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EXECUTIVE SUMMARY 

This document is a deliverable of the CoLLaboratE project that presents the results of task 3.1 

“Learning of Physical Human Robot Cooperation”. The task aims at developing basic collaborative 

skills for robots towards intuitive and adaptive cooperation, particularly for the control of the 

robot at the stage of the collaborative task execution that follows the teaching by 

demonstration.  

The presentation of the conducted research is divided in 7 sections. Starting from the introduction 

(Section 1), an outline of the developed methods is presented along with their scientific 

contribution. 

Section 2 is dedicated to the prediction of the target pose and time duration during human-robot 

collaborative object transfer. The desired trajectory pattern is demonstrated via kinesthetic 

teaching and is encoded using Dynamic Movement Primitives (DMP). During the collaborative 
transportation of an object, the target pose and time duration are predicted on-line using an 

Extended Kalman Filter (EKF) based on the demonstrated trajectory pattern. 

In Section 3, we investigate the leader-follower role in human-human collaboration and provide 

a mechanism for the transfer of the acquired knowledge to the human-robot cooperation schemes. 

We propose dynamic load sharing (DLS) among both agents during the manipulation of an object, 

by adjusting the robot stiffness along the tangential direction of the policy.  

In Section 0, the ability of the robot to adapt its learned motion towards a moving goal is 

presented. This method is particularly useful for placing objects on a conveyor belt (e.g. in the TV 

assembly use-case) and can maintain the demonstrated velocity profile to avoid high velocities 

that may be dangerous for humans or exceeding the robot’s limits.  

In Section 5, a novel method is presented so that the manipulator achieves both tracking accuracy 

and compliance under unknown dynamics (e.g. robot load). It combines a low feedback gain robot 

controller with a virtual reference trajectory that is produced by a variant of the learned DMP. 

Such a method is used as the basis controller for the manipulator in the TV assembly use-case.  

Ιn Section 6 an approach for exploiting planning and task redundancies in robotic tasks and for 

learning hierarchical tasks is presented.  

Finally, Section 7 presents an approach to find vibration-resistant postures for the robot, to be 

used during the percussive collaborative riveting. The approach is exploited for motion planning, 

in order to sequentially reach rivet hole poses. 
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1 INTRODUCTION 

This deliverable reports the work performed in T3.1 – “Learning of Physical Human Robot 

Cooperation” that started in M4 and was completed in M26. The task aimed to develop basic 

collaborative skills for robots towards intuitive and adaptive cooperation. In contrast to the 

methods that are being developed in WP4 that focus on teaching the collaborative task through 

demonstration or with intelligent self-learning methods, this task aims at the control of the robot 

at the subsequent stage of the collaborative task execution.  

1.1 OUTLINE 
In collaborative tasks, such as the assembly operations that consist the use-cases of this project, 

after the robot has been taught a kinematic behavior through demonstration, it executes it. This 

can be realized either in collaboration with the human or autonomously, while working in close 

proximity with humans and within a dynamic or uncertain environment. Hence, the robot should 

be able to perform operations such as:  

 Collaborative manipulation of objects like the big and heavy windshield in the CRF use-

case, in which the operator needs to collaboratively manipulate the object’s pose in order 

to inspect it and appropriately position it in front of him to be able to assemble the sensors.  

 Allowing the human to intervene and adjust the learned behavior during the autonomous 

operation of the manipulator. An example is the assembly of car starters of the Kolektor’s 

use-case in which the user will intervene to handle error situations 

 Placing objects on moving targets with safety for the co-existing humans like in the Arcelik 

use-case where boards should be placed on locations given by the vision system on a TV 

frame that is moving by a conveyor in the presence of a worker responsible for screwing 

them in place. 

 Collaborative assembly where human and robot are physically coupled like in the riveting 

of a float structure in the Romaero’s use-case, where the manipulator needs to utilize any 

additional degrees of freedom to reach position targets through cluttered environment 

and  apply counteractive forces to the human who performs the riveting. 

To reduce the human’s mental and physical load during the collaborative manipulation, the robot 

is required to be proactive, anticipating the human’s action and predicting their intention. To 

achieve this, AUTH developed a method that makes predictions of the target pose and time 

duration of the transfer, during the co-manipulation. The predictions are based on a model of 

Dynamic Movement Primitives, that has been trained via kinesthetic teaching and encapsulates 

the human’s motion pattern. The designed prediction scheme is of great use in the windshield 

inspection use-cases of CRF, where the big and heavy windshield needs to be manipulated for 

inspection and sensor assembly. 

In Kolector’s use-case and for the assembly of car starters, where the human intervenes during 

the autonomous operation of the robot, JSI investigated dynamic load sharing among both agents 

during the intervention by adjusting the robot stiffness along the tangential direction of the 

learned policy.   

In Arcelik’s use-case, a TV frame is transferred along a conveyor belt, while an assembly of two 

boards needs to be performed on that frame. From one side of the conveyor, a robot autonomously 

places two different boards on it while from the other side of the conveyor, the operator secures 

the boards into place using an electric screwdriver. AUTH initially developed a method for a DMP 

that is learned by demonstration to a stationary target to generate motion to reach and 

subsequently accurately track a moving target, while respecting the demonstrated velocity. For 
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the collaborative robot to remain both accurate under task uncertainties and compliant, hence 

safe, in case of unexpected contacts, AUTH developed a novel DMP based control structure that 

achieves both tracking accuracy and compliance. 

The challenging operations that need to be performed for collaborative riveting in Romaero’s use-

case have driven IDIAP to develop a methodology that exploits trajectory planning for a 

collaborative robot to avoid obstacles and exploit kinematic redundancies, while learning a 

hierarchy for the tasks that need to be performed. Particularly for the riveting operation that 

includes motion planning for sequential targets and percussive forces, IDIAP developed a method 

for determining joint configurations which minimize the vibrational effects and exploiting the 

redundancy of the robot and these good postures in a motion planning algorithm. 

1.2 CONTRIBUTION 
In the context of physical human robot collaboration (HRC), object lifting and transferring takes 

place quite frequently. Robots could actively assist humans execute such tasks, mitigating their 

fatigue and cognitive load. For this to prosper, a consensus of a common trajectory and 

synchronization is required to execute the task in synergy. Discord between the partners' 

intention will result in high interaction forces [1]. Hence, the necessity arises for intelligent 

proactive robot control strategies in order to minimize human effort, promoting productivity and 

efficiency. Towards this cause, a lot of emphasis is placed upon the prediction of the human's 

motion/intention.  

The use of the minimum jerk motion model for predicting the human’s motion was proposed in 

[2], but was shown to be inappropriate for manipulation tasks [3]. Human motion prediction 

based on DMP, which encode the human’s motion pattern, has been proposed in [4], involving 

only Cartesian position and without any physical coupling between human and robot.  

The proposed solution developed in the CoLLaboratE project, given in the Appendix: Paper A [5], 

addresses the problem of predicting the human’s intention in a collaborative object transfer, by 

means of estimating the target position and time duration of the transfer. To carry out a complete 

object transfer, one must account for the orientation as well. However, any extension including 

the prediction of the target orientation and its real-time use in the control loop is far from trivial 

and can be quite challenging, as it introduces non-linearities. To this end, we have further 

extended our methodology to incorporate the prediction of the target orientation described in 

detail in a submitted paper [6]. The proposed design renders the robot proactive in the execution 

of the learned motion pattern to new, unknown a priori, targets and time durations, thus 

anticipating the human’s intention and minimizing their effort. The overall design is tailored so as 

to tackle and ensure the stability of the overall prediction and control scheme, which is essential 

considering the non-linearities induced by the orientation. 

 

One of the issues for intuitive and natural physical HRC is understanding the needs and intentions 

of humans for adapting the robot's actions. We believe that the HRC scheme has to imitate natural 

human-human cooperation.  

In the proposed solution developed in the CoLLaboratE project, given in the Appendix: Paper B 

[7], we investigated the leader-follower role in human-human collaboration and provided a 

mechanism for the transfer of the acquired knowledge to the human-robot cooperation schemes. 

In HRC, it is beneficial to allow for the dynamic load sharing (DLS) among both agents during the 

manipulation of an object. In tasks such as assembly, it is generally not allowed to modify this 

object's position and orientation. In such a case, the dynamic load sharing is strongly related to 

the concept of leader-follower. Our hypothesis was that the leader-follower concept can be 
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efficiently implemented by adjusting the robot stiffness along the tangential direction of the 

policy. This concept has already been successfully implemented in the incremental learning 

framework, which was developed in T4.2 of the CoLLaboratE project. In this task, we provided 

modifications necessary to evolve the incremental learning into the HRC scheme, which enables 

the implementation of the DLS. 

 

An efficient way to ensure safety and predictability during human and robot collaboration is the 

utilization of programming by demonstration. However, a motion pattern demonstrated towards 

a stationary goal does not trivially generalize towards a moving target. Utilizing the DMP 

framework, two major problems must be overcome; first, the framework is unable to track the 

moving target after the completion of the learnt pattern, besides, during the execution of the 

pattern the robot’s velocity may reach large values, defeating the purpose of predictability and 

safety.  

The majority of works in this topic either only deal with the first problem of tracking accuracy [8], 

[9], disregarding the safety issues that may appear, or utilize models to predict the goal’s 

trajectory [10], [11] and adapt the robot’s trajectory. Utilizing a predictor however causes the 

system to heavily depend on the prediction errors which can lead to execution failure. 

