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Abstract— This paper demonstrates a method for simulta-
neous transfer of positional and force requirements for in-
contact tasks from a human instructor to a robotic arm through
kinesthetic teaching. This is achieved by a specific use of the
sensory configuration, where a force/torque sensor is mounted
between the tool and the flange of a robotic arm endowed
with integrated torque sensors at each joint. The human
demonstration is modeled using Dynamic Movement Primitives.
Following human demonstration, the robot arm is provided with
the capacity to perform sequential in-contact tasks, for example
writing on a notepad a previously demonstrated sequence of
characters. During the reenactment of the task, the system
is not only able to imitate and generalize from demonstrated
trajectories, but also from their associated force profiles. In fact,
the implemented framework is extended to successfully recover
from perturbations of the trajectory during reenactment and
to cope with dynamic environments.

I. INTRODUCTION

Over the last few years, several companies are releasing
or undergoing intensive development of robotic arms en-
dowed with integrated force/torque sensing at each joint.
As well documented in robotics literature (see e. g. [1]), the
availability of accurate joint torque measurements has huge
implications, extending in significant ways the traditional
scope of robotics. In particular, such an extension relates
to the capacity to estimate magnitude and direction of
external forces presented at the end effector of the robot
and, conversely, to deliver desired forces. The specific level
of accuracy in the measurement and production of external
forces opens to the possibility to engage in tasks where the
distribution of force requirements in space and time across
a physical interface is the cause rather than the effect of
positional specifications (in-contact tasks).

However, this novel capacity also offers new challenges, as
the classical approach to robot programming falls short of the
requirements when it comes to complex tasks whose declar-
ative description can be hard to achieve. Significant time for
software development, directly mapped into increased costs,
is a metric that crucially highlights the issue at stake.

The Programming by Demonstration paradigm (hereafter
PbD) offers a set of mathematical tools to directly remap
a physical skill demonstrated by a human instructor into
a robotic embodiment for automatic reenactment [2], [3].
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Fig. 1. Detail of the experimental setup: robot’s flange (a), external
force/torque sensor (b) and tool (c).

A trajectory-level PbD approach is essentially constitutes
of (i) a training modality that transfers the information
about the required movement and (ii) a mathematical model
that represents the demonstrated task. Traditionally, train-
ing modalities make often use of tele-operation, vision [4]
and data gloves [5]. More recently, kinesthetic teaching is
emerging as a particularly intuitive and natural method to
the human user. In this case, the human expert demonstrates
the task by directly grabbing the robot body and moving it
to execute the task [6].

Several models capable of capturing the demonstrated task
at the trajectory-level have been presented in the literature.
State of the art PbD methods do not necessarily aim for high-
fidelity replication of the demonstrated task. Rather, they can
make use of a single or multiple demonstrations to capture
basic features of the task. The automatic reenactment of
the demonstration will reproduce such features, yet crucially
including the capacity for generalization and the potential for
coping with contingent perturbations during the execution.
Schematically, we can separate state of the art trajectory-
level models into two major families. On one hand, statis-
tical models based on regression extract the main statistical
features of the demonstration and use that information to
reproduce the task [6], [7], [8]. On the other hand, dynamic



models try to capture in their equations the salient dynamics
of the task (e.g. see [9], [10], [11], [12], [13]).

Overall, the PbD paradigm can be extended to in-contact
tasks. An example is given in [12], which uses a hybrid form
of kinesthetic teaching, operatively split in two phases. First,
the demonstrator teaches the robot the trajectory appropriate
to the task. Second, the demonstrator creates and overlaps
to this taught trajectory a force profile that is obtained using
an external haptic device. Related to this is [14], where the
human demonstrator directly handles a tool for plastiline
sculpting.

However, in the experiments reported in the present paper,
the demonstrator grabs the robot above the face of the
F/T sensor on the flange side (see accompanying video)
rather than on the tool side (as in [14]). This allows for
a direct measurement of the contact forces exerted on the
tool during demonstration, rather than requiring an external
(haptic) device. This is similar to the work presented in [15],
where wood planing is demonstrated and executed relying on
a simplified feedforward version of the same robot controller
described in this paper. This setup is a precondition for the
implementation of a programming interface for the transfer
of human skills to the robot that is intuitive and natural to
the human expert (i. e. the human expert can execute the task
in a familiar form). Positional and force requirements remain
intrinsically correlated, as during the normal execution of the
task by the human.

