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Execu�ve summary

Robo�c automa�on is mainly applied in the loading, unloading, and infeed processes of a logis�c sys-
tem, where human workers s�ll have a central role given their speed and reliability compared to current
available robo�c solu�ons. In fact, currently available robot solu�ons are o�en higher in cycle �me and
less reliable than a human, which is preven�ng logis�c companies from further automa�ng their pro-
cesses. To �ll this gap, a transi�on from pick-and-place towards pick-and-toss can help to speed up the
process and thereby improve the produc�vity of the robot solu�on.

To make the robots pick-and-toss instead of pick-and-place, impact-aware tossing was developed. Var-
ious components are developed and combined to achieve impact-aware tossing. Several models have
been developed to predict the behaviour of an item being tossed. These models include the behaviour
of an item being held by a suc�on cup, the release dynamics when it is being tossed as well as the be-
haviour of the item when impact with the conveyor occurs. To make use of the models, it is essen�al
to know the iner�al parameters of the object that the robot is going to handle. Therefore, a payload
iden��ca�on method was explored to determine the object iner�al parameters online. Although addi-
�onal sensing units such as vision system, IMU, or even a prior knowledge about object may facilitate
the payload iden��ca�on process, we decided to s�ck to the applica�on of propriocep�ve sensors and
avoid using exterocep�ve sensors that may not be in the scope of the project use cases. A planner was
developed that can �nd a release state when a desired rest pose of the item is given (see also deliverable
D�.�). To plan a mo�on of the robot towards this release state, a dynamical system based controller was
developed. This robot-independent second-order task-space dynamical system (DS) has been integrated
into the mc rtc� framework (a quadra�c programming (QP) task-space based control framework). These
components are developed, tested, and validated in simula�on. This is done by doing real-world exper-
iments and then parameterize the simula�on models to be able to repeat the real-world behavior, and
then be able to use the validated simula�on environment with the same controller that is running with
the real robot.

The item-conveyor models, the planner, and the controller have been integrated to do real-world test-
ing on a setup that resembles those used in the current industry. Tes�ng is done on both a Universal
Robo�cs UR�� robot as well as a Franka Emika robot. The benchmark results show the poten�al of the
I.AM. technology, especially for the traysorter scenario and a bin-to-belt system. The sensi�vity analysis
shows that item parameters do not have to be es�mated perfectly in order to toss accurately within a
desired window. The results show that by tossing items a ��% decrease in cycle �me can be achieved
when comparing on the same experimental setup. The tossing scenario is, however, not yet ready in
its current state to be used in the industry. This is because in the current tossing algorithm, the item
parameters are assumed to be known such that op�miza�on for a toss can be done o�ine. In the indus-
try, the item variety is large and it is most o�en not known what item is being handled next. Therefore,
parameter iden��ca�on and tossing op�miza�onwill have to be performed online. However, the report
shows by means of real experiments that tossing can indeed decrease the cycle �me of robo�c systems
in logis�cs by at least ��%, showing the poten�al gain it can generate on the current logis�cs industry.

�https://jrl-umi3218.github.io/mc_rtc/
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� Introduc�on

�.� I.AM. project background

Europe is leading themarket of torque-controlled robots. These robots are compliant and canwithstand
physical interac�on with the environment, including impacts, while providing accurate sensing and ac-
tua�on capabili�es. I.AM. leverages this technology and strengthens European leadership by endowing
robots to exploit inten�onal impacts for manipula�on. I.AM. focuses on impact-aware manipula�on in
logis�cs, a new area of applica�on for robo�cs that will grow exponen�ally in the coming years, due to
socio-economical drivers such as the booming of e-commerce and scarcity of labor. I.AM. relies on four
scien��c and technological research lines that will lead to breakthroughs in modeling, sensing, learning
and control of fast impacts:

�. I.Model o�ers experimentally validated accurate impact models, embedded in a high �delity sim-
ulator to predict post-impact robot states based on pre-impact condi�ons;

�. I.Learn provides advances in planning and learning for genera�ng desired control parameters
based on models of uncertain�es inherent to impacts;

�. I.Sense develops an impact-aware sensing technology to robustly assess velocity, force, and robot
contact state in proximity of impact �mes, allowing dis�nguishing between expected and unex-
pected events;

�. I.Control generates a framework that, in conjunc�onwith the realis�cmodels, advanced planning,
and sensing components, allows for robust execu�on of dynamic manipula�on tasks.

This integrated paradigm, I.AM., brings robots to an unprecedented level of manipula�on abili�es. By
incorpora�ng this new technology in exis�ng robots, I.AM. enables shorter cycle �me (��%) for appli-
ca�ons requiring dynamic manipula�on in logis�cs. I.AM. will speed up the take-up and deployment in
this domain by valida�ng its progress in three realis�c scenarios:

• a bin-to-belt applica�on demonstra�ng object tossing (TOSS scenario);

• a bin-to-bin applica�on demonstra�ng object fast boxing (BOX scenario);

• a case de-palle�zing scenario demonstra�ng object grabbing (GRAB scenario).

These scenarios are further abbreviated as the TOSS, BOX, and GRAB scenario.
In this report, we mainly evaluate the development and results of the TOSS scenario. In Sec�on �, we
descibe �rst the value the TOSS scenario poten�ally has for various applica�ons in the current industry
and what development the current industry is missing. Once the gap in the current technology is out-
lined, we discuss the components that are developed within the I.AM. framework with respect to the
TOSS scenario in Sec�on �. In Sec�on �.�, the setup of the simula�ons is described as well as the results
of tossing in simula�on. Experiments were done on real robots, which is shown in Sec�on �, where also
performance tes�ng and results are shown. Finally, in Sec�on � conclusions are drawn for the results of
the TOSS scenario.
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�.� Purpose of the deliverable

This report aims at providing insight on the demonstra�on of the TOSS scenario as well as an overview
of the components developed by the I.AM. consor�um over the course of the project. Also, it contains
the results of the integra�on of these components occurred in the period ��-�� September ���� during
a project integra�onweek. The I.AM. partners TU/e, CNRS, EPFL, Smart Robo�cs, Vanderlande a�ended
physically at the Vanderlande Innova�on Lab on TU/e campus in Eindhoven, while the partners TUMand
Algoryx supported remotely. The report contains furthermore the corresponding performance tes�ng
related to the results of the TOSS scenario.

Figure �: TU/e, CNRS, EPFL and Smart Robo�cs researchers working on the integra�on of components
for TOSS scenario.

�.� Intended audience

The dissemina�on level of this report is ‘public’ (PU) – meant for members of the Consor�um (including
Commission Services) and the general public.
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� Business value

The booming e-commercemarket, the increased labor scarcity and the need formore future-proofwork-
ing environments are driving the demand for robo�c automa�on in logis�cs. In the past, robots have
already proven their value in automa�ng highly repe��ve tasks (e.g. in automo�ve or manufacturing).
Nowadays robot solu�ons are also entering the logis�c world. Here they have to deal with less struc-
tured environments and a high varia�on in the products to handle.
Robo�c automa�on is mainly applied in the loading, unloading and infeed processes of a logis�c system,
where human workers s�ll have a central role given their speed and reliability compared to current
available robo�c solu�ons. In fact, currently available robot solu�ons are o�en slower and less reliable
than a human, which is preven�ng logis�c companies from further automa�ng their processes. To �ll
this gap, a transi�on from pick-and-place towards pick-and-toss can help to speed up the process and
thereby improve the produc�vity of the robot solu�on.
Two use cases are iden��ed forwhich tossing technology can be u�lized to speed up the robo�c process;
infeed on a crossorter infeed (see Figure �) and direct infeed on a moving traysorter (see Figure �).

