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Abstract
The paper describes our experience in the benchmarking phase of the European Robotics Challenges project. The main
focus is on the original solution proposed for solving a door assembly task. The proposal has to deal with tolerances in
the door and module positions, never seen before doors, fast and usable human-machine interfaces, legacy hardware in
industrial scenarios, and valuable results in benchmarking activities.

1 Introduction

The European robotic industry needs new, innovative,
ideas to be globally competitive. Creative and avant-
garde solutions usually emerge in the academic world,
which is commonly more inclined to abstract experimen-
tation. The industrial world is more fond to traditional
and safer solutions. The European Robotics Challenges
(EuRoC) project aims to promote collaboration between
industrial and research communities by solving indus-
trial relevant problems with innovative proposals while
increasing the state of the art in corresponding fields. The
project is developed as a challenge. Even though there is
no failure in losing the competition, the desire to win mo-
tivates the teams to improve their work, and the money
prize encourages them to invest funds in the challenge.
Challenges are very popular in the robotic field since
1977 and they evolved alongside robotics. From Chris-
tiansen [3] proposing the “Amazing Micro-Mouse Maze
Contest”, in which the task was accomplished by solv-
ing a path planning problem to “DARPA Robotics Chal-
lenge” involving multi-joints robots interacting at very
high level with humans.
The increasing interest in robotic challenges has several
motivations. The main reason is the capability to attract
and interest a great audience. Gaining the attention of
a wider and non-specialized public is very important to
enhance the knowledge of emerging fields and new re-
search areas, as expressed in [7]. Presenting research and
scientific topics as an involving and catchy competition
is also a good way to collect private funding from firms
having a vision in the sector or simply interested in a cool
manner of promoting their products. Furthermore, chal-
lenges promote interactions and collaborations between
different areas and aspects, improving the state of the art

in the robotic field. In fact, having a great number of spe-
cialists able to concentrate on the same issue, would lead
to novel ideas and provide innovative solutions. In some
cases, challenges focus on problems not showing a direct
improvement in the real life. For example, at the very be-
ginning, RoboCup 1 [7] aimed at developing a robot team
able to play soccer. The direct advantages in industrial
or service robotics were not immediately clear. Anyway,
since from the first edition, RoboCup has leaded to sev-
eral evolutions in real-time recognition, planning, reason-
ing and acting in dynamic environments. In the recent
past, RoboCup has included different areas from rescue
missions to home robot companions, passing through in-
dustrial settings. Therefore, research has been enhanced
to consider robots working as team with both other robots
or humans by learning behaviours for complex, cogni-
tive modelling in the more different scenarios. Another
very famous competition is the DARPA Robotics Chal-
lenge 2 [6]. It also evolved along time and right now
it focuses on disaster or emergency-response scenarios,
asking robots to autonomously drive cars, move into ter-
rains with debris while interacting with the environment.
Even if the tasks proposed in these challenges are very
complex, teams have the vantage of using a completely
free and customizable framework.

A new project called EuRoC has been proposed in 2014
to boost robotics and manufacturing in Europe by means
of three challenges. Each challenge consists of a series of
stages over the 4 years of the project life leading to a pro-
gressive selection among the participants. The EuRoC
project is accurately described in [12]. Particularly, in
the benchmarking phase, five teams have been funded
to perform an industry relevant task. Every team has to
carry out an automatic car door module assembly. All
the teams have to accomplish the same tasks in a period