In [16], a similar setup is used for simultaneously learning
trajectory and force profile for a human-robot collaborative
transportation task. Instead of using DMP, Gaussian mixture
model (GMM) and Gaussian mixture regression (GMR) is
utilized for modeling and reproduction, respectively. The
robot is entirely controlled with a force controller and is
constantly in contact with the environment. No explicit force
feedback ensures proper force exertion.

Our method is here demonstrated on a robotics arm.
However, it can be in principle extended to more complex
robotic platforms (e. g. humanoid robots) as long as they are
provided with the capacity to apply controlled forces onto
the external environment.

Although much interesting work has been published for
both statistic and dynamic design principles, our experi-
mental setup focuses on the latter. More specifically, we
make use of Dynamic Movement Primitives (DMP, [9],
[10]) for its flexibility, intrinsic properties of generalization
and capacity to manage perturbations during reenactment,
property highlighted in Section II-B.

In the remainder of this paper we will first detail our
robotic setup, software infrastructure, describe the DMP
mathematical model and details about our proposed con-
troller (Section II). The following Section III introduces our
experiments. In Section IV, we will present and analyze our
findings. Finally, we will discuss our results within state of
the art PbD for in-contact tasks, highlighting directions for
future investigations (Section V).

II. MODELING AND HYBRID CONTROL OF
POSITIONAL AND FORCE REQUIREMENTS

A. System Description
The minimal setup required by the proposed method

consists of a robotic arm with multiple degrees of free-
dom and integrated torque sensors at each joint. The latter
property allows programmable active compliance, gravity
compensation and Cartesian impedance control. The robot’s
overall control cycle must be executed in the range 1–5 ms,
to allow effective force control.

A six-axis F/T sensor with appropriate sensing range and
accuracy is rigidly mounted between the robot’s flange and
tool (see Fig. 1). The tool consists of a whiteboard marker,
rigidly connected through a custom aluminum adapter to the
F/T sensor.

B. Dynamic Movement Primitives
The DMP model has been successfully used in robotics

within the PbD paradigm. The existing literature provides a
detailed treatment of the model, of its general properties and
examples of applications in robotics [9], [10]. The model
consists of three main elements: a transformation system, a
function approximator and a canonical system.

DMP models are compatible with a generic
state space. For example, this work makes use
of an extended eight dimensional Cartesian space
y = (yx,yy,yz,yq0,yq1,yq2,yq3,y f z)

T . The Cartesian position
is defined by ytran = (yx,yy,yz)

T . The orientation is
represented by the four components of the quaternion
yrot = (yq0,yq1,yq2,yq3)

T . The force in tool z direction is
given by y f z.

The DMP model isolates each dimension (generically
indicated yd in this paper) of the represented space. Each
dimension is independently modeled as a spring-damper
system (transformation system). Restricting our attention to
the case of discrete motions, relevant to this paper, the
transformation system would naturally relax from its initial
position (i. e. the initial value for the specific dimension
during the demonstration) to its final value (goal), the steady-
state point attractor for the specific dimension. This is
mathematically expressed as

τ ÿd = αz(βz(gd− yd)− ẏd)+ fd(x), (1)

where τ is a temporal scaling factor, gd is the goal and yd , ẏd ,
ÿd are current value, first and second derivative of the con-
sidered dimension (either positional or force information).
The positive parameters αz and βz are related to stiffness
and damping of the transformation system. The system is
critically damped for βz = αz/4.

The term fd(x) in Eq. (1) is the nonlinear function approx-
imator. It acts on the transformation system, controlling its
asymptotic convergence. It is implemented as a normalized
linear combination of basis functions, modified by the scaling
term ξ (x):

fd(x) =
∑

Nw
i=1 Ψi(x)wi,d

∑
Nw
i=1 Ψi(x)

ξ (x) (2)



with:

Ψi(x) = exp
(
− 1

2σ2 (x− ci)
2
)
. (3)

Therefore, fd(x) is the sum of Nw external forcing terms
Ψi(x), centered in ci and each having limited effect in time
(see below for the relation between x and time) according
to a Gaussian function parametrized by σ . Each forcing
term Ψi(x) in the sequence is scaled by a weighting factor
wi,d , identified for each dimension in order to appropriately
stretch/compress the spring-damper system over time, thus
allowing accurate reproduction of the demonstrated trajectory
(details about the identification process are in [17]).

