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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

During repetitive tasks, human worker is prone to inaccuracies like switching up assembly steps. These errors can be prevented by a robot handing
over the appropriate tools or workpieces, indicating the forthcoming step in the process plan. A general handover model has been specified, taking
into consideration fundamental safety measures, as well as basic comfort requirements. By utilizing gesture communication, we established a
method, that is capable of dynamically negotiating the necessary conditions of the handover task. The proposed approach has been evaluated in
laboratory environment, supporting its technical feasibility.
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1. Introduction

Although automation and robotization is a key component in
successful production, human-robot hybrid assembly systems
have numerous advantages over fully automated systems [1].
Automation does not fulfill all the expectations attributed to it
for some companies. Reasons include the inflexibility of these
facilities with respect to changing lot sizes, increasing com-
plexity, shorter product life cycle or other conditions. Another
group of reasons stems from economical measures. These in-
clude initial investment, complete production cost of highly au-
tomated production and inflexibility regarding new production
schemes. It is clearly shown that hybrid assembly lines, hu-
mans and robots working cooperatively, lead to the increased
efficiency where robots can assist the human worker [1].

To support the design of such collaborative workplaces, mul-
tiple factors have to be taken into consideration. One such fac-
tor is the information transfer between the human and robot
member of a workcell. Gesture recognition is a widely used
communication interface between human operators and com-
puters. Wang and Liu discuss gesture recognition generally and
its use in human-robot collaboration in their review [2]. They
define gesture recognition as the mathematical formulation and
capturing of the human motion, using a computational device.
Robots have to interpret human gestures and act accordingly
in order to be able to work in collaboration with human opera-
tors. The gesture recognition model, based on the general hu-
man information processing model has 5 major component such
namely: data collection, gesture identification, gesture track-

ing, gesture classification and gesture mapping.
In an earlier work [3] this structure has already been used,

where a gesture control system, regarding CPPS has been pre-
sented. Current paper is a follow-up research for [3], making it
the starting point of the system presented in the current paper,
albeit other papers also address the problem of human-robot
collaboration (e.g. [4,5]). As the method utilized only static
gestures, gesture tracking has been omitted. Another difference
is the extension of data collection with a preprocessing phase.

Erden et al. [6] worked on a 2D tool handover scenario. They
used a multi-agent approach, where fuzzy control have been
applied to the different robot parts. Although the solution seems
promising, it lacks any real word implementation and its hand
following ability in 3D implementation wasn’t shown.

A recurring problem during human-robot collaboration is the
mental stress effecting the human operator. Both [7,8] discuss
the possible issues with workcells considering the well being of
the human operator. Both list a number of details to consider
when setting up HRC work places, like maximum speed of the
robot, or avoiding the unexpected movement of the robot.

Strabala et al. [9] made a general model of object handover.
During the realization of our system we used this model. The
details are laid out in Section 4.

In this paper we present a general model and a proof of con-
cept implementation on human-robot tool handover scenario.
We base our model on the one presented in [9], eliminating the
need to preset the position of the handover. To achieve these
goals we utilize gesture communication.
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2. Problem statement

A collaborative robot cell with a 3D capable depth sensor,
and a virtual model of the cell as a CAD model are given. This
CAD model is the so-called as-design model of the workcell.
Equipment, tools or workpieces are laid out for the robot within
its workplace. A method for precise pick and place is assumed
to be available, therefore problems and difficulties of this task
are not addressed in this article.

The focus of this paper is the seamless tool handover be-
tween a robot and a human operator. During the handover op-
eration we expect the following:

• the robot follows the movement of the operators giv-
ing/receiving hand. Continuous following is favorable, as
unpredictable robot motion may increase mental strain on
the human operator [7].
• the robot approaches the operator in a non-intrusive man-

ner, avoiding direct contact, still staying in arms-reach of
the operator,
• leaving the initiation of the handover to the human opera-

tor,
• require the operator to commit to the handover to avoid

dropping of tools or equipment,
• the robot takes trivial safety measures during the process

(e.g. do not hit the operator, desk or other obstacles, do not
drive itself into unresolvable joint states etc).
• during the process, gesture communication is realized.

To give a viable solution to the task at hand, the following
workflow is followed:

• creation of a fully functional, digital workcell model,
• calibration of said model,
• realizing operator tracking and following,
• recognizing initiation of handover operation and acting on

it.

