoretical work on constraint-based program-
ming of robot tasks was done by Ambler and Popplestone
[9] and by Samson and coworkers [10]. Our own preliminary
work on iTASC was presented in [11], while iTASC, the
mature framework of which this paper shows an application,
is thoroughly discussed in [1]. Other applications of iTASC
were presented in [12] and [13].

This paper is organized as follows. Section II introduces
the example task and states the contribution of the paper.
Section III provides a brief overview of the generic control
and estimation approach. Section IV applies the task model-
ing procedure of [1] to the example task. Sections V and VI
provide details on the used control and estimation equations.
Finally, Section VII and Section VIII present experimental
results and state the conclusions.

II. EXAMPLE TASK

This paper shows the application of iTASC to a multi-
robot manipulation task involving multiple sensors, under-
constrained specification as well as estimation of uncertain
geometric parameters.

A. Robot system

The robot system consists of two 6 degrees of freedom
robots.

B. Robot task

The task consists of three subtasks which are executed
simultaneously:

1) the contour of an unknown2.5D workpiece, held by
robot 1, is tracked by a probe mounted on robot 2,
as shown in Fig. 2(a). Both the contact force between
probe and contour and the tangential velocity along
the contour are controlled. In addition, the orientation
of the probe with respect to the contour tangent and
the distance of the probe with respect to the front



plane of the workpiece are kept constant, while the
probe axis remains perpendicular to the front plane
of the workpiece. This subtask specifies six (equality)
constraints.

2) the end effector of robot 1 keeps a specified minimum
distance to the closest person as shown in Fig. 2(b).
This subtask specifies one (inequality) constraint.

3) a camera (camera 1) attached to robot 1, shown in
Fig. 2(c), keeps the closest person in vertical position
in the middle of the image. This subtask specifies three
(equality) constraints.

All together the contour following task in the human pop-
ulated environment specifies 10 (or 9)1 constraints for the
12 dof robot system. The two (or three) remaining dofs of
the robot system are used to satisfy secondary constraints:
to keep the robot as close as possible to its nominal working
position.

C. Geometric uncertainty

In this application following sources of geometric uncer-
tainty are explicitly modeled:(1) the shape of the describing
contour of the2.5D workpiece;(2) the height and orientation
of the front plane of the workpiece relative to the end
effector of robot 1, and(3) the position of the closest
person, expressed inx, y-coordinates of the world frame. All
together these sources of geometric uncertainty are modeled
by 7 coordinates. All other geometric transformations are
supposed to be known, even though there may be other
sources of geometric uncertainty. For example, the relative
position between both robots is only poorly calibrated, which
introduces important geometric errors.

D. Sensors

Robot 1 is equipped with a camera (camera 1, Fig. 2(a))
mounted on its end effector. This camera provides an image
of the closest person, but this image is not used for visual
servoing. Robot 2 is equipped with three sensors mounted
on its end effector (Fig. 2(b)):(1) a six axis force/torque
sensor is used to control the contact force between the probe
and the contour, and to estimate the orientation of the contour
tangent and normal. Only two force components of the sensor
are used in this application;(2) a camera (camera 2) directed
towards the contact point provides a second estimate of the
contour tangent and normal;(3) (optionally, and not shown
in Fig. 2(b):) a laser distance sensor measures the distance
of the end effector to the front plane of the workpiece. This
information is used to control the distance of the probe with
respect to the front plane of the workpiece and to keep
the probe axis perpendicular to this plane. Additionally, the
robot system contains a horizontal laser scanner (Fig. 2(b)-
2(c)), fixed to the environment, which is used to estimate the
motion of people in the robot environment. All together 6
scalar signals are measured and fed back to the robot system.

1If the inequality constraint is not active.
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Fig. 1. General control and estimation scheme including plant P, controller
C, and model update and estimation blockM+E.

