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Dissertation title; Detection ofinteraction Forces in Industrial Robotics

Abstract: With Industry 4.0 becoming a reality and Industry 5.0 emerging on the horizon, the
need for seamless integratjoshared workspacand interoperability of production entities is ever
increasing.To aidin this transition, this thesis presents approaches intended to allow the evolution of
industrial robots by enabling them to detect and interpret interactions with their surroundings. The
detection of interaction forces is based on-nwdelbased algoritins due to their inherent ability to
include all aspects of the behaviours of the robot as well as to capture the contapetask forces
and dynamics. To detect interactions, the reference sequence recorded during an exemplary task
execution cycle isompared with measurements from the robot while it is performing its repetitive task.
The thesis presents several different approaches to detection of collisions and interactions in general
intended for the implementation on industrial robots with closmdral architecture. To overcome
implementation issues, the modified Dynamic Time Warping (mDTW) method, as one of the key
presented contributions, enables optimal matching of compared signals. The mDTW enables comparing
a signal with the most similar semt of the other signal. Partial matching also enables online
application of time warping principles and reduces the time and computation resources needed to
perform matching. The developed and presented algorithms for automatic calculation of kinematic
paameters of the robot and its eaffector enable further evolution of the mDTW in into its

kinematically augmented version KA-mD T W, extending the interacti
application domain. Furthermore, it enablesitidusion ofunmodeledaskd y nami ¢s or- a r O
effector into algorithms for collision detectic

The presented algorithms and conclusions are supported and validated by the experimental testing on
industrial robots.

Keywords: Industrial robotics;Interaction detectionPhysical interaction, Dynamic Time
Warping Industry 4.0

Scientific field: Electrical and Computer Engineering

Scientific subfield Robotics and Control Systems
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1. INTRODUCTION

Tendencies in modern day robotics demartchnsition to a more flexibleadaptableand
interconnected evetariven environmentAvailability of information in form of proceseelated
measurements and operation context is of crucial importance for a successful integndtion
optimized controbf all processing and managementties.

These transitions reflect not only on a control and sensing level, but also physieal
workspace ofthe production resource. Ever increasing requirements for sh@rworkspace
betweenndustrial robots andtherproductionentitiesopen numerous possibilities in framework of
Industry 4.0 and slowly emerging Industry 5.0, but alswltitudeof related challenges.

As the backbone of the Third industrial revolution, industrial robotse deelopeal to
achieve best performance in higlsiyucturedand supervised environmenihey were designed to
be reliable,mechanicallyrobust,and fast maaines with highpositioningrepeatabilitywhich work
in closed work cells without interference of humans or other sources of unpredictalsignce of
potential external disturbances meant that their senaotgators,and control algorithmsvere
focused on achieving best performamgthout considering their surroundings.

The evolution of the architecture of interactidi] betweenthe robotizedoroductioncells
and other manufactuing entities including mobile robots, human workers and manned vehicles
resuls in violation of the structured environment which the industrial robots were intended for.
Addressing theseolations inadequatelynaylead tonumerous types of erroneostsites ane@vents
such asincorrector suboptimaltask executiorf2], and potentiallyto more severe consequences
such agslamage of production resources, or even injutyushand3], [4], [5].

Collaborative robots were conceived as the answer terttergingrequirementsrom the
standpoint of safety angharing workspace with humarend there are certainfields where their
implementation is the key enabling factor for a successful robotizétmmever, their performance
and robustness are often not the answer for environments where high efficiency and repeatability
are required, and where human presenctervention is not frequenMoreover, although there
are fields where new developments in automation have enabled successful robotization for the first
time, in most cases they are introduesdmprovementito already existing robotized systenhs.
such systems and environments, industrial robots are by far the most dombwirtype[6], [7] ,
and projections for the foreseeable future predict that the demand for them witiaebse.

No matter how revolutionary some shifts in automation paradigm are, their influence on the
manufacturing components is that of evolutidie same is true for the industrial roboBne
important direction in which industrial robots need to ewl respond to thee shifts isto
appropriatelydetect,interpret, react,and share information about the physical interactions they
encounter during operation.



1.1 Motivation

The motivation for the work presentedthis thesis isd develop algorithms that can unlock
the underusedpotential of industrial robots and their readily available sensors to facilitate their
transition into Industry 4.0 and beyoridetection,interpreation, and reaction to the forces that
occur duringphysicalinteraction of the robot and its surrounding is one ofptitae examples and
most impactful fieldsn which the contribution to this transition can be made.