The proposed solution developed in the CoLLaboratE project, given in the Appendix: Paper C 

[12], addresses both the problem of tracking accuracy and safety during execution. In particular, 

the framework only requires the goal's current position and velocity that can be in general 

provided by a perception system. Thus, it avoids prediction and model uncertainty errors that 

arise in predictor or model-based approaches. Temporal adaptation provides predictable velocity 

behaviors that remain closer to the demonstrated as the moving goal scales the trajectory 

spatially. This generalization allows DMP to be used for more complex tasks and to operate 

effectively in workplaces shared with humans. 

 

During the autonomous execution of the demonstrated-movement, it is crucial that the robot 

accurately tracks the desired trajectory and reaches the goal in the presence of unknown task 

dynamics and model uncertainties, while at the same time ensuring human robot collaborative 

behavior and safety under collisions. 

Previous works that have addressed this topic are variable stiffness robot control [13] [14] which 

require a tank-based approach to enable the system to remain passive and Compliant Movement 

Primitives (CMP) [15][16], which require active torque control and joint torque sensing as well 

as the learning of feedforward terms, the torque-primitives.  

The proposed solution developed in the CoLLaboratE project, given in the Appendix: Paper D 

[17], addresses the issue of accurately tracking a desired trajectory in the presence of unknown 

task dynamics and model uncertainties while remaining compliant to external forces due to 

intentional or unintentional contact without requiring the learning of a feedforward term (offline 

or iteratively) in order to compensate unknown task dynamics. It is successfully employed by 

adapting to different uncertain dynamics (e.g., with the arm holding objects of different weight) 

without compromising compliance. 

 

Many collaborative tasks do not require tracking of the whole trajectory, but instead allow for 

some variations. These variations can be exploited of various forms of redundancies in an optimal 

way. While the kinematic redundancy of robot manipulators is often exploited, other forms of 

redundancy are poorly exploited. Typically, learning different tasks from demonstrations 
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together with their hierarchies is a big challenge. Redundancy can also be defined at a path level, 

creating different options for the whole trajectory plan. This can, for example, be used to create 

trajectory plans for a collaborative robot while avoiding obstacles as a safety layer, or as virtual 

guides to constrain the movement of the user within a physical collaborative task. Within a 

kinesthetic interaction, the user can then move the robot without disturbing primary tasks.  

The proposed solution, which is submitted to International Journal of Robotics Research, and is 

currently under review (also available as a preprint), addresses the challenges for exploiting 

planning and task redundancies in robotic tasks and learning hierarchical tasks. The solution is 

experimentally validated on Franka Emika Panda robot with different scenarios to learn the tasks 

with their hierarchies.  

 

For an assembly task which requires robustness against vibrations such as percussive riveting 

operations, it is of utmost important to avoid the vibrational effects in the manipulator such as 

fatigue, high end-effector displacements during riveting etc. To do it, the robot natural frequency 

should be away from the frequency of the force profile. As the natural frequency of a robot 

depends on the joint configuration, it is crucial to choose appropriate joint configurations which 

minimize these undesirable effects.  

In the collaborative riveting task, the operator continuously communicates the rivet sequence to 

the robot such that the robot does not need to optimize the rivet sequence. However, for an 

efficient operation, there are infinitely many solutions to the reaching problem from one rivet to 

another as the task itself has 5 degrees of freedom. Therefore, the robot needs to be equipped with 

a motion planning algorithm which will also take into account the appropriate joint configurations 

determined by the vibration analysis. 

The proposed solution developed in the CoLLaboratE project, which is currently under 

preparation for conference submission, addresses these two issues of collaborative riveting: 

determining joint configurations which minimize the vibrational effects and exploiting the 

redundancy of the robot and these good postures in a motion planning algorithm called RoboTSP.  
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2 COLLABORATE SOLUTION FOR COLLABORATIVE OBJECT TRANSFER  

In this section, the CoLLaboratΕ’s solution for target pose and time duration estimation during 

collaborative object transfer is briefly presented. The complete research on the estimation of the 

target position is provided in detail in Appendix: Paper A [5], which has been extended to also 

incorporate the prediction of the target orientation in [6]. 

2.1 TARGET POSE AND TIME DURATION PREDICTION 
We make use of DMPs to encode the Cartesian pose of the robot's end-effector during a point to 

point motion, that is recorded from a kinesthetic demonstration. This recorded motion pattern is 

employed by the robot for collaborative transportation of an object to different targets and at 

different time scaling (time durations) unknown a priori to the robot. During the collaborative 

object transfer the robot grasps the object rigidly and compensates its weight, while a F/T sensor 

is mounted at its end-effector. The external force/torque exerted by the human is calculated by 

subtracting from the F/T sensor's measurement the object's wrench. The core idea is the design 

of a control scheme that will: 1) render the robot compliant to the forces/torques exerted by the 

human so that he can move the object along the trajectory intended by him, 2) make the robot 

proactive in the tracking of the intended trajectory, by estimating online the target and time-

scaling, in order to minimize the effort required by the human. To achieve this objective, we 

implemented the control scheme depicted in Figure 1 where: 

 The DMP based reference model takes as input the external force/torque 𝒇𝑒𝑥𝑡, 𝝉𝑒𝑥𝑡 exerted 

by the human, and using the current state 𝑝, 𝑄, �̇�, 𝜔 (pose, velocity) and the estimates of 

the target pose and time scalings, �̂�𝑔, �̂�𝑔, �̂�𝑝, �̂�𝜊generates a DMP-model based estimated 

trajectory, that is shaped by the external force/torque. 

 The DMP based EKF takes as input the force/torque exerted by the human and the current 

state to produce estimates of the target pose and time-scaling. 

 
Figure 1: Prediction and Control Scheme 

2.2 EXPERIMENTAL RESULTS 
In this section only a representative sample of the experimental evaluation results is presented. 

The complete detailed experimental evaluation can be found in Appendix: Paper A [5] and [6].  

The experimental setup consists of a Kuka LWR4+ robot equipped with an ATI F/T sensor at its 

wrist. A long rectangular box is mounted at the robot's wrist. The object's dynamics were 

identified offline and were compensated during the experiments. The training phase involved a 

single demonstration by kinesthetically guiding the robot holding the box from the other side, and 
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training a DMP for position and orientation. During the collaborative object transfer to new 

targets from different initial poses the robot is under velocity control and is driven by the 

reference velocity produced by the proposed approach DMP+EKF. We have further implemented 

an admittance controller for comparison, tuned manually for best performance. In all cases the 

initial target estimate was set equal to the robot's initial pose.  

Results of the target pose and time scaling estimates during one of the object transfer experiments 

are depicted in Figure 2a. Notice that the estimates converge to a small region around the actual 

target either before the end of the motion or by evolving towards the right direction. This is crucial 

as it contributes considerably to the reduction of the human's effort, as can be seen in Figure 2b, 

where the absolute power required by the user using DMP+EKF (blue graphs) is compared to 

using admittance (red graphs). The time scaling estimates serve the purpose of synchronizing the 

robot with the user and from Figure 2 we can see that they converge ultimately to a steady state 

value. 

 
(a) Target pose and duration estimation 

 
(b) Effort exerted by the human 

Figure 2: Target pose and time scaling estimation results 

Some initial test with this method were performed in a lab mockup of the windshield quality check 

and preassembly use-case of CRF (Challenge 2), as shown in Figure 3. The target pose and time 

scaling estimation demonstrated promising results that need to be verified in the actual use-case. 

 
Figure 3: Mockup of the windshield pre-assembly use-case of Challenge 2 
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3 COLLABORATE SOLUTION FOR DYNAMIC STIFFNESS ADAPTATION 

AND LOAD SHARING 

3.1 MOTIVATION 
One of the issues while designing a solution the Dynamic Stiffness Adaptation Load Sharing was 

understanding the needs and intentions of humans concerning adapting the robot's actions. We 

believe that the HRC scheme has to imitate natural human-human cooperation. For that reason, 

our study begins with an investigation of the leader-follower role in human-human collaboration. 

The goal was to provide a mechanism for the transfer of the acquired knowledge to the human-

robot cooperation schemes. Our hypothesis was that the leader-follower concept can be efficiently 

implemented by adjusting the robot stiffness along the tangential direction of the policy. This 

concept has already been successfully implemented in the incremental learning framework, 

which was developed in T4.2 of the Collaborate project. In this task, we provided modifications 

necessary to evolve the incremental learning into the HRC scheme, which enables the 

implementation of the DLS. 

Defining Leader-Follower Dynamics for Physical Collaboration in Human Dyads 

Many tasks from everyday life as well as from the production plants cannot be performed by a 

single person alone. Rather, such tasks have to be performed in collaboration with another person. 

In such cases, a leader-follower dynamic is established to coordinate a plan to achieve the 

common goal [18]. Coordination among humans is usually achieved through the use of verbal 

communication, however, there are situations when verbal communication is not possible (e.g. 

noisy environments). One of the questions that is still insufficiently answered is whether the 

leader/follower roles are established consciously even when partners are not aware of each other. 

In this part of the deliverable, we observe and examine the leader-follower dynamics in human 

dyads during collaborative tasks. This is done by examining how each subject in collaboration 

influences the task performance. Particularly, it is important to determine whether both partners 

influenced the task execution equally or does one partner have a greater influence on the task 

than the other, thus assuming the role of a leader? In addition, the leader-follower dynamics are 

studied by observing whether the role allocation in a dyad can be predetermined by evaluating 

individual task performance of the partners. In this study we examine: 

 how each subject in a collaborative task influences the task performance, 
 whether both partners influence the determination of joint intention and task 

performance equally or does one partner have a greater influence than the other,   
 whether the prominence of one partner in a collaborative task can be predetermined by 

observing the partner’s task performance when they are performing the same task 
individually. 
  