Figure �: Manual infeed sta�ons that merge onto a crossorter

The crossorter in Figure � is one of Vanderlande’s parcel loop sorters. It is made of decks with a moving
conveyor that is used to sort the parcel towards the right end des�na�on. Parcels are loaded onto an
infeed conveyor, from where they are merged onto the crossorter. The parcels should be oriented with
their short edge leading and under a ��°angle.
The traysorter shown in Figure � is another loop sorter in the por�olio of Vanderlande which can be
used for parcel sorta�on. In this case, Parcels are directly loaded onto a traysorter moving at �.� m/s.
The parcels should be posi�oned in a window of the traysorter, but the orienta�on is not strict: only the
barcode should not be facing down so it can be read by barcode scanners in a later stage.

The crossorter infeed case will be used to explain the poten�al value of pick-and-toss compared to pick-
and-place solu�ons. A reference system is de�ned that represents a mid-size European parcel customer
with the following characteris�cs:
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• System capacity ��.��� pph,

• Capacity human operator �.��� pph,

• � infeed worksta�ons,

• Hourly rate§��/hr,

• Opera�on �h/day, � days/week, �� weeks/year.

We assume a robot induct sta�on with the following costs:

• Sales to customer (STC) price§���.���,

• Opera�onal cost§��.���/year.

The opera�onal costs cover the maintenance of the robo�c system and license fees.
As benchmark, we take a state-of-the-art industrial robo�c induct system that can reach ���� picks per
hour. Important to note is that those systemsmake use of an industrial robot (e.g., ABB or Fanuc). Those
robots can reach much higher accelera�ons than the cobots (Universal Robots’ or Franka Emika’s) that
are used in the I.AM. project. The industrial robots need to be fenced o� to secure human safety, so for
research purposes a collabora�ve robot is easier to workwith. It is assumed that the cycle �medecrease
that we can achieve on a collabora�ve robot can be transferred to an industrial robot.
So let’s consider the benchmark system with ���� picks per hour. We assume that this system can
handle the complete parcel �ow that passes the induct sta�on. With the above men�oned parameters,
this results in a return of investment of � years. In the I.AM project we aim to increase the throughput
of pick and place opera�ons by ��%. So applying I.AM technology to the benchmark system with ����
picks per hour, will lead to a throughput of ���� picks per hour. This decreases the return of investment
signi�cantly to �.� years.

Figure �: Manual traysorter infeed sta�ons
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� Developed components for tossing

In this sec�on, one can �nd the various components that are developed in order to achieve impact-
aware tossing. At �rst, the architecture is discussed, explaining what components are in the system and
how they relate to each other. Secondly, the components are discussed. These components are (a) the
dynamic models used for predic�ng tossing results, (b) sensing of the items (payload es�ma�on), (c) the
tossing planner, and (d) the controller tasked to execute the planned tossing mo�on. Finally, we discuss
the simula�on that was used to verify the tossing in a simulated environment.

�.� Tossing Robot Architecture

In this sec�on, the di�erent components of the developed TOSS framework are described. In Figure �, a
graphical overview of this framework is described, showing the core components and their interconnec-
�ons with other components. Star�ng on the top le�, the real-life setup is shown, which describes the
physical setup, consis�ng of one or mul�ple robots with a suc�on gripper, objects to be handled, and
the tossing environment, including for example the conveyor belt on which the objects will be tossed.
This physical setup is modeled in a virtual world model. This includes models of the robot and the
a�ached suc�on gripper with a �exible suc�on cup model, as well as models of the di�erent objects
being tossed and the environment where the objects land a�er tossing. To validate this virtual world
model, a model parameter valida�on procedure is performed by comparing tosses on the real setup
with iden�cal tosses in the virtual world. More informa�on on the models used in the virtual world
model and the parameter valida�on procedure can be found in Sec�on �.�, while the so�ware aspect
using AGX dynamics is explained in Sec�on �.�.
Using this validated virtual worldmodel, a planner is formulated, which currently uses a fully data-driven
approach: for a given object, several numerical tossing simula�ons are performed within a compact
set of ini�al condi�ons to determine the op�mal tossing release state for a given desired rest pose of
the object on the environment (e.g., a traysorter deck or a conveyor belt). Details of this planner are
given in Sec�on �.� and more thoroughly in the deliverable D�.�. Because in an industrial scenario the
iner�a proper�es of the object are generally unknown, a payload es�ma�on procedure is designed to
determine the object’s center of mass, weight, and iner�a tensor, so that a suitable tossing release
pose obtained using the planner can be retrieved, even when the object is unknown. Next to payload
es�ma�on, the shape and geometry of the itemmust also be known for accurate tossing, however, item
shape/geometry es�ma�on (by means of a vision system) is already exis�ng in the current industry, so
no focus for development has been done within the I.AM. project.
When the item parameters (such as mass, dimension, and iner�a) are known, it can be used together
with the desired rest pose of the item as input for the planner to �nd a desired release state. A Quadra�c
Programming based controller, for short QP robot controller, is designed to steer the robot in such a
way that the desired release state (pose and velocity) is reached. This controller can be used both for
tossing on the real setup, as well as in the virtual world model, allowing for safe preliminary tes�ng and
controller op�miza�on without requiring from the start the real setup. The details of the developed QP
controller can be found in Sec�on �.�.

�.� Dynamic Holding, Release, and Impact Models

This sec�on explains the model used for the tossing scenario. An accurate model is needed to predict
the behaviour of a toss. Firstly, the suc�on cup holding a box as well as the release dynamics of the said
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Figure �: Diagram showing the correla�on between di�erent components of the tossing framework

suc�on cup are described. This is done in Sec�on �.�.� and �.�.� respec�vely. In Sec�on �.�.� the impact
and fric�on dynamics of the box and the conveyor are detailed.

�.�.� Box-suc�on cup holding

The bellows suc�on cup is a ubiquitous gripper for robo�c package picking and placement in logis�cs. Its
compliance allows a robo�c manipulator to handle a wide range of packages, whether them being rigid,
semi-rigid, or deformable. When dealing with tossing mo�ons that will be generated autonomously by
a mo�on planner, the compliance of the suc�on cup must be taken into account in order to properly
compute the trajectories that will lead to have package landing in the desired loca�on. To forecast the
deforma�on of the suc�on cup during the holding phase, its dynamic behaviour needs to be modeled,
and the parameters describing such a model iden��ed.
In this study, the dynamics of the bellow suc�on cup gripper aremodeled using amodel-based approach.
The suc�on cup is assumed to be a massless �D force-torque coupled elas�c element. Based on the
surveyed literature, to model a spring wrench that has geometrical meaning, the elas�c element has
been derived from a spring poten�al energy func�on.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure �: Numerical implementa�on of the bellow suc�on cup dynamics model: (a) tool-arm and plate’s
�nal con�gura�on a�er 10[s] of numerical simula�on in the damped case; (b) VIOPlate and Tool-Arm
equipped with re�ec�ve passive markers used to record real data for the iden��ca�on procedure; CoM
posi�on and orienta�on (c) and energy (d) over �me in the undamped case; CoM posi�on and orienta-
�on (e) and energy (f) over �me in the damped case.

