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Simulation based behavior for a welfare robot
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Thomas N. Thulesen, and Norbert Krüger

SDU Robotics, Maersk Mc-Kinney Moller Institute
University of Southern Denmark, 5230 Odense M, Denmark,

[stdasu|lebo|tnt|norbert]@mmmi.sdu.dk,

Abstract. Learning the appropriate parameters which lead to a suc-
cessful action, even under the effect of noise and inaccuracies stemming
from faulty perception or poor sensor calibration is of great importance in
service robotics, where the flexibility of the robotic systems is a main re-
quirement. This paper proposes a method inspired by available industrial
robotics solutions which makes use of a dynamic simulator and Kernel
Density Estimation to find the parameter sets that lead to a successful
Peg-in-Hole action. The obtained solution is successfully tested on a real
service robot, where the action is used in the context of picking-up and
inserting bottles in a crate for depositing.

Keywords: Service robot, Peg-in-Hole, Pick-Up action, simulation.

1 INTRODUCTION

In the industrial domain, robotic solutions are well established for decades. Here
robots benefit of controlled environments, separated of direct human interfer-
ence, where uncertainties and hence error sources are minimized. Current ap-
proaches focus on addressing uncertainties within the robot application e.g. by
introducing additional sensors and probabilistic modeling of robot actions. So-
lutions for handling uncertainties in e.g. assembly processes include online pose
estimation of relevant items [17], the use of compliant manipulators [13] or re-
planning [16].

Service robots are often operating in rather unstructured environments shared
with humans, such that the handling of uncertainties is considered to be essential.
While some solutions developed for industrial applications can be transferred,
additional effort can be required to handle changes in the environment or poor
sensor readings to achieve a robust performance.

The process of inserting an item, e.g. a peg, into a tight fitting hole (peg-in-
hole, PiH) is an example of a tasks that is found in industry [5, 15] and can be
generalized to many applications also outside it. The handling of deposit bottles,
such as inserting them into a crate, e.g. in house hold scenarios or at institutions
such as care centers, or the insertion of cutlery into a dishwasher compartments
are just two such examples.

When performed on a real robot, PiH actions can be viewed as a stochastic
process since inaccuracies and noise on the robot perception and the non-static
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(a) Real platform. (b) Simultated platform.

Fig. 1: The Care-O-Bot service robot.

nature of the setup can be expected to influence the outcome of the robot’s
action substantially. Therefore, manually finding and tuning the parameters de-
termining the action is infeasible.

Sørensen et al.[20] proposes an online action parameter optimization tech-
nique based on Kernel Density Estimation (KDE) for reducing the number of
samples required to identify robust PiH actions. The particular action was of
industrial nature, implying a well calibrated setup which is not available in a
domestic context. However, parts of the proposed solution, such as the action
parametrization, can be adapted.

In this paper we propose the use of dynamic simulations with artificial noise
and the use of KDE to identify parameter sets that lead to PiH actions robust
to noise. We make use of the detailed information available in the simulated
environment, e.g. contact forces, to assess the quality of a PiH action, assuming
that the optimal action is not only successful but also implies low contact forces.
The result is evaluated on a real platform where detailed force information is not
available. Similarly to the PiH action, the bottle pick-up action is also addressed.

2 RELATED WORK

The increase in popularity for the service robotics application has brought new
focus on classic robotic topics such as safe safe planning, visual servoing and ma-
nipulation, with the goal of adapting some fo the well-known industrial methods
to the challenges presented by home-like environments. Action-parameter learn-
ing, in particular, has been of great interest, specifically because it is applicable
to a large array of tasks and it can lead to an increase of the system’s flexibility.
The learning process can be done using the execution feedback data received from
the sensors and adapting the action process according to the found environment
constraints [7], [1], by human demonstration [6] or by using dynamic simulation,
thus facilitating an extended exploration of the space wherein learning is done
[12], [4], [20].
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Due to the nature of their work environment (which is unstructured and
highly dynamic), service robots have to be very adaptable in order to properly
function. As opposed to the industrial environment, creating a rigid calibration
of the tested setup is not a viable solution in service robotics. For systems that
are required to manipulate the environment and are equipped with a camera, a
way of overcoming this issue is through position based visual servoing (PBVS)
[3]. This method uses the difference between the pose of the desired target object
and that of the manipulator to determine the control error. For the target object,
the pose estimation can be determined by using a 3D model of the object and
the homography, like in [14]. [10] proposes an alternative solution, by using a
real-time model-based tracking method to estimate the pose of the gripper.