Based on the results of the study by Ganesh et al. [19], where both partners improved in task 

performance we can hypothesize that both partners have a certain amount of influence on the 

task performance. In addition, their results showed that partners with inferior individual task 

performance improved more than the partners with superior individual task performance. In this 

context, we first examine how the definition of superior and inferior individual performance 

influences the assignment of leader/follower roles before further exploring whether the leader-

follower dynamics in a dyad can be predetermined. Our hypothesis is that the leader-follower 

dynamics in a dyadic interaction can be predicted by separately studying the individual task 

performance of both partners. In addition, we hypothesize that the subject with superior 

individual task performance has a greater influence on the collaborative task performance. Here 
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we further hypothesize that the method of defining the superior/inferior individual has an 

influence on how the leader-follower dynamic is predetermined. 

Experimental setup 

The experiments were conducted on a dual-arm Kuka LWR robot that acted as a haptic interface 

between the subjects and the virtual environment, see Figure 5. The detailed description of the 

developed haptic controller [7] is in Appendix F. The haptic controller allows the robot arms to be 

used as a haptic interface separately or be coupled together through a virtual dynamic model. 

Experimental setup consists of two flat monitors, displaying a graphical user interface of the task, 

as shown in Figure 4. The task is to bring the object from the starting position to the target 

position. The red dot represents the target, whose position and size changes throughout the 

experiment and the black dot is the starting position. The white dot is the actual position of the 

object that the subjects control through the haptic interface. In this study, the task was 

constrained to lay on a plane. 

 
Figure 4: Graphic user interface, showing the starting point (black), target point (red) and the controlled point (white). 

 

 
Figure 5:Experimental setup of the study. 
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Experimental protocol 
 
Twelve right-handed healthy male and four female subjects were involved in this study. The 
average age of the subjects was 28.3 years old. The subjects were grouped together into dyads 
based on their height and gender. Each subject was asked to stand in front of a screen and 
manipulate the robot end-effector so that they move the point to the target, displayed on the 
screen. A wall was placed between the subjects so that they could not see each other throughout 
the experiments. The experimental session began when the subjects moved the controlled point 
on the screen to its starting position. At that instance, a random target appeared on the screen. 
The subjects were instructed to reach this target as fast as possible and stay inside the target for 
at least 0.5s at which point the target disappeared. By keeping the movable point inside the target 
for 0.5s, we prevented the subjects from simply running over the target without aiming for it. 
When the target disappeared, the subjects had to return to the starting position. The reaching task 
was repeated 180 times, with subjects performing the task individually or by being coupled 
together through a virtual model. In the 180 trials 9 different targets with varying distance (5cm, 
15cm and 25 cm) and size (small, medium and large) were used. In total, the experiment equaled 
to 20 cycles in which the 9 different targets were used in random order. We accomplished two 
sets of tests: individual and collaborative. Individual tests aimed to determine the capabilities of 
each subject, which permits to assign them into two groups, as shown in the flow chart in Figure 
6. Throughout the experiment, the subjects were not told of when they were coupled together and 
when they controlled the haptic interface individually. To exclude the influence of human learning 
on the performance in individual and collaborative tasks, the subjects were separated into two 
groups, each consisting of four dyads – three male and one female dyad. The first group conducted 
the first 10 cycles individually and the last 10 cycles in collaboration, while the second group 
performed the first 10 cycles of the experiment in collaboration and the last 10 cycles individually. 
With this we were able to observe whether the sequence of performing individual and 
collaborative tasks had any influence on the overall task performance. During the experiments, 
we measured forces exerted by each subject, target sequence and task duration.   
 

 

Figure 6: Flow chart of experimental evaluation 

We assume that a collaborative task consists of a superior and an inferior partner, related to the 

individual performance of the subject. We measured the performance based on four KPIs: 

1. the average time needed to perform the reaching task,  
2. the average reaction time at the start of the reaching task, 
3. the average maximum velocity when performing the reaching task and  
4. the index of performance (IP). 

 

1) In our classification, the subject with lower average time needed to perform the reaching 

task was superior regarding this KPI. 
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2) The reaction time is defined as the time needed for the subject to exert a change in force  

Δ𝐹 ∙ 𝑡𝑝  ≥ 0.05𝑁, where 𝑡𝑝 is a normalized vector pointing from the start to target position. 

This time, calculated from each experiment separately, was averaged across all experiments. 

The subjects with lower average reaction time were considered as superior. 

3) An average maximum velocity 𝑣𝑚𝑎𝑥 of an individual is calculated by averaging the maximum 

velocities of each trial and target. In this method, the individual with higher 𝑣𝑚𝑎𝑥 is 

determined to be the superior individual. 

4) For KPI 4, we implemented Fitts’ law’s [20] index of performance, defined as 𝐼𝑃 =  
𝐼𝐷

𝑇𝑚
 , 

where 𝑇𝑚 is measured movement time needed to accomplish a task and 𝐼𝐷 is the difficulty 

index. In our study, we defined index of difficulty [21] as 𝐼𝐷 = log2(
𝐷

𝑊
+ 1), where 𝐷 is 

distance from the start to the target position and 𝑊 is the diameter of the target. 

The leader of the collaborating task was determined by measuring and analyzing the forces 

applied to the robot by each partner during the task execution (see Figure 5). As the robot motion 

and consequently the virtual object motion is determined only with this force, the subject applying 

higher force influences more on the virtual object’s movement. Our hypothesis was, that the 

subject classified as superior regarding KPIs 1-4, influences more to the object motion during 

collaborative task. In order to verify this hypothesis, we defined the leading index 

 𝐿 =  ∫ 𝛥𝐹(𝑡)𝑑𝑡
𝑇

0
, (1)  

where force difference is defined as  𝛥𝐹(𝑡) =  |𝐹𝑠(𝑡)| −  |𝐹𝑖(𝑡)|, and  𝐹𝑠(𝑡) and 𝐹𝑖(𝑡) are forces 

exerted at time 𝑡  by subject classified as superior and inferior, respectively. We investigated, 

which of the proposed KPIs is appropriate for determining the role of the leader-follower in the 

reaching task. For this, we executed experiments for three different goal sizes at three different 

distances from the starting point. Goal size defines the required precision of the task. We had 8 

pairs of subjects, where each subject was previously tested and classified as superior or inferior 

to the partner in that pair. The results are shown in Figure 7, where y axis shows leading index L 

calculated using one of four KPIs, and each dot in the graph corresponds to one pair. The circle 

shows average value with standard error of mean (SEM) for all eight pairs. Obviously, positive 

value of L(KPI) means that the corresponding KPI can successfully predict the role of the leader-

follower in the reaching task. From this study, it can be concluded that the best match was 

obtained using maximum velocity as KPI, as it produces lowest SEM.  
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Figure 7: Leading subject for each target, where the values represent mean leader L between the 8 pairs SEM based on four 
different sorting methods for determining the individuals with superior and inferior performance. The bottom plot shows 
comparison between SEM of each sorting method for individual targets. 

 
Using the maximum velocity based sorting method we analyzed the leader-follower dynamic in 
collaborative tasks more in depth. In particular, we were interested how the collaboration affects 
the index of performance. For that, we display the IP of the same task when performed 
individually and in collaboration. Figure 8 shows average IP grouped for inferior individuals, 
superior individuals and collaborative execution. In all cases performance in collaboration 
increases. However, we did not find statistically significant difference between superior 
individual and collaborative performance of the task. 
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Figure 8: Task performance of individual subjects  

 

Our results show that, even when unable to verbally communicate, human partners establish the 

leader-follower dynamics. Furthermore, the results, portrayed in this study, show that which role 

each partner assumes can be predetermined by observing the behavior of both partners when 
performing the same task individually. From observing both partner’s individual performance, we 

have gathered that the subject with superior individual performance will assume the role of the 

leader when is working in collaboration. 

Results provided in this study can be seen as beneficial in further development of human-robot 

collaboration as a baseline for creating novel human-based robot control models. For instance, 

the leader-follower dynamics can be implemented in robot control models to replicate the same 

dynamic in human-robot collaboration.   

3.2 PROPOSED SOLUTION 
Controller for dynamic load sharing in HRC 

In the study presented above, we demonstrated that collaborative execution improves the 

performance of the reaching task. Based on this finding, we expect that collaboration might also 

improve the quality of assembly tasks. In human- robot dyads, the robot is initially considered as 

an inferior individual, as it does not know the task. Therefore, during the task demonstration, the 

human is supposed to be the leader. One demonstration might not be enough to capture all aspects 

of the task, especially the knowledge of which part of the task has to be executed with high or low 

precision. Next, Fitt’s law does not apply to the robots, meaning that robots are capable to execute 

complex tasks with high speed. On the other hand, humans are generally not able to demonstrate 

complex tasks at high speed with a high precision. Therefore, we need a method to demonstrate 

complex tasks, that might be executed at high speed. In collaborative tasks, it would be beneficial 

that we do not distinguish between the learning and execution phase of the collaboration. Rather, 

the learning should saliently evolve into the robot cooperation, where the robot should gradually 

become the leader in order to diminish the human effort. On the other hand, humans’ cognitive 

capabilities are superior. Therefore, the human should have the ability to take the leadership over 

the collaborative task whenever needed.    
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The basis of the HRC scheme with the possibility of dynamic load sharing is the algorithm for 

incremental learning with kinesthetic guidance, which we presented in D4.71. This algorithm 

already satisfies some of the requirements given above, such as independent learning of the task's 

spatial and temporal profile and incremental adaptation of the cooperative task. The existing 

algorithm has to be enhanced with the ability to adapt according to which parts of the task need 

to be performed with high precision and dynamically share the load by determining leader-

follower relation in cooperative task execution. 