E. Contribution of the paper

The main contributions of the paper are:(1) to show how
to derive the control and estimation equations for this task
involving 10 primary constraints, 7 uncertainty coordinates,
6 scalar measurements and 12 secondary constraints, and(2)
to present experimental results for this integrated task. Due
to time constraints the optional laser distance measurement
and the vision-based estimator have not yet been included
in the experiments. Since we presented experimental results
for laser distance measurements subtask in [13], we are
confident that we will be able to extend the experiments
with the laser distance measurements and the vision-based
estimator in the final version of the paper. Other contributions
are: (3) the development of a laser scanner based people
tracker, Section VI-A,(4) extension of the2D contour
tracking approach [1] to a3D context, and(5) presentation
of experimental results for this contour tracking approach(
[1] only contains a2D simulation).

III. C ONTROL AND ESTIMATION SCHEME

Fig. 1 shows the general control and estimation scheme
presented in [1] and used throughout this paper. This scheme
includes the PlantP, the ControllerC, and the Model Update
and Estimation blockM+E. The PlantP represents both the
robot system (whereq reprents theinternal state) and the
environment.

The control input to the plant isu, in the case of a
velocity-based control scheme, this input corresponds to
the set of desired joint velocities. Thesystem outputis y,
which represents the controlled variables. Task specification
consists of imposing constraints to the system outputy.
These constraints take the form of desired valuesyd(t)2. The
plant is observed throughmeasurementsz. Not all system
outputs are directly measured, and an estimator is needed
to generate estimateŝy. These estimates are needed in the
control lawC.

In general the plant is disturbed by various disturbance
inputs. Here we focus ongeometric disturbances, represented

2Further on we omit time dependency in the notation.



o2a

f2a

f1a

o1a

force sensor

robot1

robot2

camera2

* laser distance sensor not shown

(a) Loop a.

o1b

laser scanner
o2bw

f1b
f2b

robot1

(b) Loop b.

camera1

laser scanner
o2c

f2c

o1c=f1c

w

o1c

robot1

(c) Loop c.

Fig. 2. Loops.

by coordinatesχu. These coordinates represent modeling
errors, uncontrolled degrees of freedom in the robot system
or geometric disturbances in the robot environment. As
with the system outputs, not all these disturbances can be
measured directly, but they can be estimated by including a
disturbance observer in the estimator blockM + E.

IV. TASK MODELING

A typical robot task accomplishes relative motion between
objects. The relative motion between two objects isspecified
by imposing constraintson the relative motion between one
feature on the first object and a corresponding feature on
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Fig. 3. Feature and uncertainty coordinates. The primed frames represent
the modelled frame poses while the others are the actual ones.

the second object. Each such constraint needs four frames:
two object frames(called o1 and o2, each attached to one
of the objects), andtwo feature frames(called f1 and f2,
each attached to one of the corresponding features of the
objects). For an application in3D space, there are in general
six degrees of freedom betweeno1 ando2. The connection
o1 → f1 → f2 → o2 forms akinematic chain, that is, the
degrees of freedom betweeno1 ando2 are distributed over
three submotions: the relative motion off1 with respect to
o1 (I), the relative motion off2 with respect tof1 (II), and
the relative motion ofo2 with respect tof2 (III). The three
submotions are modeled usingfeature coordinatesχfI , χfII
andχfIII, respectively, with

χf =
(

χfI χfII χfIII
)T . (1)

We consider two kinds of geometric uncertainty:(1) uncer-
tainty in the pose of an object with respect to the world,
and (2) uncertainty in the pose of a feature with respect
to its corresponding object.Uncertainty coordinatesχu are
introduced to represent the pose uncertainty of a real frame
with respect to a modeled frame:

χu =
(

χuI
T χuII

T χuIII
T χuIV

T )T , (2)

in which:

• χuI represents the pose uncertainty ofo1,
• χuII represents the pose uncertainty off1 with respect

to o1,
• χuIII represents the pose uncertainty off2 with respect

to o2, and
• χuIV represents the pose uncertainty ofo2.

Fig. 3 summarizes the definitions of the object and feature
frames, and of the feature and uncertainty coordinates. In this
figurew represents the world frame.

For the example task four kinematic loops as defined in
Fig. 3 are recognized, one for following the contour of the
unknown object (a), one for keeping a minimum distance
to the closest person (b), one for pointing the camera to the
head of the closest person (c), and one for measuring the
distance of the end effector of robot 2 to the front plane of
the workpiece (d). Each of these loops is further detailed
below.