To validate the proposed model and its physical consistency, numerical simula�ons are carried out and
the system’s energy is evaluated. As reported in Figure �, star�ng from the ini�al tool-arm con�gura�on
(Figure �(a)) and keeping it in that �xed con�gura�on, the suc�on cup model holding a known payload
subjected to gravity is made, causing the payload to bounce inde�nitely over �me. Figure �(c) shows the
posi�on and orienta�on of the plate’s Center of Mass, while its Poten�al, Kine�c, Poten�al elas�c and
total energy is shown in Figure �(d). When also a �D damping term is modeled, the system dampens
its velocity reaching a rest pose, as can be seen from Figure �(e) while the system’s energy is shown in
Figure �(f). As expected, the total energy is constant in the lossless case, while decreases in the presence
of dissipa�on.
Currently, the s��ness and damping parameters of a real bellow suc�on cup are being iden��ed us-
ing Op�Track measurements (see Figure �(b)) and an object of known iner�al parameters that can be
opportunely modi�ed (Variable Iner�a Object) to fully excite the system’s dynamics. The iden��ca�on
procedure takes place in two phases: a sta�c one in which only the s��ness of the spring is iden��ed
and a dynamic one in which the damping term is determined. Despite the low signal-to-noise ra�o (the
displacement of the suc�on cup is quite small ([0, 1.5][mm]) compared to the Op�Track’s noise level
of ⇠ 0.2[mm]), the preliminary results are promising for experimentally valida�ng the bellow suc�on
cup dynamics model during the holding phase, which will subsequently allow us, once the model will
be integrated into the planner, to automa�cally generate tossing trajectories from the desired impact
posi�on of the package.
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�.�.� Suc�on cup release dynamics

During the release of the object from the suc�on cup, the suc�on cup exerts forces on the object that
determine its trajectory, and therefore its rest pose. Therefore, a dynamical model should be created
that allows to predict the trajectory of an arbitrary (known) object. A �rst step towards this model is
presented in [�], and a typical release experiment is shown in Figure �a. Once the trigger is given to
release the object from the vacuum gripper, pressurized air �ows into the suc�on cup, which makes the
suc�on cup elongate un�l its full length is reached. In [�], the release dynamics of a plas�c plate (with
di�erent a�ached masses) is studied in a one-dimensional se�ng. A set of experiments is executed
where the mo�on of the objects and the suc�on cup are recorded via a mo�on capture system. A
supervised learning approach is proposed that shows remarkable predic�on capabili�eswhen evaluated
on a test set, despite not having any direct informa�on about the suc�on cup state, see Figure �b.
Achieving an accurate predic�on of the �D force gives good hope that the same approach can be used
in the �D case, which is le� for future work. The reader is referred to [�] for further details.
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(b)

Figure �: Snapshots of a slow mo�on recorded video during a typical ver�cal dropping experiment (a),
and one of the results of the learned models (b). Source: [�]

�.�.� Object-conveyor impact model parameters

In Algoryx, the impact and fric�on dynamics are described using Newton’s impact law and Coulomb
fric�on law, respec�vely. Besides informa�on about themass, iner�a, and geometry of the object, these
laws require an es�ma�on of so-called contact parameters: the coe�cient of res�tu�on (eN ) and the
coe�cient of fric�on (µ). To obtain an es�ma�on of these parameters, experiments can be executed
where di�erent boxes are tossed on a conveyor. From these experiments, we use the pre-impact state
(pose and velocity) of the box as input for simula�ons, together with certain values of the parameter
set {µ, eN}. The post-impact velocity as result of the simula�ons is then compared to the measured
post-impact velocity, resul�ng in the costs shown in Figure �. These costs show a clear op�mum, which
provides us with the parameter values for µ and eN used in the simula�on environment. These results
will be presented in a paper for which a pre-print can be found online [�].
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Figure �: Resul�ng costs. The resul�ng costs show a clear op�mum for the coe�cient of res�tu�on and
coe�cient of fric�on.

�.� Payload es�ma�on

In the tossing scenario, to make sure that the object lands on its speci�c posi�on it is essen�al to know
the iner�al parameters of the object that the robot is going to handle. Therefore, a payload iden��ca�on
method was explored to determine the object iner�al parameters online. Although addi�onal sensing
units such as vision system, IMU, or even prior knowledge about the object may facilitate the payload
iden��ca�on process, we decided to s�ck to the applica�on of propriocep�ve sensors and avoid using
exterocep�ve sensors that may not be in the scope of the project use cases.
Let’s consider the standard rigid body dynamics model of a robot with n joints. Assuming the robot has
grasped an object, we need to es�mate the external torques (caused by the object) as well as posi�on,
velocity and accelera�on of joints to calculate the iner�a matrix (The bo�om part of Figure �, (Online
iden��ca�on)). To remove the measurement error and o�sets a novel calibra�on method is used such
that its o�ine data is exploited in online iden��ca�on approach. we also proposed to design a �lter
func�on that is similar to the �ltering characteris�c of the momentum observer and applied it to all
measurements. This generates a set of �mely aligned measurements and improves the performance of
payload iden��ca�on.
None of the payload’s iner�al parameters can be es�mated, as long as the robot trajectory does not
excite them. An appropriate choice of the robot mo�on has a signi�cant in�uence on the accuracy of
the iden��ca�on process. For the use cases in the I.AM. project, we may even need to execute another
task (e.g. moving to the releasing point for the tossing scenario), while the iden��ca�on approach is
in process. Therefore, an e�cient, but simple trajectory (� superposed sinusoidal func�ons) for the
payload iden��ca�on is used and poten�ally it can be integrated with a task mo�on. Further details
and results of this work can be found in the published paper at ���� IEEE Interna�onal Conference on
Robo�cs and Automa�on (ICRA) [�].
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Figure �: An overview of the proposed payload iden��ca�on method.

�.� Tossing planner

In a robo�c tossing scenario, the object’s trajectory �ying in space, impac�ng, bouncing, tumbling, slid-
ing, and �nally landing at a certain rest pose depends on the robot’s end-e�ector pose and end-e�ector
velocity at the moment of release, herea�er referred to as end-e�ector release con�gura�on�.
Our goal is to select an e�ec�ve end-e�ector con�gura�on for releasing the object given a speci�c target
rest orienta�on. The term e�ec�ve here means that we are aiming at a release con�gura�on that is
robust with respect to slight varia�ons in the ini�al condi�ons (the robot likely fails to drop o� the object
at the exact release pose with the exact release velocity) andmodel inaccuracies, and hence ensures the
object is landing with the desired surface in contact in a pre-de�ned user-desired target area.

Figure �: I.AM tossing planner pipeline.

�It depends also on the dynamical proper�es of the object and the environment.
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The approach as shown in Figure � requires an inverse impact model. The impact dynamics can be
accurately simulated forward in �me. Due to the highly non-smooth dynamical impact e�ects (such as
fric�on of two materials against each other) it is however almost impossible to infer an inverse impact
model analy�cally.
Therefore we are u�lizing learning techniques that can circumvent this problem. In order to acquire a
data set for the given robotmanipulator comprising release con�gura�ons and corresponding object rest
states, we propose to simulate the object’s �ight and landing trajectories, thereby including also highly
non-smooth dynamical impact e�ects. The output of the planner is an op�mal end-e�ector release state
consis�ng of a pose and velocity, which are collec�vely denoted as �⇤.