The cooperative task 𝜋 is expressed in the form of Cartesian Dynamic Motion Primitives (CDMPs) 

[22], the sum of radial basis functions (RBFs) or a combination of both approaches. The task is 

described by the coordinates of the object [𝒑𝑇 𝒒𝑇]𝑇 through which the robot and the human are 

in physical contact. Symbols 𝒑 ∈  ℝ3  and 𝒒 ∈  ℝ4 denote the position vector and the unit 

quaternion. The object is firmly hold by the robot.  The robot coordinates [𝒑′𝑇 𝒒′𝑇]𝑇   are 

calculated as 

 [
𝒑′

𝒒′] =  [
𝒑 −  Δ�̅� ∗ Δ𝒑 ∗ Δ𝒒

Δ�̅� ∗ 𝒒
], (2) 

where Δ𝒑 is the position displacement between the robot tool center point and the object center 

and Δ𝒒 is the quaternion that describes the rotation between the two frames (see Figure 9).  

One important feature of CDMPs is non-uniform modulation of the task’s velocity profile [23]. The 

speed scaling factor 𝜈(𝑠) allows to continuously change the execution speed from zero to any 

speed, where  𝑠 denotes the phase variable. In the HRC scheme, this scaling factor consists of two 

parts: 

 𝜈(𝑠) = 𝜈𝑐(𝑠) + 𝜈ℎ(𝑠), (3) 

where 𝜈𝑐(𝑠) denotes the learned commanded speed scaling factors and 𝜈ℎ(𝑠) the speed scaling 

factor that arises from the cooperation. The learned speed scaling factor is calculated as a 

weighted sum of radial basis functions for the given phase 𝑠 , as explained in D4.7. The 𝜈ℎ  is 

calculated from forces and torques applied from the human operator 

 𝜈ℎ = 𝜇𝑝𝑠𝑖𝑔𝑚(‖𝑭‖)𝑭 ∙ 𝒕𝑝(𝑠) + 𝜇𝑜𝑠𝑖𝑔𝑚(‖𝑴‖)𝑴 ∙ 𝒕𝑜(𝑠), (4) 

where ∙  denotes dot product and 𝜇𝑝, 𝜇𝑜 are positive scalars used to scale the velocities of the 

translational and rotational motion along the desired path, 𝒕𝑝 and 𝒕𝑝 are tangential vector to the 

object path and 𝑭, 𝑴 are the operator’s forces and torques excreted to the object. 𝑠𝑖𝑔𝑚(. ) denotes 
a sigmoid function given by  

 𝑠𝑖𝑔𝑚(𝑥) =  
1

1 + 𝑒−𝑎𝑥
 (5) 

It ensures a smooth start and stop when pushing along the policy and effectively solves the jittery 
robot motion due to noisy input from force sensor. The constant scalar 𝑎 determines the softness 
of the transition. The operator’s forces and torques are calculated using measured forces and 

torques at the robot wrist [
𝑭𝑚

𝑴𝑚
] 

 [
𝑭
𝑴

] = [
𝑭𝑚

𝑴𝑚
] − 𝑨([

𝒑
𝝋]) [

�̈�
�̇�

] + 𝒄 ([
𝒑
𝝋] , [

�̇�
𝝎

]) (6) 

                                                             

1 D4.7 – Assembly Policy Learning and Improvement (preliminary) 
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𝑨 is the object inertia matrix and 𝒄 vector of the gravitational, Coriolis and centrifugal forces. Euler 

angles and angular velocity can be calculated as 𝝋 = 2log (𝒒) and 𝝎𝑖 = 2 log(𝒒𝑖 ∗ �̅�𝑖−1) /𝑇𝑠, where 

𝑇𝑠 is the sampling interval. 

 

 

 

 

 

Figure 9:The collaborative trajectory 𝜋 describes the motion of the object. Vector F denotes forces excetred by the human 
co-worker expressend in the object coordinate system. 

 

As we explained previously, the learning should gradually evolve into the robot cooperation. 

Initially, the robot is fully compliant. Assuming that the object’s geometry and dynamic 

parameters are known, the robot firmly holds the object and compensates its gravity. If the object 

parameters are not known, they can be learned during the cooperation. Initially, the robot does 

not know the task. The task trajectory will be learned during the cooperation. The robot will learn 

spatial and temporal part of the task independently.  During the cooperation, the robot will learn 

which part of the task should be executed with high precision and adapt its stiffness accordingly. 

For safety reasons or to synchronize it with an external event, the human operator will be able to 

change the temporal part of the task during the cooperation using the mechanism given by Eqs. 

(3)-(5). In this way, the human operator will be allowed to stop the robot and take the leadership 

over the execution of the collaborative task and pass it back to the robot when appropriate.  

Learning of the spatial part of the trajectory 

During the collaboration, we update the object trajectories and covariance matrices using the 

following set of formulas  

 𝒑𝑙+1(𝑠) = 𝜁𝛿𝒑(𝑠) + 𝒑𝑙(𝑠) (7) 

 𝚺𝑝,𝑙+1(𝑠) = (1 − 𝜁)(𝚺𝑝,𝑙(𝑠) + 𝜁𝛿𝒑(𝑠)𝛿𝒑(𝑠)𝑇) (8) 

 𝛿𝒑(𝑠) = 𝒑𝑚(𝑠) − 𝒑𝑙(𝑠) (9) 

where 𝒑𝑚(𝑠) denotes the measured position of the robot, 𝚺𝑝,𝑙(𝑠) is the current cycle covariance 

of 𝒑𝑙(𝑠), all computed at phase 𝑠, and 𝜁 ∈ ℝ[0,1] is an exponential weighting factor that defines the 

learning speed [22]. If we set ζ = 1, the updated trajectory 𝒑𝑙+1 is equal to the measured trajectory 

𝒑𝑚. On the other hand, if we set ζ = 0, the trajectory 𝒑𝑙+1 does not change and the system stops 

learning. After each learning cycle, the updated trajectory 𝒑𝑙+1 is encoded into CDMP. It is used as 

the reference trajectory to control the robot in the next cycle. Note that all trajectories are phase 
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dependent, sampled at 𝑠(𝑡), 𝑡 =  𝑡1, . . . , 𝑡𝑇  . The coefficients of the covariance matrix 𝚺𝑝,𝑙+1  are 

approximated with a linear combination of radial basis functions (RBFs). Equation (9) cannot be 

used for the orientation part of trajectories. Instead, we apply the following update rule for 

quaternions 

 

 𝒒𝑙+1(𝑠) = 𝑒𝑥𝑝 (𝜁
𝝎(𝑠)

2
) ∗ 𝒒𝑙(𝑠) (10) 

 𝚺𝑞,𝑙+1(𝑠) = (1 − 𝜁)(𝚺𝑞,𝑙(𝑠) + 𝜁𝝎(𝑠)𝝎(𝑠)𝑇) (11) 

 𝝎(𝑠) = 2log (𝒒𝑚(𝑠) − �̅�𝑙(𝑠)) (12) 

 

Learning of the temporal part of the trajectory 

Similar to positions and orientations, we also learn the speed profile of a task with respect to 

speed modulation in each human-robot collaboration cycle. 

 𝜈𝑐,𝑙+1(𝑠) = 𝜁𝛿𝜈(𝑠) + 𝜈𝑐,𝑙(𝑠) (13) 

 𝛿𝜈(𝑠) = 𝜈𝑙+1(𝑠) + 𝜈ℎ − 𝜈𝑙(𝑠) (14) 

 Σ𝜈,𝑙+1(𝑠) = (1 − 𝜁)(Σ𝜈,𝑙(𝑠) + 𝜁𝜈2(𝑠)) (15) 

While performing a collaborative task, the operator may stop the robot by applying a sufficiently 

large force in the opposite direction of the tangent to the task. The value of this force is determined 

by equations (3) and (4). In such a case, however, we should not update the speed with the 

equation (13), because we would distort the speed profile of the task too much. 

Stiffness learning 

Working with a noncompliant robot can be uncomfortable and even potentially dangerous for the 

operator. On the other hand, the robot must be rigid where high accuracy is required [22], [24]. 

The idea is to decrease the stiffness in the parts of the trajectory with higher variability and vice 

versa. The variability is determined by observing the task executions over subsequent repetitions 

and calculate the phase-dependent variance. However, this variance has to be expressed in an 

appropriate coordinate system.  

Let 𝑹𝑝 denote the rotation matrix attached to the object’s trajectory 𝜋 with 𝑥 coordinate specified 

in the desired direction of motion, i.e.,  �̇�𝑙 , and the other two coordinates orthogonal to it, as 

illustrated in Figure 9. A suitable choice for such rotation matrix is by calculation the Frenet-Serret 

frame [25] at each sampling time. The Frenet-Serret frame consists of three orthogonal directions 

defined by the path's tangent (direction of motion), normal, and binormal. We obtain the following 
expression for 𝑹𝑝. 

