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Abstract:Mass personalization—amegatrend in industrial
manufacturing and production—requires fast adaptations
of robotics and automation solutions to continually de-
creasing lot sizes. In this paper, the challenges of applying
robot-based automation in a highly individualized produc-
tion arehighlighted. To face these challenges, a framework
is proposed that combines latest machine learning (ML)
techniques, like deep learning, with high-end physics sim-
ulation environments. ML is used for programming and
parameterizing machines for a given production task with
minimal human intervention. If the simulation environ-
ment realistically captures physical properties like forces
or elasticity of the real world, it provides a high-quality
data source for ML. In doing so, new tasks are mastered
in simulation faster than in real-time, while at the same
time existing tasks are executed. The functionality of the
simulation-driven ML framework is demonstrated on an
industrial use case.

Keywords:Mass personalization, machine learning, simu-
lation, robotics, automation, reinforcement learning, arti-
ficial neural networks.

Zusammenfassung:DieMassenpersonalisierung–einMe-
gatrend in der industriellen Fertigung und Produktion –
erfordert eine schnelle Anpassung von Robotik- und Au-
tomatisierungslösungen an immer kleinere Losgrößen. In
dieser Arbeit werden die Herausforderungen der robo-
terbasierten Automatisierung in einer hochgradig indivi-
dualisierten Produktion aufgezeigt. Um diesen Herausfor-
derungen zu begegnen, wird ein Framework vorgeschla-
gen, welches neueste Methoden des maschinellen Ler-
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nens (ML), wie beispielsweise Deep Learning, mit High-
End-Physiksimulationen kombiniert. ML dient zur Pro-
grammierungundParametrierung vonMaschinen für eine
bestimmte Produktionsaufgabe mit minimalem mensch-
lichen Eingriff. Wenn die Simulationsumgebung physika-
lische Eigenschaften wie Kräfte oder Elastizität der rea-
len Welt realitätsnah erfasst, stellt sie eine hochwerti-
ge Datenquelle für ML dar. Dabei werden neue Aufga-
ben in der Simulation schneller als in Echtzeit gemeis-
tert, während gleichzeitig bestehende Aufgaben ausge-
führt werden. Die Funktionalität des simulationsgesteuer-
ten ML-Frameworks wird anhand eines industriellen An-
wendungsfalls demonstriert.

Schlagwörter:Massenpersonalisierung,maschinelles Ler-
nen, Simulation, Robotik, Automatisierungstechnik, ver-
stärkendes Lernen, künstliche neuronale Netze.

1 Introduction
In the last decade, the production paradigm of “mass pro-
duction” in low-mix, high-volume shifted to “mass per-
sonalization” with a high-mix, low-volume production [1].
This ongoing global paradigm shift creates challenges
for manufacturing companies—especially in western high
wage countries—also resulting in a massive outsourcing
of production capacities to eastern low-wage countries.
Increasing the degree of automation in production pro-
cesses is one possible solution to fight this outflow. Mass
personalization requires the automation systems to have
a high degree of flexibility as well as reconfigurability to
allow quick adaptation to product changes. Robot-based
automation systems provide ingredients for such require-
ments. However, the main challenges for utilizing robotic
systems in real-world mass personalization production
(at a high level) are:
1. Continuously re-programming the robot to adapt to

changes in production [2, 3, 4].
2. Programming and testing is time consuming and in-

creases wear [3, 5].
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3. Many production tasks are complex and so is the as-
sociated robot program [6].

4. Perceptionof theproduction environment requires the
derivation of information from high-dimensional data
like images or three-dimensional point clouds [7].

5. ML algorithms like deep learning or reinforcement
learning for overcoming the previous challenges re-
quire a sufficient amount of data [6].

6. Continuously varying safety constraints that must be
maintained, particularly in human-robot collabora-
tion (HRC) [8].