The canonical system synchronizes all the different com-
ponents (i. e. the transformation systems and function ap-
proximator of the different dimensions), while abandoning
an explicit use of a time variable [9]. The canonical system
is implemented as a first-order ordinary differential equation:

τ ẋ =−αxx+Cc (4)

Accordingly, the canonical system generates an exponential
relationship, modulated by αx, between time and the phase
variable x [9], [10]. The temporal coupling term Cc allows
for online control of the evolution of the canonical system
(see Section II-D).

Finally, the term ξ (x) in Eq. (2) is defined according
to [10]:

ξ (x) = Amaxx = (max(yd)−min(yd))x (5)

Here, max(yd) and min(yd) are, respectively, the maximum
and minimum value of the corresponding component of the
demonstration. Multiplying the amplitude Amax in Eq. (2)
introduces spatially invariant properties of the attractor land-
scape, thus allowing for spatial scaling of the reenact-
ment [10]. Due to its exponential decay, the phase variable
x fades in time the forcing term in Eq. (2), thus ensuring the
asymptotic stability of the transformation system.

As a final note, the four components of the quaternion,
representing the orientation of the tool, were normalized
during reenactment of the demonstrated task.

C. Controller

During reenactment of the demonstration, the DMP algo-
rithm outputs the state space vector y. In our experiments, a
Cartesian impedance controller operates the robot. It can be
formally described as:

τcmd = JT (kc(ydes−ymsr)+ fdes)+D(dc)+ τdyn(q, q̇, q̈),
(6)

where J is the Jacobian matrix of the robotic arm. The
controller emulates a spring-damper-system driven by ydes
and ymsr, respectively the desired and measured Cartesian
pose (position and rotation), through programmable stiffness
vector kc. The robot can also exert an additional force/torque
fdes. D is a damping term, depending on the normalized
damping parameters dc. The controller utilizes a dynamic
model of the arm, represented by the term τdyn(q, q̇, q̈),

Fig. 2. State diagram of the switch robot control in the z direction. The
Cartesian impedance controller commands the position in the yz dimension,
while force and velocity controllers command forces yfz exerted in the
same direction. The value of the force requested by the DMP model, y f z,
coordinates the transition between Cartesian impedance controller and force
controller. The force measured by the F/T sensor, fFT,z, determines the
transition between force and velocity controllers (see text for details).

which allows for compensation of dynamic forces, such as
gravity and Coriolis force.

When the robot has to provide external forces, the cal-
ibration of the robot’s internal dynamic model must be
considered, for it can only be performed with finite precision
before each execution. For example, when the robot used in
our setup (KUKA LWR4+) is operated to apply controlled
forces, the precision of the calibration process typically
allows accuracy in the range 1–3 N. Therefore, two general
situations need to be addressed: (i) When the task allows
a coarse distribution of forces (for an example see [15]),
such a deviation is negligible. In this case, the output of
the transformation system component responsible for the
force can be directly forwarded to the Cartesian impedance
controller (fdes in Eq. 6). (ii) For tasks requiring fine control
of forces, such as the ones described in the experimental
section of this paper, the measurement error has to be
compensated through a force controller.

The custom controller that we present in this section con-
verts the DMP model’s output into appropriate motor com-
mands formally required in Eq. 6: ydes =(ytran, des,yrot, des)

T ,
i. e. NP = 7 pose dimensions, and the desired force fdes.

We propose the following hybrid control strategy for the
robot, put on trial in the experiments described in this
paper. All positional components of y, with the exception
of yz, are permanently under position control by a Cartesian
impedance controller. Since in our experiments contact forces
are explicitly considered and controlled in the z direction
only, the components in such a direction, yz and y f z, are
subject to switch control, graphically represented in Fig. 2:

1) Cartesian Impedance Controller: When the application
of a force is not required (i. e. the robot is in an aerial phase),
the trajectory y generated by the transformation system is



directly forwarded to the Cartesian impedance controller
(ydes = (ytran,yrot)

T in Eq. 6). The desired force/torque is
set to zero (fdes = 0).

