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Contactless Control of a Kinematically Redundant
Serial Manipulator using Tomographic Sensors
Stephan Mühlbacher-Karrer1 , Mathias Brandstötter2 , Dominik Schett2 , and Hubert Zangl1

Abstract—For intelligent robots sharing their workspace with
humans, a reliable robot perception is mandatory. Moreover, the
ease of interaction between a human and a robot in a shared
workspace is indispensable. We propose a touchless motion
guidance based on 2D spatial information from a capacitive
tomographic perception sensor for a kinematically redundant
serial manipulator. The motion guidance combined with the well
deployed joint redundancy enables the robot to react on the input
of the human in a certain manner, e.g., move out of the way in
a certain direction of humans sharing the same workspace while
the robot operation of task fulfillment is not affected. We evaluate
the position accuracy of the tomographic sensor and end effector
to demonstrate the feasibility of the approach for a human hand
approaching the sensor front end with a speed up to 0.3 m/s.
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N industrial, medical or domestic applications the demand
to share the work environment of a human and a robot
is evolving rapidly and will become an integral part of daily
work and private life. Therefore, a robust and reliable robot
perception is mandatory for a robot system to assist humans
in a variety of contexts, e.g., manufacturing products, while
providing the required safety throughout the human robot
interaction. In the last decades a huge research effort has gone
into real time collision avoidance systems based on optical
sensor systems, e.g., [1], monitoring the shared workspace
extracting features for path planing, collision avoidance etc.
However, occlusions arise an information leakage causing a
major issue which can be closed using proximity perception
sensors on the surface of a robot monitoring its surrounding.
Using this sensor technology leads to an object detection even
if any other objects surround the robot and are located in
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Fig. 1. Schunk LWA 9 DoF equipped with tomographic sensors and measurement hardware. (a) System setup. (b) Sketch of the robot arm including the
capacitive sensors on the left and right side of the 4th joint. The areas in red
and blue indicate the location and sensing area of the capacitive sensors, which
are able to detect parts of a humans body, respectively. The robot is controlled
by both xΣS - and y ΣS -position of an approaching object (see IV-A).

between the robot arm and a camera of a vision system.
Furthermore, such sensors will also resolve safety concerns
regarding tactile based perception sensors in scenarios, where
contact is completely prohibited. Besides that, these proximity
perception sensors can be used for touchless control of the
robot while fulfilling its task which is necessary when humans
and robots share the same workspace and should be aware
of each other. Moreover, the touchless sensor can serve as
input device for direct human-robot collaboration, i.e., within
a programming by demonstration scheme.
B. Background
Beside others, optical and capacitive based proximity sensors are widely utilized for robot perception in robotics, e.g.,
artificial skin. Optical based systems [2] are prone with respect
to varying light conditions, reflections, etc. In comparison,
capacitive based systems [3] show strong non-linearities with
respect to, e.g., the material properties, coupling to ground,
etc. However, this can be stabilized using a proper signal
processing chain.
In [4] a capacitive based proximity sensor was used to
avoid collisions with an approaching human in one dimension.
Combined tactile and proximity sensors for Human Robot
Interaction (HRI) are presented in [5]. In [6] a highly reactive
collision avoidance system, mainly focused on the hardware

2

IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED NOVEMBER, 2016

performance, for objects made of different materials including
humans, based on capacitive proximity sensor was presented.
Utilizing this hardware in combination with the presented
reconstruction and detection algorithm, a tomographic perception sensor providing 2D spatial information is presented in
this paper.
In addition, a lot of research effort is spend in control
algorithm of the robot for unexpected collision detection
and reaction when robots share the work environment with
humans. In [7] a closed control architecture for an industrial
torque controlled robot for collision detection and reaction
based on motor currents, joint positions and joint velocities
without the need of external sensors is presented. A combined
active passive control scheme based on optical sensors utilized
to supervise the shared workspace is discussed in [8]. In [4]
the virtual compliance behavior of a redundant manipulator
is realized where the model of an one-dimensional massspring-damper system is used to avoid approaching objects.
If the manipulator is part of a human-robot collaboration task
and the approaching object is part of a human body, special
precautions must be taken to ensure safety.
Moreover, standardization in robotics continuously improves the regulations regarding the shared work environment.
Recently the technical specification ISO/TS 15066 [9] was
published, which is applied for industrial robot systems sharing
the work environment with humans. The standard specifies
safety requirements and guidance for collaborative robots, the
work environment, etc. and is the leading document for the use
of collaborative robots in industrial environment. A summary
of requirements and physical safety in robotics and industrial
robotics is discussed in [10], [11] and [12]. These regulations
have to be considered also in case of contactless control of a
serial manipulator.

