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Abstract— This paper shows how multi sensor fusion with
position, force and vision sensors can help to improve robot
control. It shows how Bayesian filtering helps in the fusion
and how the extra information from fusing the sensors can be
used in different control aspects. The paper gives an overview
of increasingly more complex control tasks, whose realization
depend on increasingly more “high level” sensor fusion.

I. INTRODUCTION

This paper gives an overview of the realizations in multi
sensor fusion (i.e. position, force, vision) for robot compliant
motion control in the authors’ research of the last decade.
Compliant motion involves robot tasks that need controlled
contact between the robot end effector and the environment.
So, the focus of this paper is on realtime use of the sensor
fusion results within the control loop, and the overview
shows how the progress in on-line sensor fusion for position,
force and vision has allowed to execute increasingly more
complex tasks.

Commercial robot controllers typically use only the pro-
prioceptive joint position sensors because they mainly focus
on trajectory planning in joint and/or Cartesian space. This
works very well if the environment of the robot tasks
never changes and motion in contact isn’t necessary. But
by introducing exteroceptive sensors (force and vision) real
interactions with the environment become possible. Force
and vision are two very complementary and reasonably cheap
sensors for intelligent robot control. Force sensors give local
information about the (contact point with the) environment,
which is crucial in compliant robot motion. Vision sensors
give global information about the position of objects in the
manipulation area of the robot.

The evolution in robot tasks is to allow more uncertainty
about the environment. Therefor better sensing is needed; not
just adding more sensors but also improving sensor fusion
between several sensors. The authors’ approach to sensor
fusion is the Bayesian framework, basically Kalman filters
and particle filters.

Section II explains how multi sensor fusion can be
used in the control loop. Section IIl to V explain which
sensor fusion algorithms have been applied to the cases of
position—force, position—vision and position—force—vision
fusion.
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Robot control with position feedback.

II. RoBOT CONTROL

Fig. 1 shows the basic feedback loop used in robot control:
one measures some system parameter S of the robot (joint
positions x, velocities &, accelerations &, or torques 717). A
control law then tries to make the measured system parameter
Smeas Move towards a setpoint value Sgs. Most robotic
systems use control laws whose output is a joint velocity
or a joint motor current. The joint motions are related to
the Cartesian movements required in the task, using the
kinematics of the robot and the Task Frame specification
for robot control [1], [2]. So, this paper works with velocity
resolved robot control:

T = KFB(:Emeas - xdes)a (1)

with & the velocity command to the robot, Kpp the feedback
gain, Z.,s the measured position, and x4, the desired posi-
tion. Sensor measurements are not only useful for feedback
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control, but they can also increase the “intelligence” of the
robot in several ways. Fig. 2 shows a generic control scheme
which integrates all the improvements in intelligence that



multi sensor fusion can offer, and which are illustrated in
the examples described later in this text.

A. Feedforward

The first extension to the basic control loop is to add
a feedforward contribution: the sensor information (with or
without fusion) is used to identify the parameters in a model
of the environment, and the next velocity setpoint of the robot
is (partly) constructed from this adapted model information:

T = KFB(Imeax - xdes) + KFF).(FF; (2)

with pp the feedforward velocity and Kpp the feedforward
gain. If the feedforward is derived from a correct model, the
control loop yields smaller feedback errors. Sections ITI-A—
V-B show how force sensing can be used as feedforward
signal. Sections V-A—V-C show how a feedforward signal
can be generated from vision sensing.

B. Model Based Feedback

A second extension to the basic control loop is model
based feedback: not only the feedforward but also the feed-
back component comes from a model. Or rather, the feedback
must be derived (“observed”) from a model, because the
controlled system parameter S cannot be measured directly,
equation (2) changes to

T = KFB(Xmodel - xdes) + KFFZ.CFFy (3)

with Zynoder = f(measurements). In this paper, the functions
f are Bayesian filters.

C. Hybrid Event Control

Every “intelligent” robot control must be able to switch
between different control subtasks, on the basis of the
interpretation of the available sensor information within a
model of the ongoing task. In compliant motion, different
subtasks are required for each different contact situation, i.e.,
different velocity and force controlled degrees of freedom,
each with appropriate setpoints, feedforward and feedback.
The required hybrid event control consists of three different
parts, each guided by the available sensor information.