Compared to other approaches, we tackle the task of picking up bottles and
inserting them into a deposit crate using a welfare robot, for which no special
calibration, specific environment manipulation (i.e. light adjustment, position
control, etc.) or additional sensors (such as force-torque sensors or compliant
grippers) are used. PBVS and dynamic simulation are utilized in order to achieve
the PiH task with minimum contact force. The parameter set that describes the
tested Pick-Up and PiH actions, alongside the actual action paths are deter-
mined in simulation. The focus is on using the contact forces and the process
uncertainty information together with Kernel Density Estimation to find promis-
ing parameter sets. We demonstrate that the solution found in simulation can
be directly used on a real platform, where the PiH action is not only successful,
but also generates low contact forces.

3 EXPERIMENTAL SETUP AND METHODOLOGY

The Care-O-Bot [9] is a research platform targeting the development of mobile
service robots for the assistance of humans in domestic environments. The Care-
O-Bot platform (see Figure 1) is equipped with multiple sensors of different
modalities and has a modular hardware setup, which makes it applicable for a
large variety of tasks, such as: pick-and-place, object detection, human tracking,
etc. The main components of the robot are: the mobile base platform with 4
omnidirectional wheels, an actuated torso with 3 DoF, the UR5 robotic arm,
the UR connector extending the workspace of the arm, the tray with 1 DoF,
the head (containing a Carmine 3D Sensor and a high resolution stereo camera)
and three laser scanners. Using this platform, we investigate the possibility of
handling off-the-shelf deposit bottles in terms of picking them up and stowing
them in a crate.

3.1 Tracking and Visual Servoing

Using the PBVS method, the error between the pose estimation of the robot’s
end effector and the desired object (the bottle or the deposit crate) is determined
and used as a control error, in order to move the arm towards the desired position.
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(a) Original RGB data. (b) Modified RGB data

Fig. 2: Visualization of the ARUCO traker output - the two markers are detected
and the transformation between them is computed (Source: [21]).

The control loop is an endpoint closed loop, where both the end effector and the
object of interest have to be in the field of view.

To ease the process of pose estimation and tracking, AR (Augumneted Re-
ality) markers are attached to the end effector, the bottle and the crate. The
markers are detected and the transformation between them is determined. For
the PiH action, the ARUCO [8] ROS tracker is used, while for the Pick-Up
action, the ALVAR [22] software library is used for the tracking of the AR mark-
ers. The obvious downside of using this technique is that the markers must
constantly be in the field of view of the camera. Additionally, due to the fact
that the robot was placed in a laboratory with a lot of natural light, the level
of illumination in the environment can become problematic (especially in the
case of the ARUCO tracker), because the markers become undetectable due to
reflections. To overcome this issue, we apply the Contrast Limited Adaptive His-
togram Equalization algorithm [23] on the input RGB image data of the ARUCO
tracker, thus improving the overall contrast of the image, as can be seen in Fig-
ure 2b, and aiding the corner detection. The ALVAR tracker is less sensitive to
the illumination level, so no additional image processing is required.

The computed transformation between the markers is used in a classic linear
interpolation algorithm which will generate incremental displacements that will
move the robotic arm with the gripper towards the desired position and will
decrease the pose estimation error between the AR markers. The algorithm is
repeated until the Euclidean distance between the AR markers for each specific
task is smaller than a pre-defined threshold which will ensure that the gripper
is correctly placed to pick-up the bottle or that it is above the crate, ready
for the bottle insertion. To avoid overshooting, the incremental displacements
decrease as the Euclidean distance between the markers decreases. Once the
desired position is reached, the algorithm updates the position of the bottle or
the crate based on a final reading of the attached marker and then starts the
Pick-Up or Peg-in-Hole action sequence.



Simulation based robotic behavior 5

Φpu

Xpu

Hpu

Fig. 3: The Pick-Up action parameters.

3.2 Action Parametrization

In order to simulate and analyze the two tasks, the actions are first formalized
and defined by a set of parameters for which to investigate the search space and
find the best solution.