3. Digital twin

An actualized digital representation of the workplace should
be developed. This digital representation should provide the
actual and accurate position of the objects in the surrounding
of the robot, the position of the human operators and the inter-
action channel with the operator. This representation needs a
virtual model capable of capturing the actual state of the work-
cell, with sufficient level of detail. Loading real time data to the
digital model leads to the creation of the digital twin [10]. With
the digital twin we have an always updated digital model, which
is capable of receiving (using sensors, databases etc.) and dis-
tributing data (to databases, decision logic, controllers etc.) in
the workcell.

The model of the robot workcell is created with Link-
ageDesigner [11], which is an add-on package for Wol-
fram MathematicaTM. This package uses a graph representa-
tion for mechanism or linkage definition, where the nodes of the
graph are the various links (or bodies) building up the linkage,
while the edges between two nodes are joints, connecting the
bodies corresponding to the given nodes. Joints are equations
constraining the relative position and orientation of the links in

Fig. 1. Linkage graph (left), photo (top right) and virtual model (bottom right)
of the workcell [3].

question. A pair of links and a joint between them is usually
referred to as a kinematic pair. Such a graph can be seen on
Figure 1. Linkage definition captures the following properties:

• Features of the links
– link geometry (via 3D triangle mesh),
– local link reference frame,

• Kinematic constraints between the links
– fixed transformations,
– parameterized variable transformations representing

the moving kinematic pairs.

The information captured by the linkage definition is capable
of modeling not only a single mechanism, but making it well
suited for modeling a whole workcell. It is possible to model
the robot, human operators, tables and other relevant equipment
in the workcell. It is also possible to collect the relative posi-
tions of the objects in space, as joint data. Benefit of this ap-
proach is the potential to update these joints based on real world
measurements. Incorporating sensor data, the digital twin can
be updated and kept synchronized with reality, thus providing
an invaluable base data for various planning and decision mak-
ing processes. This virtual model is called the digital twin [10].

3.1. Calibration

Calibration itself deals with the difference of the reference
CAD model and the reality [12]. Usually the calculation of joint
and link dimension errors is considered as calibration, which
corresponds to precise pick and move scenarios. On the other
hand, calculation of transformation between the local reference
frame and some pre-defined global reference frame can also be
viewed as calibration.

Calibration of the digital twin—as stated in Section 3—is a
key requirement. It means that the as-design and as-build states
of the workcell need to be matched (see Figure 2). The rea-
son behind the difference might be caused by multiple reasons,
like cables, grippers or other equipment which may be excluded
from the as-design model. Both models have their own local
reference frame, which needs to be merged. This will give us
an accurate virtual model—the digital twin itself—that contains
the current, updated state of the workcell, capable of serving as

Author name / Procedia CIRP 00 (2018) 000–000 3

Fig. 2. CAD model and feature frame FrameCAD (a), point cloud, branch cylin-
ders and feature frame FramePC (b), aligned connected subset and CAD model
(c) [12].

an input for any kind of workcell control.

4. Proposed system

For describing our approach the model created by Stra-
bala et al. [9] has been chosen. They put forth, that any han-
dover situation is based on the negotiation of the what, when
and where. According to their model, previous approaches—
where the robot brings the tool to a fix position—negotiated the
where in advance, rather than delegating it to the participating
parties. Examples of such method are [13,14]. In our concept,
negotiation takes place immediately before the handover itself,
making it more adaptive and comfortable.

In our case what is not negotiated by the participants of the
handover scenario, because the robot has prior knowledge of the
forthcoming step in the assembly sequence. The availability of
this knowledge is based on [15]. For demonstration purposes
in this paper, a human gesture is used to initiate the first pickup
(subsequent ones started when handover of previous element is
finished). Our previous work describes the used (static) ges-
tures [3].

First the robot picks up the subsequent tool and starts to fol-
low the operator’s hand. The way the robot moves after the
hand should be steady and unmistakable. The use of hand fol-
lowing is detailed in Section 4.1.

By initiating the hand following sequence, the robot signals
its readiness to handover, so the operator can take the tool any-
time. Using any additional signal would take away the fluency
of the handover operation, therefore reaching toward the tool
indicates that the operator wishes to accept the tool now.