2) Force Controller: When, according to the demonstra-
tion, the DMP model requires a contact force y f z, a PID-
controller (hereafter force controller) receives as input the
difference between the required force and the feedback of the
external F/T sensor ( fFT,z). Accordingly, the force controller
generates the desired force fdes:

e f z = y f z− fFT,z (7)

g f z = 1+KP · e f z +KI ·
∫

e f zdt +KD · ė f z (8)

fdes = (0,0,g f z · y f z)
T . (9)

Operatively, the transition from Cartesian impedance to
force controller can be forced by setting the z component
of the stiffness kc to zero whenever the DMP model is
demanding a force to be applied in the same direction. This
causes the z direction to be only controlled by the desired
force fdes. Conversely, when no force needs to be exerted,
the stiffness in z direction is set back to its original value.

3) Velocity controller: In some situations, according to the
demonstration the robot has to exert a force y f z. However, in
its current position, its tool has not yet established a contact
with any physical surface ( fFT,z = 0). For example, that can
happen when an object has been displaced with respect to the
demonstration (e. g. because the whiteboard lays on a lower
surface than the one occupied during the demonstration, as
in Section III-iii). Our solution was to design a further PID-
controller (velocity controller) for approaching physical con-
tact. The velocity controller adjusts the force in z direction
to approach the object with a constant velocity vdes.

ev = vdes− vmsr (10)

gv = KP · ev +KI ·
∫

evdt +KD · ėv (11)

fdes = (0,0,gv)
T (12)

As in the previous case, when the velocity controller is active,
the stiffness kc in the z direction is set to zero. Therefore,
the modeled positional information in the z direction plays
no role in controlling the robot.

Finally, we addressed a further problem emerging when
the robot is commanded to abandon the contact (i. e. force
exertion is no longer required). As the z component of
the stiffness kc is reset, the Cartesian impedance controller
might abruptly apply the elastic force due to the discrepancy
between the current measured z position and the modeled
z position. This discrepancy is acquired during the demon-
stration due to the finite stiffness that is driving the pose
and stochastic internal and external friction. The robotic arm
would then be commanded an undesirable swift movement
between the two points. Therefore, when contact is aban-
doned, the offset between the current position and the desired
position is calculated (∆ytran = ytran,msr− ytran) and added to
all future pose commands: ydes = (ytran +∆ytran,yrot)

T .

D. Handling of perturbations

We propose a custom mechanism to manage external per-
turbations during reenactment, i. e. physical events causing
the robot to deviate from its desired trajectory. The design
of this mechanism aims for handling all NP pose dimensions
and for a simple parametrization making only use of the
temporal coupling term Cc in Eq. (4).

In case of perturbations, the function of the coupling term
Cc is to delay the execution, in order to allow time for the
disturbance to fade and then restore the normal temporal and
execution flow. For example, when Cc = αxx, the canonical
system and thus the temporal evolution of the whole system
is stopped. Smaller (positive) values reduce the execution
speed.

We propose to set the value of Cc by comparing the
absolute ratios of the current deviation between desired and
measured pose with the maximum allowed deviation ∆e j

max
for each dimension j ∈ {1, . . . ,NP}:

∆e j = y j
desired− y j

measured (13)

e j
rel =

∣∣∣∣ ∆e j

∆e j
max

∣∣∣∣ (14)

The highest ratio among all dimension is then limited to one:

emax, rel = max(e j
rel | j ∈ {1, . . . ,NP}) (15)

e′max, rel = min(1,emax, rel) (16)

The perturbation handling mechanism described above is
implemented by assigning the temporal coupling term as
follows:

Cc = e′max, relαxx, (17)

The perturbation handling mechanism adds an additional
control loop to the system. In the absence of such a
mechanism, the arm would simply receive direct commands
from the Cartesian impedance controller, thus disregarding
the current state of the system. Conversely, the temporal
evolution of the system can be modulated by comparing the
current and desired pose.

III. EXPERIMENTS

With the experiments presented in this section, we intend
to test and analyze the feasibility of the proposed approach,
its relationship to the integrated Cartesian impedance con-
troller and its capacity for generalization.

Our setup develops around a commercial KUKA LWR 4+
robotic arm. The robot has 7 degrees of freedom, integrated
torque sensors at each joint, a payload and reach of 7 kg and
800 mm, respectively. The robot is capable of programmable
active compliance, torque control and gravity compensation,
while its overall control cycle runs up to 1 kHz [18].

