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Challenges

Human Operators are 
preferred

Flexible materials with 
unpredictable behavior

Human sensitivity required 
by operation

Multiple operators –
Cooperative assembly

Repeatability

Precision

Cycle Time

Robots are preferred 

“Integrating new forms 
of interaction between 
robots and workers -
make the most out of 
the synergy effect”

Challenge:



Challenges

❑ Human robot collaboration (HRC) has attracted a lot of attention in industrial applications, 
leading to an increasing need for research in this field. 

❑ Safe integration of humans who possess sensitivity, dexterity and better troubleshooting 
skills, in the same workspace with robotic systems which are known for their repeatability, 
strength and smaller cycle times could efficiently enhance the performance and flexibility of 
production systems by exploiting their synergy. 

An efficient collaboration scheme should find the breakeven 
point between robot speed and human’ safety ensuring 

that only low forces or power are exerted.



Challenges

Examples of Available robot platforms for HRI

KUKA LBR iiwa ®

DLR® lightweight robot

Baxter ®  Rethink Robotics 

Universal UR5/UR10® ABB Yumi ®

COMAU AURA ®



Challenges

❑ Industrial robots in manufacturing work under high power and lack in sensing capabilities for interaction with their 
environment, which needs to be stable and a priori known. 

❑ In case of a contact  large pressures and forces will be exerted if the robot continues its function without changing 
strategy, causing damage to its surroundings and itself. 

❑ To integrate humans and ensure their safety into robot workspace these forces should be contained and regulated.



Challenges

Collaborative methods and safety functions

Robot Stopping 
Functions

Pos. /Speed / 
Acceleration 
Monitoring

Limiting 
Robot 

Motion

Collision 
detection

Collision 
Detection / 
Avoidance

Technological 
and ergonomical

requirements

<250mm/s

Collaborative 
Methods

(TS 15066)

Speed & Separation 
Monitoring

Power & 
Force Limiting

Hand Guiding

Safety functions
(Indicative)

Safety Concept

Force 
Control

Human 
Consideration 

(acceptance etc.)

Safety Design



State of the Art

Standards for Human Robot Collaboration

❑ ISO 10218-1: Robots for industrial environments - Safety requirements - Part 1: Robots 

❑ ISO 10218-2: Robots for industrial environments - Safety requirements - Part 2: Robot systems 
and integration

❑ ISO/TS 15066: Robots and robotic devices - Collaborative robots

Collaborative workspace (ISO, 2016)



Proposed Approach

❑Identification of external forces and torques applied to the 
robotic structure. 

❑The robot motion is terminated when the monitored actual 
current signal surpasses a defined threshold.

❑Prediction of the nominal current signals using an inverse dynamic 
simulation model.

Joint 
Position 
SignalsAvailable data from 

robot controller Motor 
Current 
Signals



Proposed Approach

For the identification of external forces, the following 
signals are used:

❑ Current of the robot motors without collision (blue 
line)

❑ Computed current coming from a dynamic model of 
the robotic system (red line) 

❑ Actual measured current (dotted black line) 

❑ Protective threshold  (yellow line) 



Proposed Approach



Proposed Approach

Inverse dynamic modelling:

❑ The solution of the inverse dynamic problem is based on the Lagrangian formulation of the robot 
dynamics through the construction of a model in OpenModelica simulation environment.

❑ For the robot links to be modelled, inertial data are taken from the CAD models while parameters 
concerning the transmission and joint behavior, are retrieved from simple identification 
experiments of the rigid model.



Proposed Approach

𝑀 𝑞 ∙ ሷ𝑞 + 𝐶 𝑞, ሶ𝑞 ∙ ሶ𝑞 + 𝑔 𝑞 + 𝜏𝑓 ሶ𝑞 = 𝜏 + 𝐽 𝑞 𝑇 ∙ 𝐹𝒆𝒙

𝜏𝑓 ሶ𝑞 = 𝑠𝑔𝑛 ሶ𝑞 𝜏𝑐 + 𝛽 ሶ𝑞

𝜏 = 𝐾𝜏 ∙ 𝐼

The second-order, ordinary system of differential Equation shows the dynamic behavior of a n-DOF serial manipulator.

The actuation forces for each motor can be estimated as follows:

The Equation below describes the Coulomb-viscous model for two rotating  flanges:

Forces due to 
links’ mass 

Forces due to 
joints’ elasticity

Forces due to 
gravity

Forces due to 
Coulomb friction

Actuation 
Forces

External applied 
Forces

Non-conservative generalized forces

Actuation
forces

Motor 
constant

Current

Odd sign 
function

Friction
torque

Viscous 
friction 

coefficient 

Angular velocity of 
contacting surfaces

Constant 
Coulomb 
friction 
torque



Proposed Approach

Assumptions for the creation of the robot inverse dynamic model:

❑ The structure of the manipulator is composed of rigid bodies whose deformation is considered 
negligible. 

❑ The friction effect of joints and motors is modeled as linearly velocity-dependent torques.

❑ The joint elasticity of the manipulator is also considered to be negligible. It is created mostly from 
motion transmission elements like gears, belts and harmonic drives. 

❑ The differential equations are coupled and non-linear with respect to joint position, velocity and 
acceleration (linear with respect to parameters).