A. Contour following

The contour following task was described in [1] for
the two-dimensional case. This paper extends the contour
following to the three-dimensional context of the example



task. The object and feature frames are defined as follows
(Fig. 2(a)):

• frame o1a is fixed to the workpiece held by robot 1,
with the z-axis perpendicular to the front plane of the
workpiece;

• frameo2a is fixed to the probe held by the robot 2, with
its z-axis along the probe’s symmetry axis;

• frame f1a is located at the current contact point be-
tween the contour and the probe. The frame’sz-axis is
parallel to thez-axis ofo1a, its x-axis is parallel to the
tangent of the contour.

• framef2a has the same position and orientation aso2a.

In the case of aknown contour a minimal set of feature
position coordinates exists representing the six degrees of
freedom betweeno1a ando2a:

χfI
a =

(
za sa )

, (3)

χfII
a =

(
ya θa φa ψa )T , (4)

χfIII
a =

(
−

)
, (5)

whereza is expressed inf1a and represents the distance
from the contact point to the front plane of the workpiece,
sa is the arc length along the contour,ya is expressed in
f1a and represents the distance of the robot end effector to
the contour perpendicular to the contour, andθa, φa andψa

areZXY -Euler angles expressed inf1a and represent the
orientation of the probe with respect to the contour. Using
sa and the planar contour model, the pose of framef1a with
respect too1a in a plane parallel to the front plane of the
workpiece can be determined.

In the case of anunknowncontour no set of minimal
position coordinates exists to model the relative position
of f1a with respect too1a. A minimal set of coordinates
however exists at velocity level:̇χfI

a =
(
ża ṡa )

. Instead
of integrating ṡa, the homogeneous transformation matrix
betweenf1a and o1a has to be updated at each time step
using χ̇fI

a.
Since the real contour is not known, the modeled contour

framef1a may deviate from the real contour frame. There-
fore, uncertainty coordinates are introduced:

χuII
a =

(
ya

u θa
u

)T , (6)

with ya
u the distance between the modeled and the real

contour, andθu the orientation error between the tangents
of the modeled and the real contour.

For this subtask constraints are specified on the following
outputs, and are easily expressed using the feature coordi-
nates: y1 = za, ẏ2 = ṡa, y3 = ya −R,

y4 = θa, y5 = φa, and y6 = ψa, (7)

whereR is the radius of the probe following the contour.
The measurement equations for the magnitude of the

contact force and the orientation of the tangent to the contour
are easily expressed using the feature coordinates:

z1 = K(ya −R), z2 = θa, and z3 = θa, (8)

whereK represents the contact stiffness,z2 represents the
orientation of the tangent obtained from the force mea-
surement, whilez3 represents the orientation of the tangent
obtained using the image of camera 2.

B. Minimum distance to closest person

For the minimum distance loop (Fig. 2(b)):

• frameo1b = o1a;
• frame o2b is at the position of the closest person and

with the same orientation asw;
• framef1b is located on the ground, just belowo1b and

with its z-axis perpendicular to the floor;
• frame f2b has the same position aso2b, its z-axis

is perpendicular to the floor and itsx-axis pointing
towards the origin off2b.

χfI
b =

(
αb βb γb zb )

, (9)

χfII
b =

(
xb )T , (10)

χfIII
b =

(
θb )

, (11)

whereαb, βb andγb are the ZXZ-Euler angles expressed in
f1b that describe the orientation ofo1b with respect tof1b.
zb, expressed inf1b, represents the height of the end effector
with respect to the ground.xb, expressed inf2b, represents
the distance of the closest person to the robot end effector.
θb, expressed ino2b, represents the direction in which the
closest person is located.

The position of the closest person is unknown. Therefore,
uncertainty coordinates are introduced:

χuIV
b,c =

(
xb,c

u yb,c
u

)T , (12)

with xb,c and yb,c the x− and y−position of the closest
person in the world reference frame.