 𝑹𝑝 = [𝒕𝑝 𝒏𝑝 𝒃𝑝], 𝒕𝑝 =
�̇�𝑙

‖�̇�𝑙‖
, 𝒃𝑝 =

�̇�𝑙 ×�̈�𝑙

‖�̇�𝑙 ×�̈�𝑙‖
, 𝒏𝑝 = 𝒃𝑝 × 𝒕𝑝  (16) 

Note that the velocities  �̇�𝑙  and accelerations �̈�𝑙  are provided by DMP (or RBF) integration at 

every phase 𝑠, which ensures smoothness. When the denominator in the equation falls below a 
certain limit, we suspend the updating of 𝑹𝑝 until the motion becomes faster again. To set the 

stiffness according to the policy positional variation, we calculate the robot stiffness at each 

sampling time as 
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 𝑲𝑝(𝑠) =  𝑹𝑝
𝑇

[
 
 
 
 

𝑘𝜈

Σ𝜈+𝜖𝜈
0 0

0
𝑘0

Σ𝑦𝑦+𝜖0
0

0 0
𝑘0

Σ𝑧𝑧+𝜖0]
 
 
 
 

𝑹𝑝, (17) 

where 𝜖𝜈  and 𝜖0are empirically chosen positive constants, which set the upper bound for the 

controller gain. Note that the variances computed with (8) cannot be directly used in (17), as they 

need to be expressed in the trajectory coordinate system defined with Frenet-Seret (FS) frame. 

The transformation from the robot base coordinate system to the trajectory coordinate system is 

done by 

 𝚺 = 𝐑p𝚺𝑝,𝑙𝑹𝑝
𝑇 (18) 

We set initial value for covariance matrix 𝚺𝑝,1  to 𝛾𝑰 , where  𝑰  is 3 × 3  Identity matrix and 

𝛾 suitably chosen positive scalar specified so that we obtain the desired initial stiffness regarding 

the FS frame. Note that when changing stiffness matrix, it is necessary to adjust also the controller 

damping matrices (please refer to D4.7). 

 

Changing the role of the follower-leader 

In section Defining Leader-Follower Dynamics for Physical Collaboration in Human Dyads 
we observed how leader-follower dynamics emerges and experimentally showed that the subject 

who is leading the task generally exerts higher forces in the tangential direction of the task’s path. 

Based on this finding, we outlined a HRC scheme in section Controller for dynamic load sharing 

in HRC. Similarly, as for human—human dyads, the leader-follower dynamics can be exploited in 

human-robots dyads to aid collaborative task execution. 

In our scheme, this Leader-Follower Dynamics has been implemented using stiffness adaptation 

based on the forces exerted by the human in the demonstration phase. The robot will take the 

leader role by increasing stiffness for parts of the task that require high precision. By lowering the 

stiffness in other parts, the mechanism will allow the human to take the leader role. 

Complementary, depending on the forces exerted by the human operator during the task 

execution, the leader-follower dynamics is also determined by the speed scaling factor even when 

the robot is stiff. In this mode, human can take the leader role even when the robot is stiff by 

speeding up, slowing down or even stopping the task execution. Note that, the later greatly 

improves the safety aspect of the task execution. Contrary, when the human is acting passively 

(i.e., not excreting substantial forces in the tangential direction), the robot takes the leader role 

and continues to execute the task with the previously learned speed. 

3.3 EXPERIMENTAL RESULTS 

We experimentally evaluated our cooperation framework using 7 DOF Franka Emika- Panda 

collaborative robot. The collaborative task was to insert a long rod into the grooves precisely. The 

robot firmly grasped one side of the rod, and the human co-worker the other part (see Figure 10). 

The robot controller compensated the gravity forces of the robot and the rod. The robot was 

initially fully compliant. The human co-worker moved the rod from the initial to the final position 

at low speed by excreting necessary forces and torques to the robot. The robot quickly learned 

the task and adjusted its stiffness, according to Eq. (17). After six repetitions of the task, the human 

co-worker started to increase the task’s speed by pushing the rod in the tangential direction of the 
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task’s trajectory. Thus, the robot also learned the new velocity profile. Regardless, the human co-

worker was able to stop the movement at any time by pushing the stick in the opposite direction 

of the tangent. This simple task mimics the elementary operations required in collaborative 

assembling.  

Our previous experiments performed a similar task with bi-manual setup composed of two KUKA 

LWR4 robot arms [22].  In the approach presented above, we improved the speed learning 

algorithm and added a mechanism to stop the robot instantly if necessary. The experiment in this 
study, unlike the previous one, involved a task where a significant change in the orientation of the 

collaborative task was required, which turned out to be more challenging. 

 

 

Figure 10: A snapshot of the collaborative task. Blue line denotes the robot path, dashed lines show the rotation. 
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4 COLLABORATE SOLUTION FOR MOTION ADAPTATION TOWARDS A 

MOVING GOAL 

In this section the CoLLaboratE solution for adapting the motion generation towards a moving 

goal is briefly presented. The complete research on this subject is presented in detail in Appendix: 

Paper C [12].  

4.1 MOTIVATION 
Programming by demonstration (PbD) offers an efficient and intuitive way to transfer human 

skills to a robotic system. When executing a motion pattern learnt with a stationary goal, towards 

a moving goal, the trajectory must be accordingly scaled spatially on-line. Furthermore, after the 

moving goal is reached, the system must accurately track the goal’s trajectory. During the 

execution, the robot’s velocity should be maintained to desired levels that do not violate the 

robot’s speed limits and preserve safety of humans sharing the workspace.  

An efficient framework for PbD are the Dynamic Movement Primitives (DMP), which are 

traditionally used for executing trajectories to stationary goals. Since the framework offers spatial 

and temporal scaling capabilities, a target moving away from the initial position will generate 

dangerously large velocity values.  Furthermore, they are unable to track a moving goal after 

reaching it.  

To remedy the aforementioned problems, two main modifications are made to the DMP 

framework. To ensure trajectory tracking after the moving goal is reached, we wrote the DMP 

transformation system with respect to the tracking error, instead of the position. This system 

ensures zero tracking error in its steady state, thus after the learnt pattern is concluded, the 

system is able to perfectly track the moving goal. To alleviate the problem of large velocities, an 

adaptive equation for the temporal scaling parameter was added. The adaptation law depends on 

the goal’s position and velocity provided by a perception system. When the goal moves away from 

the initial position the temporal scaling increases, leading to slower system evolution. This slow 

down counteracts the speed-up caused by the goal's position. When the goal approaches the initial 
position, the temporal scaling decreases leading to faster execution. This again counteracts the 

slowing down caused by the goal's position. In this way, the produced trajectory maintains the 

demonstrated velocity characteristics. The complete system is proven to be exponentially stable, 

using contraction analysis. 

4.2 EXPERIMENTAL RESULTS 
In this section only a representative sample of the experimental evaluation results is presented. 

The complete detailed experimental evaluation can be found in Appendix: Paper C [12].  For the 

experimental analysis a KUKA LWR 4+ robotic manipulator was used. The user initially 

demonstrated a trajectory towards a stationary goal, while the robot was in gravity compensation, 

with its orientation fixed. Then the recorded trajectory was used to train a DMP and executed 

utilizing the proposed method, towards a moving goal approaching the initial position. The scaled 

3D path is shown in Figure 11. In the same figure, the position and velocity errors in each 

coordinate are depicted, demonstrating the system tracking after reaching the goal. The effect of 

the temporal scaling adaptation law is shown in Figure 12. The first plot shows the temporal 

scaling parameter and its derivative, while the second the produced velocity. As expected, as the 

goal approaches the initial position, the temporal scaling decreases, causing the system to speed 

up. Therefore, the moving target is reached earlier, maintaining a velocity profile similar to the 

demonstrated.  
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Figure 11: Left: 3D path scaled to reach the moving goal. Right: Convergence of position and velocity errors. 

 
 

Figure 12: Left: Adaptation of temporal scaling parameter. Right: Velocity of system while reaching the moving goal and 
comparison with the demonstrated velocity pattern. 
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5 COLLABORATE SOLUTION FOR TRACKING ACCURACY AND 

COMPLIANCE UNDER UNKNOWN DYNAMICS 

In this section the CoLLaboratE solution for achieving tracking accuracy and compliance under 

unknown dynamics is briefly presented. The complete research on this subject is presented in 

detail in Appendix: Paper D [17].  

5.1 MOTIVATION 
In practical applications, both the robot’s performance and its compliance are required for 
accurately tracking the desired trajectory encoded in a DMP system, for reaching the desired 
target and for ensuring human-robot collaborative behavior & safety under collisions. It should 
be noted that accurate target reaching is important particularly in interaction tasks (e.g placing, 
peg-in-the-hole, drilling) while ensuring safety under unexpected collisions is a major issue in 
collaborative robotics that usually operate in uncertain and dynamic environments. If the robot 
controller imposes high apparent stiffness for accurately following the desired trajectory 
generated by the DMP, it may compromise safety under unintentional contact and make 
collaboration harder. If, on the other hand, a low target stiffness is imposed for safety and 
collaboration, disturbance inputs arising from model uncertainties and unmodelled task and 
robot dynamics induce considerable errors which compromise accuracy in target reaching and 
trajectory following. 

5.2 PROPOSED SOLUTION 
Initially, the proposed solution addressed the issue of achieving tracking accuracy and compliance 
for position trajectories in the operational space of the end-effector. The proposed solution is a 
control scheme consisting of a novel coupling of a DMP based virtual reference with a low 
stiffness-controlled robot. The overall system achieves high tracking accuracy and successful 
target reaching in the presence of unknown task dynamics and model uncertainties while it 
preserves the desired compliance under contact forces that may arise in human interventions or 
unexpected collisions. A block diagram of the original proposed solution is shown in Figure 13.  
The proposed solution has been further extended in order to address the issue of achieving 
tracking accuracy and compliance for both position and orientation trajectories. The control 
scheme consists of a low stiffness-robot driven by a reference input, which is a modulation of the 
desired input encoded in DMP system with error correction terms derived by a virtual system. A 
block diagram of the extended proposed solution is shown in Figure 14. 