1http://www.robocup.org/
2http://www.theroboticschallenge.org/



of few months and they are going to be evaluated in the
same facility in Stuttgart through some fixed parameters.
In this manner, it is possible to guarantee success and re-
peatability of each task in a quantifiable way.
Constraints imposed by the challenge are similar to the
constraints present in a real factory. All the teams have
to use a predetermined system, without the possibility
of adding new sensors or modifying the already existent
ones. Similarly, any integration in a factory supply chain
has to cope with a previous installed system, probably ob-
solete or outdated. Moreover, complex and challenging
workcell layouts, changing illumination, and tight work-
places are very common in both benchmarking and indus-
trial settings. On the other hand, a dynamic environment
with people working alongside robots in a collaborative
manner, uncertain position of parts to be assembled and
teaching of novel configurations are still open problems
in research.
As suggested by Chen et al [2], flexible assembly applica-
tions are actually uncommon and only a small portion of
industrial robot are used to perform tasks with variability
in the parts. In fact, conventional industrial robots are not
able to adapt to changes in the assembly processes. On
the other hand, Goya et al [5] indicated flexibility in the
automotive manufacturing as one of the more competi-
tive weapons in the economical analysis of North Ameri-
can automotive industry. They proposed the possibility of
switch easily and with a lower risk from a production line
to an other as main advantage in future achievements with
respect to foreign competitors. The reduced risk allows
the industries to invest in low volume-high risk products,
since the money and time loss would be minor and the
production line would remain the same.
In the EuRoC challenge both hardware and firmware
composing the robotic system are fixed. Anyway, they
have to be programmed with Robot Operating System
(ROS), the standard de facto in research robotic frame-
works and only recently introduced in industry. The im-
portance of ROS has been expressed in [13] by Tavares
et al. They analyzed a pick and place task by combin-
ing several layers of control. Using ROS in developing
industrial applications gives the possibility of efficiently
divide layers in standardized and compact blocks able to
interact one with each other to autonomously correct er-
rors during the accomplishment of the task.
In our solution, we take advantage of the modularity and
standardization ROS characteristics to fuse together vi-
sual and robot learning techniques in order to face the
variability in the system configuration.
Stability and reliability of each method have to be en-
hanced to meet the benchmarking requirements in terms
of elapsed time and hardware compatibility. We also de-
velop a human-robot interface able to easily teach the
system with novel door assembly combinations. Vakan-
ski et al [14] suggest to take advantage of robots ability
of learning from what surrounds them, transferring skills
to a robot thanks to multiple demonstration of the same
skill under similar conditions. Vakanski’s idea is to learn
the robot trajectory by observing a subject moving a tool.

Instead, in our solution the robot motion is acquired by
looking at a person actually moving the robot. The robot
has to infer a generalized trajectory obtained extracting
relevant unknown and hidden features from the demon-
strations.

The remainder of the paper is structured as follows. In
Sect. 2 is illustrated the EuRoC benchmarking phase and
the hardware available. In Sect. 3 are described the var-
ious techniques used to perform the challenge tasks. Fi-
nally, Sect. 4 summarizes the achieved results.

2 Tasks and System Description

In the EuRoC benchmarking phase the teams have to au-
tomatically assembly a car door with its module. The po-
sitions of door and module could vary of few centimeters
in translation and few degrees in rotation in each direc-
tion. The testbed is composed by three tasks: (1) Pick and
insert door module, (2) Screw door module, and (3) Teach
and assemble unknown door. (1) is divided in 2 subtasks.
In the first subtask, challengers have to locate the door
module by using visual and force information, pick it up
and reach a reference position. In the second subtask, the
robot has to place the module into the door, and come
back to reference position without detaching it. (2) con-
sists of detecting , picking up, inserting three screws into
three relevant holes to fix the module on the door. In
(3), teams have to teach to the system how to perform
the whole assembly for a novel pair of module and door.
Available points and maximum execution time for each
task are listed in the benchmarking rules alongside with
constraints about hardware and software.

The available hardware in the Fraunhofer IPA facility
consists of a lightweight collaborative robot (Univer-
sal Robots UR10) equipped with three sensors: a 3D
sensor camera (PMD CamBoard Nano), a stereo cam-
era (VRMagic D3), and a 6D force-torque sensor (Robo-
tiq FT150). A vacuum gripper, composed by 6 suction
cups, and a screwing tool (Weber Pluto 6D) are avail-
able and they could be automatically attached or de-
tached from the robot flange by using a tool changing
rack (Schunk SWS011).

We replicated the setting in our laboratory, using as a ba-
sis the same lightweight collaborative robot, the Univer-
sal Robots UR10, but equipping it with different sensors.
A PMD CamBoard Pico has been used as 3D camera, a
pair of Philips SPZ5000 webcams have been calibrated
to work as stereo camera, while no force sensor has been
mounted on the robot. A vacuum gripper and a screw-
ing tool have been built by means of 3D printed materials
to mimic the functionality available in the original sys-
tem. The tools could be manually changed from one to
another.



Figure 1: The replica of EuRoC benchmarking platform
built in our laboratory.