C. Contribution
In this paper we present a tomographic perception sensor
for touchless control of the robot. The tomographic sensor
extends the capability of a usual proximity perception sensor
by providing additional spatial information. The tomographic
sensor provides spatial resolution in two dimensions for
approaching objects (see Fig. 1(b) blue and red plane). It
enables the robot to detect an approaching object’s motion
in two dimensions while continuously executing a generic
pick-and-place operation simultaneously. In addition, based on
the motion of the approaching object, the robot reacts in a
certain manner while fulfilling its task like in a human robot
collaboration (HRC).
The remainder of the paper is structured as follows: in
Sec. II we describe the proposed system, in Sec. III the reconstruction and detection algorithms to obtain a tomographic
image are discussed. Next, in Sec. IV the motion guidance
and control of the serial manipulator is described and the
experimental setup and results are presented in Sec. V. Finally,
the conclusion is given in Sec. VI.

II. SYSTEM DESCRIPTION
A. Sensor Front End
The Sensor front end is designed to combine both a proximity sensor (to enable Sensor 1 or Sensor 2, see Sec. V-A)
and an electrical capacitance tomography sensor.
As we want to obtain a feasible electrode structure to detect
objects in a certain area (reconstruction area) up to a certain
distance dy with the tomographic sensor, we try to optimize
the electrode structure. This is crucial for the maximum
reconstruction area of the tomography; hence the electrodes
are mounted along xΣS -direction implying the maximum
reconstruction area along this direction. Therefore, we assume
a model for a signal x of the form x = N (µ(θ), C(θ)), where
µ is the mean and C the covariance matrix. In addition, we
have to consider White Gaussian Noise (WGN) w. Hence,
the data set is rewritten in the form x[n] = s[n; θ] + w[n],
where the fisher information I(θ) to estimate a scalar signal
parameter θ can be found from, e.g., [13]
2
N −1 
1 X ∂s[n; θ]
σ 2 n=0
∂θ
(1)
In our case θ = dy , which is the distance between the object
and the sensor surface in y ΣS -direction and s = y, which
is the measurement vector. σ 2 is the variance and N is the
size of the measurement vector, i.e. number of independent
measurements. Furthermore, we assume C does not depend
on θ. Hence, (1) can be rewritten to
2
N −1 
1 X ∂y[n; d]
I(d) = 2
(2)
σ n=0
∂dy
I(θ) =

1
σ2



∂µ(θ)
∂θ

T 

∂µ(θ)
∂θ



=

The simulation model consists of n = 38 electrodes which
can be combined in any way. For all possible electrode
combinations the optimal fisher information has to be found,
which is very computational intensive. Therefore, we restrict
the final number of electrodes to five and generate a random set
of electrode combinations from which we take the electrode
combination, where the fisher information has its maximum.
The obtained and fabricated electrode structure is shown in
Fig. 2.
B. Lightweight Robot Arm
A serial manipulator with nine rotational joints serves as
robotic test-bed for this work. The manipulator as depicted
in Fig. 1(a) can be understood as an extended version of the
Schunk 7 LWA 4D-arm [14], however, the first two modules
have been doubled in contrast to the classical structure. Due
to the number of joints the degree of redundancy is 3, hence a
self motion of the robot arm is possible in any case. However,
the dimension of the null space depends on the dimension
of the primary task (end effector motion) and is therefore at
least 3. In this work we will use a two-dimensional subspace
of the existing null space to avoid obstacles and to demonstrate
the potential of this sensor to increase human safety in a
further step. To be more precise, we chose that subspace,
which expresses itself as a movement of S (physical midpoint
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III. TOMOGRAPHIC MOTION DETECTION
A. Measurement Principle
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Fig. 2. Sensor front end (a) Simulation model to obtain a feasible electrode
structure of the sensor front end with an approaching object, which approximates a flat hand. (b) Electrode design of the fabricated inkjet printed sensor
foil. The five rectangular electrodes are used for the tomographic sensor and
the outer ring is used as proximity sensor to enable/disable the tomographic
sensor.