 
Figure 13: Control scheme of the originally proposed-solution 
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Figure 14: Control scheme of the extended proposed solution. 

5.3 EXPERIMENTAL RESULTS 
In this section only a representative sample of the experimental evaluation results is presented. 

The complete detailed experimental evaluation can be found in Appendix: Paper D [17]. 

 

The experimental results refer to the originally proposed solution. Due to the COVID-19 issues the 
extended proposed solution has not yet experimentally validated. For the experiments we have 
used a 7-dof KUKA LWR4+ robot with a Barret BS8-hand attached at its wrist holding a cylindrical 
tin under gravity compensation of its own weight. A Jacobian transpose PD-control scheme of the 
Cartesian position error with a low P-gain has been utilized while at the same time we have fixed 
orientation DoFs to stay at their initial values by a high gain feedback controller. The desired 
position trajectory was demonstrated kinesthetically by the user. To demonstrate trajectory 
tracking and target reaching accuracy under unknown task dynamics by adding a weight of 0.5 kg 
on top of the grasped tin, as unknown task dynamics. The results are shown in Figure 15. In a 
second run the user unintentionally intersects the robot's path demonstrating the compliance of 
the proposed method. Results are shown in Figure 16. 

  
Figure 15: Left: Disturbance input from unknown task and robot dynamics. Right: corresponding norm of the tracking error for 

conventional and proposed control scheme. 

 

  
Figure 16: Left: Unintentional contact force. Right: corresponding norm of the tracking error for the proposed control 
scheme. 
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6 COLLABORATE SOLUTION FOR HIERARCHICAL TASK PLANNING 

In this section the CoLLaboratE solution for exploiting planning and task redundancies in robotic 

tasks and learning hierarchical tasks are explained. 

6.1 MOTIVATION 
Being skillful is not related to being precise, but instead to the exploitation of various forms of 

redundancy and variations in an optimal way. Figure 17 illustrates various forms of redundancy 

that that can be exploited in robotics. In this planar example, kinematic redundancy arises when 

a 2D point is tracked by a 3-axis robot. Most tasks do not require a specific point to be tracked, but 

instead allow some variations. Thus, rather than a single point, tracking should consider a 

distribution of the different options in which the end-effector of the robot can move while 

satisfying the task constraints. While the kinematic redundancy of robot manipulators is often 

exploited, other forms of redundancy are poorly exploited. Typically, learning different tasks from 

demonstrations together with their hierarchies remains a big challenge. Redundancy can also be 

defined at a path level, creating different options for the whole trajectory plan (see Figure 17- 

right). This can for example be used to create trajectory plans for a collaborative robot while 

avoiding obstacles as a safety layer, or as virtual guides to constrain the movement of the user 

within a physical collaborative task (shared control) as in Figure 18. Within a kinesthetic 

interaction, the user can then move the robot without disturbing primary tasks.  

 
Figure 17. From left to right: kinematic/mechanical redundancy (morphology level), task redundancy 
(spatial level), planning redundancy (spatiotemporal level). 

 

 
Figure 18. Examples of physical guides that can be used within the context of a human-robot physical collaboration 

6.2 PROPOSED SOLUTION 
We first address the challenge of learning tasks with different hierarchies from demonstration 

within the product of experts (PoE) framework developed in T3.3. We then propose that planning 

redundancy can also be defined at a path level within an optimal control formulation, by 



 D3.1 – Learning of Physical Human Robot Cooperation 

Version: 1.0 

CoLLaboratE  31 

 

considering as an example the different options that a robot has to move through a sequence of 

via-points.  

6.2.1 Learning tasks with different hierarchies 

In this section, we will use 𝒯𝓂(𝑞)  to describe transformation functions that correspond to 

different task spaces. They can either be given, such as the forward kinematics of a known 

manipulator, or parametrized (subject to estimation). As an example, 𝑞 can be the configuration 

of a humanoid (joint angles augmented with a floating base 6-DoF state). These transformations 

can consist of the forward kinematics of several links, like the feet and the hands. The densities of 

the corresponding experts can be represented in the form of multivariate Gaussian distributions, 

defining where these links should be located (including precision and correlation information).  

In human-robot collaborative tasks, considering a hierarchy has an additional interest. The 

realization of some subtasks might be prevented and masked by the resolution of higher-level 

subtasks. Thus, it is not trivial to identify secondary objectives in the dataset. Ignoring their lower 

priority when training the model will lead to problems (at best, minimizing their importance, and 

at worst, completely missing them). These tasks can be understood only by considering their 

lower priority and their entanglement with higher priority subtasks. To this end, we propose to 

extend the PoE framework to the use of nullspace filters. Illustratively, the idea is to define a 

hierarchy between the experts, such that secondary experts can express their opinions only in 

subspaces that primary experts do not care about. For example, let us consider that 𝑞 ∈ 𝑅𝟟 are the 

joint angles of a 7-DoF manipulator and 𝑝1(𝒯1(𝑞)) is a Gaussian distribution of the end-effector 

position. The system has still 4 DoFs in which secondary experts can express their opinion. Our 

approach consists of redefining the derivative of the log-likelihood of the PoE with a nullspace 

filter. This filter cancels the derivative of secondary experts in the space of primary experts, 

making sure that secondary experts have no power in the area of expertise of primary experts. 

6.2.2 Planning redundancies within an optimal control framework 

In linear quadratic tracking (LQT) and iterative linear quadratic regulators (iLQR), the problem of 

finding a control law which minimize an objective function constrained to system dynamics can 

be solved in several ways. The dynamic programming approach is the most widely used, as it gives 

a linear feedback law which can be exploited in real-time to compensate for errors and 

perturbations. Nonetheless, the least-square solution offers some interesting characteristics that 

allow the user the modulate the spatiotemporal aspect of the task. One such property is the 

existence of a nullspace operator over the whole optimization horizon (as the problem is recast 

as a least-norm problem). The existence of a nullspace requires that a redundancy in the task 

definition exists too. These redundancies can be introduced at the level of the state space of the 

robot (allowing to exploit the task redundancy), or at a spatiotemporal level. The latter can be 

concretely represented by a sparse structure in the lifted precision matrix used in the batch form 

of LQR/LQT. The sparse structure has many practical applications if one considers imitating a 

behavior by understanding the sparse goal behind the demonstrations such as via-points.  

6.3  EXPERIMENTAL RESULTS 

6.3.1 Results on learning tasks with different hierarchies 

We performed a set of experiments in which the robot has to learn two competitive objectives, 

with one having a higher priority than the other. The secondary objective is masked by the 

resolution of the first objective and has to be uncovered. The approach is first evaluated in 

simulation with planar robots. It is then applied to a welding task and a tray moving task with the 

Franka Emika Panda robot. In the tray moving task, the robot needs to move the tray in response 

to the position of the user such that it stays horizontal (orientation subtask) and an object on the 
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tray is within the person's hand (position subtask). In order to keep the object upright, the position 

sub-task should only be performed if the orientation subtask is fulfilled. By using product of 

experts with nullspace (PoENS), we show in this experiment that both priorities and task 

references can be learned from demonstrations. In this experiment, a second robot arm plays the 

role of the user who should grasp the object from the tray. 

We collected samples 𝑞�̂� for three different positions of the left hand, with 𝑁 = 10. In two of the 

cases, both position and orientation subtasks can be achieved (Figure 19-left). In the other one, 

only the orientation task is fulfilled (Figure 19-right), with the robot doing its best to track the 

gripper position. Figure 20shows the obtained experimental results (a video of the experiment is 

available at https://sites.google.com/view/poexperts). We observe that the robot respects the 

demonstrated priorities and learns the end-effector pose correctly.  

A paper presenting the results of this experiment has been submitted to the International Journal 

of Robotics Research and is currently under review (also available as a preprint). 

 

 

 
Figure 19. Several demonstrations of the desired priority behavior are given. Left: Both position and orientation are 
achievable. Right: Position is only partially fulfilled, to allow the tray to remain horizontal. The left robot arm plays the 
role of the user who should grasp the object. 

 

6.3.2 Results on planning with redundancies 

We have run preliminary tests for tasks requiring the exploitation of redundancies in both time 

and space. Figure 21depicts a 4 DoF robot controlled by acceleration commands in 𝑇 time steps. 

The state has 8 dimensions: 4 for joint positions and 4 for joint velocities. Therefore, we have a 

total of 8𝑇 DoF along the trajectory of the robot. The robot has to pick up an object at time step 

𝑇/2 and move it to another location at time step 𝑇. We assume that both pick and place require 8 

DoF each, which makes a total of 16 DoF used for the whole trajectory of 8𝑇 DoF. The resulting 

trajectory is shown in Figure 21-left. Then, we impose a secondary objective, after picking up the 

cup, to hold a 90-degree angle for its last 2 joints. This is helpful for the robot to hold the cup while 

maintaining an appropriate manipulability capability. Note that the secondary objective uses only 

2 DoF at each time step, with a total of 2 × (𝑇/2) DoF used. The resulting trajectory of Figure 21-

right shows that the robot is able to keep 90 degree angles only when it is not in conflict with the 

tasks of picking up the cup and placing it. 