A central working station connected through Gigabit Eth-
ernet collects data coming from sensors and going to con-
trollers. ROS is used as framework to enable interaction
with the system. Topics, services, and actions coming
from the system, as well as device drivers, have been es-
tablished in advance and everyone has to use the same
setting. Positions and orientations of every relevant frame
are published and updated by using the ROS TF package.
A rough virtual model of the environment is also avail-
able and objects are coherently placed in the scene de-
pending on the position published. 2D and 3D cameras
are provided with a default intrinsic and extrinsic calibra-
tion.

3 Methodology

The proposed tasks are connected to 3 main constraints.
First, the limited time available for developing the solu-
tion. Second, the flexibility needed to deal with position
tolerances and unknown modules and doors. Third, the
usability and reliability of the teaching procedure. These
characteristics lead us to propose a solution able to face
both known and unknown door assembly in a very similar
manner. In fact, different modules and doors rely on sim-
ilar structures, and these features can be used as input for
the framework. We want to extract these common char-
acteristics to simplify and speed-up the new module and
door identification. In order to successfully solve the pre-
viously described tasks we used the following pipeline:

• Learn the relative positions of each screw hole in
both module and door;

• Learn the gripping and inserting trajectories
through human demonstrations;

• Identify both module and door real positions by vi-
sual inspection;

• Pick and place of the module by transposing the
learned motion to real position;

• Identify screw positions;

• Screwing.

In the learning phase, we collect template images for
each part to identify. The idea is to extract relevant vi-
sual information in order to recognize them during the
part inspection in order to build a coarse virtual model
of the environment. A combination of Robot Learning
from Kinesthetic Demonstration and Inverse Kinemat-
ics is used to learn how to pick and place the module.
The variability and robustness of the system are granted
by collecting several repetitions of the same action, per-
formed by different subjects. A visual system is used
also for finding the screws and pick them up and fixing
the module. A Template Matching approach is used for
the screwing operation. Again, a door inspection is per-
formed looking for screw holes positions. Once a match-
ing has been identified, the system will align the screw
with the hole by using the previously acquired template
in order to perform the insertion.

3.1 Learning phase

The learning phase mainly involves how to correctly pick
the module and insert it in the door. These operations
could be very easy or critical depending on the context
and on the complexity of parts to be assembled. The
module is composed by several elements including some
flexible cables possibly assuming different configurations
while the task evolves. The gripper provided for perform-
ing the picking action has a fixed base, while suction cups
attached on its extremities can slightly change in position.
Positioning the gripper in a consistent manner obtaining
a robust layout is essential to assure a safe pick. This
operation has to be performed in advance, since the sur-
face of the module vary a lot and it is not always smooth.
Moreover, the module is quite heavy while the suction
cups do not have great gripping power in case of unbal-
anced loads. Selecting a wrong gripping position can de-
terminate a loss in vacuum system and the consequential
module falling due a displacement in weight or position
of the suction cups. Once the module is properly picked,
it has to be placed into the door. A series of coupling pins
should be inserted into slots in the door to hold up the
module, while avoiding cables to obstruct the movement.
The motion should be executed precisely by placing the
cables, and proceeding diagonally to insert the first cou-
pling pin. Finally, the module should be straighten, and
the rest of the pins could be set into place. Pinching the
cable or failing to place a coupling pin lead to incorrect
insertion and consequential falling of the module. Obvi-
ously, the placing trajectory is really dependent from the
initial gripping position. Therefore, a successful picking
does not correspond necessarily to a good performance in
placing the module.
The described constraints could be easily met when the
task is performed by a human being. Indeed, people have
the capabilities to understand the task, test the selected
strategy in few trials, and move the robot accordingly to
fulfill the objectives. Nevertheless, recording a single ex-
ecution is not enough for achieving a smooth generalized
trajectory able to take into account to the intrinsic vari-



ability in the tasks. In order to obtain such motion, we
used a Robot Learning by Demonstration paradigm able
to build a robust model of the movement starting from
a series of demonstrations. In particular, we recorded
data directly from the robot while a subject is free to
physically guide the manipulator following the desired
path (Fig. 2).

Figure 2: The robot is physically guided to follow the
desired motion through Kinesthetic Demonstration.