7. Solutions based on ML must be deployed to function
reliably in the real-world [9].

These challenges are elaborated in more detail in Sec-
tion 2. Each challenge by itself is already demanding and
usually, these challenges are addressed individually. How-
ever, there is interdependence between many of these
challenges and thus, a holistic approach is more promis-
ing, particularly when having real-world production sys-
tems in focus. Thus, in this paper a HybridMachine Learn-
ing Framework (HMLF) is proposed in Section 3 to allow
addressing all challenges simultaneously. The framework
combines recent advances in ML with physics simulations
in order to teach robots to learn how to execute indus-
trial tasks. Further, related work to the proposed frame-
work is discussed. An industrial use case is presented in
Section 4. It is subdivided into simplifiedhandling, joining
and collision-free point-to-pointmotion tasks being solved
using HMLFwith some first results. This paper closes with
a conclusion and an outlook to future work.

2 Challenges

This section describes in detail the seven previously intro-
duced challenges of using robots in mass personalization.

(1) Re-programming
Industrial robots are mainly utilized in repetitive scenar-
ios for manufacturing high lot sizes to pay off the required
substantial engineering efforts [2]. Programming robots
is usually complex, time-consuming and requires skilled
personnel [3]. Increasing changes in product models re-
quire more frequent (re-)programming of the robots by ex-
perts with process knowledge of the task at hand, as well
as the integration of multiple sensors to adapt to unpre-
dictable changes in operations [4].

(2) Time & wear
To overcome the even for specialist cumbersome process
of robot programming, several tools for intuitive program-
ming have been developed, e. g. programming by demon-
stration [5]. However, these approaches are usually online
and therefore need the physical robot. Taking a consid-
erable amount of time and interrupting the regular pro-
ductionmakes intuitive online programming solutions not
applicable for mass personalization [3]. This also leads to
additional wear of robot components if programming and
testing is performed online.

(3) Complexity
In robotics, there is the rule of thumb that tasks that are
complex for a human are probably straightforward for a
robot, while tasks being easy for humans tend to be highly
complex for a robot. One example is the manipulation of
objects with a six or seven DoF robot arm with an addi-
tional two DoF gripper. Controlling these (in total eight or
nine DoF) simultaneously in a not controllable environ-
ment requires a significant amount of control engineering
and many lines of code. If one considers even more chal-
lenging tasks like dexterous manipulation with a human-
like robotics hand [6], it becomes apparent that at a certain
point manually designing and programming robot control
laws becomes almost impossible.

(4) Perception
If not relying on offline programming, where the per-
ception of the production environment is not of rele-
vance, it is necessary to utilize information perceived by
physical sensors. Commonly employed sensor systems
for environmental perception in robotics are gray-scaled,
color, stereo, or time-of-flight cameras providing a two or
threedimensional data representationof the environment.
Based on this data, a significant amount of pre-processing,
feature-engineering, pattern recognition, and algorithm
design is necessary [7] in order to derive the information
being relevant for accurate robot control.

(5) Data
Recent advances in ML can successfully teach robots to do
complex tasks such as manipulation [6, 10, 11] and loco-
motion [12, 13]. Yet, generating data forML agents on phys-
ical robots [14] or training ML agents directly on physical
robots [6, 10, 11, 15] is expensive and inmany cases not fea-
sible (e. g., complex to setup the environment, wear-and-
tear while generating data, etc.).
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Figure 1: The proposed Hybrid Machine Learning Framework (HMLF).

(6) Safety
The application of HRC scenarios is another promising
approach to increase the degree of flexibility in hybrid-
automated production systems. Combining the strengths
of both the human worker and the industrial robot, lever-
ages the potentials of man and machine in industrial use
cases but at the same timeposes a significant effort to guar-
antee safety during the complete process execution. Fre-
quent changes in the products to bemanufactured also re-
quires layout adaptations and reconfigurations. For each
new layout reconfiguration, the risk assessment process
has to be carried out, safety functions have to be devel-
opedand installedby the safety engineers. These time con-
suming processes increase the overall proportion of non-
value-adding tasks, resulting in inefficient automation as
the lot size decreases [8]. Overall, future automation sys-
tems need to be characterized with a high degree of auton-
omy, to be able to learn newbehaviors, to adapt to changes
without explicit programming and to guarantee safety for
the human worker at all time.