An inequality constraint is specified on:

y7 = xb. (13)

The measurement equations for the position of the closest
person as determined by the laser scanner based people
tracker are easily specified using the uncertainty coordinates:

z4 = xb,c
u and z5 = yb,c

u . (14)

C. Camera pointing to closest person

For the camera pointing loop (Fig. 2(c)):

• frameo1c = o1a;
• frame o2c is at the position of the closest person and

with the same orientation asw,
• framef1c is fixed to camera 1 held by the robot 1 and

with the z-axis along the camera’s principal ray (the
line through the principal point and the origin of the
pinhole model);

• frame f2c is located at the closest person’s head and
is rotated π

2 aroundx with respect too2c (to avoid
singularities).
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The feature coordinates expressing the submotions are:

χfI
c =

(
−

)
, (15)

χfII
c =

(
xc yc zc φc θc ψc )T , (16)

χfIII
c =

(
−

)
, (17)

wherexc, yc and zc are expressed inf1c and xc and yc

represent the position of the closest person’s head in the
camera image andzc the distance of the person’s head to
the camera.φc, θc andψc areXY Z-Euler angles expressed
in f1c and represent the pan and tilt of the camera and the
orientation of the closest person’s head in the camera image
respectively.

The position of the closest person is modeled as in
Section IV-B, while constraints are specified on:

y8 = xc, y9 = yc, and y10 = ψc. (18)

D. Laser distance sensor

This kinematic loop is modeled in detail in [1], and is
only briefly described here. Three uncertainty coordinatesare
introduced corresponding to the errors on the height and the
orientation of the front plane of the workpiece with respectto
their modeled values:χuI

d. The laser distance measurement
is denoted byz6. If the laser distance measurement is not
available, the uncertainty coordinates are set equal to zero.

E. Nominal working position

As secondary constraints the robot has to keep the robot
as close as possible to its nominal working position, see
Section II-B. To this end, constraints can be set to the robot
joint positions: ysi = qi, (19)

wheres indicates the secondary nature of the constraints and
with i = 1, . . . , 12 andqi the i’th joint of the robot system.

F. Overview

Fig. 4 provides an overview of the four kinematic loops
showing the object and feature frames, the feature coordi-
nates and the uncertainty coordinates.

All feature coordinates are collected into a single vector
χf , all uncertainty coordinates are collected into a vectorχu,
while all measurements are collected into a vectorz.

V. CONTROL BLOCK

The equations for the control block follow automatically
from the task model of Section IV. While [1], [12], [13]
show the derivation of a velocity based control scheme, other
control schemes are discussed in detail in [14].

Since we use a velocity based control scheme, the control
input for the robot corresponds to:

q̇d = A
#
W

(
ẏ◦

d + B ̂̇χu

)
, (20)

where#
W denotes the weighted pseudoinverse [15], [16] with

weighting matrixW and

ẏ◦
d = ẏd + Kp (yd − y) . (21)

The first term of the desired joint velocities (20) controls the
system outputs to their desired values, while the second term
corresponds to a feedforward term accounting for the rate of
change of the (estimated) uncertainty coordinates. The first
term of control equation (21) corresponds to a feedforward of
the time derivative of the desired constraint values (7,13,18),
while the second term is a feedback term to compensate for
drift, modeling errors and disturbances3.

The expressions forA andB are given in [1]. We use the
Orocos Kinematics and Dynamics Library (KDL,http://
www.orocos.org/kdl) to derive the jacobians necessary
to build A and B based on the kinematic loops defined in
Section IV.

Secondary constraints are only realized to the extent that
they do not conflict with the primary constraints [17]. The
inclusion of secondary constraints (19) modifies the control
input (20) to:

q̇d = Ap
#
Wp

(
ẏ◦

d,p + Bp ̂̇χu

)
+

(
1−Ap

#
Wp

Ap

) (
As

(
1−Ap

#
Wp

Ap

))#

Ws(
ẏ◦

d,s + Bs ̂̇χu − AsAp
#
Wp

(
ẏ◦

d,p + Bp ̂̇χu

))
,(22)

where the subscriptsp ands denote primary and secondary,
respectively.Ap, Bp and ẏ◦

d,p are constructed using the
primary constraints (7), (13) and (18), whileAs, Bs and
ẏ◦

d,s are constructed using the secondary constraints (19).