It is worth to notice that the use of this technique, namely
Kinesthetic Demonstration, is strictly connected with the
use of a compliant robot with the capability of being ex-
ternally guided by releasing motor brakes. Moreover,
lightweight collaborative robots such us UR10 can be
easily used in a real factory with no need of safety guard-
ing, since they are intrinsically safe. Therefore, also un-
skilled workers can cooperate with the robot by showing
it what to do without any risk. In this way, it is possible to
let the robot learn a novel task in little time and without
the need of additional staff for robot programming.
Only few demonstrations are necessary to build from
scratch a robust model of an unknown movement. In or-
der to avoid unnecessary variability in the motion and re-
duce the complexity of the system we decided to keep
human demonstrations as short as possible. Short tra-
jectories are computed quicker resulting in a more stan-
dardized movement, while allowing a simpler and con-
sequently safer robot activity. We mixed together Prob-
abilistic Robot Learning with Inverse Kinematics to take
advantage from both of them. The robot reaches fixed
and safe positions close to the targets by using an In-
verse Kinematics engine obtaining better performances
in both reliability and time. The last part of the move-
ment, namely the most complex one, is performed by us-
ing inferred trajectories computed through Robot Learn-
ing. Ten repetitions of the movement performed by dif-
ferent subjects has been recorded from an arbitrary se-
lected initial position. The angles assumed by each joint
while the robot is manually controlled have been consid-
ered for building the probabilistic model. Since door and
module positions are not known a priori, a visual feed-
back is used to compute the actual configuration of the
system before proceeding with the real picking and plac-
ing motions.
The raw data recorded from robot encoders have to be
preprocessed in order to be able to generate a good prob-

abilistic model. As a first step, they have been filtered to
remove artifacts, such as periods in which all the joints
were still. Doing so all the data not correlated with the
movement have been eliminated, maintaining exclusively
motion information. This process leaded to more robust
and smooth trajectories while speeding up the creation of
the model. Once the model is built, the final motion is
estimated thanks to a regression technique.
Gaussian Mixture Model (GMM) has been used as prob-
abilistic model to predict angles of G = 6 robot joints.
GMM is a parametric probability density function rep-
resented as a weighted sum of K Gaussian components
which best approximate the input dataset. An advantage
of using GMM is the few parameters needed to represent
the whole model (i.e. the mean, the covariance and the
prior probability of every Gaussian component), result-
ing in a lightweight representation of the movement.
Naming n the number of repetitions of the task, and T the
number of observations acquired during each trial, the to-
tal number of data samples is N = nT . A single data in
input at the framework ζj , 1 ≤ j ≤ N is described in
Eq. 1.

ζj = {t, α(t)} ∈ RD

αx(t) = {αg(t)}Gg=1.
(1)

with:

• G, number of joint bending angles;

• αg(t) ∈ R, the value assumed from gth joint bend-
ing angle at the time instant t;

• α(t) ∈ R, the set of values assumed from the con-
sidered joint bending angles at the time instant t;

• D = G+ 1, the dimensionality of the problem.

The Expectation Maximization (EM) algorithm [4] has
been used to optimize the parameters of the GMM by
maintaining a monotone increasing likelihood during the
local search of the maximum on the data. This approach
enables an autonomous extraction of the angles bend-
ing characteristic while still maintaining an appropriate
generalization. Finally, the resulting probability density
function is computed:

p (ζj) =

K∑
k=1

πkN (ζj ;µk,Σk) (2)

with πk priors probabilities, andN (ζj ;µk,Σk) Gaussian
distribution defined by µk and Σk, respectively mean vec-
tor and covariance matrix of the k-th distribution.
The number of Gaussian components used in the model
can be estimated with various techniques. However em-
pirical experiments shows that, in this case, good results
can be achieved with k = 10 Gaussian components. Us-
ing few Gaussian components cause the generation of a
too general model, unable to handle the variability of the
signal. Contrariwise, if k is big the final model will be
too complex.
The Gaussian Mixture Regression (GMR) provided a
smooth generalized version of every joint angle starting



from the GMM. Every joint angle α̂ and its covariance
are estimated from the known a priori time instant t re-
spectively using Equation 3 and 4.

α̂ = E [α |t ] =

K∑
k=1

βkα̂k (3)

Σ̂s = Cov [α |t ] =

K∑
k=1

βk
2Σ̂α,k (4)

with:

• βk, the weight of the kth Gaussian component
through the mixture;

• α̂k, the conditional expectation of αk given t;

• Σ̂α,k, the conditional covariance of αk given t.

assuming that the parameters (πk, µk, Σk) defining the
kth Gaussian component are decomposed as follows:

µk = {µp,k µα,k} Σk =

[
Σp,k Σpα,k
Σαp,k Σα,k

]
(5)

with µp and Σp respectively the mean and the covariance
of the known a priori information. Thus, the generalized
form of the motions ζ̂ = {t, α̂} required only weights,
means and covariances of the Gaussian components cal-
culated through the EM algorithm.
The described framework could be used with known set-
ting as well as with novel unknown door-module pairs. It
gives good results both in time needed to teach the tasks
and in robustness in reaching the goals. Nevertheless, it
is hugely dependent from the information provided by the
visual counterpart system.