(7) Deployment
When applying ML to solve parts of the aforementioned
challenges, it is common to use data acquired beforehand
or to rely on simulation. Thus, developing the solution is
done offline. Even though the resulting solutionmight per-
form very well on the data or simulation, this is not neces-
sarily true when the solution is deployed to the real-world
production scenario. A significant amount of adaptation of
the solution might be necessary to make it work properly
and reliably.

3 Hybrid machine learning
framework

To address the aforementioned challenges simultane-
ously, we propose a so-called Hybrid Machine Learning
Framework (HMLF) as depicted in Fig. 1, where all major

Table 1: Contribution of the HMLF’s main components for addressing
the challenges.

(1) (2) (3) (4) (5) (6) (7)

Physics simulator
ML: Supervised learning
ML: Reinforcement learning
Sim-to-real

non-value-adding tasks are allocated to ML without tak-
ing losses in process knowledge. For this purpose, it com-
bines three main components: physics simulator, ML, and
simulation-to-reality (sim-to-real) transfer for dedicated
robotics tasks. Themain idea is to provide a simulation en-
vironment with an integrated physics engine, where ML is
performed with simulation scenarios under realistic con-
ditions and thus, robots learn how to solve/execute certain
tasks.

As Tab. 1 indicates, combining these components al-
lows for solving the challenges described in Section 2. In
particular:
– By learning inside a simulation environment, ML can

cause no harm, and the learning processes can be ac-
celerated and parallelized based on available compu-
tational power and memory.

– Compared to standard non-physics simulator tools,
using a physics engine enables the reflection of con-
tact/collision forces, elasticity and deformability con-
siderations, and other aspects of the real world.

– An ML framework containing different algorithms is
integrated within the simulation environment to facil-
itate a seamless closed-loop interaction of the simu-
lation scenarios and selected actions by the ML algo-
rithms.

– The use of a simulation environment compensates for
the lack of data andhence offers the possibility for fea-
sible ML on virtual robots.

– ML relying on deep learning allows the extraction of
patterns and information from various sensors like
cameras, accelerometers, force/torque sensors, etc.
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– The performance of the ML algorithms will be en-
hanced for dedicated tasks/processes through the en-
coding of expert knowledge, i. e., the current manual
workers’ and supervisors’ experiences regarding the
dependencies between process parameters, best prac-
tice rules, potential parameter variations that arise
and cause problems—and what mitigation strategies
they use for dealing with these variations, etc.

– To increase the transferability of the learned robot
control algorithms from simulation to real world, the
simulation environment is endowed with a feature for
the dynamic randomization of relevant simulation pa-
rameters, e. g., position and tolerances of parts, etc.,
within given limits. Thus, increasing the robustness of
the learned algorithms to changes and deviations in
the real world.

HMLF provides a platform for engineers and ML re-
searchers to efficiently solve highly individualized produc-
tion tasks. The users of the HMLF can be divided into two
main categories: end-users such as production managers
and developers such as robot experts, simulation experts,
machine learning experts, etc. End-users input the follow-
ing items to HMLF (cf. left-hand side of Fig. 1):
– Product-Process-Resource (PPR) triples [16] or PPR-

Risk-Safety (PPR-RS) tuples [17]. PPR formally links the
product with the relevant resources and the produc-
tion process, while PPR-RS extends PPR with the risk
assessment and safety measures in HRC production
scenarios.

– 2D/3D layout models of the respective products and
used resources.

Besides these inputs, the main components of the HMLF
make use of and are extended by so-called Function Blocks
(FBs, cf. bottom of Fig. 1), which are constructed by devel-
opers. FBs allow injecting domain expertise and empower-
ing the HMLF with existing robot skills such as path plan-
ning. The following sections describe the components and
how the components utilize inputs provided by the users
and FBs. The framework can also be extended with func-
tion blocks for training ML models for (indirect) metrolog-
ical problems, like measuring the pose or size of objects
from image data as for instance required for robotic ma-
nipulation.