�.� Tossing controllers

In order to reach the desired op�mal end-e�ector release con�gura�on �⇤, we need to plan (and ex-
ecute with the robot) a tossing mo�on. The tossing task being mainly de�ned in task-space imposes
mo�on constraints to both transla�on and rota�on that must be sa�s�ed for its successful execu�on.
Moreover, the planning problem is also constrained by the robot’s dynamics and its hardware features.
Adop�ng mo�on genera�on inspired by the method for so�ly catching an object in �ight [�] allows
mee�ng �⇤ with the end-e�ector as a via-point. Thus, to address both the tossing mo�on genera�on
and its execu�on, a second-order� task-space dynamical system (DS) has been created, which has been
integrated into the mc rtc framework [�]. The mc rtc controller can be used to control both real-life and
simulated robots. Par�cularly, u�lizing the newly developed AGX interface, simula�ons for tossing the
object can be executed with the DS-based mc rtc controller and AGX dynamics. Further details on the
DS-based mc rtc tossing controller are provided next.

Figure ��: Overview of the constraint-aware tossing DS and its integra�on within the system.

�.�.� DS-based tossing mo�on genera�on

The desired tossing release state, from a control perspec�ve, represents an intermediate or transitory
state de�ned in terms of release posi�on and velocity that must be sa�s�ed simultaneously at the re-
lease instant. The robot can only pass through and not se�le to such a state. Besides reaching the
desired release state, an addi�onal requirement for the robot is to avoid task space collision (mainly
with the suppor�ng table) when execu�ng the desired tossing mo�on.
To address the tossing mo�on genera�on problem with the aforemen�oned requirements, unlike clas-
sical approaches based on mo�on planning, we adopted a solu�on based on dynamical systems (DS).

�Second-order DS here refers to a DS that outputs desired accelera�on for each posi�on and velocity state of the robot.
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Thus, the desired tossing mo�on is encoded into a �me-invariant and autonomous di�eren�al equa�on
that maps any robot’s state to its desired evolu�on. Such an approach o�ers fast and �me-independent
replanning abili�es and robustness to perturba�ons.
More precisely, to ful�ll the requirements of the tossing task, we proposed a modulated DS approach
where state-dependent modula�on func�ons locally shape the mo�on of the robot such that it passes
through the desired release states. An overview of the proposed DS is shown in Figure��. The main
idea is to generate mo�on towards an a�ractor located near the desired release posi�on, and when in
its vicinity (within the modula�on region), reshape the robot’s mo�on to also align it with the desired
velocity while moving towards the desired release posi�on. Thus, the proposed method simpli�es the
mo�on genera�on to reach a 2N -dimensional release state problem into an (N + 1)-dimensional at-
trac�on problem. This is achieved by projec�ng the mo�on, thanks to a task-related orthonormal basis,
into a space where the problem reduces to following a moving a�ractor in one dimension (along the de-
sired velocity) and to convergence to �xed a�ractors in the remaining orthogonal dimensions, as shown
in [�] in the case of dual-arm tossing.
Moreover, to sa�sfy the task-space constraints of the tossing task in both transla�on and rota�on,
we proposed to generate the mo�on in joint-space, where regardless of the desired release state in
task-space, the corresponding release state belongs to R2Ndof , with Ndof is the number of degrees-of-
freedom of the robot. This allows a straigh�orward applica�on of the proposed DS approach. Further-
more, to ensure that the mo�on generated by the DS sa�s�es joint limits in posi�on, velocity, accel-
era�on, and task-space limits (collision avoidance), we introduced into the DS the awareness of such
constraints through mo�on modula�on. Thus, using the robot’s kinema�cs, we transformed and em-
bedded the joint limit and task space polytopic constraints into mo�on modula�on matrices for the DS.
Figure �� illustrates ten simulated tossing trajectories generated using the proposed DS.

(a) (b)

Figure ��: Example of simulated ten trajectories generated using the proposed constraint-aware joint-
space tossing DS: (a) �D trajectories (green), ini�al posi�ons (black) and release posi�on (red). The
yellow plan represents the task-space obstacle that needs to be avoided; (b) corresponding joint velocity
norms. The norm of the desired tossing release velocity is in red, whereas the velocity norms of the
mo�ons generated by the DS are in other colors. At the release �mes (green ver�cal lines), the norms
of the joint velocity vectors equal the norm of the desired joint space release velocity.
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�.�.� Robot control through QP robot control (mc rtc)

To control the robots, both in the simula�on environment as well as in real-life, the mc rtc [�] control
framework is used. The la�er comprises a set of tools among which a task-space controller formulated
as a quadra�c programming (QP), solving a QP problem at all �mes separated by a �nite �me-step to
�nd the op�mal control inputs at that �me. The QP control approach allows to execute tasks as well as
possible using a weighted cost func�on for the di�erent objec�ves, while adhering to constraints, such
as joint limit constraints and (self-)collision avoidance constraints. Coupling of the mc rtc framework
with the Algoryx physics engine, by means of the GLUE framework developed during the I.AM. project,
is further detailed in the I.AM. project deliverable D�.�.
The control framework makes use of the �nite state machine (FSM) feature in mc rtc to execute the
en�re toss cycle, which is divided in di�erent states. Through the �rst states, the box is grabbed from
the tote and brought to a posi�on above the tote. Once this is �nished, the tossing state is entered. In
this state, the output of the planner (�⇤), which contains the desired end-e�ector pose and velocity at
the moment of release, is transformed to a desired release joint posi�on and velocity through inverse
kinema�cs. This desired joint state at the moment of release is used in the DS-based tossing mo�on
genera�on algorithm, further detailed in Sec�on �.�.�, to determine the desired joint velocity at every
�me-step. When this desired velocity is tracked, themo�on followed by the robot is given by the desired
path shown in Figure ��. Hence, the QP in the tossing state enforces a task, minimizing the error between
the desired and the measured joint velocity. When the release pose is nearly reached, suc�on of the
gripper is disabled and the package is tossed, a�er which the robots moves back to a posi�on over the
tote.
One thing to note is that the inverse kinema�cs procedure usedwithin the control framework will not al-
ways have a unique joint state corresponding to the desired Cartesian end e�ector state. This can cause
uncertainty, as minor changes to the desired end e�ector release state can result in en�rely di�erent
joint release states, and hence trajectories to reach the desired �nal pose. To minimize this unwanted
e�ect, the posi�on and velocity of a single joint is given as addi�onal input in the inverse kinema�cs pro-
cedure, which leaves only a �nite amount of joint states corresponding to the desired end e�ector pose.
Of these �nite poses, the infeasible states, resul�ng in self collisions or joint limit viola�ons are �ltered
out. However, for certain poses, mul�ple feasible solu�ons are s�ll found, resul�ng in the described
unwanted e�ect to be present to a smaller extent.