In theory the robot should stop immediately, which is also
the negotiation of where, but the exact position of the handover
depends on the implementation.

Figure 3 shows our method in the context of the described
model.

Fig. 3. The handover model (T&F means track and follow)

Fig. 4. State machine of the handover process

4.1. In depth description of model

Hand tracking and following has been chosen to be the
basis of the handover process. The robot picks up the next
tool/workpiece while the operator is working on the previ-
ous step of the assembly and starts to follow his hand. With
the continuous following the given object is always within
arm’s reach of the human operator, shrinking the time frame
of tool/workpiece choosing and picking. This approach is er-
gonomic in a way that, with the continuous movement, sudden
starts/stops can be avoided, that may cut the worker’s mental
stress [8].

The following should happen only in the shared workspace
between the operator and the robot (which is one of the basic
assumptions of HRC). If the operator’s hand leaves this area
during the handover process (not the whole of his workspace
is shared), it has to be indicated through a well defined signal.
As two-third of human communication is non-verbal commu-
nication [16], special robot movement patterns can be used to
communicate it’s state to the worker. With the gesture control
this bilateral information transition is what we call gesture com-
munication.

4.2. State machine representation of said model

The previously described model can be represented as a
finite-state-machine (FSM), as can be seen on Figure 4. Three
states are defined:

• Track and Follow (T&F),
• Out of Boundary (OOB),
• Wait for Commit (WFC).

The transitions between these states are also defined:

• between T&F and OOB:
– moving out of the shared workspace,
– moving in the shared workspace,

• between T&F and WFC:
– moving the tracked hand towards the robot.

The handover process starts with picking up the proper tool,
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then with starting the hand following (T&F) the robot enters
the state machine. If the operator’s tracked hand moves out of
the shared workspace the state is shifted to the OOB state and
vice versa. In this state a small, continuous robot activity is
defined which shows the operator that his hand is out of the
shared workspace (gesture communication). In T&F state dy-
namic gesture recognition is used to determine when the opera-
tor wants to take the tool. If his hand moves towards the robot,
the state is shifted to WFC. The WFC state needed only for
safety reasons, because the dropping of equipment/workpieces
must be avoided, therefore after grasping it the operator has to
apply a small force to the robot. After this last commitment
the robot surrenders the tool, then exits from the state machine.
Based on the assembly task sequence, it enters an idle state or
picks up the upcoming object.

5. Proof of concept

Skeletal fitting algorithms may place more than one joint on
the hand and for the T&F state one of them has to be selected.
The criteria are the following: the joint has to be at the end
of the hand and the signal’s noise should be the lowest possi-
ble. Depending on the Signal-to-Noise Ratio (SNR), filtering of
the joint’s signal may be considered. The filtering algorithm is
expected to smooth the original signal and having a low phase
delay is key.

To achieve safe hand follow we can not drive the robot di-
rectly to the position of the hand. The robot’s Tool Center Point
(TCP) has to be shifted with a convenient distance from the fol-
lowed joint.

The aim is that the robot stops, if the tracked hand moves
towards it. The operator’s intent is indicated by his hand
movement—i.e. the speed of his hand. The speed vector and
the spatial vector that directs from the hand to the gripper have
to be compared. If these two vectors are co-directional within
sensible threshold, it means that the operator wants the tool and
the state can shift to WFC.

The entry action of WFC is to stop the robot. However if it
only halts, it is unclear that an error occurred or stopped because
reach gesture has been recognized. Therefore a small robot ges-
ture is defined which suggests that the operator can take or give
the tool (gesture communication).

After this gesture the robot waits for the last commitment,
overcoming a force threshold. The operator has to hold the tool
to apply the given force on the robot, thereby dropping the tool
can be avoided.

5.1. Implementation

The sample workcell consists of an UR5 robot and a Mi-
crosoft Kinect sensor connected to a workstation computer. The
robot is about 1 m away from the Kinect sensor, while the hu-
man operator is about 1 m more away from it. The sample
task was for the robot to hand over different cubes (in size and
colour) symbolizing different tools. Their sequence and pick up
position was previously defined.