3.1 Physics simulators

The physics simulator is used to model the part of the real
world relevant for the desired application. In case of a pro-

duction process execution, it simulates the interaction of
the robot and its peripherals with the environment. The
simulated data is used by ML to learn/execute function
blocks. In turn, the accuracy of the simulation plays a role
in the accuracy of the function blocks learned. Yet, accu-
rately simulating the interaction between different bodies
is an active field of research [18] and the challenge persists
to achieve thebest possible compromise betweenaccuracy
of simulated interactions and performance of the simula-
tion environment. In regards to that, the general features
required from the physics engine in case of ML-driven au-
tomation are listed as follows (non-exhaustive):
1. Simulation of multi-body contacts for rigid and non-

rigid bodies with accurate physical models.
2. Support of modelling robot dynamics and sensors.
3. Real-time access to simulation data.
4. Modularity or possibility of being extendedwith phys-

ical models.
5. Adjustable performance-accuracy trade-off of the un-

derlying physics.

Many physics simulators applicable for robotics exist. Yet,
not a single simulator outperforms all the others, espe-
cially with respect to addressing the first aforementioned
feature [19]. In this paper, MuJoCo [18] and V-REP [20]
are used as reference simulators. However, the framework
remains generic for other physics simulators providing
the aforementioned features. MuJoCo is a general-purpose
physics simulator providing almost all the required fea-
tures [18] with a good overall performance in robotics [19].
V-REP is a specialized simulator for robotics.

Inputs
The 2D/3D models are used for creating the environment
setting in the physics simulator. In FBs, developers extend
the environment to include existing robot skills, safety
controllers, etc. to reflect a digital twin of the real world.
Developers can also extend the physics simulator or con-
figure the parameters of the physics engine, based on the
task, e. g., for clasping objects a joining model is needed.
Otherwise, the developers can ignore physics features to
speed-up the simulation.

3.2 Machine learning

The ML component comprises baseline algorithms that
can be used by FBs to learn how to solve given tasks. Cur-
rently, the algorithmsmainly fall under two categories: Su-
pervised learning (SL) and reinforcement learning (RL).
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SL
In general, supervised ML is concerned with learning a
(nonlinear) mapping y = f (x) from training data D =
{(xi, yi), . . . , (xn, yn)}. For the task of object detection from
images, x corresponds to the image and y to the location
or bounding box and the class of the objects in the image.
In the HMLF, training data is generated by means of the
physics simulator. Once themapping is learned accurately
enough, it can be applied on new data that can either be
from the physics simulator or the real world.

While there exists a plethora of ML algorithms, HMLF
mainly relies on deep learning (DL), which has shown out-
standing performance particularly on image data. DL uses
artificial neural networks (NNs) consisting ofmanyhidden
layers, sometimes several hundreds of them. The architec-
ture of the NN varies depending on the task at hand. Con-
volutionalNNs (CNNs) are chosen if imagedataneeds to be
processed, while recurrent NNs are suitable for time series
data.

RL
The goal of RL is solving sequential decisionmaking prob-
lems. The RL agent interacts with the environment, re-
ceives reward signals and accordingly learns a policy π(xt)
that maximizes the expected reward. π(xt) = at maps from
a state xt at a given time instance t to action at . For in-
stance, for an RL agent to control a robot arm to reach a
(movable) target point, xt comprises the target point and
the current joint angles of a robot arm, while at is the mo-
tor torques of every joint provided by the agent’s π(xt).

In order to learn the policy, RL tries to maximize the
expected reward

Qπ(xt , at) = E[G(τ)|π] , (1)

where τ = (x0, a0, x1, a1, . . .) is the state-action trajectory
and G(τ) is the discounted reward of the trajectory accord-
ing to

G(τ) =
∞
∑
t=0 γt ⋅ r(xt , at) .

Here, γ ∈ [0, 1) is the discount factor discounting rewards
further in the future, and r(xt , at) is the one-step reward
of being in xt and selecting at according to the given pol-
icy. With this general mathematical setup, many decision-
making tasks in robotics can be naturally formulated as an
RL problem.