�.� Simula�on environment

Having a virtual representa�on of the world gives a safe, scalable and distributable test environment for
robo�cs. When it comes to manipula�ng objects with robots, it is clearly an advantage if the robot is
accessible to anyone, and the scenarios are con�gurable so that synthe�c data of a large test domain,
spanning any imaginable scenario, can be generated for valida�on and development of control algo-
rithms. For the virtual environment to be trusted, all the included components must be validated. By
doing real-world experiments and then parameterize the simula�on models to be able to repeat the
real-world behavior, and then be able to use the validated simula�on environment with the same con-
troller that is running with the real robot. To reach a good level of accuracy the simula�on needs to also
include the dynamics of �exible degrees of freedom both for joints and suc�on cups at the least. For a
control system developer, a simulated toss needs to generate realis�c sensor data including typical noise
from measurement devices to have any value.
To be able to record real-world behavior, advanced �Dmo�on capture systems have been set up at TU/e

��



(a)

Figure ��: Snapshot from the simula�on environment

for the TOSS and BOX scenarios, as shown in Figure ��.
Within the consor�um we have developed a concept for enabling valida�on and high �delity real-�me
simula�on, including �exible suc�on grippers, with a control system in the loop.

�.�.� Simulated components

For the simulated Franka Emika robot, illustrated to the le� in Figure ��, we like to repeat the toss op-
era�on in simula�on. To achieve this, �rst of all the dynamics of the robot itself need to perform in an
accurate manner. This requires the iner�a of each link, the joint motor accelera�on and s��ness, and
any end e�ector to be parameterized. Say that the robot is validated, and it can repeat the dynamics
of the real robot with a desired level of accuracy, then it is possible to use the simulated robot to also
validate the suc�on gripper by observing and recording the suc�on gripper behavior. Also, the interac-
�on between the suc�on gripper and a picked object and the interac�on between a tossed object and
the spot where it lands must be parameterized to be able to have a virtual toss environment that can
replace the real world when valida�ng and developing a toss controller.

�.�.� Simula�on so�ware and models

AGX Dynamics�, herea�er AGX, has been used to simulate the dynamics of the TOSS scenario. AGX gives
accurate force calcula�ons and enables physically based parameters to be tuned from extremely so� to
super s�� joints and contacts. An impact will propagate through the simulated mechanical structure
instantaneously. A suc�on gripper model has been implemented in the AGX toolkit, enabling quick
and easy con�gura�on of suc�on gripper dynamics. The simula�on models are de�ned in a declara�ve
format, BRICK, being developed parallel to the I.AM. project. This enables composi�on and hierarchical
modeling of reusable components with YAML based text declara�ons, with references to control signals.
Instead of having to convert other formats, like URDF which is widely used within robo�cs, it is possible

�h�ps://www.algoryx.com/agx-dynamics/
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to extend the exis�ng �les with string references. Deliverable D�.� provides further details about these
aspects.

�.�.� Simula�on run�me

A concept has been developed and a primary run�me is implemented. The run�me is a thin Python
layerwith theworking nameGLUE, for instan�a�ng the simula�on environment and for doing parameter
valida�on. Given a BRICKmodel the run�me ini�alizes a synchronous communica�on over a, soon-to-be
open source, communica�on framework CLICK. CLICK is also developed in parallel with I.AM. to enable
BRICK robot communica�on. CLICK is implemented in C++ and can be integrated with a client of any
controller framework. Within another project where Algoryx is involved, e.g., the company ABB has
integrated CLICK with their virtual controller, which also enabled Algoryx to reuse the CLICK integra�on
within yet another project. Deliverable D�.� provides further details also about CLICK.

�.�.� Valida�on procedure

A collabora�on between the partners of I.AM has started the development of a Python framework for
valida�ng simula�on components. The idea of the framework is to start from real-world data in a struc-
tured and documented format, and using this be able to both ini�alize simula�ons in any recorded
con�gura�on and start the simula�on from that state. The simula�on trajectory is validated through
its comparison with the following real-world trajectory. The framework is used for o�ine parameter
valida�on, where the parameters are validated outside the framework, as explained in �.�.�. The full
concept of GLUE includes online valida�on of the simula�on parameters with a control system in the
loop.

�.�.� Expected user experience

A control system developer implemen�ng a QP controller using the mc rtc framework with access to
a URDF �le describing a robot of interest should be able to augment the robot with �exible joints and
a suc�on gripper using the BRICK modeling format. �D torque/force sensors can be added to any joint,
and it is possible to a�ach an IMU sensor anywhere on the robot.
By authoring a simula�on environment with validated simula�on models, i.e., box, conveyor etc., using
BRICK, the control system can synchronously control the simulated robot if implemented using a con-
troller framework with CLICK client integra�on. The joint signal inputs can either be posi�on, velocity or
torque, and each joint does automa�cally have posi�on, velocity and torque sensors. Boolean signals,
like the one for enabling or disabling the vacuum, can be declared generically. Simula�on model param-
eters are possible to validate using a di�erent run�me, which op�mize a set of parameters by trying to
match simula�on trajectories/behavior with real world trajectories/behavior. The parameter valida�on
run�me support quick reloading of the simula�on environment in recon�gurable ini�al states to enable
instan�a�on from variable recorded real world states and search for op�mal parameters in a prede�ned
parameter space.

�.�.� Release of GLUE

The goal is to release the interface for GLUE with the I.AM. project deliverable D�.� ”Physics Engine API
for Learning, Planning, Sensing, and Control”, which is due in June ����. The parts of GLUE will step by
step become available as open source. For example BRICK is currently being re-engineered in C++, to
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enable integra�onwith na�ve run�me environments, and a public BRICK release is not being considered
before that work is done. Further details about GLUE, BRICK, and CLICK can be found in the mean�me
in the I.AM. project deliverable D�.�.

� Performance tes�ng

With all the components developed, tes�ng can bedone to evaluate the performance of the tossing algo-
rithm, this will then be compared to the pick-and-place scenario. First, we will discuss how performance
can be measured to compare tossing to picking and placing. Second, the test plan will be discussed,
followed by the test setup used for performance tes�ng. Lastly, the test results will be shown together
with a sensi�vity analysis. This sec�on details the test plan used to compare the tossing algorithm with
classical placement of items.

�.� Performance evalua�on (KPIs)

In this sec�on, we discuss how performance in the current industry is measured and how it will be used
to evaluate the performance of the TOSS scenario. In the current industry, performance is measured
by means of key performance indicators (KPIs). Key performance indicators are measurable values that
indicate how well a system is performing, which makes comparison between systems possible through
these measurable values. First, we will discuss the key performance indicators that are used in the
current industry. In the current industry, the following KPIs are measured:

• Throughput [items/hour] (The number of items the system is able to successfully process in ��
minutes)

• Average cycle �me [s] (average �me it takes from one pick to the next pick)

• Average pick and place �me [s] (average �me it takes from pick to place)

• Mean �me between failures [hours] (average �me between system breakdowns)

• Mean �me to recovery [s] (�me required to repair a system and restore it to full func�onality)

• Retry rate/pickability [items] (average amount of picks needed before an item is successfully
picked)

• Accuracy [%] (The input of items compared to the output)

• Quality [%] (the percentage of items that did not receive no�ceable (upon inspec�on) damage
from being handled by the system.)