of joint 4) on a sphere, see Fig. 1(a) again. The movement
of S on this so-called redundancy sphere is predetermined by
forward kinematics through the input data of the contactless
hand guidance and restricted due to geometrical conditions and
the end effector pose. This means, that S cannot be located on
every point on the sphere. A more detailed kinematic analysis
of the used 9 DoF serial manipulator can be found in [15]. It
is worth mentioning that the remaining null space of the robot
system can be used for further optimization (e.g., joint limit
avoidance).
C. Software Design
The ROS software architecture of Schunk LWA 9 DoF and
the tomographic sensor is shown in Fig. 3. The capacitive
sensor interface node [16] is extended to read the measured
data from all connected capacitive sensors and pre-processes
the sensor data using reconstruction and object detection
algorithm of Section III-B providing a detection image of the
plane orthogonal to the sensor front end. As reference node
for the position estimation, a motion tracking system [17]
is incorporated in the architecture. The ROS node robot
control includes the image processing algorithm, the virtual
spring-mass-damper systems, trajectory control and inverse
kinematics of the robot. The ROS package Driver Schunk
LWA 9 DoF used from [18] contains the driver of the serial
manipulator.

The physical measurement principle of the capacitive sensor
is based on the electric field. An AC signal is applied to a
transmitter electrode and the capacitance between the transmitter and receiver electrode or the transmitter and the distant
ground is determined by either measuring the displacement
current on the transmitter side or receiver side. In case of
measuring the displacement current on the transmitter side,
this is referred to as the single ended measurement mode
(SMM) used for the proximity sensor and in the second case,
measuring the displacement current on the receiver side, this
is referred to as differential measurement mode (DMM) used
for the tomographic sensor. An approaching object interacts
with the electric field sent out by the transmitter electrode
resulting in a change of the measured displacement current and
the determined capacitance between the electrodes. Depending
on the used measurement modes, the maximum number of
independent measurements N obtained using both measurement modes quasi simultaneously can be calculated as follows:
N = nSMM + nDMM (n2DMM −1) = 12, where n is the number of
electrodes used with respect to the measurement mode.
B. Reconstruction and Detection Algorithm
The reconstruction algorithm is based on the fast Bayesian
reconstruction approach, where the optimal first order approximation (OFOA) algorithm [19] is combined with the BoxCox transformation [20] to reduce artefacts and a hypothesis
testing for the object detection [21] is done to finally obtain
the detection image as shown in Fig. 4. Other algorithms for
ECT and the advantages of the used approach (mainly speed)
are discussed in [22].
The optimal reconstruction function fi,opt of a set of allowed
reconstruction functions Φ is found by minimizing the mean
square error between the true permittivity distribution ε and the
reconstructed permittivity distribution εb which can be written
as
n
o
2
fi,opt = arg min E (b
ε − ε)
(3)
fi ∈Φ

An optimal estimator εbMMSE of (3) is the expected value of
the posterior distribution which is the permittivity value ε
conditioned on the measurement values y which can be further
approximated by a linear function leading to linear minimum
means square error (restricting the reconstruction functions to
linear functions improves the reconstruction speed)

OPTITRACK
SENSOR 1
RAW DATA

MSG
REFERENCE
POSITION

SENSOR 2
RAW DATA

MSG
DETECTION
IMAGE

CAPACITIVE
SENSOR
INTERFACE
SENSOR n
RAW DATA

εbMMSE = E {ε|y} ≈ W y + B
MSG
FOLLOW JOINT
TRAJECTORY GOAL
DRIVER
SCHUNK
LWA 9DoF

ROBOT
CONTROL
MSG
VISUALIZATION

MSG
VISUALIZATION

Fig. 3. ROS software architecture of the system.