Through the KUKA Fast Research Interface (FRI) com-
munication protocol, the KUKA LWR 4+ robot controller
can be interfaced to a standard external computer to deliver
data to and receive commands [19]. This interface has been
adapted for real-time applications, allowing high frequency
hard real-time control consistent with the robot’s nominal



limit of 1 kHz. Our external computer runs a Xenomai 2.6.2.1
real-time patch for the 3.5.7 Linux kernel and RTnet 0.9.13
real-time networking. The development of components for
Open Robot Control Software (Orocos), interfaced to and
empowered by functionalities available under Robot Oper-
ating System (ROS ’Groovy’), results into a general, robust,
modular and flexible robot control framework at a relatively
high level of abstraction.

A six-axis ATI mini 45 F/T sensor (sensing range: ±290 N
Fx and Fy, ±580 N Fz; ±10 Nm for Tx, Ty and Tz; accuracy
between: 0.75 % and 1.25 %, depending on the axis) has
been rigidly mounted between the robot’s flange and tool,
providing it with thermal insulation from the robot.

During the demonstration, a human grabbed the robotic
arm at its final section, above the flange side of the F/T
sensor. That is a crucial detail, since this way of handling
the robot allows a direct measurement of the contact forces
exerted by the demonstrator. The demonstration consisted
in moving the arm so that the marker traced a sequence
of characters (e.g. ‘KIM’) on a whiteboard laying on a
horizontal rigid surface. Thus, contact between the tip of the
marker and the whiteboard was made and broken multiple
times. During demonstration, gravity compensation mode
was active, thus minimizing the demonstrator’s effort in
moving the system composed by the marker, the F/T sensor,
adapters and the robotic arm. The robot can provide an
estimate of the position and orientation of the tool during
the movement. Pose data relative to a point located along
the tool axis and laying on the pen-side of the F/T sensor
were recorded. In parallel, data from the F/T sensor were
received and stored for further analysis and identification of
the model. Poses and force data were recorded in a single
phase, with a frequency of 500 Hz. A single demonstration
recorded as M = 27854 samples of state space vectors was
performed. This single demonstration was used for model
identification in all the experiments presented in this paper.

To allow a general evaluation of the reenactment of
the demonstrated task, of the controller’s robustness, of
its capacity of generalization, and to physically validate
the method for simultaneous modeling of the demonstrated
positional and force features, four experiments are reported
in this paper: (i) basic reenactment, the robot reenacted the
demonstrated task in the absence of significant perturbations.
(ii) deactivated force controller, the task was reenacted
after isolating the custom force controller (described in
Section II-C) from the control loop. Under this condition,
the system relies on the commercial Cartesian impedance
controller alone, comparatively emphasizing the role of the
custom force controller for in-contact tasks. (iii) lowered
whiteboard, the robot reenacted the task after the elevation
of the whiteboard had been lowered with respect to the
demonstration. In this case, the role of the velocity controller
in approaching the whiteboard with constant velocity of
2 cm/s is emphasized together with its interaction with the
force controller once the contact is established. (iv) handling
of perturbation, the movement of the robotic arm during
the aerial phase of the pen (i.e. when the pen was not in

contact with the whiteboard) was suddenly stopped by human
action. This final experiment highlights the performance of
the perturbation handling, gracefully ‘hibernating’ the system
during reenactment and then restoring the sequence after the
interference is removed.

The following parameters were used: Nw = 250 for all
dimensions; αz = 2000 and βz = αz/4; kc = 2000 N/m and
200 Nm/rad for linear and angular movements, respectively;
dc = 0.7 Ns/m for linear and 0.7 Nms/rad for the angular
movements. The exponential decay of the canonical system
started at x0 = 1 with a decay rate of αx = 1.1. The robot
was configured to exert a maximum force of 200 N and a
maximum torque of 15 Nm in all directions. The hard real-
time control cycle was running at 500 Hz.