The throughput is de�ned as the average amount of items the system is able to handle in �� minutes.
This includes wai�ng �mes such as switches of totes and wai�ng for errors to recover. The average cycle
�me is de�ned as the �me it takes from pick to pick. More elaborate, the cycle starts once an item is
picked and ends when the next item is picked from the tote, thus comple�ng one complete cycle. The
average pick and place �me is the �me it takes from the moment the robot has picked an item �ll it has
placed the item at the designated target. The di�erence, therefore, between the average cycle �me and
the average pick-and-place �me, is the �me it takes for the robot to move to the next pick, in Figure ��
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one can see a diagram visualizing the cycle �me and pick and place �me. The mean �me between fail-
ures describes the average �me between system breakdowns and is usually calculated by dividing the
total ac�ve �me by the number of operator interven�ons. The higher the mean �me between failures
the be�er, as this means no operator interven�ons are needed and the robot can con�nue happy �ow.
If the robot does go into an error state, the mean �me to recovery will indicate how long it will take for
the robot to recover from the error before it can con�nue its happy �ow. The retry rate (also referred to
as pickability in industry) describes how well the robot is able to perform a pick. Some�mes, the robot
has trouble picking an item and it has to try mul�ple �mes before it is able to successfully grab an item,
the retry rate gives an indica�on of howmany �mes the robot needs to pick on average before it has an
item a�ached. The system should always pick/place the correct number of items. The accuracy value is
the percentage of item transfers that result in the correct number of items being picked from the source
container aswell as the correct number of items being placed at the target. Situa�ons that could prevent
this from happening are e.g: losing items while picking or placing, double picks, and accidental drop-ins.
No visible and/or structural damage to the items should occur when being handled by the system. The
quality value is the percentage of items that did not receive no�ceable (upon inspec�on) damage from
being handled by the system.

Figure ��: Diagram of the cycle �me and pick and place �me. Following the black arrows, a full cycle is
done when the same state is reached where you started (e.g from one pick to the next pick). The red
arrows indicate the pick and place �me. The blue arrow indicates the ini�al step necessary to enter the
cycle.

Using all these performance indicators and looking at the various combina�ons, the performance of the
system can be determined. For this project, a goal of a �� % speed-up in cycle �me is set for the TOSS
scenario. Therefore, the average cycle �me and average pick and place �me are good key performance
indicators to monitor if and where a speed up might take place. We will not use the throughput as a KPI
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for the TOSS scenario. The throughput includes the cycle �me as well as tote wai�ng �me and wai�ng
for errors, which the TOSS scenario does not aim to improve. Because the tossing scenario only concerns
the placement of items, we will not concern ourselves with KPIs that describe the picking phase such as
the retry rate. We will not use the mean �me between failure as a key performance indicator, as well as
the mean �me to recovery, as these are also KPIs the TOSS scenario does not aim to improve (and also
require extensive endurance tes�ng). However, during tes�ng, it will bemonitored if tossing does lead to
more operator interven�ons compared to the tradi�onal placement of items. When placing items from
a tote on a belt there is a chance that the item will be lost during the mo�ons of the robot. To monitor
if this will occur more o�en during tossing, the accuracy will be monitored. Within the accuracy, we can
also monitor if items do end up where we want them to (and for example do not tumble or land outside
the target). The quality is also something that we do not aim to improve within the I.AM. project, but
also for this KPI we will monitor during tes�ng if the items su�er visible damage while being handled. In
summary, the KPIs that will be used to compare the performance of tossing with placing are:

• Average cycle �me [s]

• Average pick and place �me [s]

• Accuracy [%]

Lastly, some monitoring needs to be done to test for the applica�ons described in Sec�on �, for some
of these applica�ons it is important that, for example, the item is placed at a certain angle or that the
barcode of the itemdoes not face down. These extra requirements per applica�on are shown in table �.�.

Characteris�cs of the di�erent TOSS scenarios

Infeed Traysorter

Applica�on Bin-to-Belt Bin-to-Window

Conveyor speed Up to 1.5m/s Up to 1.5m/s

Tumbling allowed Allowed (not desired) Allowed (not desired)

Window size x = 1300mm,
y = 2100mm

x = 400mm,
y = 400mm

or

x = 400mm,
y = 600mm

Stance requirement Barcode not down Barcode up

Rota�on requirement Short edge leading w.r.t.
crossorter, 30� ± 5�

Rota�on arbitrary

Mass range < 4kg < 4kg

The requirements together with the presented KPIs will be monitored during tes�ng as shown in the
testplans in Sec�on �.�. In Sec�on �.�, the results for these KPIs and requirements for the TOSS scenario
can be found.
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�.� Test plan

In this sec�on, the test plan to analyze the performance of the tossing algorithm in an industrial-like
scenario is described. First, the tossing algorithm is detailed, therea�er the place algorithm is explained
and lastly the metrics by which the test execu�ons are measured are discussed.

�.�.� TOSS algorithm

For the tossing algorithm, the planner, controller, the simula�on environment, and the object-conveyor
impact model parameters described in Sec�on �.� are used. As the I.AM. project is not focusing on
speeding up the picking process, it was decided to use a simple pick algorithm. In the industry, picking
is done by using computer vision to detect items and determine grasp poses. Now, items are placed
at a known posi�on and picked with a predetermined grasp pose in the middle of the item. The items
that will be picked and tossed are boxes as ��% of the items handled in the Vanderlande industry are
boxes. In this test plan, the boxes will be of uniform weight, because the used planner (see Sec�on �.�)
assumes items of uniform weight. It is assumed that the proper�es of the box, listed as box � in the
item archive� are known. First, the planner is used to determine the release pose and velocity of
the box given the data of simulated N randomized tosses with the box conveyor model in combina�on
with a desired rest posi�on ful�lling the characteris�cs of table �.�. Given the release con�gura�on, the
controller in combina�on with the dynamical system is used to generate the mo�on a�er picking up the
box.

�.�.� Place algorithm

In order to compare the KPIs of the tossing algorithm with picking and placing, a pick and place algo-
rithm also has to be made. To make a fair comparison, the same robot will be used with the same pick
posi�on and target, where the robot is allowed to have the same mo�on limits as the toss algorithm.
The place algorithm uses the same mo�ons for moving to the pick posi�on and picking the item as the
toss algorithm. The only di�erence is the placemo�on as opposed to the toss mo�on. The placemo�on
has been created using a cubic spline that the robot will follow while staying within the mo�on limits.

�.�.� Metrics

As listed above, the tossing and placement algorithms have been compared on the average cycle �me,
average pick and place �me, and accuracy. Below, it is explained in more detail how each KPI is evalu-
ated. The item handling consists of several states. The state diagrams for both tossing and placing are
illustrated in Figure ��
The average cycle �me for both tossing and placing is the �me it takes to go from moving to the pick
posi�on of the �rst box to moving to the pick posi�on of the second box. The average pick and place
�me is the �me it takes to go from the state of picking up the item to the state of placing the item. The
�me and state switches are stored using the logging framework of the QP robot controller mc rtc�.
The accuracy of each placement and toss is evaluated as the percentage of items that are successfully
placed or tossed. The proper�es that determine a successful accomplishment of this task are dependent
on our industry scenario. The two scenarios taken into account are the traysorter and infeed scenarios
described in Table �.�.

�http://impact-aware-robotics-database.tue.nl/objects
�https://jrl-umi3218.github.io/mc_rtc/tutorials/usage/logging.html
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For the traysorter scenario an item is successfully handled if:

• The rest posi�on of the handled item is on the conveyor in a de�ned window of 2100⇥1300mm.