First step of implementation is the creation and calibration
of the digital twin. As described in Section 3 the model itself is
created in Wolfram MathematicaTM, using the LinkageDesigner
package. Calibration was done with a captured pointcloud of
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Fig. 5. y coordinate of the hand joint during the experiment

the Kinect sensor which was merged with the CAD model (see
Figure 2). The result of the calibration is the exact coordinate
transformation between the robot’s and sensor’s coordinate sys-
tem. To keep the digital twin always up-to-date, the current
state of the robot and human operator have to be queried. The
actual status of the robot can be acquired by Real Time Data Ex-
change (RTDE) protocol designed by the manufacturer of the
robot. A Python script using a third-party library [17] handles
this protocol and sends the for the digital twin. The position
of the human operator is updated exploiting its skeletal model,
provided by the Kinect sensor.

The skeletal tracking algorithm—provided by the
manufacturer—places three joints to the end of the arm,
these are: wrist, hand (palm) and thumb. The accuracy of
the algorithm is closely tied to the accuracy of the sensor,
which means it can always be boosted by utilizing higher
accuracy sensors. As proprietary skeletal tracking method is
used (the official Kinect2 SDK), the pros and cons of it are
beyond the scope of this paper. Although it was sufficiently
reliable for our proof of concept implementation, it can be
arbitrarily substituted with more suitable systems if the need
arise. It is also worth mentioning that, our proof of concept
does not really require accuracy higher than 1 cm, which can
be easily satisfied with the Microsoft Kinect sensor. To fulfil
the mentioned requirements—Section 5—an experiment was
carried out, where the operator was moving his hand while the
signal of the three joints was recorded. To determine the most
suitable joint, standard deviation of every series is compared,
because its magnitude ties in with the noise. Standard deviation
uses the mean of the given series, but in this case by reason of
the dynamic move it would give faulty result. Instead of the
mean value, central moving average is used because it shows
the mean of a dynamic function at the given point. That joint
have been chosen which has the lowest standard deviation, in
our case that is the hand joint.

Because of the noisy sensor signal a filter should be used
to suppress the high frequency noises, therefore low-pass and
moving average filters were considered. First we chose the
algorithm depending on the phase delay, then tuned that fil-
ter to match the noise cancellation goal. We tested single pole
low-pass filter (SPLPF), simple and weighted moving average
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(SMA and WMA) algorithms on the hand joint’s data series
and experienced that SPLPF has the smallest delay. Therefore
we tuned it to have the lowest noise possible. Figure 5 shows
the phase delay difference between the different algorithms.

For shifting the position of the robot TCP—with respect to
the hand of the operator—both the direction and distance of the
shifting have to be determined. During direction specification it
is assumed, that the operator is executing the assembly process
in front of him. We noticed, that the operator prefers to have the
robot slightly on the side of his field of view, rather than in front
of him. To satisfy this need, the TCP is shifted towards the robot
(from the hand) and the distance is chosen to be constant 0.2 m.
On Figure 7 the realized shifting can be seen. The robot moves
directly to this shifted position therefore the above mentioned
noise filtering also smooths the robot’s path.

The state machine and every Kinect related part are imple-
mented in the digital twin itself, running on the workstation.
The UR5 robot is programmed in its own programming lan-
guage called UR script. The digital twin controls the robot in
a master-slave relation and their communication is established
over TCP/IP protocol. The flow chart of the implementation
can be seen on Figure 6.

For completing the requirements of the gesture communica-
tion, a gesture is defined for the OOB state. We chose a con-
tinues back and forth move along one horizontal axis, which
suggests to the operator that the robot can not go past a virtual
vertical plane.

For the last state transition, dynamic gesture recognition is
used to determine if the direction of the hand’s speed vector and
the spatial vector that directs from the hand to the gripper are
co-directional. For speed calculation we used a smooth noise-
robust differentiator algorithm described in [18]. The robot’s
actual TCP position is acquired by the aforementioned RTDE
protocol. After normalizing the vectors, their scalar product is
calculated for the comparison. If the result is near 1—larger
than a threshold value, which we chose to be 0.9—then the ges-
ture identification part of the sequence is done.