Recent advances in RL heavily rely on DL, where deep
NNs are used to represent the expected reward function
(1), for instance in [21].

Inputs
Developers have to divide a given task into multiple sub-
tasks and for each sub-task select the best baseline al-
gorithm to solve the respective task. For instance, Hind-
sight Experience Replay (HER) can efficiently solve point-
to-point motion tasks without obstacles [22]. Developers
also have to configure theML parameters such as the num-
ber of NNs used in learning. Note that autonomously sub-
dividing tasks and selecting the best algorithm and config-
uration to solve the respective sub-tasks is an active area
of research [23] and will be considered in future work.

3.3 Sim-to-real transfer

The struggle of gathering real-world data in the domain of
roboticsmakes simulation environments attractive for em-
ploying ML. However, ML models trained with simulation
data fail when directly transferred to real robots due to the
reality gap between the simulated and real-world environ-
ments [24].

One trivial way to tighten the gap is to increase the re-
ality of the physics simulator by enhancing the granular-
ity of the underlying physical models [18, 19]. However, in-
creasing the reality of simulation comes on the cost of an
increased computational demand. Other techniques ad-
dress the reality gapby introducingnoise in the simulation
to increase the ML robustness. One technique is domain
randomizationwhich adds randomnoise to simulation pa-
rameters such as robot dynamics or sensory data [25]. An-
other technique is domain adaptationwhich considers the
difference indatadistributionswhen solving the same task
in different domains [26]. InHMLF, domain randomization
is usually employed.

Inputs
Through FBs, developers can extend the simulation mod-
els, construct sim-to-real methods and/or add collected
data that can be used by the respective methods.

3.4 Related work

Existing ML frameworks provide baseline algorithms that
can be used to solve general tasks [27, 28, 29]. Some
approaches adapt these algorithms to solve industrial
tasks on a physical robot [15, 11], which however do not
scale due to the challenges aforementioned in Section 2.
Other approaches cross the data hurdle by integrating ML
with physics simulation [30, 22] and use sim-to-real tech-
niques to transfer the learned task from virtual to physical
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robots [24]. Our approach bases on several concepts and
integrates different approaches to address the challenges
mentioned in Section 2 with the focus on industrial use
cases.

4 Use case
The HMLF is ought to provide solutions for a variety of
production tasks. In case of industrial use cases, these
tasks include grasping, manipulation, welding, assembly,
packaging, quality checks, just to name a few. So far, only
10.7% of all industrial robots in the world are used in the
automation of assembly processes [31]. Though, assembly
is the capstone process in manufacturing, accounting for
over 50%of the total production time and 20%of the total
production cost [32]. In the following, we therefore present
theuse case of electrical cabinet assembly,whichhas a sig-
nificant potential for automation [33].

4.1 Description

Electrical cabinets are mostly customized resulting in an
almost entirelymanual production due to the low lot sizes.
In nowadays cabinet assembly, the used components are
either already available at the manual production station
or the order is pickedupduring theworkpreparation.Most
of the components are unwrapped and placed in boxes or
bins and are therefore provided in a disordered represen-
tation to the humanworker. This representation poses sig-
nificant challenges to automated handling tasks.

The assembly process consists of the following steps:
(1) Identifying the electrical component and its goal po-
sition in the cabinet, (2) grasping the component out of
the bin, and (3) assemble it onto the DIN-Rail. Based on
the selected electrical component, the joining process can
be done by snap-fitting/clasping, screwing and/or rivet-
ing. The process is repeated until all components are fixed.
Next, the (4) wiring of the components takes place and
the (5) mounting plate is built into the cabinet followed by
quality-check processes. Finally, the electrical cabinet is
(6) packed and shipped to the customer. For the described
use case, we assume, that the mechanical assembly is
completed and the mounting plate with the DIN-Rails and
cable channels is already fixed to the cabinet housing. Of
interest in this paper is the process of assembling the elec-
trical components into the electrical cabinets.