• The yaw of the orienta�on of the rest posi�on of the box is within the 5 degree error margin.

For the Infeed scenario an item is successfully handled if:

• The rest posi�on of the box is inside the traysorter, equal to a window of 400⇥ 600mm.

�.� Test setup

To show the poten�al of the TOSS scenario, experiments need to be done with a setup that resembles
what is used in the current industry. For this, a setup was made that consists of a robot located on a
table with a compartment to pick items from. A conveyor belt is added at the back side of the table
such that the robot can pick from the totes and then either toss or place items on the conveyor belt at
distances that resemble the ones in the current industry. The test setup can be seen in Figure��, while
the schema�c can be found in Figure ��.

Figure ��: The test setup used for the valida�on of the TOSS scenario with the workspace of the UR on
the le�, the belt in the middle and the work space of the Franka Emika robot on the right
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The test setup contains both a UR�� by Universal Robots and a robot by Franka Emika. The UR�� is a
�-DoF robot. The Franka Emika robot is a �-DoF robot capable of impedance control. A GS�� gripper by
Smart Robo�cs will be a�ached to the end e�ector of each robot. A suc�on cup can be a�ached to the
gripper. The most commonly used suc�on cup by Smart Robo�cs is the FLI�� with a foam lip by Piab �.
The setups will both support blow-o� to gain control over the release phase when tossing an item. In
Figure ��, one can see a schema�c of the test setup.

UR10 Panda

100 cm

200 cm

260 cm

100 cm

40 cm

16 cm

60 cm

12 cm

Height: 0 Heigth: 10-15 cm

Figure ��: A schema�c of the test setup, where the table is shown with the color ocher and grey is the
conveyor belt.

Also, an Op�Track system is present to track the items that are tossed, such that its posi�on can be
monitored during �ight for debugging purposes. In order to use this Op�Track system, items have to be
equipped with M� s�ckers, an example of an item equipped with M� s�ckers for the Op�Track system
can be seen in Figure ��.

Figure ��: Example of item equipped with M� Op�Track markers.

To evaluate the performance of tossing on a traysorter, a traysorter is placed on top of the belt. This is
illustrated in Figure ��. The crossorter infeed scenario will be mimicked by tossing items on a conveyor
belt moving at a speed of 1.5m/s. The conveyor-box model is also op�mized for a box landing on a
conveyor belt.

�http://www.pi-vacuum.com/pdf/Suction%20cup%20piGrip_GB.pdf

��

http://www.pi-vacuum.com/pdf/Suction%20cup%20piGrip_GB.pdf


�.� Tossing test results

In this sec�on, the tossing test results will be discussed. All tests were repeated �� �mes to �nd the
average values for the KPIs, where the resultswere consistent. A�er running the planner to �nd a release
pose, a toss was foundwhich is shown in the following images, the same toss was used for the traysorter
scenario as well as the cross sorter scenario as described in Sec�on �. To mimic the crossorter infeed
scenario, tossing is done on conveyor belt moving with a speed of 1.5m/s as described in Table �.�, the
toss can be seen in Figure �� in Appendix A

(a) Picking item. (b) Moving out of tote with item.

(c) Dynamical system, moving towards toss. (d) Tossing at release pose.

(e) Item landed in its rest pose. (f) Robot moving back to new pick.

Figure ��: The Franka Emika robot, tossing items in the traysorter in various steps.
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In the table below, one can �nd the results of the benchmark done for the traysorter scenario:

Benchmark results for traysorter scenario

Toss Place

Average cycle �me �.�� s �.�� s

Average pick and place �me �.�� s �.�� s

Accuracy ���% ���%

Failures � �

Barcode up ���% ���%

The average pick and place �me is �.�� seconds for tossing while it is �.�� seconds for placing. The
average cycle �me is �.�� seconds for tossing and �.�� seconds for placing an item. It is important to
note that the throughput of an item handling applica�on is determined by the number of unsuccessful
places, errors, but most importantly the average cycle �me. In this case the picking mo�on takes up a
rela�vely large part of the total cycle �me as it has not been fully op�mized. S�ll a speed up of ��.�% in
the total cycle �me is realized, as can be seen in Figure ��. Looking just at the pick and place �me, the
tossing algorithm is however actually ��.�% faster.

Figure ��: Timeline comparison of tossing and picking mo�on. Illustra�ng the ��% performance gain.

For both tossing and placing, all items successfully landed in the traysorter, resul�ng in ���% accuracy
for both cases. No errors caused by the tossing mo�ons occurred during the experiments. In all cases
when the item was picked with the barcode up the resul�ng toss and place also resulted in the item
landing with the barcode up.
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Benchmark results for crossorter infeed scenario (tossing on a conveyor belt)

TOSS Place

Average cycle �me �.�� s �.�� s

Average pick and place �me �.�� s �.�� s

Posi�on accuracy ���% ���%

Orienta�on accuracy �% ��%

Failures � �

Barcode not down ���% ���%

For the crossorter infeed scenario (tossing on a conveyor belt), the same op�mized toss and place were
used as in the traysorter scenario (with the robot making the same mo�ons), which results in the same
average cycle �mes and average pick and place �mes as the traysorter scenario. In the infeed scenario,
the aim is to place items on a moving conveyor belt at the same consistent angle. When tossing, all
items always landed on the conveyor belt (and also never tumbled o� the the conveyor belt), this was
also true while placing items. However, in the tossing scenario, the items always landed or tumbled such
that it landed in rest pose with a rota�on error bigger than 5�. When placing the item, the rota�on error
was bigger than 5� ��% of the �me, which makes both scenarios unusable for the crossorter infeed sce-
nario without external applica�ons to correct the angle of the box. However, for a bin-to-belt scenario,
where the rota�on is arbitrary, the tossing scenario is valuable as it realizes a speed up compared to
placing. For the crossorter infeed scenario the item should not land with the barcode down. All tosses
and places resulted in a rest pose of the item where the barcode was not down. On two occasions the
item tumbled on its side, but s�ll not with the barcode down.

A comparison was made between simula�on and real-world experiments to see if di�erences occur. By
using markers and the op�track system described in Sec�on �.� the box can be tracked in�ight and its
posi�on tracked in x,y, and z. In Figure ��, the comparison of simula�on (blue line) and real world (red
line) for x, y, and z is shown
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Figure ��: The x,y,z posi�ons of the box over �me. Both of a real (red) toss, captured by op�track and
that of simula�on (blue) in the AGX environment. The target window (black) is also shown.

As can be seen, there are some slight di�erences between simula�on and real world, this could be
explained by fact that in the simula�on the suc�on-cup is modeled as rigid while in the real world the
suc�on cup is compressed while holding a box. It is expected to be improved by using the box-suc�on
cup holding model as well as the suc�on cup release dynamics model described in Sec�on �.�.� and
�.�.�, that were not yet integrated for the benchmark tests.
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�.� Sensi�vity analysis

To get an insight into the needed accuracy of the parameter iden��ca�on, a rough sensi�vity analysis is
done. This is done by execu�ng the same tossing mo�on but with slight varia�ons in the proper�es of
the box and picking loca�ons. For these tosses only the accuracy is taken into account as the cycle �me
and pick and place �me vary li�le. Each of the varia�ons is tossed � �mes. The varia�ons as well as their
success rate has shown in Appendix B. The proper�es of each box can be found in the item archive�.