We are currently working on scaling this approach to a human-robot collaboration experiment.  

https://sites.google.com/view/poexperts


 D3.1 – Learning of Physical Human Robot Cooperation 

Version: 1.0 

CoLLaboratE  33 

 

 
Figure 20. The right arm should keep the tray horizontal and the object between the gripper fingers. With a PoENS 
model, the robot learns i) the tray pose with respect to the gripper and ii) that the tray orientation has a higher priority 
than the position.  Top row: Reproduction when both position and orientation can be fulfilled. Bottom row: 
Reproduction when position reference is too far so the robot prioritizes orientation. 

 

 

 
Figure 21 . Illustration of the approach with a 4DoF planar robot picking an object at the half of the time horizon and 
placing it at a desired location at the end of horizon (left). The sparsity of the task (at a trajectory level) allows a 
secondary objective to be considered, which is tested here by keeping a 90-degree angle between the last two links to 
improve manipulability (right). 
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7 COLLABORATE SOLUTION FOR MOTION PLANNING TOWARDS 

COLLABORATIVE RIVETING 

In this section, we present an approach to find vibration-resistant postures for the robot, to be 

used during the percussive collaborative riveting. We also present its exploitation in motion 

planning to sequentially reach rivet hole poses. 

7.1 MOTIVATION 
We investigate the use of a cobot to hold the bucking bar, while the human operator applies the 

percussive forces via a pneumatic gun, as described in WP6. The load exerted on the rivet for its 

plastic deformation can be dangerous for the robot if the natural frequency of the robot coincides 

with the frequency of the impact forces. In this section, we propose to consider the vibrational 

characteristics of the manipulator to determine the robot joint configurations which minimize the 

overall displacement of the end-effector. We also propose to exploit these safe joint configurations 

for each rivet hole in a motion planning algorithm called RoboTSP.  

For the riveting operation, a preliminary work in CoLLaboratE was conducted to establish a list 

of requirements that are crucial for this operation. This work attempts to address some of the 

requirements of this list given below: 

1. The robotic arm should be capable to counteract a force amplitude of up to 130N in all directions 

relative to the last link of the arm from the base (the link supporting the bucking bar), disregarding 

the weight of the bucking bar. This force should be adjustable by the human operator. 

2. The robotic system should be equipped with a protection system against vibration induced by 

percussive riveting. The frequency range is 10Hz-70Hz. 

3. The robotic system should be capable of independently identifying the optimal way of moving 

its arm towards the next hole where the human operator wants to perform the riveting. The 

robotic system should cope with obstacle avoidance. 

4. In order to increase the efficiency of the riveting process compared to the current process, the 

robot will need to have relatively fast, but still accurate movements. 

Requirements 1. and 2. motivate the need of a structural vibration analysis for the robotic system 

at a given rivet hole position and orientation. Such analysis can be conducted easily if we assume 

that the joints of the robot are locked at a given position. Note that such analysis holds 

approximately when the joints are controlled with a compliance controller. We will assume that 

the robot end-effector holding the bucking bar will be locked at a desired position so that the 

counteractive forces will be applied for a good quality riveting process. Note that damped bucking 

bars can provide this kind of flexibility, as they are mechanically equipped with a spring-damper 

system. 

Requirements 3. and 4. motivate the need for a fast and robust planning algorithm that takes the 

protection system against the vibration into consideration. The planner would need to plan the 

shortest trajectory to reach the different riveting holes while keeping the vibration at those 

locations at minimum. 

As described in the riveting operation, in the structure to be assembled, there are many rivet hole 

positions and orientations due to the curvature of the structure. Although the method proposed 

in this work can be applied to different curvatures and different positions, we simplified the 
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problem to better showcase our results. The structure to test the robotic solution is shown in 

Figure 22. 

 
Figure 22. Simplified riveting structure simulated in PyBullet with Franka Emika Panda robot holding the bucking bar at a 
rivet hole, the placement of the rivet holes in this structure, and the chosen 84 rivet hole positions (represented by red blocks) 
to evaluate the feasibility of  the approach. 

 

7.2 PROPOSED SOLUTION 
In this section, we investigate the vibrational response and exploit the kinematic redundancy of 

the proposed collaborative robotic riveting system with a strong emphasis on the workers' 

ergonomics. Our contributions are as follows: 

 1. We propose to combine the vibrational characteristics of a collaborative robot, for the 

percussive force loading, with its kinematic task redundancy. We investigate how to determine 

joint configurations that minimize the displacement of the end-effector during the riveting 

process for the robot safety and the good quality riveting. 

 2. We then propose to exploit these well-behaved joint configurations in a motion planning 

algorithm to estimate the optimal path in the configuration space given the rivet hole sequence. 

7.2.1 Optimal joint configurations 

Classical dynamic modeling of robotic manipulators assumes that the links and the joints of the 

robot are rigid. For typical industrial robots, however, transmission components such as gears, 

long shafts, belts and harmonic drives violate the rigid joint assumption. These elements 

introduce flexibility effects called the joint elasticity between the control commands to the motor 

and the actual output of the joint position. The joint stiffness represents these elasticity effects for 

each joint separately and are considered as the main source of deformation when the robot is 

subject to percussive forces. 

We assume that the joints of the manipulator can be modeled as linearly elastic springs with 

stiffness matrix 𝐾  and the robot joints are mechanically locked during the percussive force 

application. For the vibrational analysis of the robot arm subject to percussive forces, we follow 

the work in [26]. The stationary linearized robot dynamics under external forces (forced 

vibration)  𝐹(𝑡)𝑛, 𝑤𝑖𝑡ℎ 𝑛 representing the normal vector to the surface of the rivet can be written 

as 

𝑀δ̈ + 𝐶δ̇ + 𝐾δ = 𝐹(𝑡)𝐽𝑇           (1)  
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where δ = 𝑞 − 𝑞0  are the perturbations or deflections in joint angles from an equilibrium 

configuration 𝑞0, 𝑀 is the generalized symmetric mass matrix, 𝐶 is the damping matrix, 𝐾 is the 

stiffness matrix in the joint space with diagonal entries equal to the torsional stiffness of the 

corresponding joints and 𝐽 is the Jacobian matrix. Note that as we assume that the joints of the 

robot are locked at the equilibrium configuration 𝑞0, the robot has no rigid-body motion when it 

is subject to dynamic loading. We can thus assume that the damping consists of only the structural 

damping as opposed to Coriolis and centrifugal damping in 𝐶(𝑞). 

We perform the vibration analysis with a force term 𝐹(𝑡) = 𝐹(𝑡)𝑛 that can be modeled as a simple 

harmonic force as 𝐹(𝑡) = �̅�𝑒𝑗ω𝑡 which results in the steady-state response of the joint deflections 

δ(𝑡) for the forced vibration problem in (1) that can be written as δ(𝑡) = δ̅𝑒𝑗ω𝑡 where 

δ̅ = (−ω2𝑀 + 𝑗ω𝐶 + 𝐾)−1𝐽𝑇�̅�          (2)  

The mass matrix and the Jacobian are evaluated at the equilibrium configuration assuming small 

deflections. Using (2), we can express the end-effector displacements as Δ𝑥 = 𝐽𝑇δ̅ = 𝐻(ω)�̅� , 

where 𝐻(ω) = 𝐽𝑇(−ω2𝑀 + 𝑗ω𝐶 + 𝐾)−1𝐽𝑇 is the displacement-force frequency response.  We now 

define the displacement-frequency response ratio as 

η(𝑡) = √
Δ𝑥𝐻Δ𝑥

�̅�𝐻�̅�
= √

�̅�𝐻𝐴(ω)�̅�

�̅�𝐻�̅�
          (3)  

where 𝐴(ω) = 𝐻(ω)𝐻𝐻(ω), where ⋅𝐻 denotes the Hermitian transpose operation. The ratio η(𝑡) 

is the amplitude of the unit end-effector displacement due to structural vibration, with units 

𝑚𝑁−1  (meter/Newton). Note that it depends only on the robot configuration and the force 

frequency, and not on the force amplitude. One can find the maximum of this ratio as 

 

η = η𝑚𝑎𝑥 = √λ𝐴(ω)         (4)  

where λ𝐴(ω) are the eigenvalues of the matrix 𝐴(ω). 

In percussive riveting applications, periodic forces can cause large end-effector displacements if 

the natural frequency of the manipulator is close to the frequency of the force profile. The 

maximum displacement ratio defined in (4) can inform us on how large the end-effector 

displacements would be if unit forces were to be applied. These displacements are undesirable as 

the accuracy of the end-effector position is important for a good quality riveting. Our work thus 

aims to minimize the end-effector displacements when the robot tool is subject to percussive 

forces. 

The task to hold the bucking bar at the desired riveting hole requires accurate positioning in all 3 

degrees of freedom (DoF) in the Cartesian space and only 2 DoF for orientation (see Figure 22). 

This one degree of freedom allows for 6-axis robots such as Yaskawa robot to admit infinitely 

many configurations for a given rivet hole. For 7-axis robots like the Franka Emika Panda, 

increasingly used in the industry, even a 6 DoF task will still be associated with infinitely many 

configurations. We therefore would like to find the minimum-displacement robot configurations 

given each rivet hole position and orientation. Even though finding one well-behaved joint 

configuration may be enough for just one rivet hole, the transitions from one rivet hole to another 

may not be optimal if the motion planner is provided with only one configuration for each rivet 

hole. We would like therefore to find an ensemble of configurations for each riveting hole, where 

each configuration minimizes the end-effector displacements. 
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The maximum displacement ratio ηmax = ηmax(q,   ω)  ∈  (ℛ3,   S𝟛)  is the maximum absolute 

value that the displacement-force frequency response ratio defined in (3) can have. One way is to 

determine the square root of the eigenvalues of the matrix 𝐴(ω)  as in (4). However, the 

computation of such cost requires differentiable model of the mass matrix 𝑀(𝑞) and the Jacobian 

𝐽(𝑞). To do this, we implemented in Python the Tensorflow version of the Kinematic and Dynamics 

Library (KDL) written in C++. This allows us to access all the differentiable Tensorflow functions 

with optimization tools and differentiable KDL functions. The cost of displacement becomes 

𝑐𝑑𝑖𝑠𝑝(𝑞, ω) = ‖η𝑚𝑎𝑥(𝑞, ω)‖2. 