Pick-Up Action In our context, the Pick-Up action is defined by three pa-
rameters (Figure 3) and is performed in four steps (Figure 4). These parameters
are the ones that define the search space of the solution and they are defined as
follows:
Hpu: The perpendicular distance from the horizontal plane defined by the bot-
tle’s neck.
Xpu: The distance with which the gripper will be moved towards the bottle, on
the plane defined by the bottle’s neck.
Φpu: The angle to which the gripper will be moved in an upward motion, relative
to the bottle’s vertical axis.

The four steps that compose the ideal Pick-Up action (i.e. not affected by
uncertainties) are described as follows:
Initial Position: In the first step the robot moves the gripper from the position
where it was left by the visual servoing algorithm towards the bottle, as shown
in Figure 4a. If we consider the horizontal plane defined by the bottle’s neck, at
the end of this motion, the gripper’s TCP is at a horizontal distance of 0.05m
from the bottle’s neck and at a vertical distance of Hpu.
First Linear Motion: In the second step, the gripper is moved linearly towards
the bottle, as shown in Figure 4b, with a distance equal to Xpu. At this point,
the bottle is placed in-between the fingers of the gripper.
Circular Motion: After the first linear movement, the gripper is moved upward
to a distance of 0.2m and rotated to an angle of Φpu, relative to the vertical axis
defined by the initial placement of the bottle, as depicted in Figure 4c.
Second Linear Motion: In the final step, the gripper is again moved linearly
upward for 0.1m, while maintaining the Φpu angle defined in the previous step
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(a) (b) (c) (d)

Fig. 4: The Pick-Up action movements: (a) Initial Position. (b) First Linear Mo-
tion. (c) Circular Motion. (d) Final Position.

(see Figure 4d). This step is done to reduce the risk of dropping the bottle.
Due to it’s weight and the motion of the arm, the bottle will slide backwards,
in-between the gripper’s fingers, thus leading to a better grasp.

The Pick-Up action is evaluated at the end of the second linear motion. For
a successful action, the bottle has to first and foremost be placed in the gripper.
However, the grasp itself can also be evaluated by checking the position and the
rotation of the bottle frame with respect to the gripper’s TCP frame. The better
the grasp, the more alignment will there be between the two frames. In case the
bottle is not in the gripper at the end of the sequence, the action is labeled as a
failure.

Peg-in-Hole Action Similar to the Pick-Up action, the Peg-in-Hole can be
defined by two parameters (Figure 5) as follows:
Xpih: The perpendicular distance between the bottom of the bottle and the
horizontal plane defined by the hole.
Φpih: The angle of the bottle in its initial position relative to the vertical axis
defined by the hole.

When considering an ideal PiH bottle insertion action, the four steps that
compose such an action can be described as follows:
Initial Position: The first step is to move the arm with the bottle in the gripper
from the position where it was left by the visual servoing algorithm (above the
crate), towards the specified crate hole. After this motion, the bottle is at a
perpendicular distance of 0.05m from the hole and tilted with an angle Φpih.
First Linear Motion: In this second step, the bottle is linearly moved towards
the crate’s hole until the bottom of the bottle is at a Xpih perpendicular distance
from the hole, as shown in Figure 6a.
Circular Motion: After the first linear movement, the bottle is rotated until
Φpih = 0, as depicted in Figure 6b.
Second Linear Motion: In the final step, the bottle is moved linearly down
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Φpih

Xpih

Fig. 5: The PiH action parameters.

the hole, while maintaining the alignment between their vertical axes, as shown
in Figure 6c. In our proposed solution, when the bottom of the bottle is inside
the hole after the second linear motion, the robot just drops the bottle down the
hole.

After the second linear motion, the PiH action is evaluated. For a successful
action, the bottle has to be partially inside the crate hole, such that a simple
tilt of the gripper would cause the bottle to slide from in-between the fingers
into the hole (see Figure 6d). Reaching this correct position can be confirmed by
checking the alignment between the bottle frame and the hole frame. In the case
in which the bottle is stuck by hitting one of the edges of the hole, the action is
labeled as a failure.

Using the described steps, the relative path between the end effector and the
bottle or between the bottle and the crate hole is computed for each parameter
set and then executed in the simulated environment and tested on the real
platform. The evaluation and labeling of the actions (i.e. success of failure) is
done automatically in simulation and manually for the real world platform.