Gesture tracking is needed to validate the operator’s inten-
tion and filter possible noise from the derivation. For this pur-
pose a clear up counter unit is used. The responsiveness and
the noise-robustness can be tuned with the threshold value. In
our case the value is 4 which gives approximately 0.13 second
delay—with this Kinect sensor—between the start of the ges-
ture and the reaction to it. Gesture classification and mapping
are merged into one step. If the threshold is reached, the state
shifts to WFC. For entry action the robot stops and with a small,
single move shows that the state has been changed. After stop-
ping the robot waits for a last commitment from the operator.
The operator has to act a force—larger than a threshold—on the
tool wherewith he ensures that he has seized the tool. When it
happens, the WFC state ends, and as an exit action the robot re-
leases the tool, moves back in its idle pose or picks up the next
tool.

Figure 7 shows a capture of the T&F state of the handover
process. A larger cube can be seen in the gripper of the robot
and other smaller, coloured ones on a palette. The implementa-
tion meets all expectations laid down in Section 2.

Fig. 6. Sequence diagram

5.2. Latency evaluation

In HRC scenarios low latency is key, therefore we evaluated
our implementation in this view. We measured an average 3
millisecond communication time between the digital twin and
the robot. A timer was started after acquiring new sensor data
then the processed data was sent to the robot. The timer stopped
when an acknowledge message arrived from the robot. That
way we measured a 6 millisecond delay half of which was taken
as communication delay. With the Kinect sensor’s 30 Hz sam-
pling frequency this gives a worst case 36 millisecond reaction
time.

We also recorded how fast the robot reached a given posi-
tion. The operators followed hand and the robot’s position was
recorded simultaneously as can be seen on Figure 8. Based on
this measurement an average 104 millisecond has been deter-
mined as moving delay. As it does not contain the processing
time the overall hand following delay is 140 millisecond.

As described above, most of the delay depends on the robot’s
configuration (speed, acceleration) and the sensor’s sampling
frequency. These are implementation specific attributions and
can be improved with other devices.

Fig. 7. Picture of the workcell during handover process
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then with starting the hand following (T&F) the robot enters
the state machine. If the operator’s tracked hand moves out of
the shared workspace the state is shifted to the OOB state and
vice versa. In this state a small, continuous robot activity is
defined which shows the operator that his hand is out of the
shared workspace (gesture communication). In T&F state dy-
namic gesture recognition is used to determine when the opera-
tor wants to take the tool. If his hand moves towards the robot,
the state is shifted to WFC. The WFC state needed only for
safety reasons, because the dropping of equipment/workpieces
must be avoided, therefore after grasping it the operator has to
apply a small force to the robot. After this last commitment
the robot surrenders the tool, then exits from the state machine.
Based on the assembly task sequence, it enters an idle state or
picks up the upcoming object.

5. Proof of concept

Skeletal fitting algorithms may place more than one joint on
the hand and for the T&F state one of them has to be selected.
The criteria are the following: the joint has to be at the end
of the hand and the signal’s noise should be the lowest possi-
ble. Depending on the Signal-to-Noise Ratio (SNR), filtering of
the joint’s signal may be considered. The filtering algorithm is
expected to smooth the original signal and having a low phase
delay is key.

To achieve safe hand follow we can not drive the robot di-
rectly to the position of the hand. The robot’s Tool Center Point
(TCP) has to be shifted with a convenient distance from the fol-
lowed joint.

The aim is that the robot stops, if the tracked hand moves
towards it. The operator’s intent is indicated by his hand
movement—i.e. the speed of his hand. The speed vector and
the spatial vector that directs from the hand to the gripper have
to be compared. If these two vectors are co-directional within
sensible threshold, it means that the operator wants the tool and
the state can shift to WFC.

The entry action of WFC is to stop the robot. However if it
only halts, it is unclear that an error occurred or stopped because
reach gesture has been recognized. Therefore a small robot ges-
ture is defined which suggests that the operator can take or give
the tool (gesture communication).

After this gesture the robot waits for the last commitment,
overcoming a force threshold. The operator has to hold the tool
to apply the given force on the robot, thereby dropping the tool
can be avoided.

5.1. Implementation

The sample workcell consists of an UR5 robot and a Mi-
crosoft Kinect sensor connected to a workstation computer. The
robot is about 1 m away from the Kinect sensor, while the hu-
man operator is about 1 m more away from it. The sample
task was for the robot to hand over different cubes (in size and
colour) symbolizing different tools. Their sequence and pick up
position was previously defined.