Collision detection and reaction atifferent levels[8], [9] is one of the primary and
essential aspects that need to be addressed in shared workspace, especially during physical human
robot interaction (pHRI). The researphesented in the thesis is focused on thexstencd8], as
the innermost level of any pHRI that is tlast instance preventing the human injury if all other
levels fail Besides reliable detection, threaction time in case of collisions is of the greatest
importance from the perspective of human safety. Applicability is another impagpatt since
collision detection algorithms only contribute to human safety and protection of production
resources ithey are implemented.

Identification of intentional interaction while performing contact taskanother important
aspect of robotized production. It enables interpretation of the forces that occur during physical
contactto determine whether they indieacorrect task execution or some erroneous state, such as
misalignmentwith the work object, dropped load, irregular behaviour of the robot or its tool.
Information about physical interaction can further be used for predictive maintenance or providing
corntext information regarding operation state of the robot and its equipment.

The main attention of the research is diceed towards industrial robots with closed
controller architecturdg10], [11], [12], [13], [14] since they are the most common and most
challenging type of industrial robot controlle@o s ed ar chi tecture of i ndt
imposes certain limitations on the availability of information and levels of control possible to attain.
These controllers do not allow access or insight to the inner control loops nor the paramhbters of t
model of robot for which they are optimally designed.

The algorithms presented in this thesis etglusivelyon readily available signals possible
to attain from closed architecture controllers atobot joint level. This makes the presented
algorithms universally applicable to robots of different configurations and generagoabling
their evolution and facilitating their seamless integration into modern and future production
environments.



1.2 Contributions

The research within the thesis has been devoted to the development of algorithms that will
enablethe industrialrobotsto detect interactionand better integrateith their surroundingsThe
work presented in this thesis summarizes and heavily reliesh@nrelated work presented
throughout the studies. The related publications by the author are:

International journals:

[J1]Z. GoK.didgvanovil: A Framework for Dynamidsusi o
in Industrial Robotics, Sensors (ISSN2443220), Vol. 22, No. 19, pp-19, Nov,2022

[J2]Z. GoK.didJovanovii: Collision Detection on |
Modified Dynamic Time Warping, Robotica (ISSN: 026347), Vol. 38, No. 10, pp. 17417736,
2020

National journals:

[DJ1]Z . G ¢ €. ®nghro, Calibration of Robot Tool Centre Pointusing Caiasad System,
Serbian Journal Of Electrical Engineeringpl. 13, No. 1, pp. 20, 2016.

International conferences:

P

[IC1] Z . Gor dki.l Jovanovi i, lédnBxteroak Fowes orothe Quality ofd e |
Collision Detection, Advances in Service and Industrial Robotics. RAAD 2019. Advances in
Intelligent Systems and Computing, pp. 828, Springer, Cham, Kaiserslautern, Germany, Jun,
20109.

-

[I1C2] Z . Gor Ki.l J oFully integrateld TorquBased Collision Detection in Periodic
Tasks for Industrial Robots with Closed Control Architecture, Advances in Service and Industrial
Robotics Proceedings of the 27th International Conference on Robotics inPAddiae Danube
Regon (RAAD 2018), pp. 7-B1, Springer, Greece, Jun, 2018.

[IC3] Z . G ¢ £.dOndaro, Development and Implementation of Orthogonal Planes Images
Method, Advances in Intelligent Systems and Computing (Proc. 25th IFTOMM/IEEE International
Conference on Robosdn Alpe-Adria- Danube Regiori RAAD 2016), pp. 1058L15, Springer,
Serbia, 2017.

National conferences:

[DC1]Z. Gor Ki.l Jovanovili, ldentifying Unmodel | ed
Robotics, Proceedings of the 7th International Conference on Electrical, Electronic and Computing
Engineering, ICETRAN 2020, pp. 6980, Jun, 2020.

[DC2]Z. Gordil ,l :K.CoJlodviasnoowni Detection on | ndus:
Warping, Proceedings of the 5th International Conference on Electrical, Electror@oarpmiting
Engineering (ICETRAN 2018), pp. 10390 4 3 , Drugt vo EZOEAN, Serbi a,

[DC3] Z. Go K.dJ d v a n Partial| Pose Measurements for Identification of Denavit
Hartenberg Parameters of an Industrial Robot, Proceedings of the 4th International Conference on
Electrical, Electronic and Computing Engineering (ICETRAN 2017), pp. ROIRGIL.6.4,

[ cHdshets L O (vt 01, Kl adovo, Serbia, Jun, 2017.