The required tasks can be summarized as handling,
joining, and wiring. Out of these tasks, handling and join-
ing electrical components have high potential for automa-

tion and hence are of interest to be learned in simula-
tion. The wiring process is a challenging task for automa-
tion [34]. Nearly 100% of wiring in the automotive indus-
try is done manually [35]. Therefore, we assume that the
automation solution still depends on human workers to
at least carry out the wiring process in HRC. For each task
class,wedefine a corresponding function block as follows.

4.2 Handling

Identifying and grasping electrical components (steps 1
and 2) is challenging when they are not precisely placed
in the bin and automatic handling requires a vision sys-
tem for action planning. The scenario in bin-picking con-
sists of multiple objects being chaotically stored in a bin.
The task is to grasp an object out of the bin and forward
it to the next production step. First, potential candidates
are localized in the sensor data. Second, a suitable grip-
ping point is selected and a collision-free path is gener-
ated. Consequently, the pose of the object relative to the
gripper is known at the end and thus, the object can be
precisely disposed or assembled.

Traditional (model-based) bin-picking solutions re-
quire an object-specific configuration and programming
which limits the scalability. Solutions based on ML can
learn to localize and grasp novel objects without requir-
ing any manual teaching or have the potential to general-
ize to novel objects (model-free). The goal of the Handling
Function Block (HFB) is to increase the autonomy and per-
formance of bin-picking solutions using ML and simula-
tion. For the transfer of the HFB from the simulation to
the real world, we use domain randomization [25] instead
of domain adaptation [26] because the former technique
requires no samples from the real world which facilitates
scalability.

Pose estimation
Knowing the pose of objects is a crucial prerequisite for
many robotic grasping tasks. 6D object pose estimation
(OPE) is a long-standing challenge and an open field of re-
search since the early days of computer vision. The pose of
an object is fully described by a translation vector t ∈ R3

and a rotationmatrixR ∈ SO(3) of its bodyfixed coordinate
system relative to a given reference frame. The task of 6D
OPE is challenging due to the variety of objects in the real
world, potential object symmetries, clutter and occlusion
in the scene and varying lighting conditions, which affect
the appearance of the object in the image.

To generate scenarios typical for bin-picking, we drop
objects in a randomposition and orientation into a bin in a
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Figure 2: (a) Physics simulation for data generation: Objects are dropped in a random position and orientation above a bin to generate
scenes typical for bin-picking. A robot with a suitable gripper is used to simulate grasping processes. (b) Pose estimations of a deep neu-
ral network on real-world data visualized in simulation: The ground truth and the predictions are visualized in grey and green, respectively.

physics simulation as depicted in Fig. 2. Based on this, we
record adepth, RGB, and segmentation imagewith the cor-
responding labels like, e. g., the object class, 6D pose, and
visibility score for each object. Furthermore, the physics
simulation is used to determine how well each object can
be grasped in the given scenario based on physical grasp-
ing trials. For teaching new objects, no expert knowledge
or time-consuming manual configuration is needed. A 3D
object model is the only input that has to be provided.
Based on this, a dataset is generated via simulation and is
used to train a CNN for 6D OPE. To allow the model gener-
alizing in the real world, despite being trained entirely on
simulated data, various augmentations are randomly ap-
plied to the rendered training images during training, e. g.,
adding noise, blurring, elastic transformations, dropout,
etc. The trained model is applied on a real-world dataset
and achieves a high accuracy (see [36] for numerical val-
ues).1 Fig. 2 shows some qualitative results obtained from
our neural network on real-world sensor data from an En-
senso N20-1202-16-BL stereo camera.

Grasping
Grasping is a long-standing challenge in roboticmanipula-
tion. Learning vision-based robotic grasping on real-world
systems can last several months and the process has to be
repeated for changes in the system setupwhich limits scal-
ability [14, 37]. Simulations allow reducing [26] or avoid-
ing [25, 6] the expensive procedure of real-world data col-
lection. A physics simulation can be used for the execution
of physical grasps to, e. g., determine grasp success labels

1 We published a large-scale dataset for 6D OPE [36] to advance the
development of novel methods with advanced ML techniques like
deep learning. This dataset is used at the “Object Pose Estimation
Challenge for Bin-Picking” at the 2019 IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems (IROS 2019). Further informa-
tion regarding the competition and the benchmark dataset are avail-
able at http://www.bin-picking.ai/.