MSG
JOINT STATES

(4)

The optimal solution for the coefficients W and B is
obtained with
W = CεY CY−1Y
(5)
B = ε − Wy

(6)

whereas, CεY is the cross-covariance matrix between the
permittivities ε and the measurements y and CY Y is the
auto-covariance matrix of the measurements y. ε̄ denotes the
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expected value of the permittivity according to the prior probability and ȳ denotes the expected value of the measurements,
respectively [22], [21].
Artefacts which may occur in regions with low permittivity
due to the linearization are reduced by applying the Box-Cox
transformation [20] given by
( λ
εi −1
λ 6= 0
(λ)
λ
εi =
(7)
log εi
λ=0
to the permittivity values ε sampled from the prior distribution
with a λ = 0.7. The samples can be drawn from both
simulation data obtained with the FEM simulation or from real
measurement data obtained from the test-bed, where objects
are moved on a translation stage in front of the sensor.
Afterwards, a hypothesis test is applied on the reconstruction image to estimate the position and motion of an object in
the ROI. Thus, we define a hypothesis test given by
H0 : No object is present at position P

(8)

H1 : Object is present at position P .
which we translate to
H0 :6 ∃εi ∈ K | εi > 1

all joints but leaves the target position of the end effector
unaffected at each instant in time by using null space motions.
The used control system is explained in the following in more
detail.

(9)

H1 : ∃εi ∈ K | εi > 1

A. Contactless Control

where K includes P and its surrounding neighborhood. In
this paper K = P . The null hypothesis H0 is rejected in case
the evidence is strong enough to keep the false alarm rate
down to a minimum thus the probability to withdraw H0 and
accept H1 is
P (b
ε > γ | H0 ) ≤ α

Fig. 4. Detection image for an object made of PVC. The sensor front end
is located at the bottom of the image. The red bounding boxes show the
Σ
detected objects and the green point depicts the control point position (xc S ,
ΣS
yc ) used for the virtual mass-spring-damper system.

(10)

where the threshold γ = εth (the value for εth can be found
from the CDF see [21]) and the used confidence level α in
this paper is α = 5 %.
C. Motion Detection
The detection image is further processed using morphological operations to reduce the image noise. Afterwards, the
contours (using [23]) and bounding boxes for each object
in the image are retrieved, respectively. Finally, the point of
control is determined, which is the center of the closest line to
the sensor surface of the object’s bounding box. In case of the
occurrence of multiple objects in the sensing range the object
with the closest distance to the sensor surface is chosen. Based
on this the motion of the control point can be determined
between two images. Fig. 4 shows a detection image including
the bounding box of the object and the position of the control
point which is used for the motion guidance of the serial
manipulator.
IV. MOTION GUIDED SERIAL MANIPULATOR
In the sequel, we consider a serial manipulator whose end
effector follows a predefined trajectory. If an object is detected
by the tomographic sensors on joint 4, a distance dependent
deflection is initiated immediately. The evasive motion affects

The sensor information of the tomographic sensor serves as
input for contactless control of the redundant manipulator. It
is important to note, that a position input can only be assigned
on joint 4 by the available sensors. All other joints compensate
any position change such that the end effector task (primary
task) remains unaffected. Whenever at least one joint of the
robot cannot reach the required position qi or cannot fulfill a
higher derivative of qi due to physical limitations, the robot
stops its motion. This means that apart from small disturbances
approved we will not allow the system to abandon the primary
task because of practical risks like collision or loss of quality.
The 2D information of the sensor plane is utilized to
steer point S (midpoint of the 4th joint, see Fig. 1(b)) on a
sphere with radius c2 , where this restriction is caused by the
kinematics of the first two joints. To be more precise, parts
of the robot arm will move away in case a human hand (or
any other detectable object) approaches in y ΣS -direction (case
i = 1) or will move up or down in case a human hand moves
along the xΣS -direction (case i = 2).
B. Control on Position Level
The compliance behavior of a redundant manipulator when
the end effector holds a static pose is shown in [4]. In contrast,
in this work the end effector follows a trajectory during a pickand-place task. Every path ℘Σ0 (τ ) is defined in the global
coordinate system Σ0 and is given by the Bézier curve
n  
X
m i
0
℘Σ0 (τ ) =
τ (1 − τ )m−i PΣ
(11)
i
i
i=0
0
of order n and degree m with 0 ≤ τ ≤ 1. Here, PΣ
denotes
i
a control point in space [24].
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In order to get an executable end effector movement, a Scurve trajectory along ℘Σ0 (τ ) with max. velocity vmax , max.
acceleration amax , and max. jerk jmax is computed. To achieve
this smooth trajectory, the arc length between the path and the
S-curve must be synchronized by an approximation of τ for
each time step of the S-curve using, e.g., the Newton-Raphson
method.
Motions of joint 1 and 2 lead to a displacement of point
S on the so-called redundancy sphere, see Fig. 1(b). With the
purpose of having a compliance behavior of the manipulator,
differential equations are imposed on the system. However,
a virtual compliance has to be modeled only on the first two
joints because all other joints can compensate the displacement
of S. For this the inverse kinematics for the upper 6R subsystem was determined on position level (corresponds to the
analytical method discussed in detail in [4]). The differential
equations we used in this work to model a virtual compliance
are:
Il q̈l + dϕ,l q̇l + kϕ,l ql = τl (t)