VI. M ODEL UPDATE AND ESTIMATION BLOCK

The goal of model update and estimation is threefold:(1)
to provide an estimate for the system outputsy to be used
in the feedback terms of constraint equations (21),(2) to
provide an estimate for the uncertainty coordinatesχu and
their derivatives, to be used in the control input (20), and
(3) to maintain the consistency between the joint and feature
coordinatesq andχf based on the loop constraints.

Model update and estimation makes use of a predic-
tion/correction procedure [1] and is based on an extended
system model and on the measurement equations. The ex-
tended system model for this example is constructed accord-
ing to [1], while the measurement equations are given by (8),
(14) and the measurement equation forz6.

3There is no feedback term foṙy2 = ṡa, only a feedforward term.



The extended system model contains a motion model
for the uncertainty coordinates. For example, if a constant
velocity model is used for the uncertainty coordinates, the
motion model is expressed as:χ̇u = Cte or d

dt χ̇u = 0.
The uncertainty coordinatesχu, χ̇u, . . . can also be es-

timated by a dedicated, external estimator. In the example
task, both the position of the closest person and the vision-
based estimation of the contour tangent and curvature are
provided by external estimators. The next two subsections
outline the operation of the people tracker and the vision-
based estimator.

A. People tracker

Estimating the position of multiple moving persons is
significantly harder than estimating the position of a single
person. First, one has to determine the number of persons
that are currently in the field of view. Furthermore, the
update process is harder, since observations may result in
ambiguities, features may not be distinguishable, objectsmay
be occluded, or there may be more features than persons.
Hence, a system for tracking multiple moving persons must
be able to estimate the number of persons and must be able
to assign the observed features to the persons being tracked.

Fig. 5 presents the process flow of the people tracker. A
laser scanner measures the range of the objects over180◦.
From the measured distances, the measurement resulting
from the environment is selected if the probability that the
measurement does result from the environment is higher than
a threshold:P (z /∈ environment| ≥) pud, with pud a user-
defined threshold. From the selected measurements, low level
features are extracted using a Variational Bayesian cluster
finding algorithm (VBC) [18]. The VBC provides automatic
relevance detection, that is, it automatically selects themost
probable number of clusters.

To keep track of multiple moving persons requires esti-
mation of the joint probability distribution of the state of
all persons. In practice, however, this is already intractable
for a small number of persons, since the size of the state
space grows exponentially with the number of persons. To
overcome this problem, a common approach is to track the
different persons independently, using factorial representa-
tions for the individual states. A general problem in this
context is to determine which measurement is caused by
which person. In this paper we apply a Joint Probabilistic
Data Association Filter (JPDAF) [19] and/or a Sequential
Joint Probabilistic Data Association Filter (SJPDAF) for this
purpose [20]. The data association algorithm computes a
Bayesian estimate of the correspondence between the low
level features and the different persons to be tracked. Using
these correspondences the individual filter for each person
is updated. The JPDAF uses a Kalman filter to track the
individual persons while SJPDAF uses a particle filter. To
improve the tracking of individual persons, even in case of
occlusions, a motion model is used. In this paper a constant
velocity model was incorporated in the estimation.

The data association filters assume that the number of
persons to be tracked is known. In our application, however,

the number of objects often varies over time. As suggested by
[20] this is handled by an extra discrete estimator estimating
the number of persons from the low level features.

B. Vision-based estimator

The visual contour estimator estimates the tangent and
curvature of the unknown contour at the current contact point
using camera 2 mounted on robot 2 (Fig. 2(a)). At the begin-
ning of the contour following task, once contact is established
between contour and probe, an initialization is carried outin
which the user indicates the foreground, that is, a point on
the object. Next, information on properties of foreground and
background are gathered using cue integration through voting
for defocus, hue and saturation cues. Then, based on the
integrated cues a floodfill segmentation is carried out using
an automatic optimal threshold through a quality number.
This quality number is obtained through a voting procedure
in which the cues are: the total number of segmented pixels
(the more the better), the increase in number of segmented
pixels between two thresholds (if the floodfill segmentation
overflows in the next valley, the previous threshold has
reached an intensity ridge), the average pixel value of the
image obtained through cue integration, with the segmented
pixels as a mask and an indicator to check whether the
segmentation reaches the edges of the camera image. The
image segmented with this optimal threshold is smoothed to
find a two dimensional edge and subsequentially, a natural
cubic spline is fitted to the obtained edge.