IV. RESULTS

A. Basic reenactment

The first experiment displays the successful reproduction
of the sequence of characters. Fig. 3 comparatively presents
positional data extracted from the demonstration (‘Demon-
strated trajectory’), generated from the DMP model after
training (‘Modeled trajectory’)) and during basic reenactment
(‘Measured trajectory’). In Fig. 4–top panels, the same data
are presented over time for the three dimensions. The label
‘Calculated trajectory’ represents the output of the DMP
model keeping into account the contingent temporal coupling
term Cc (Section II-D). All the trajectories show significant
qualitative similarities. The root mean square (RMS) error is
0.032 m when directly comparing the trajectories. This value
reduces to 0.0085 m when temporally aligning the different
trajectories by dynamic time warping [20]. Nevertheless, all
spatial components show an increasing deviation from the
desired trajectory, while the total duration of basic reenact-
ment is about 3 s longer than the demonstration (see V). The
average jerk, calculated in 343 m/s3 over the demonstration,
was 371 m/s3 during reenactment.
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generated by the DMP model and measured trajectory during basic reen-
actment.
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Fig. 4. Temporal evolution of the demonstrated trajectory, of the trajectory generated by the DMP model and measured trajectory during basic reenactment
(top panels) and during exogenous perturbation (bottom panels – arrows mark the instants at which the robot is immobilized by a human).

The force profiles for all the experiments are shown in
Fig. 5. The top panel displays force data from the demon-
stration, where the label ‘Modeled forces’ refers to the forces
calculated by the learned DMP model. In the three lower
panels, the first of which represents basic reenactment, the
label ‘Calculated forces’ characterizes the output of the DMP
model considering the temporal coupling term Cc. Finally,
the label ‘Commanded forces’ refers to the output of the
force controller, that is forwarded to the Cartesian impedance
controller (Section II-C).

The DMP model of the force profile filters out high-
frequency oscillations present in the demonstration. How-
ever, high-frequency components reappear in the forces
measured during all the experiments, due to the properties
of the mechanical interactions between the whiteboard and
the physical system connected to the pen and, for even
higher frequent components, due to the noise produced by the
F/T sensor. During basic reenactment, the measured forces
closely follow the calculated forces, with maximum deviation
of about 1 N, proving the effectiveness of the force controller
in correcting the error generated by the Cartesian impedance
controller. Larger errors closely follow in time the conclusion
of the aerial phase of the pen, when contact between the
pen tip and the whiteboard is reestablished. However, the
general RMS error is 1.3 N and 0.39 N for the raw data and
the temporally aligned case, respectively.

In conclusion, trajectory and force profile are reenacted
with satisfactory accuracy during basic reenactment. These
observations reinforce our confidence in the method for
simultaneous kinesthetic teaching of positional and force
requirements for sequential in-contact tasks, presented in this
paper.

B. Deactivated force controller

Once the force controller is isolated from the control
loop, a deviation between measured and calculated forces
becomes apparent (Fig. 5, third panel). The force error often
reaches a magnitude larger than 3 N. Even using temporal
alignment, the RMS error is 0.82 N, more than twice the

result achieved with the force controller. Imperfect calibra-
tion of the dynamic model of the robotic arm, automatically
executed at the beginning of each experiment, limits accurate
force exertion.

Therefore, tasks calling for a fine grained distribution of
forces require external force feedback measurements and a
cascaded force controller.

C. Lowered whiteboard

Under this condition, the robotic arm moves downward,
outreaching for the contact with the whiteboard. However,
once the elevation occupied by the whiteboard during the
demonstration is gained, no contact can be established. In
fact, the whiteboard has been displaced to a lower elevation,
thus generalizing over the demonstrated task. The velocity
controller (Section II-C) is activated until contact is made.

The bottom panel in Fig. 5 demonstrates this condition in
the time interval marked by the two arrows (i. e. between
4.6 s and 10.8 s). Differently from the previous experiments,
no force is measured during that period, for the whiteboard
has been displaced and no contact is yet made. However, the
force commanded by the velocity controller causes the arm to
move downwards along the current tool direction at constant
speed, until contact is established (and the offset between the
current and expected position can be calculated).

D. Handling of perturbation

Because the arm is controlled with an Cartesian impedance
controller, a human can effortlessly interfere with the move-
ment of the robotic arm and bring it to a stop. As a second
example of generalization, this is shown in Fig. 4–bottom
panels, where the temporal evolution of the position is
perturbed in two occasions by a human operator during the
aerial phase of the pen (marked with arrows around 13 s and
26 s). The robot’s movement is transiently (and arbitrarily)
stopped and also the position is slightly altered. Nevertheless,
after releasing the robot, the movement is gracefully restored
in all its features, including velocity. Therefore, the duration
of the reenactment is consistently longer than under basic
conditions.
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Fig. 5. Temporal evolution force profiles during demonstration (top panel), and in the different experimental conditions presented in the text. Two arrows in
the bottom panel mark the time interval during which the robot, according to the demonstration, is expecting to make contact with a displaced whiteboard.