Given a force frequency ω̅, the overall cost to optimize is therefore 

 
𝑐(𝑞) = β1𝑐𝑝𝑜𝑠(𝑞) + β2𝑐𝑜𝑟𝑛(𝑞) + β3𝑐𝑙𝑖𝑚(𝑞) + 𝑐𝑑𝑖𝑠𝑝(𝑞, ω̅)              (5)  

where β1 , β2  and β3  are the relative weights of the cost functions. We implemented this cost 

function in Tensorflow and used the Adam optimizer to determine Ni solutions. Note that we 

initialize the problem from random configurations that are within the joint angle limits. This can 

be done quickly in batch form in Tensorflow. 

7.2.2 Motion planning using optimized joint configurations 

From the previous section, we have Ni configurations for each riveting hole pi. We then need to 

plan the motion of the robot to reach all these riveting holes. To do this, we need to select one 

configuration for each hole, and then connect two consecutive configurations with motion 

planning. One naive way is to choose the configuration that has the smallest maximum 

displacement ratio η𝑚𝑎𝑥 at each hole. However, as we will show later, this will result in relatively 

long trajectories between subsequent riveting holes, because the selected configurations between 

two consecutive holes will likely be far apart. 

We propose here to use an optimal motion planner RoboTSP [27]. The planner can select the 

optimal configuration at each position/hole such that it minimizes the desired optimality criteria. 

In [27], the criterion is to minimize the total length of the trajectory. For the riveting task, we add 

another criterion corresponding to the total maximum displacement ratio of the selected 

configurations. Given the sequence of riveting poses determined by the operator, the planner 

determines the optimal configuration at each hole. Note that the planner is also able to determine 

the optimal sequence of the riveting poses. However, within the context of a human-robot 

collaboration, the most reactive and adaptive solution for this use case is to let the operator decide 

about the next rivet hole.  

To determine the optimal configurations, the planner builds a graph connecting the 

configurations at the consecutive holes. Each configuration is associated to a node in the graph. 

Configurations from one hole are connected to the configurations from the next hole. The edge of 

the graph is assigned a weight that consists of both the configuration space distance and the 

average of the maximum displacement ratio, 

𝑤𝑖𝑗 = ||𝑞𝑖 − 𝑞𝑗||
2
+

1

2
λ (η𝑚𝑎𝑥(𝑞𝑖) + η𝑚𝑎𝑥(𝑞𝑗)) 

where λ is the relative weight of the displacement cost.  We then use Dijkstra algorithm to find the 

optimal path from the first to the last node that minimizes the total weight of the traversed edges, 

giving us the optimal configuration for each hole. Given the sequence of configurations, we then 

use the bidirectional RRT algorithm to plan the trajectory visiting these configurations. 
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7.3 EXPERIMENTAL RESULTS  

7.3.1 Optimal joint configurations results 

To evaluate our approach, we distinguish between two cases: 1) random configurations and 2) 

riveting configurations. In the first case, we choose 500 random configurations for the Franka 

Emika Panda robot, representing different random riveting positions. This case is used to show 

the worst-case scenario for the percussive force application. In the second case, we choose 500 

configurations for different riveting positions, as shown in Figure 22 with red blocks. Note that 

these configurations are determined by applying the optimization procedure described in the 

previous section, using the end-effector pose and the joint limit costs. 

In Figure 23-(a), we plot the maximum displacement ratio with a given frequency range for the 

first case (random configurations). This figure shows the worst-case scenario as the right axis 

represents the maximum displacements when the robot end-effector is subject to 130 N force in 

the maximum displacement direction. The large displacements are concentrated in the frequency 

range between 140-240 rad/s where the maximum of 15 meters is around 150 rad/s. It shows 

that a random configuration for a random riveting position with a worst-case force application 

can be very dangerous for the robot. 

In Figure 23-(b), we plot the maximum displacement ratio and the displacements in the x-axis for 

the second case (riveting configurations). Note that we chose to represent only the x-axis as the 

force profile of 130 N is assumed to be applied along the x-axis of the robot frame. We see that the 

maximum displacements are situated in a smaller frequency range of 140-200 rad/s and are 

lower than the worst-case scenario, around 3 mm. In the industrial riveting application, even 

though these displacements are not dangerous for the robot, the forces can result in bad quality 

riveting. 

 

 
(a) random configurations: 500 random 
configurations of the Franka Emika Panda robot 
corresponding to random riveting positions.  

 

 
(b) riveting configurations: 500 configurations of 
the Franka Emika Panda robot for each of the 
chosen 84 rivet holes. 

Figure 23: Maximum displacement ratio and displacements for random and riveting configurations 

 

We then apply the optimization procedure described in the previous section using the cost 

function in (5) starting from random initial guess on the joint configurations, which are within the 

joint limits. We used a Tensorflow implementation of the Adam optimizer with a learning rate of 
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0.01. In order the determine the Jacobian and the mass matrix of the robot, we used the URDF file 

of the Panda robot provided by PyBullet. Note that the inertia parameters provided in this URDF 

are approximate and do not reflect well the true parameters of the robot. Dynamic parameters 

identification methods should be employed on the real robot to better estimate these parameters.  

We tested our approach on the riveting structure shown in Figure 22. In Figure 24, we compare 

the maximum displacement ratios and the maximum displacements for 500 configurations for 

each of the 84 rivet holes before and after the optimization. The plot shows the data for the 

displacements with black circles, with the mean depicted as horizontal lines. Although the mean 

displacements are similar and the variance is small in these two cases, our proposed method 

avoids the possible dangerous displacement peaks previously depicted in Figure 23. This is a 

particularly important result as the quality of the riveting depends highly on the stability of the 

bucking bar to keep its position and orientation fixed. Also, avoiding the peaks means avoiding 

the overlap between the natural frequency of the robot and the frequency of the impact force. This 

results in a safer behavior for the robot. 

 

 
Figure 24. The maximum displacement-force frequency response ratio 𝜂   and the maximum displacement 𝛥𝒙  mean-
variance plot for a given frequency 𝜔 =  150 rad/s for 500 configurations of the Franka Emika Panda robot for each of the 
chosen 84 rivet holes. ‘Before’ refers to case where the configurations correspond to the rivet hole poses, but not yet 
optimized for the displacement, and ‘After’ refers to the proposed optimization procedure. 

7.3.2 Motion planning results 

 

Having computed Ni configurations per hole, we then apply the RoboTSP algorithm to select the 

optimal configurations per hole and plan the trajectory. We compare against a baseline algorithm, 

where for each hole we select the optimal configuration as the one that has the smallest maximum 

displacement.  

 

Figure 25 shows the comparison in terms of the total length of the trajectory ∑ ||𝒒𝒊 − 𝒒𝒊+𝟏||
𝑇−1
𝑖=0  

and the average ηmax   (
1

T+1
∑ ηmax(qi)

T
i=0 ). As expected, RoboTSP produces trajectories with 

smaller length. It finds consecutive configurations that are close to one another, while keeping the 

average 𝜂𝑚𝑎𝑥 small. The baseline, in comparison, achieves the lowest average 𝜂𝑚𝑎𝑥 at the cost of 

much longer trajectories (10 times longer). Indeed, simply selecting configurations that minimize 

𝜂𝑚𝑎𝑥  will likely result in configurations that are far apart. Additionally, having more 

configurations per hole clearly helps the planner, both in terms of the trajectory length and the 

displacement ratio. 
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We plan to submit the results of this experiment in the form of a conference publication (paper 

currently in preparation). 

 

 
Figure 25. Comparison of trajectory length (on the left) and the average maximum displacement ratio of the end-effector 
(on the right) between RoboTSP and the baseline approaches.  
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8 CONCLUSIONS 

In this deliverable, we presented basic robot collaborative skills -developed within task T3.1- 

towards intuitive and adaptive cooperation with humans, particularly for the control of the robot 

at the stage of the collaborative task execution that follows the teaching by demonstration. The 

developed methodologies we designed by the partners involved in that task so that the robot can 

perform assembly operations, either in collaboration with the human or autonomously, while 

working in close proximity with humans and within dynamic or uncertain environments.  

The work performed includes novel methods for collaborative manipulation of big and heavy 

objects with proactive behavior, for dynamic load sharing with robot stiffness adaptation, for 

adaptation of the robot’s trajectory to dynamic and uncertain environments with safety, and for 

robot motion planning with redundancy exploitation. 4 research papers have already been 

published and another 4 have been submitted for review. Each of these methods can demonstrate 

its effectiveness in at least one of the CoLLaboraE use-cases. However, because of the COVID-19 

related delays, their experimental validation has been performed individually in the partners’ labs 

with simulations or use-case mockups.  
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10 ANNEX 

10.1 PAPER A 
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10.2 PAPER B 
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10.3 PAPER C 
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10.4 PAPER D 
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