First step of implementation is the creation and calibration
of the digital twin. As described in Section 3 the model itself is
created in Wolfram MathematicaTM, using the LinkageDesigner
package. Calibration was done with a captured pointcloud of
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the Kinect sensor which was merged with the CAD model (see
Figure 2). The result of the calibration is the exact coordinate
transformation between the robot’s and sensor’s coordinate sys-
tem. To keep the digital twin always up-to-date, the current
state of the robot and human operator have to be queried. The
actual status of the robot can be acquired by Real Time Data Ex-
change (RTDE) protocol designed by the manufacturer of the
robot. A Python script using a third-party library [17] handles
this protocol and sends the for the digital twin. The position
of the human operator is updated exploiting its skeletal model,
provided by the Kinect sensor.

The skeletal tracking algorithm—provided by the
manufacturer—places three joints to the end of the arm,
these are: wrist, hand (palm) and thumb. The accuracy of
the algorithm is closely tied to the accuracy of the sensor,
which means it can always be boosted by utilizing higher
accuracy sensors. As proprietary skeletal tracking method is
used (the official Kinect2 SDK), the pros and cons of it are
beyond the scope of this paper. Although it was sufficiently
reliable for our proof of concept implementation, it can be
arbitrarily substituted with more suitable systems if the need
arise. It is also worth mentioning that, our proof of concept
does not really require accuracy higher than 1 cm, which can
be easily satisfied with the Microsoft Kinect sensor. To fulfil
the mentioned requirements—Section 5—an experiment was
carried out, where the operator was moving his hand while the
signal of the three joints was recorded. To determine the most
suitable joint, standard deviation of every series is compared,
because its magnitude ties in with the noise. Standard deviation
uses the mean of the given series, but in this case by reason of
the dynamic move it would give faulty result. Instead of the
mean value, central moving average is used because it shows
the mean of a dynamic function at the given point. That joint
have been chosen which has the lowest standard deviation, in
our case that is the hand joint.

Because of the noisy sensor signal a filter should be used
to suppress the high frequency noises, therefore low-pass and
moving average filters were considered. First we chose the
algorithm depending on the phase delay, then tuned that fil-
ter to match the noise cancellation goal. We tested single pole
low-pass filter (SPLPF), simple and weighted moving average
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(SMA and WMA) algorithms on the hand joint’s data series
and experienced that SPLPF has the smallest delay. Therefore
we tuned it to have the lowest noise possible. Figure 5 shows
the phase delay difference between the different algorithms.

For shifting the position of the robot TCP—with respect to
the hand of the operator—both the direction and distance of the
shifting have to be determined. During direction specification it
is assumed, that the operator is executing the assembly process
in front of him. We noticed, that the operator prefers to have the
robot slightly on the side of his field of view, rather than in front
of him. To satisfy this need, the TCP is shifted towards the robot
(from the hand) and the distance is chosen to be constant 0.2 m.
On Figure 7 the realized shifting can be seen. The robot moves
directly to this shifted position therefore the above mentioned
noise filtering also smooths the robot’s path.

The state machine and every Kinect related part are imple-
mented in the digital twin itself, running on the workstation.
The UR5 robot is programmed in its own programming lan-
guage called UR script. The digital twin controls the robot in
a master-slave relation and their communication is established
over TCP/IP protocol. The flow chart of the implementation
can be seen on Figure 6.

For completing the requirements of the gesture communica-
tion, a gesture is defined for the OOB state. We chose a con-
tinues back and forth move along one horizontal axis, which
suggests to the operator that the robot can not go past a virtual
vertical plane.

For the last state transition, dynamic gesture recognition is
used to determine if the direction of the hand’s speed vector and
the spatial vector that directs from the hand to the gripper are
co-directional. For speed calculation we used a smooth noise-
robust differentiator algorithm described in [18]. The robot’s
actual TCP position is acquired by the aforementioned RTDE
protocol. After normalizing the vectors, their scalar product is
calculated for the comparison. If the result is near 1—larger
than a threshold value, which we chose to be 0.9—then the ges-
ture identification part of the sequence is done.