1) The subtask to be executed must be recognised.

2) The decision when to change to a different control task,
and with which control parameters, must be made.

3) A smooth transition between the current and the new
subtasks must be executed.

D. Adaptation of control parameters

A fourth extension to the basic control loop is the adapta-
tion of the control parameters. Multi sensor fusion can help
to estimate the uncertainties in the control model parameters,
and fo adapt the control law accordingly. So, it’s not just the
feedforward contribution that is determined by the model, but
also the control law:

T = KFB(meaS) (Imodel - xdes) + KFF(meas)z.CFFv (4)

with Krp and Kpp being function of the sensor measure-
ments.

The next sections discuss several examples of how multi
sensor fusion has been used to add each of the above-
mentioned “intelligence” components to compliant motion
robot control.

III. PoSITION FORCE FUSION

The development of position/force control was crucial for
the execution of robot tasks in contact with the environment.
[4] showed how such compliant motion can be specified and
controlled using the Task Frame as “model” for the task.

Fig. 3. Task Frame specification of 2D contour following.

A. 2D contour following

A first common compliant motion task is 2D-contour
following of an (unknown, planar) contour. The force sensor
information is used to create a feedforward signal to improve
the tracking of the contour. Fig. 3 shows how the contour
following task is specified in a Task Frame at the tooltip: the
tangent velocity v; is velocity controlled; the force normal
to the contour f;, is force controlled. Without a feedforward
signal following the contour has to be executed slowly
to prevent contact loss or excessive contact forces. If the
curvature of the contour is known the rotational velocity
w, around the normal of the plane of the contour can be
used as a feedforward signal and the task can be executed
faster without losing contact and excessive contact forces.
The control law is

Un = KFBK(;“} (Fmeas - Fdes)7 (5)
oy = —ru, ©)
vy = KFthdex; (7)

with « the curvature of the contour, K,, the stiffness
of the interaction, and Kpr a feedforward gain between
0 and 1. If the contour information is not available, the
contour orientation error can be “fused” from the tangent and
normal force and velocity components (in case of frictionless
contact):

A, = arctan(—%) = arctan(v—"), 8)
n Ut

Kk = db:/ds, 9



with x the contour curvature, and df, the change of the
contour orientation along the contour.

The “measurement” (8) has also been used for the on-line
identification and matching with a predefined model of the
contour using Non-Recursive Deterministic Least Squares,
Extended Kalman Filters or a Page—Hinkley test [5]. In this
approach we have a model of the contour, but do not know
exactly where we are on the contour, but the uncertainty is
limited. Using a Non Minimal State Kalman Filter (NMSKF)
large uncertainties of the initial position are permitted [6].
Figure 4 shows how the NMSKF estimates the contact
position on the contour starting from a uniformly distributed
probability along the contour.
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Fig. 4. Probability density function of the contact point (star) along the

contour, after 1, 50, 100 and 134 measurements.

This experiment shows how force and position measure-
ments are combined in Bayesian filters to create a feedfor-
ward signal (II-A). The adaptation of the control law (I1I-D)
is used by changing the tangent velocity feedforward gain
Kpp in Eq. (7). If the contour curvature is not yet known or
the uncertainty is still too big, Krr should be small; if the
uncertainty decreases, the tangent velocity can be increased
until Kpr = 1. The evolution in the different Bayesian
filters allows more and more uncertainty in the model of the
contour. Section V-A shows how the model of the contour
is replaced by a vision sensor.

B. Cube in Corner experiment

A second application is the Cube-in—Corner experiment
(see Fig. 5). In this application position and force information
is fused to estimate uncertain geometric parameters of the
manipulated object and the environment, and to recognize
contact situations and contact state transitions. This has been
done with Extended Kalman Filters [7], Iterated Extended
Kalman Filters and Non-Minimal State Kalman Filters [8],
[6], and particle filters [9], [10], each time with increased
robustness against uncertainty in the position and orienta-
tion of the cube with respect to the environment. Possible

Fig. 5.