where l = 1, 2

(12)

In (12), Il denotes the virtual moment of inertia, where
Il = ml c2l and here, ml is the virtual mass and cl is the arm
length as defined in Fig. 1(b). Moreover, dϕ,l is the virtual
damper rate and kϕ,l denotes the virtual torsion spring rate.
A virtual external torque τl (t) serves as external input ul (t)
for the controller and is computed by a factor to the measured
ΣS
ΣS
control point (xc l , yc l ) between an object and the sensor
Sl . A 5th and 3rd order polynomial are used for the measured
distance in xΣS - and y ΣS -direction, respectively. The external
torque is determined as follows:
τl,x =

5
X
i=1

ΣS
ki (xc l )i

τl,y =

3
X

ΣSl i

ki (yc

)

(13)

i=1

where the factors k are chosen to ensure a smooth behavior of
the contactless control of the robot with a human hand. The
approach used in this paper forces the system to behave like a
damped oscillator affected by an external force ul (t) = τl (t).
The output of the controller yl (t) equals to the state variable
xl (t) and hence yl (t) = xl (t) = ql (t) holds. The actual joint
velocity q̇l and joint acceleration q̈l is known by the system.
It has to be noted, that this model ignores the real physical
limitations of the manipulator, but all joint limits (including
high-order derivatives) are taken into account when choosing
the parameters of the virtual components.
V. EXPERIMENTAL SETUP AND RESULTS
The experiments are conducted on a Schunk LWA 9 DoF
(see Fig. 1(a)), where two tomographic sensors are sticked
on the left and right side of 4th joint as shown in Fig. 1(b)
for the contactless control of the robot. The manipulator is
split up into to a 3R and 6R substructure to utilize the given
redundancy for contactless control of the serial manipulator
while fulfilling a pick and place task with an update rate of
fu = 70 Hz. The end effector passes a bottle along a precalculated trajectory between three positions A, B and C.
The contactless control is implemented in a way that the
sensor readings in y ΣS -direction result in a movement of
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S to the left or right side on the sphere with radius c2
depending on the side a human hand is approaching. Hence,
the coefficients to calculate τl,y are set to k1,y = 9e3,
k2,y = −1.8e4 and k3,y = 1.8e4. A sensor signal in xΣS direction steers S up (positive) or downwards (negative) on
the same sphere. Consequently, the coefficient to calculate τl,x
are set to k1,x = 7.425e5, k2,x = 2.7e6, k3,x = −3.825e6,
k4,x = −9e5 and k5,x = 1.2e5. Furthermore, the presented
motion guidance may also be useful when combined with
more generic manipulation tasks such as presented in [25] or
multi-modal motion planning for manipulation tasks, described
in [26], [27].