For efficiency reasons, the initialization is not repeated
on line: during the motion, the spline knots are corrected
using line segments perpendicular to the spline [21]. Within
each of these 1D search spaces, another voting procedure
(cues: a minimal average correct hue/saturation, a maximal
average difference in correct hue/saturation, an ISEF edge
detector [22], and a weight on the distance to the previous
knot position.) determines the optimal new knot position. A
base for this procedure is the cue integration of hue and
saturation along these line segments.

VII. E XPERIMENTAL RESULTS

In our experimental setup robot 1, holding the workpiece,
is a Kuka K160 robot while a Kuka K361 robot is holding
the probe. The force sensor is a JR3 100M40A3-I63-DH. A
Sick laserscanner (range8m) is used to track the persons in
the neighborhood of the robot.

We carried out two different experiments. During the
first experimentdifferent persons, one standing still and
two walking, are present in the robot environment and all
constraints are switched on. In thesecond experiment, only
the contour following constraints (7) are activated, by putting
the weights of the constraints for the minimum distance to
the closest person (13) and the camera tracking of the closest
person (18) to zero.

A constant velocity along the contour of0.01 m
s (ẏ2) was

applied in both experiments, while a contact force of30N
was desired, resulting in a desiredy3 of 0.006m. The desired
angles between contour and follower were set to0◦ (y4 =



Fig. 5. Scheme for people tracker.
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Fig. 8. Experimental results for outputsy3-y10 for both first and second experiment together with desired values.

y5 = y6 = 0◦). A minimum distance of3.7m to the closest
person was commanded (y7), while the closest person was
kept straight in the middle of the image (y8 = y9 = 0m,
y10 = 0◦).

The contour of the2.5D workpiece estimated during
the two experiments is shown in Fig. 6(a). The difference
between the estimated contour in the two experiments is due
to the imperfect kinematics and relative position of the two
robots. Fig. 7 shows the estimated position of the persons
resulting from the people tracker (Section VI-A). Fig. 8
shows some of the realized outputs in the two experiments.
The difference between the desired and realized outputs is
smaller for the second experiment, as expected. Fig. 8(c)
shows that the inequality constraint on the distance of the
closest person is only active wheny7 < 3.7m. As expected,
the orientation error of the probe with respect to the contour
in the plane of the contour,y4, (Fig. 8(b)), is proportional to

the curvature of the contour (Fig. 6(b)). This suggests that
the tracking would benefit from feedforward of the curvature
information, which can be obtained from the vision-based
estimator (Section VI-B).

The closest person switches from one to the other when
s = 0.5m and s = 0.9m. This causes a sudden difference
in the distance of the closest person (y7) (Fig. 8(c)) and of
position of the closest person in the image (y8 and y9) for
the first experiment (Fig. 8(d)). This sudden error is also
reflected iny3 andy4 (Fig. 8(a), Fig. 8(b)).

Remark that the realized outputs are influenced by the im-
perfectly known kinematics, dynamics and relative position
of the two robots, as well as the relatively stiff contact (we
did not add any flexibility between contour and probe!).

VIII. C ONCLUSIONS ANDFUTURE WORK

Using an example task, this paper showed that iTASC
is a powerful tool for multi-sensor integration in robot
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manipulation. The example task includes multiple sensors:
encoders, a force sensor, cameras, a laser distance sensor and
a laser scanner. The paper detailed the systematic modeling
procedure, derived control and estimation equations for the
task involving 10 primary constraints, 7 uncertainty coordi-
nates, 6 scalar measurements and 12 secondary constraints,
presented a laser scanner based people tracker and presented
experimental results for the example task.

Due to time constraints the optional laser distance mea-
surement and the vision-based estimator have not yet been
included in the experiments. We are confident that we will
be able to extend the experiments with the laser distance
measurement and the vision-based information in the final
version of the paper.

Future work includes the development of a user friendly
interface to support the task specification to enable high-level

task programming. We will also perform experiments with an
acceleration-based control scheme including dynamic models
of the robots, and compare the results with the velocity-based
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