3.3 Action Simulation

Using the RobWorkSim [11] framework, together with the ODE [19] physics
engine, the two actions are simulated using different values for their defining
parameters. The ranges of the parameters are set beforehand and they define the
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(a) (b) (c) (d)

Fig. 6: The PiH action movements: (a) First Linear Motion. (b) Circular Motion.
(c) Second Linear Motion. (d) Final Position.

search space. As such, for the Pick-Up action, the parameters have the following
ranges: Hpu ∈ [−0.02; 0.02]m, Xpu ∈ [−0.06; 0]m and Φpu ∈ [−45; 45]◦, with
step sizes of 0.0025m, 0.0025m and 2.5◦ respectively.

For the PiH action, the parameter ranges are set to: Xpih ∈ [−0.03; 0.03]m
and Φpih ∈ [−45; 45]◦, with the step sizes of 0.005m and 2◦.

It is worth mentioning that the parameter ranges are defined using the pos-
itive directions of the XY Z-axes of the gripper TCP frame (Figure 7a) for the
Pick-Up action and the crate hole frame (Figure 7b) for the PiH action.

To investigate to what extent the system can deal with uncertainties, noise
is added to the gripper, the bottle and the crate hole frames. This is done
by randomly choosing a direction from the XY Z-axes defining the frame and
multiplying it with a randomly selected value from a normal distribution. In the
case of the Pick-Up action, for the gripper and the bottle frames, the noise normal
distribution has a mean value of zero and a standard deviation of 0.002m for
the positional part. The rotation part of both the frames is not effected, because
a pre-defined rotation is used for the action, in order to ensure that the gripper
is correctly approaching the bottle. The range of the uncertainties is based on
preliminary ALVAR marker tracking data.

For the PiH action, the noise normal distribution for the crate has a mean
value of zero and a standard deviation of 0.0035m for the positional part and 3◦

for the rotational part. In the case of the bottle, the standard deviation is 0.001m
and 0.5◦ for the positional and the rotational parts respectively. These ranges
are based on both preliminary ARUCO marker tracking data and simulations
of the action. Initial simulation tests have shown that due to the tight fit of the
bottle and the crate hole, a positional error larger than 0.0025m on one of the
XY -axes or a rotational error larger than 0.8◦ on one of the PY -Euler angles
will lead to failure or to the appearance of forces between the bottle and the
crate.
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(a) Gripper TCP frame (b) Crate hole frame

Fig. 7: Visualization of the two frames used to define the parameter ranges for
(a) the Pick-Up action and (b) the PiH action.

3.4 Action Learning

To learn the parameter values that will lead to a successful task, both of the
actions are simulated multiple times for each parameter set (10 repetitions for
Pick-Up and 5 repetitions for PiH), where each repetition is affected by ran-
domly selected perturbations, as explained in Subsection 3.3. This leads to a
total number of 157250 individual simulations for the Pick-Up action and 2925
simulations for PiH.

Because the search space for the Pick-Up action is 3-dimensional, the results
are visualized as 2D success probability maps in the HpuΦpu-plane for fixed Xpu

parameter values, as depicted in Figure 8. To further narrow down the solu-
tion parameter space, each successful grasp is evaluated and the information is
retained and used for the Kernel Density Estimation step, discussed in Subsec-
tion 4.1.

For the PiH action, the results are also visualized using success probabil-
ity maps in the XpihΦpih-plane as shown in Figure 9a. To further improve the
search for the optimal parameter set, the force profile of each simulated action
is investigated. For each parameter set, the average of the highest contact forces
that characterized each individual repetition is computed. The force is measured
only between the bottle and the edges of the selected hole, where the maximum
allowed force is limited to 150N . The forces distribution can be seen in Figure 9b.

4 RESULTS

By applying KDE on the simulation results from Subsection 3.4, the algorithm
is able to determine the optimal parameter sets that would lead to a successful
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(a) Success map for Xpu = 0m (b) Success map for Xpu = −0.275m

(c) Success map for Xpu = −0.475m (d) Success map for Xpu = −0.06m

Fig. 8: The success probability maps for the Pick-Up action, for fixed Xpu values,
before applying KDE.

Pick-Up and PiH task. The best found parameter sets are tested on the Care-
O-Bot platform. In order to further compare the simulation results with the
real-world ones, for the PiH action, an additional subset of parameters is tested
on the robot.