A. Hardware setup
The measurement hardware [6] supports seven channels and
both measurement modes, where channels one to five are
connected to the tomographic sensors (rectangular electrodes)
of both sensor foils (Sensor 1 and Sensor 2), channel six
is connected to the proximity sensor of the sensor foil on
the left side of the serial manipulator (Sensor 1) and channel
seven is connected to the proximity sensor on the right side
of the serial manipulator (Sensor 2) to distinguish from which
side a human object is approaching the manipulator. It should
be noted that the proximity sensors are used to activate the
tomographic sensors either on the left or right side of the robot.
This is only done due to the limited number of channels of
the measurement hardware. However, this has no influence on
the proof of concept using tomographic sensors for contactless
control of a serial manipulator. The obtained sensing range of
the proximity sensor is higher (smax = 0.1 m in y ΣS -direction
only; no 2D spatial information) to ensure that the tomographic
sensors are enabled in time. Furthermore, in case a human
guides the robot on one side and in the meanwhile a second
human approaches on the opposite side the proximity sensors
detect the humans on each side and the serial manipulator will
be stopped immediately (tomographic sensors are deactivated)
to ensure a safe guidance of the serial manipulator.
To obtain the sampling data for the reconstruction algorithm,
a test-bed comprising a 2D translation stage to move an object
well coupled to ground (same as human) in front of the
tomographic sensor is used. A set of objects different in shape
and size (stick, cuboid, etc.) is utilized to generate a training
distribution (where the samples are drawn from) which is
shape and size independent.
An OptiTrack system [17] is used as reference measurement
system to evaluate the accuracy of the tomographic sensor, i.e.
Sensor 1. Hence, the 4th joint of the robot and the finger of
the human are equipped with markers to track the distance
between human hand and the robot in y ΣS -direction. This is
done because the reconstruction and detection accuracy decreases with increasing distance between object and electrodes
(comp. [21]). Furthermore, it should be noted that both sensor
foils have the same structure. Therefore, it is sufficient to use
the OptiTrack only for one sensor to evaluate the usability of
the electrode structure.
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Fig. 5. In the first case the position accuracy in y ΣS -direction is evaluated,
where a human hand approaches the sensor front twice at t = 17 s and
t = 23 s with a short transition in xΣS -direction (first, slightly downwards
negative xΣS -direction and upwards positive xΣS -direction and second,
mainly downwards ). In the second case the contactless control in xΣS direction is shown, where a human hand approaches the sensor front end
twice from t = 55 − 65 s and t = 70 − 77 s while continuously guiding
point S downwards and upwards.

B. Contactless Control: Static End Effector Position
In Fig. 5 the sensor data is shown, where the end effector
is kept at rest at point A. Comparing the OptiTrack and tomographic sensor data, the position accuracy in y ΣS -direction
increases with decreasing distance between the human hand
and the surface of the sensor front end due to the increasing
sensitivity of the tomographic sensor. Furthermore, the guidance in xΣS -direction show smooth and stable performance.
By the given update rate of the robot and the performance
of the tomographic sensor, a contactless control of the serial
manipulator up to a maximum speed of vmax = 0.3 ms by a
human hand is possible.
C. Contactless Control: Pick-and-Place Task
In Fig. 6 the sensor data for Sensor 1 and 2 is presented with
an active motion guidance based on the 2D spatial information
of the tomographic sensor while the robot executes a pickand-place task. The 2D information of the sensor results
immediately in a response of joint angles q1 and q2 of the
serial manipulator depending on the sensor signal. The average
distance error between the sensor readings in y ΣS -direction