�.� Using the UR��

To show that the tossing framework developed within the I.AM. project can be easily reused on other
robots, the toss inside a traysorter has also been demonstrated for the UR��. This demonstra�on is
illustrated in Figure ��.

(a) Picking item. (b) Moving out of tote with item.

(c) Dynamical system, moving towards toss. (d) Tossing at release pose.

(e) Item landed in its rest pose. (f) Robot moving back to new pick.

Figure ��: The UR��, tossing items in the traysorter in various steps.

�http://impact-aware-robotics-database.tue.nl/objects
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A full benchmark with the UR�� has not been done, however, when doing tes�ng with the UR�� the
performance was similar compared to the benchmark done for the Franka Emika robot.

�.� Evalua�on

In conclusion, the benchmark results show the poten�al of the I.AM. tossing scenario on a experimental
setup that was build to mimic real setups exis�ng in the current industry, especially for the traysorter
scenario and a bin-to-belt system. For the crossorter infeed applica�on, the angle of the rest pose of the
items is not consistent enough to be already be employed in real applica�ons. At the same �me, this is
to be expected because the developed planner does not consider such a quan�ty and a clear strategy
for improvement is available.
The sensi�vity analysis shows that item parameters do not have to be es�mated perfectly in order to
toss accurately within a desiredwindow, nor picked upwithmillimiter accuracy. The results show that by
tossing items a ��% decrease in cycle �me can be achieved when comparing on the same experimental
setup. As men�oned, the tossing scenario is not yet ready in its current state to be used in the industry.
This is also because in the current tossing algorithm, the item parameters are assumed to be known
such that toss planning op�miza�on can be done o�ine. In the industry, thousands of di�erent items
are used and the iner�a, s��ness, and geometry of the item to be handled is not known a priori. It
is therefore required, in the near future, to develop fast online parameter iden��ca�on and tossing
op�miza�on. For iner�al parameter iden��ca�on, the �rst steps has been already taken as described in
this deliverable and related publica�ons.
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� Conclusion

This deliverable described the implementa�on details of I.AM. tossing technology on UR�� and Franka
Emika robots, including tes�ng and benchmarking results of dynamic (non-zero speed, and object-and-
environment aware) tossing in comparison with standard (almost zero-speed, object-and-environment
unaware) placing. Second, the deliverable provides an overview of the poten�al value of impact-aware
manipula�on technology for speci�c exis�ng applica�ons, as provided by industrial partners Vander-
lande and Smart Robo�cs. These applica�ons are the traysorter and (cross-sorter) infeed applica�ons.
Furthermore, the components that have been developed during the I.AM. project, which are deemed
crucial for accurate tossing, have been explained. An architecture was made to make sure that separate
developed components can be integrated together to perform accurate tossing. Modelswere developed
to predict behaviour of an item when it is held by a suc�on cup, as well as the release dynamics of said
suc�on cup. Also, the impact and the fric�on dynamics between the box and the conveyor belt have
been detailed. In order to use these models, and make a predic�on on the behaviour of an item when it
is being tossed, its proper�es must be known. Therefore, a payload iden��ca�on method was explored
to determine the objects iner�al parameters online. A planner was developed that can compute a re-
lease con�gura�on, given a target rest orienta�on of an item. In order to reach the desired end-e�ector
release con�gura�on, a controller was developed that plans and executes a non-linear point-to-point
mo�on in joint space, where the controller is constrained by the robot dynamics and its mechanical and
electrical hardware features. The controller is a DS-based mc rtc controller with AGX dynamics simula-
�on for tossing the object. Using themodels, a simula�on environment of the tossing scenario has been
created for valida�on and development of control algorithms.

The box-conveyor models, the planner, and the controller, and the simula�on environment, have been
integrated for real-world tes�ng. Payload es�ma�on could not be fully integrated and items with known
parameterswere used to perform tossing. Tossing has only been donewith carton boxes, which are how-
ever extremely represan�ve: according to Vanderlande, ��% of items that are handled in their systems
in the applica�ons men�oned above are boxes.

A test setup consis�ng of a Franka Emika robot and a UR�� were used for real-world bench marking
of the I.AM. tossing technology. Key performance indicators have been iden��ed for a performance
comparison between tossing and picking-and-placing. A pick-and-place algorithm using the same setup
with the same control framework has been made for a fair comparison. A benchmark was done show-
ing a ��% speed up in cycle-�me while s�ll being accurate enough for industrial applica�ons such as the
traysorter and bin-to-belt systems. For the infeed scenario the tossing was not able to throw the box at
a consistent orienta�on. A sensi�vity analysis was done to check whether the tossing algorithm is s�ll
accurate when parameters such as the pick posi�on, item dimensions, and item weight deviate. The
sensi�vity analysis shows that tossing is s�ll accurate with devia�ng parameters. The tossing scenario
is, however, not yet ready in its current state to be used in the industry. This is because in the current
tossing algorithm, the item parameters are assumed to be known such that op�miza�on for a toss can
be done o�ine. In the industry, the item variety is large and it is most o�en not known what item is
being handled next. Therefore, parameter iden��ca�on and tossing op�miza�on have to be done on-
line. However, the report shows that tossing can decrease the cycle �me of robo�c systems in logis�cs
by ��%, showing the poten�al impact it can have on the current logis�cs industry. The I.AM. partners
are commi�ed to address at best these missing components during the remaining project �me and to
set up other join ini�a�ves for addressing the remaining aspects a�er the project’s end.
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A Infeed scenario tossing

In the following �gure, one can see the tossing that was performed on a moving conveyor belt to mimic
the cross-sorter infeed scenario, as described in Sec�on �.

(a) Picking item. (b) Moving out of tote with item.

(c) Dynamical system, moving towards toss. (d) Tossing at release pose.

(e) Item landing on conveyor belt
(f) Robotmoving back to newpick and itemmoving along
the belt.

Figure ��: The Franka Emika robot, tossing items on a belt to mimic the cross-sorter infeed scenario in
various steps.
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B Results of the sensi�vity analysis for tossing

To get an insight of the needed accuracy of the parameter iden��ca�on, a preliminary sensi�vity anal-
ysis is performed. This is done by execu�ng the same tossing mo�on but with slight varia�ons in the
proper�es of the box and picking loca�ons. The results of this sensi�vity analysis can be seen in the
following Table B

Results for sensi�vity analysis infeed scenario

Varia�on Accuracy Traysorter Posi�on Accuracy In-
feed

Orienta�on Accuracy
Infeed

Box � ���% ���% ��%

Box � ���% ���% �%

Box � ���% ���% �%

Box �, �cm o�set x axis ���% ���% �%

Box �, �cm o�set x axis ���% ���% �%

Box �, �cm o�set x axis ��% ���% ��%

Box �, �cm o�set x axis ��% ��% �%

Box �, �cm o�set y axis ���% ���% �%

Box �, �cm o�set y axis ���% ��% �%

Box �, �cm o�set x and
y axis

���% ���% �%

Box �, �cm o�set x and
y axis

��% ���% ��%

Box �, �cm o�set x and
y axis

���% ��% �%

Box �, �cm o�set x and
y axis

��% ��% �%
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