(self-supervised) for cluttered scenarios [38] or single iso-
lated objects [39, 40].

ML is a promising approach for robotic grasping be-
cause it has the potential to generalize to novel objects
that were not seen during training [14, 39, 41, 42, 43].
Those model-free methods can also be used for the HFB.
In case the precise pose of a rigid object is of interest,
a pose estimation step can be added to determine its pose
relative to the gripper. Common model-free grasping ap-
proaches predict grasp configurations through oriented
rectangles [41, 42, 43] or at pixel level [44] in the image.
Other approaches like [14] and [39] sample grasp candi-
dates and rank them using a CNN that predicts the proba-
bility of success. Using RL for robotic grasping, the robot
receives a reward signal of 0 when the grasp succeeds and
−1 otherwise.

4.3 Joining

In order to join an electrical component with the DIN-Rail
(step 3), precise force-controlled and position-controlled
robot movements are required. To simplify learning such
movements, the Joining Function Block (JFB) uses already
existing joining assembly skills such as in [45]. Conven-
tionally, such skills require users to define several param-
eters, such as positions and the respective contact forces,
in each step of execution. Steps include—assuming that
the robot grasped the component in a well-defined pose—
reaching a defined position above the DIN-Rail, moving
linearly into contact with the cabinet or rail until reaching
a defined contact force, moving linearly towards the DIN-
Rail until a defined contact force, and finally, executing a
rotary claspingmovement while maintaining defined con-
tact forces (cf. Fig. 3).

Manual parameterization of these skills to execute
such tasks is a cumbersome process and is prone to fail in
case of part or location tolerances. Several approaches use
ML in learning contact rich assembly operations on phys-

http://www.bin-picking.ai/
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Figure 3: Steps during the automated clasping process (figure taken from [45]).

ical robots [11, 46, 2, 15]. We extend these approaches to
learn in a physics simulator instead to facilitate scalability
and reduce wear of robots and parts.

The goal of the JFB is to autonomously learn parame-
terizing the skills to successfully join the electrical compo-
nents with the DIN-Rail. The JFB extends the physics sim-
ulator with joining models of the electrical components.
As an input, the JFB takes additional data such as ma-
terial parameters of parts of the product (e. g., modulus
of elasticity, tensile strength, and cross-sectional area),
process relevant parameters (e. g., maximum deviation of
the snap-fits) and resource specific models (e. g., gripper
and force/torque sensor). The JFB can use existing RL al-
gorithms such as Proximal Policy Optimization [47] for
reaching the goal posewith optimal deformation (e. g., not
breaking the part). To make the learned algorithm robust
towards tolerances, JFB uses domain randomization tech-
niques to randomize several process relevant parameters
(e. g., the location and geometry of the parts) during the
learning phase. The JFB outputs a control algorithm select-
ing parameters and sequences of a skill-based robot pro-
gram depending on recorded forces and torques applied
to the robot during the process.

4.4 Safety

The wiring process (step 4) is assumed to be performed by
a human worker while the robot is holding the cabinet (or
the mounting plate) or executing other tasks (handling or
fixation). The goal of the Safety Function Block (SFB) is to
optimize solving a given task while ensuring safe interac-
tion with the human worker and other components in the
environment.

Human-robot interaction types can be classified un-
der: isolation, co-existence, co-operation, or collabora-
tion [48]. For each interaction-type, existing safety stan-
dards (e. g., in [49, 50]) define different safety require-

ments. In the isolation scenario, the robot operates in
a protected workspace. The robot stops if the human
worker enters the workspace. In the co-existence sce-
nario, the robot andhumanworker co-exist in neighboring
workspaces during operation, while in the co-operation
scenario, the humanworker is sharing theworkspacewith
the robot but both are operating on different products.