Cube in Corner experiment

applications are (i) human demonstration, where a task is
demonstrated by the human and the robot executes the
same task afterwards, or (ii) online estimation, where the
geometrical parameters and contact transitions are estimated
during the execution of a task and used to adapt the controller
parameters.

Fusing position and force sensors even more, the geomet-
ric model of the object and the environment can even be built
from scratch [11]. So, once the 3D contact model is known,
the controller can be adapted according to this model and
optimize the control. This is an example of II-D. [6], [11]
and [10] also show how transitions between contact situations
can be detected. This information enables switching between
different controllers (II-C). A result of using particle filters
for contact formation recognition is shown in Figure 6. Fig. 7
shows a result of the parameter estimation of the environment
in a Cube-in-Corner experiment.

T T T T T T T
LG CFy CFs3 CFy CFs CFg CFy
— "6 '
0.8 4
0.6 4
-
=
=
=
FC%OA* 4
e}
o
=
A~ CFy
0.2 ~\| B
0 A
n n n n n n n n n

0 20 40 60 80 100 120 140 160 180 200
# Processed Measurements

Fig. 6. The probability of eight different contact formations (CF7 —
CFg) in a human demostration of the Cube-in-Corner experiment. Each
line represents the probability of each contact formation.
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Fig. 7. The estimation of the corner’s geometric parameters: Euler angles,
0z, 0y, 0, and 3D position, X, y, z while executing a Cube-in-Corner
experiment with succession of different contact formations, from free space
to three face-face contacts, with large initial uncertainties imposed on the
parameters of the corner. The full line represents the estimation of each
parameter, the dashed line represents the covariance of the estimation.

IV. POSITION VISION FUSION

A. Bayesian Filters for Visual Servoing

Vision sensors are typically slower than the control loop
around the position sensor information. To avoid too large
tracking errors in the visual feedback, a Kalman filter can be
used to track an object: the Kalman filter enables extrapolat-
ing the measured position of the object using the estimated
velocity and acceleration. If the velocity or acceleration is
needed in the control, a Kalman filter gives much better
information (less phase shift) than differentiating the position
measurements. The system model of the Kalman filter for 1D
tracking with estimation of velocity and acceleration looks
like:

~ T2 ~

Lk 1 T 5 Tk-1

Ty | =10 1 Ty Th—1 | (10)
Tk 0 O 1 Th_1

with Zj the predicted position at time step k, Zp_; the
estimated position at time step k-1 and 7 the time between
k and k-1. Only zx is measured. The estimated velocity & can
be used for feedforward control (II-A). This leads to a better
tracking behavior of the controller. The feedback control does
not use the measured position but the estimated position;
this is an example of model based feedback control (II-B).
Fig. 8 shows the estimation of the position and velocity of
a moving object which is measured by a vision sensor. The
model used in the Kalman filter includes position, velocity
and acceleration of the object.
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Fig. 8. 1D estimation of position and velocity of camera measurement

using a Kalman Filter. In the upper image the full, dotted and dashed line
represent the estimated position of the object, the measured position from
the camera and the real position. In the lower image the full and dashed
line represent the estimated velocity of the object and the real velocity.

Fig. 9. 2D Contour following with force and vision sensors

V. PoSITION FORCE VISION FUSION
A. 2D Contour Following

Our first successful combination of force and vision for
2D contour following used a vision sensor to get the contour
information [12] without having a predefined model. Fig. 9
shows the experimental setup with the camera mounted
on the robot end effector. Fig. 10 shows how the vision
information is used to calculate the curvature « using a least
squares solution. s can then be used in Eq. (6) to calculate
the feedforward signal. Fig. 11 shows the result of using a
feed forward signal for the contact force II-A. Model based
feedback control II-B is used to cross sharp corners. Even
with feedforward the tangent velocity has to be lower in these
corners. The vision sensor can detect these corners and the
tangent velocity is decreased by lowering K in equation (7).