Further experiments, whose description goes beyond the
scope of this paper, include reenactment over a whiteboard
with fixed inclination and with dynamically changing incli-
nation, randomly operated by a human and therefore offering
poor reproducibility. The control system can cope with the
two situations, under condition that the rate of change of
the inclination does not exceed a certain threshold. Exces-
sive rate of change currently leads the system to unstable
behavior. 1

V. DISCUSSION AND CONCLUSIONS

The paper presents a novel use of a common robotic
configuration. An external F/T sensor is positioned between
the robot’s flange and its tool. By grabbing the robotic arm
above the flange side of the F/T sensor, the human demon-
strator allows a direct measurement of the contact force
between marker and whiteboard during the demonstration.
Therefore, simultaneous kinesthetic teaching of both posi-
tional (pose) and force requirements for sequential in-contact
tasks becomes possible. This result extends the methods for
programming by demonstration for in-contact tasks currently
available in the literature. With respect to [12], the recording
of pose and force data is simultaneous, rather than divided in
two separate phases. Furthermore, the use of an (arbitrarily
chosen) external device for the superposition of forces over

1The demonstration of this experiment, and of all the other experiments
mentioned in this paper, can be found in the accompanying video.

the previously taught trajectory is avoided. Our implemen-
tation, developed around a state of the art robotic arm, can
be considered as a first step towards the generalization of
the method to more complex robotic embodiments, e. g. to
humanoid robots.

Several experiments support our confidence in the pro-
posed approach. The system is able to imitate with sat-
isfactory accuracy the writing of a sequence of characters
after human demonstration. The proposed controller proves
also capable of generalization, coping with different types of
perturbations of its behavior (e.g. transient immobilization
of robotic arm) and environment (e.g. altered elevation,
and static and dynamic changes in the inclination of the
whiteboard with respect to the demonstration). We identify
the condition under which the use of an external F/T sensor
and the integration of a force controller in the control loop
is desirable not only during the demonstration session, but
in order to allow the exertion of fine grained distributions of
forces. In contrast, on a related paper [15], we demonstrate
the case of an in-contact task characterized by a more articu-
lated dynamic of forces, although with no complex sequences
(hand-plane on wood). In that case, the application of coarse
forces suits well the task, at least as a first approximation.

However, the reenactment is not perfect and this suggests
future updates in the control algorithms. The longer duration
of the nominal reenactment compared to the demonstration
(Fig. 4) can be explained by considering the handling of
perturbations. As an impedance controller with finite stiffness



is used, there is always a small offset between the set point
and the current position. Such a discrepancy causes the per-
turbation handler to slightly delay the execution. Similarly,
the use of finite stiffness together with the cumulative effect
of stored positional offsets when contact is abandoned (∆ypos,
see Section II-C) give a reason for the increasing offset of the
trajectory during reenactment (Fig. 3). Due to the geometric
characterization of the presented task, only the offset in the
tool direction should be considered.

The current implicit ”strategy” of the perturbation handler
(i. e. passively slacking and waiting for a perturbation to
fade) may not be the ideal approach in every situation. For
example, whenever higher friction between tool and surface
cause a positional offset, this effect might be compensated
by exerting higher forces on the tool, thus preventing the ac-
cumulation of temporal delay. However, as a first approxima-
tion, stalling is a very safe general strategy, especially when
the robot is working in physically close collaboration with
humans. For example, during our experiments (section IV-D),
a person intentionally obstacles the robot’s motion directly
with his hand. The perturbation handler gracefully stops the
execution of the ongoing movement until the disturbance is
removed. Conversely, an increment of the exerted force in
order to overcome the disturbance could potentially create
risks for the robot’s environment.

As mentioned above, all the experiments in this paper
take advantage of the capacity of the system to learn from a
single demonstration. Obviously, extracting relevant features
by considering a collection of demonstrations is an equally
important feature of the model. Such a feature has been
effortlessly integrated in our model by using locally weighted
regression [10]. For the sake of brevity, further evaluation has
been left to future publications.

As a final note, a current limitation of the control system
is that only force exertion in the Z direction is considered.
However, the generalization to all directions and the exertion
of torques is possible and its implementation is rather trivial
with the presented approach. Also, the stiffness parameter
could be dynamically adapted based on the variations across
multiple demonstrations, thus emulating [12]. These and
further improvements are left for future work.
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