In the collaboration scenario, the human worker and
the robot areworkingon the sameproduct simultaneously.
Collaboration scenarios include complex interactions be-
tween the human worker and the robot in the 6D space.
Creating 2D safety regions, which is common in industry,
would constantly slow down or stop the robot due to de-
tecting false hazards. In addition, the human worker can
exhibit unexpected behaviors that can lead to a hazardous
situation with the robot. This leads to strict safety require-
ments to ensure human’s safety which on the other hand
limits productivity and efficiency of the HRC scenarios.
With SFB, we aim at creating an ML-based safety function
that optimizes task execution using data received from
sensors (e. g., multiple laser scanners, radars, etc.) and in-
jected human behavior models in the physics simulation.

To better elaborate the SFB, we show the results of
learning a simple SFB for collision-free point-to-point mo-
tion. The task is defined as reaching a given goal position
in the workspace co-ordinate system (x, y, z) and safety is
defined as avoiding a static obstacle located at (xo, yo, zo)
(cf. Fig. 4). Without the obstacle, the task can be solved by
a simple inverse-kinematics solver, which is therefore in-
cluded in the SFB. Accordingly, the SFBdefines small steps
(δx, δy, δz) that are passed to the solver. The solver outputs
the corresponding joint velocities to the robot controller.
When the robot hits the obstacle, a contact force is fedback
to the robot. In SFB, we define a reward function r as

r(xt) =
{{{
{{{
{

0, if the goal position is reached
−20, if the robot arm hits the obstacle
−1.  otherwise
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Figure 4: (Top) One validation scenario where the robot mitigates the obstacle based on the learned SFB. (Bottom-left) Validation scenarios
with one obstacle position and 1,174 goals2. Red and green points represent goals which are successfully reached with and without colli-
sions respectively, and gray points represent goals which are not reached. (Bottom-right) Overall performance for validation scenarios.

The baseline RL algorithm used by SFB is HER (mentioned
in Section 3.2). The learning phase consists of 60k time-
steps with each time-step reflecting 200ms.

After training, the robot passes through a validation
phase inwhich the robot is given 50 randomobstacle posi-
tions, and for each obstacle position the robot has to reach
1,174 goal positions in a random sequence. Some of the
goal positions lie inside the table or the obstacle to test the
robot’s behavior in case of infeasible goals.

Fig. 4 shows the results. On average 91.3% (± 0.08%)
of the robot’s trails to reach the goalwere safe, out ofwhich
77.2% were successful. Out of the unreached goals, the
robot tried to safely reach 77.1% of goals but then gave
up. The results show that safe behavior can be learned
for static obstacles. Reaching 100% safety is a challenging
task which is devoted to future work. Still, reaching 100%
safety in the evaluations does not prove the safety of the
learnt policy, specially when the learnt policy is a deep NN
which is hard to interpret [51].

5 Conclusion and future work

The production paradigm of mass personalization pro-
vides a set of challenges to automation based on indus-
trial robots. In this paper, seven major challenges have

2 Target points are uniformly distributed from the center of the ob-
stacle (note that some infeasible goals are inside the obstacle and the
table but not visible in the figure).

been presented. To address theses challenges, a frame-
work was introduced that combines machine learning
techniques like supervised learning and reinforcement
learning with accurate physics simulations. This allows
the training of robots for ever changing production scenar-
ios on simulated data with high quality. The transfer to the
real world is supported by simulation-to-reality transfer
techniques. The applicability of the framework has been
demonstrated on the use case of assembling electrical cab-
inets.

This paper introduced the concept and a first real-
ization of the framework and demonstrated a successful
transfer from simulation to the real world for object pose
estimation. Further transfers to the real world are part of
future work. The modular structure of the framework al-
lows easily incorporating additional algorithms. Thus, fu-
turework is alsodevoted toprovide a significantnumber of
ML and sim-to-real algorithms. Furthermore, it is intended
to define and implement pre-defined function blocks for
many common production tasks.
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