Implementation: Inverse dynamics in OpenModelica

Link 6

Joint 3

Gear Box
Actuator

Real Robot

Robotic structure

Inverse Dynamic Model



Proposed Approach



Proposed Approach

Increase the accuracy of the inverse dynamic model using Artificial Neural Networks:

Step 1: Training Phase

Model torque for 
a specific 
trajectory

Input Output
Neural network trained with 

supervised learning

Real torque for a 
specific trajectory

Random 
trajectory 
generator

Inverse Dynamic 
Model

Real robot

Traj. 2

Step 2: Estimation Phase



Proposed Approach

Phase 1: Training of the ANN

Step 1: Random 
Trajectory Generator for 
ANN Training

Step 2: Applying random 
trajectories both in actual and 
digital robot

Step 3: Using calculated and 
measures torque data to train 
the ANN

Trajectory 
Generator

Trajectory 1
Trajectory 2

…
Trajectory n

Calculated 
Motor torque values 
for each trajectory

Measured 
Motor torque values for 

each trajectoryReal Robot Trained ANN

Phase 2: Applying ANN in estimating torque for the new trajectories

Step 1: Programming a 
new trajectory for the 
robot

Step 2: Using Modelica and ANN 
during robot movement to estimate 
required torque for new trajectory

Step 3: Comparing estimated   
and real motor torques to 
issue stop command



Implementation: Prediction with Artificial Neural Networks

Diagram of the neural network for a single axis current prediction

The diagram of the Neural Network that was used for the 
prediction of the current for a single axis consists of the 
following signals:

X(t) is a vector of position and ❑ Modelica torque in the 
current state, 

X(t❑ -1) is the vector of position and Modelica torque 
before a time interval

Y(t) is the desired output (supervisory signal) i.e. the ❑

motor current.

For this application, the architecture of a ✓ Focused Time Delay Neural Network (FTDNN) is selected. 

This network has memory and it can be trained to learn and reproduce sequential and time✓ -varying patterns, necessary 
for a highly dynamic behavior.



Implementation: Steps of execution

Implementation steps

❑ Step 1: Start the monitoring system.

❑ Step 2: Measurement of the actual motors’ position and current signals. 

❑ Step 3: Using the above position signals as input to the Inverse dynamic model to predict the nominal current 
signals.

❑ Step 4: The predicted current signals’ accuracy is enhanced through the neural networks.

❑ Step 5: The last predicted current signals and the actual one of Step 2 are compared.

❑ Step 6: If a user defined threshold has been exceeded, a protective stop is issued.

❑ Step 7: If a user defined threshold has not been exceeded, the same procedure is repeated for the next samples of 
the position and current.



Case Study: Inverse dynamics in OpenModelica

COMAU Racer 1.4 used in LMS lab Mechanical structure of COMAU 
Racer 1.4 in OpenModelica

❑ The method is tested on the COMAU Racer 1.4 robot, which 
is a 7kg payload industrial manipulator with 6 rotating joints 
and a spherical wrist, weighing 160 kg. 

❑ The robot is composed of 6 revolute joints modelling the 
actual rotary joints and 7 rigid bodies representing the 6 
links and the base of the manipulator. 

❑ The inertial parameters of each link are computed with 
respect to its initial frame and the orientation of the rotating 
axis for each joint is given as input to the model.



Case Study: Neural network and Filtering

Training of ANN using a set of datasets❑

Sampling interval: ❑ 2 ms

Sampling frequency: ❑ 500 Hz

Data filtering:❑

❑ 6th order Butterworth filter
Zero phase filter❑

Bayesian Regularization process for ❑

neural network training.



Case Study

ROBOT 
CONTROLLER

PC 
Filtering, Prediction 

and Processing

Position and current
measurements

TCP Data exchange

Command to Stop/Hold

Communication Architecture

❑ TCP protocol was used for the Data 
exchange.

❑ Sampling frequency equal to 100 Hz.

❑ OpenModelica output is computed 
offline.

❑ The velocity of the TCP is kept under 
0.25 m/s, which was determined as a 
velocity threshold for safe human-
robot collaboration.



Case Study



Results

❑ The predicted current from the ANN and the motor’s filtered current are compared for the same trajectory. 

❑ The existence of noise in the current makes the exact approximation difficult. 

❑ The prediction that was achieved allows for the implementation of the proposed methodology in theory.

Predicted and measured current of axis 1 for a random trajectory



Results

Histogram of prediction error for a variety of trajectories



Results

❑ A typical trajectory for axis 1, while the rest of the joints are locked, has been executed with the proposed 
online operating prediction scheme. 

❑ The point depicting the protective stop is also specified in the figure.

❑ A fine prediction was achieved and when an external force was exerted, the protective stop was issued quickly. 

Online prediction when external force is exerted

Based on a series of experiments, where the 
exerted force was gradually increased in time, 
it was concluded that by using the 0.4A 
threshold an external force around to 25N 
would be able to trigger a protective stop.

It was measured that the 
reaction time of the 
robot was approximately 
140 ms.



Conclusions

Conclusions

❑ This study has explored the possibility of creating a safety function for safe HRC, based on the Power 

and Force Limiting collaborative operation. 

❑ An inverse dynamic model was constructed in OpenModelica and this prediction was enhanced using 

dynamic ANN. 

❑ The current obtained by the inverse dynamic model is a good approximation but not satisfactory 

enough for online prediction and the predicted signal after the neural networks were employed has 

given out low errors for the first axis of the manipulator.

❑ A good approximation has been reached without a time-consuming identification of all the dynamic 

phenomena involved. 



Future Work

It is an ongoing work to enable an online identification of the applied forces regardless of the programed ❑

robot motion.

The method will be integrated into the robot controller to operate with higher sampling frequency and ❑

shorter delay and congestion of data and consequently, quicker response to external forces.

OpenModelica model will be adjusted to predict the current signals in real time. ❑

Integration of the rest of the axes to detect efficiently any excessive forces applied to the entire robot ❑

structure and in every direction.
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