B. Shared Control

Another example of multi sensor fusion is Shared Control.
Here a robot manipulator and a human are controlling the
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Fig. 11. Measured normal contact forces with and without the use of
vision based feedforward in the contour following experiment. The contour
consists of three successive corners curve 1 to curve 3 with the same
radius and an alternating sign. In the upper image the full line represents
the measured normal force without feedforward control. The dashed line
represents the measured normal force with feedforward control. The desired
normal force is 30/N. In the lower image the full line represents the
calculated feedforward velocity wy along the contour. The dotted line
represents the ideal feedforward velocity.

motion of the same object. The robot manipulator helps the
human to move the object, Fig. 12. The easiest way to do
this is to use a force sensor to measure the human-robot
interaction forces and use force feedback control. To get
a smooth motion along a trajectory requires the use of a
Kalman filter to estimate the velocity with which the human
wants to move the robot. The state of the Kalman filter
consists of the position and velocity of the desired motion.
The measurements are the force input from the human and
the robot position. This way the desired velocity of the object
by the human is estimated and used as feedforward control.

An extra sensor in this application is the vision sensor. The
camera is used to align the manipulated object with the part
of the environment that is on the opposite side from the user.
In this control state we have the desired position at one side
of the object from the vision sensor, the desired position
at the human side, and the velocity of the object coming

Fig. 12. Shared control with force and vision sensors

from the human through the force sensor. This way the
control of the object is over-constrained. Weighting between
the different constraints leads to a desired spring behavior
between the desired camera position and the desired human
position.

This task is too complicated to be specified using the
Task Frame, so a more flexible specification framework is
used, [3]. Using this framework, the degrees of freedom can
be controlled in different frames on different objects. This
approach is more appropriate for multi sensor fusion, where
each sensor typically processes its measurements in its own
frame. The framework can also deal with overconstrained
motion which is definitely the case in this experiment.

C. Milling on a moving workpiece

Fig. 13. Milling on a moving workpiece

Another application using this new specification frame-



work using different sensors, is the milling on a moving
workpiece. Figure 13 shows the experimental setup. The
workpiece can be moved by a XY-table to simulate the
disturbing movement of the workpiece. The planar movement
is measured with a camera using 2D template matching and
the Kalman filter of IV-A to estimate its position, Tcgmeras
velocity, Zcumerq, and acceleration. The velocity is used as
a feedforward signal in the position control loop. The XY-
movement of the mill is controlled by a feedback on both
the movement of the workpiece and the force input of the
human. Sensor fusion has to be done to apply both sensor
measurements in the same controlled degree of freedom.
Equations (12)—(15) show how the sensor information is
fused. In equation (11) the desired velocity iy, is calculated
using force feedback with Fy,, the desired force equal
to zero, K., the stiffness of the interaction between the
robot and the human and Kpp a feedback gain. A new
desired position of the mill from the force input T is
calculated using equation (12), with T the timestep between
the previous position at timestep k and the new position at
timestep k-1. Equations (13) and (14) represent the sensor
fusion with x4, the new desired position of the mill and &
the feedforward velocity, both composed from the camera
and force measurements. In equation (15) the output velocity
Tyobor 18 calculated using model based feedback II-B and
feedforward II-A for the fused vision and force sensor
information.

jjforce = KFBK;L& (Fdes - Fmeas); (1 1)
:Eforce(k:) = xforce(k: - 1) + j{forceTsa (12)
Tdes = Tcamera + Lforce (13)

jjﬁ‘ = jjcamera + iforce; (14)
j7mhm‘ - KFB(xmeas - xdex) + .Iﬁ“ (15)

VI. CONCLUSIONS AND FUTURE WORK

This paper has given an overview of increasingly complex
compliant motion robot tasks, where sensor fusion between
position, force and vision allows to increase the on-line
uncertainty in the relative position and motion between the
robot and objects in its environment. The Bayesian approach
(with particle filters, and various Kalman filter variants) is
the computational framework for the sensor fusion. This
sensor fusion is integrated in a flexible task modelling and
programming framework, using multiple “feature frames” on
the robot, the sensors, and the environment objects.

One of the main objectives in our future research is to
develop software support to specify multi sensor robot tasks
using our new specification and sensor fusion framework.
This software support will enable the use of our framework
for multi sensor robot task in industry and other research
groups. The handling of the different sensor information will
be offered through libraries. End user support as well as
development support will be available through easy-to-use
user interfaces.
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