Fig. 6. 2D spatial information of both tomographic sensors once they are
activated by the proximity sensor. In y ΣS -direction Sensor 1 (S1) is referenced
with an optical based measurement system to evaluate the sensor data. y ΣS direction: While Sensor 1 is active, the hand approaches (four times) and
maintains a certain distance between the sensor and the robot while the robot
moves away. In case of Sensor 2 (S2), the human hand approaches (3 times)
and stays at a certain position while the robot moves away (resulting in a
short deactivation of the sensor) and returns (resulting in a reactivation of the
sensor) twice. xΣS -direction: While Sensor 1 is active 4 transitions to control
the 4th joint are detected. 1. move downwards and upwards 2. and 3. move
upwards and downwards 4. move upwards (mainly). In comparison to Sensor
1, in Sensor 2 three transitions (including short deactivations) are detected.
1., 2. and 3. moves downwards and upwards. At the bottom, the curves of all
nine joint angle positions q1 , . . . , q9 are illustrated. The highlighted curves
q1 and q2 show the response of the redundant joints of the serial manipulator
due to implemented contactless control.
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and the OptiTrack system while Sensor 1 is active is de =
7 mm or 14 % with respect to the maximum sensor range of
dy,max = 0.05 m. It should be noted that the obtained maximum
detection distance strongly depends on the used measurement
hardware. To further increase the maximum sensor range the
Signal to Noise Ratio (SNR) of the measurement hardware
has to be improved. This can be done by decreasing the noise
of the input amplifier of each measurement channel, changing
the carrier frequency of the excitation signal or increasing the
signal amplitude of the excitation signal. The response with
respect to the contactless control of the serial manipulator
to the 2D spatial information of the tomographic sensor are
highlighted and show a smooth behavior. The choice of the
kN
damper rate dφ,i = 45 kNs
m and spring stiffness kφ,i = 10 m
is done to ensure a quick response and smooth behavior (short
rise and long decay of, e.g., q1 ) of the serial manipulator.
The maximum amplitude of q1 is higher compared to q2 due
to the different maximum allowed torque τi for each sensor
in xΣS - and y ΣS -direction. In Fig. 7 the experimental setup
and its corresponding visualization while the human hand is
approaching the sensor front end the first time (compare Fig. 6
at t = 6 s) is shown.
The comparison of the commanded and executed trajectories is illustrated in Fig. 8. The time difference between
commanding and finishing the execution of the command is
tcfe ≈ 15 ms, causing a ’static’ position deviation of the commanded and executed trajectory of the end effector. A so-called
’dynamic’ position deviation occurs in case the maximum joint
limits are reached further increasing the position control error.
The control error (Euclidean distance between given and executed position) varies throughout the executed trajectory but
stays below ed < 0.013 m (see Fig. 9). A good encoder based
repeatability of the serial manipulator can be recognized, see
Fig. 9. Here, the movement was repeated twice while no object

A

Fig. 8. Trajectory of the end effector while a human hand is approaching
each sensor three times. The end effector moves from A - C - A - C - B - A
- B - A, picks and places a bottle from A to C from C to B and from B to
Σ0
0
A. The end effector path is given by three Bézier curves ℘Σ
A−B , ℘A−C , and
Σ0
℘B−C .

Position control error / m

Fig. 7. Snapshot of experiments at t = 6 s of the serial manipulator with
contactless control and its corresponding visualization, where a human hand
is approaching Sensor 1. The visualization shows the actual control point
(magenta), the shape of the object (light blue) with its bound box (green) and
the trajectory (yellow) executed by the robot.

0.8

C

B

0
80

Fig. 9. Control error of the end effector with a human hand approaching the
sensor, compared to the repeatability of the end effector based on encoder
measurements when no object approaches the sensor.

approaches the sensor during the evaluation. This maximum
repeatability error doubles when the manipulator moves along
Σ0
0
the given trajectories ℘Σ
A−B (τ ) or ℘B−C (τ ) in comparison
0
to the movement on the trajectory ℘Σ
A−C (τ ). Compared to
the position control error the encoder based repeatability is
approximately 30 times lower in this application. Furthermore,
the comparison shows that even with increasing position error
due to the perturbation of a human, the primary task can still
be fulfilled.
VI. CONCLUSIONS
In this paper we have presented a contactless motion guidance for a 9 DoF serial manipulator based on tomographic
sensors. It has been shown that the position of the 4th joint
is restricted to the redundancy sphere. The redundancy of the
robot is brought into service by the 2D spatial information
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of the tomographic sensor enabling contactless control while
the operation of the robot is not affected nor interrupted.
The conducted experiments and evaluation of the tomographic
sensor demonstrate the feasibility of the approach leading to
collaborative robots which can be moved out of the way of coworkers sharing the same workspace while fulfilling a specific
task by contactless control. Further work will be focused on
improvement of the sensing range (which can be done by
improving the SNR of the used measurement hardware) and
update rate of the entire system leading to a gesture control of
a serial manipulator and collision avoidance simultaneously.
Increasing the sensing range and update rate will further lead
to satisfying the requirements towards robotic safety of the
system.
APPENDIX
The video attachment shows a variety of experiments conducted with the 9 DoF serial manipulator. The scenarios
demonstrate the contactless control of the robot based on the
2D spatial information of the tomographic sensor and compare
them to 1D proximity based capacitive sensors.
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to manipulation with diverse actions,” in Robotics and Automation
(ICRA), 2013 IEEE International Conference on. IEEE, 2013, pp.
1799–1806.