4.1 Optimal Action for Pick-Up

To get a good overview of the structure of the data and a good approxima-
tion of the best parameter sets that define the Pick-Up action, Kernel Density
Estimation is used for the success probability maps shown in Figure 8.

The Matlab implementation of the Multivariate Kernel Density Estimation
method is used [18], which uses a multivariate Gaussian kernel. Each independent
data sample is defined as a 5D vector V = [Xpu;Hpu;Φpu;S;G], where Xpu, Hpu

and Φpu are the three Pick-Up action parameters, S is the success rate for that
specific parameter set and G is the grasp evaluation score which is set to 0, in
case of a failed action. The values of S and G are the weights that determine
the smoothing contribution of each specific [Xpu, Hpu, Φpu] parameter set in the
search space. In this Matlab implementation, the bandwidth is in the form of
a d-by-d diagonal matrix, where d equals the dimensions of the search space.
Additionally, the multivariate kernel is a product of all the one-dimensional
kernel smoothing functions used for each dimension. Because for the Pick-Up
action the search space is 3-dimensional, the bandwidth matrix has a 3-by-3
dimension. The values of the elements on the main diagonal are empirically
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(a) Success probability map (b) Force profile map

Fig. 9: The success probability map and the force profile map for the PiH action
before applying KDE (Source: [21]).

chosen to be equal to the step size of each parameter range. The result of applying
KDE on the simulated data can be seen in Figure 10.

Finding the best parameter set for the Pick-Up action means determining
the maximum of the estimated density surface. For complex cases, this can be
done by applying optimization algorithms, such as gradient ascent. However,
due to the nature of the data, in this case the best parameter set can be found
just by searching for the maximum value in the density surface. As a result,
the algorithm finds the best [Xpu, Hpu, Φpu] parameter set to be [−0.0275m,
0.0025m,−7.5◦].

4.2 Pick-Up Action Verification on the Real System

The best parameter set - as found by the simulation - is tested with ten trials on
the Care-O-Bot platform, where the experiments showed a success rate of 90% in
picking up the bottle, thus affirming the validity of the action learning technique.
It is worth mentioning that the failed attempt was not due to the bottle tipping
over, but rather because it slipped through the fingers while lifting it. This is an
error from which the system can recover simply by re-performing the Pick-Up
action.

4.3 Optimal Action for Peg-in-Hole

In the case of the PiH action, the Kernel Density Estimation via diffusion Matlab
technique [2] is applied for both the success probability (Figure 9a) and the force
profile map (Figure 9b), where the data is structured in a list of 3D vectors of
type V = [Xpih;Φpih;D]. Xpih and Φpih are the two PiH action parameters,
while D is (depending on the case) either the success rate or the force value
for that specific parameter set. As such, the smoothing factor of each specific
[Xpih, Φpih] parameter set is determined according to the value of D.

The advantage of this KDE implementation, which also makes use of the mul-
tivariate Gaussian kernel, is that it utilizes a plug-in bandwidth selection method
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(a) Success map for Xpu = 0m (b) Success map for Xpu = −0.0275m

(c) Success map for Xpu = −0.0475m (d) Success map for Xpu = −0.06m

Fig. 10: The success probability maps for the Pick-Up action, for fixed Xpu val-
ues, after applying KDE.

which implicitly computes the optimal bandwidth of the density estimator, with-
out requiring any numerical optimization. Once this step is performed for both
the success probability map and that of the forces distribution, the follow up step
is to multiply the obtained KDEs. The result can be seen in Figure 11c. This
resulting KDE representation has the advantage of leading the search towards
the set of parameters for which the PiH action is not only successful, but also
performed with minimal contact forces between the bottle and the crate hole.

Due to the fact that the density surface is represented by a matrix where
its size is defined by the Xpih and Φpih parameters and the individual density
values depend on D, the best parameter set can be found by computing the
matrix element with the maximum value. The best [Xpih, Φpih, D] parameter set
is found to be [0.0035m, 5◦]. Visualizing the KDE data representation, we can
observe that a second peak is found around the [−0.01m, −30◦] parameter set.
By investigating the simulations, it can be determined that the success of the
PiH action drops in-between these two peaks due to the fact that the bottle gets
stuck on the edge of the hole and applies force on the crate.