Gesture tracking is needed to validate the operator’s inten-
tion and filter possible noise from the derivation. For this pur-
pose a clear up counter unit is used. The responsiveness and
the noise-robustness can be tuned with the threshold value. In
our case the value is 4 which gives approximately 0.13 second
delay—with this Kinect sensor—between the start of the ges-
ture and the reaction to it. Gesture classification and mapping
are merged into one step. If the threshold is reached, the state
shifts to WFC. For entry action the robot stops and with a small,
single move shows that the state has been changed. After stop-
ping the robot waits for a last commitment from the operator.
The operator has to act a force—larger than a threshold—on the
tool wherewith he ensures that he has seized the tool. When it
happens, the WFC state ends, and as an exit action the robot re-
leases the tool, moves back in its idle pose or picks up the next
tool.

Figure 7 shows a capture of the T&F state of the handover
process. A larger cube can be seen in the gripper of the robot
and other smaller, coloured ones on a palette. The implementa-
tion meets all expectations laid down in Section 2.

Fig. 6. Sequence diagram

5.2. Latency evaluation

In HRC scenarios low latency is key, therefore we evaluated
our implementation in this view. We measured an average 3
millisecond communication time between the digital twin and
the robot. A timer was started after acquiring new sensor data
then the processed data was sent to the robot. The timer stopped
when an acknowledge message arrived from the robot. That
way we measured a 6 millisecond delay half of which was taken
as communication delay. With the Kinect sensor’s 30 Hz sam-
pling frequency this gives a worst case 36 millisecond reaction
time.

We also recorded how fast the robot reached a given posi-
tion. The operators followed hand and the robot’s position was
recorded simultaneously as can be seen on Figure 8. Based on
this measurement an average 104 millisecond has been deter-
mined as moving delay. As it does not contain the processing
time the overall hand following delay is 140 millisecond.

As described above, most of the delay depends on the robot’s
configuration (speed, acceleration) and the sensor’s sampling
frequency. These are implementation specific attributions and
can be improved with other devices.

Fig. 7. Picture of the workcell during handover process
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6. Conclusion and future work

The use-case in Section 5.1 demonstrates the feasibility of
the proposed method, realizing a non-obtrusive, robot assis-
tance workcell, for human-robot collaboration. Testing it with
multiple, untrained user, the feedback was mostly positive re-
garding the user-friendliness of the system. We used virtual
sensors on the digital twin of the workcell to follow the move-
ment of the proper joint of the human operator. Further virtual
sensors could be added, for instance a collision detection be-
tween the robot and the model of the workpieces, or the cap-
tured image of non-modeled objects in the workcell.

The system also can be extended with other T&F operations,
based on the knowledge of the task sequence—e.g. hovering
a heavy object over its intended position, while the operator
executes sub-assembly tasks.

In our proof of concept we did not implement collision de-
tection because the shared workspace was empty. However in
the T&F state the robot movements are not predefined, which
means our model should be extended with this functionality.
It is possible that in cluttered workcells this can be a resource
intensive calculation, which can increase latency between de-
tection and movement.
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[12] Horváth, G., Erdős, G.. Point cloud based robot cell calibration. CIRP An-
nals 2017;66(1):145 – 148. doi:https://doi.org/10.1016/j.cirp.2017.04.044.

[13] Huber, M., Lenz, C., Rickert, M., Knoll, A., Brandt, T., Glasauer, S..
Human preferences in industrial human-robot interactions. Proceedings of
the International Workshop on Cognition for Technical System 2008;.

[14] Cakmak, M., Srinivasa, S.S., Lee, M.K., Forlizzi, J., Kiesler, S..
Human preferences for robot-human hand-over configurations. IEEE In-
ternational Conference on Intelligent Robots and Systems 2011;:1986–
1993doi:10.1109/IROS.2011.6048340.

[15] Kardos, C., Kovács, A., Váncza, J.. Decomposition approach to opti-
mal feature-based assembly planning. CIRP Annals 2017;66(1):417 – 420.
doi:https://doi.org/10.1016/j.cirp.2017.04.002.

[16] Hogan, K., Stubbs, R.. Can’t get through : eight bar-
riers to communication. Pelican Pub. Co.; 2003. URL:
http://www.worldcat.org/oclc/51769254.

[17] Roulet-Dubonnet, O.. urx python library. 2012. URL:
https://github.com/SintefRaufossManufacturing/python-urx;
accessed: 2017-10-30.

[18] Holoborodko, P.. Smooth noise robust differentiators.
http://www.holoborodko.com/pavel/numerical-methods/numerical-
derivative/smooth-low-noise-differentiators/; 2008.