3.2 Module and Door Identification
As before, we tried to adopt the same base procedure for
both known and unknown objects. We decided to imple-
ment a reliable and adaptive identification system work-
ing for both door and module. A stereo camera has been
used for obtaining a visual servoing procedure able to
align the robot with respect to an object.
A simple Image-Based Visual Servoing (IBVS) is really
hard to implement due to lack of common robust set of
visual features to use. On other hand, a Position-Based
Visual Servoing (PBVS) approach supposes to know a
priori a model of the object, not provided in this chal-
lenge.
However, our algorithm compensates this lack with the
3D knowledge coming from the stereo camera. The ap-
proach is composed by a training phase and an iterative
query phase. In the training phase, the robot is placed
into a known position wξcd, where both cameras could
see the same region of interest inside the object. A stereo
pair template is acquired and a keypoints extraction is
performed by using FAST algorithm [9, 10] for the detec-
tion and ORB [11] as descriptors. A sparse triangulation
is computed after a keypoints matching between left and

right templates by using intrinsic and extrinsic camera pa-
rameters. In this way, a model representing the object is
obtained from this set of 3D points. Finally, the object
pose with respect to the camera frame cdξo is estimated
with a Virtual Visual Servoing algorithm [8] based on the
3D information of the object.
In the query phase, we used a single-camera approach.
For each iteration, a template matching with the de-
sired template has been performed in order to identify
a valid area where extracting keypoints on the current
frame (Fig. 3).

Figure 3: Keypoints extraction for the current frame with
respect to the desired template.

Then, we matched current and corresponding keypoints
by using the available 3D coordinates in the trained
model in order to obtain the current camera pose with
respect to the object cξo. The displacement between the
current and the desired position could be easily computed
as described in Eq. 6.

cξcd = cξo ∗ oξcd = cξo ∗ cdξ−1
o (6)

After the robot movement the effective displacement
could be different due to noise presence (Eq. 7).

˜cξcd = cξcd + ∆ξ (7)

For this reason the procedure has been iterated to satisfy
the condition in Eq. 8.

∆ξ ≤ ∆ξmax (8)

where ∆ξmax is related to the desired accuracy.
Experimentally, an average of 6 iterations were needed to
reach a precision of 1mm for translation and 0.2deg for
rotation.
The training phase allowed us to perform a PBVS task in
an easy way, without any actual model of the object or a
priori information. Therefore, the identification process
for unknown objects becomes quite simple and immedi-
ate. In fact, the operations needed to perform the tasks
have been restricted to:

• update the templates collected for the stereo cam-
era pairs;

• recompute cdξo through keypoints matching and
triangulation.

The query phase remained unchanged.
A simple template matching in 2D has been used to find
the screw and hole positions to perform the screwing
task.



4 Conclusions
In this paper we proposed a solution for solving a door as-
sembly task. The uncertain position of the part needed for
the assembly and the introduction of novel components
make the problem non trivial. The scoring system helped
us in taking into account all the aspects of the problem.
The described solution has been tested with two different
configurations.
The first configuration is the official setup of the bench-
marking activities in Stuttgart. Unfortunately, the system
was not ready for performing the entire set of tasks in the
challenge during the pre-assigned temporal slot. Any-
way, the available algorithms worked as expected and we
were able to score some points. Official results regard-
ing the EuRoC Challenge 1 can be founded at the project
website 3.
The second setup has been created in our laboratory at
the University of Padova in order to independently test
our methods. The use of a different hardware enhanced
both reliability and portability of the whole system. We
also applied the developed algorithms to a pair of door
and module actually different from the ones available at
the Fraunhofer IPA facility. Having more time at disposal
gave us the possibility to further test and improve our sys-
tem in order to achieve the objectives.
As future work, we are planning to improve the learning
procedure by using the variability information obtained
for the known door and module pair to reduce the number
of demonstrations needed for novel unknown pairs and to
extend the approach to different industrial processes by
involving automatic quality controls.
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