4.4 PiH Action Verification on the Real System

Based on the results obtained in the previous subsection, a set of real world ex-
periments are performed for the PiH action. As described in 3.1, the experiment
begins with the visual servoing part, in which the Care-O-Bot is slowly bring-
ing the gripper with the bottle towards the crate. Once the desired position is
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(a) Success probability map KDE (b) Force profile map KDE

(c) The multiplied KDE representation of the success and
force profile.

Fig. 11: The success probability map and the force profile map for the PiH action
after applying KDE and the multiplied representation of the two (Source: [21]).

reached, the PiH sequence takes over, where specified [Xpih, Φpih] parameter sets
are given as input. We investigate 10 different parameter sets manually selected
from both promising and non-promising areas found in the simulation phase.
Each of the sets is tested 10 times, thus a total number of 100 experiments are
conducted. Each experiment is manually evaluated, which means that the D
value for each of the individual samples is assigned a value from 1 to 5, after
visually observing the experiment, according to weather or not the PiH action
was successful and the intensity of the observed contact force.

The experiments show that the best parameter set - found to be [0.0035m, 5◦]
by the simulator - had a success rate of 100% on the real platform. The parameter
set [−0.01m, −30◦] corresponding to the second peak had a success rate of 70%,
thus confirming the validity of the simulated result data. The [−0.0025m, −15◦]
and [0.005m, 25◦] parameter sets also gave good results due to the compliance
and curved shape of the bottle, which makes the insertion possible even if the
edge of the hole is touched. Additionally, KDE is also applied on the outcome
of the real world experiments (see Figure 12). We can observe that the pattern
of the density curve is similar to the one suggested by the simulation results in
Figure 11c.
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Fig. 12: Real world experiment (Source: [21]).

In order to verify the assumption about the forces and because the Care-O-
Bot is not equipped with a force-torque sensor, a third AR marker is placed on
the side of the crate and used to track its movement during the PiH experiments.
The underlying idea is that when the PiH action generates large contact forces,
the crate is moved and thus the positional and rotational movement of the marker
can be detected. Moreover, we verify if the scale of the movement is proportional
to the strength of the contact force.

Figure 12 shows that the spikes in the translation and rotation of the AR
marker appear at the moment any kind of contact force is applied. For the
[0.0035m, 5◦] parameter set, the only registered spike appears around the 460th
observation. The movement is generated by the bottle falling into the crate hole
when it is released from the gripper. For the rest of the experiment, however, no
major force is applied to the crate. On the other hand, for the [0.01m, −30◦]
parameter set we can observe that when the bottle hits the edge of the crate,
the tracker registers a movement of more than 0.003m in translation and 2.5◦

degrees in rotation. This suggests that a bigger contact force is applied, which
aligns with the force estimation results in Figure 11b and Figure 11c.

To further test the validity of the simulation results, a second series of real
experiments is performed, where extra positional uncertainty is added to the
crate before performing the PiH sequance. The results of these experiments
where presented in [21].

5 CONCLUSIONS

This paper proposes the transfer of industrial solutions for Peg-in-Hole (PiH)
operations into the domain of service robotics. The actual PiH action is applied
to the problem of handling bottles which are picked up and inserted into a
crate for bottle depositing. Both the pick-up and the insertion operations are
parameterized and explored in dynamic simulation with noise added to the sensor
readings to identify actions which are not only successful but also lead to e.g.
low contact forces. The optimal actions are subsequently determined using KDE
and evaluated on a real service robot using the Care-O-Bot platform. The action
execution on the actual robot is not relying on a precise hand-eye calibration or
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scene model, but rather makes use of visual servoing to instantiate the actions
and to address inaccuracies.

The determined optimal actions for both the Pick-Up and the PiH opera-
tions have been tested on the real robot, with success rates of 90% and 100%.
Besides the success or failure of the PiH action, the displacement of the deposit
crate during the experiment has been recorded, showing that the action that
was suggested to lead to the lowest contact forces also leads to the lower dis-
placements of the crate in the real world. Since the crate can move freely, only
limited by friction, it provides compliance to the system and the displacements
of the crate relate to contact forces observed in simulation. Thereby, this paper
demonstrates the successful adaptation of solutions developed for the industrial
domain to solutions viable for service robotics. By including the uncertainties
implied by the unstructured environment in the learning phase, actions that are
robust to sensor noise have been determined.
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