[DC4IN. Kn eKg.e vdiol v z.n o@® ¢\ Batkbnjak M. Majstorovi , Hazard Identification,

Risk Assessment and Safety Integration for Flexible Robotic Cell, Proceedings of the 4th
InternationalConference on Electrical, Electronic and Computing Engineering (ICETRAN 2017),
[ ckhlsets L O ruvtdr, Jun, 2017.

[DCH] Z . G 0 ¥.dPotkonjak, Overview of Methods for Robotic Manipulators Calibration,
Proceedings of the 3rd International Conference on ElattriElectronic and Computing
Engineering (ICETRAN 2016), pp. ROI2.6ROIl 2. 6 . 4, Drugtvo ETRAN, Se

[DC6lZ. G o €. @nghro, Robot Tool Centre Point Calibration using Analysis of Images from
Orthogonal Planes, Proceedings of 2nd Internatioraifé@ence on Electrical, Electronic and
Computing Engineering, pp. ROI4.6R0I4.6.5, Jun, 2015.

The contribution of the research presented in the thesis can be dividdd/anpoincipal
categories:
1. Detection of interactions and safety:
a. Detectionof interactions based on the principles and modifications of Dynamic
Time Warping: 1J1, 132, IC1, DGDC2
b. Collision detection and safetipr application on industrial robots with closed
control architecturelJ1, 132, IC1, IC2, DCIDC2,DC4
2. ldentification d robot kinematics parameters:
a. ldentification of kinematic parameters of the robot manipulator based on partial
pose measurements of position of:a po
DC3, DC5
b. Identification of kinematic parameters of the robotteffector based on the
analysis of images obtained from cameras in two orthogonal plBdés.IC3,
DC5, DC6



1.3.Thesis overview

The thesis is divided into five Chapters.

The First Chapter introduces the reader into the topic, motivatmmtributions,and the
structure of the thesis.

The SeconChapter is dedicated to the overview of methods for detection of interactions. It
is divided into sections dedicated to the dif@ approacheso detection and interpretation of
external forceslt discusse advantages and disadvantages of the mbdeéd and nemodetbased
approaches igeneral anaffers reasoning behind opting for the latter approach in the thess. Th
Chapter also offers initial considerations regarding a hybrid approach to interaction detection,
combining prospects of the two main groups of approaches.

This Chapter also presents the analysis of signals that are readily available on robots with
closedcontrol architecture. The discussion focuses on the type, availability and statistical properties
od available signals and their possibiity implementation in the field of interaction detection.

The Third Chapter presents developed algorithms formatelbased interaction detection
for tasks which repeat in cycles in identical waw. this end, tw approaches are presented and
discussed for implementation on industrial robots with closed control architecture.

With aim of reducing reaction time to ®ilsle collisions, the first approach is intended for
integration on the controller of the robot itself. The algorithm considers limitations imposed by the
closed control architecture and proposes applicable solutions for efficient collision detection.

Aiming to extend the possibilities and increase reliability and sensitivity of detection, the
second approach relies on implementation of more complex sigatahing algorithms enabled by
the permanent connection with PC. This approach proposes an effexidiécation of elastic
similarity measures to overcome the sampling issues and erediféme implementation of
performant collision detection.

Following the discussion of results obtained from the experimental setup, the proposed
approach for collisiomletection is discussed also in scope of a hybrid interaction detection in which
it would be used to detect intentional interactions.

The Fourh Chapter presents an innovative augmentation of the methods used in the Third
Chapter, enabling matching signédlem similar tasks. The alteration which enables the extension
of the application field is based on the identification of kinematic parameters of the robot. With a
goal of identification of parameters of the robot manipulator itself and its end efféstor,
innovative approaches are presented and discussed in terms of their reliability and applicability.

The algorithm for detection of the parameters of the robot itself is based on obtaining
partiatpose measurements of a point of interest on at thedabot e nd ef fector and
forming kinematic model of robot without limits to its joint configuration.

The algorithm for determining parameters o
of images from two orthogonal planes, and it barfully automated.

Following the identification of the kinematic parameters of the robot and its end effector,
this Chapter introduces the kinematically augmentedmodetbased algorithm for detection of
interaction forces, which enables correct intetation of interaction influences under different
movements. The Chapter concludes with discussion of the results and considerations for
implementation in standalone and hybrid configuration with mbdséd approach.

The Fifth Chapter summarizes conctuss derived from the overall discussion and results
analysis of the work presented in the thesis.



2. INTERACTION DETECTION

The intention of the research presented in this thesis is to use the existing sensors commonly
found in industrial robots andsa them with intention of detecting interactions of robots with their
surroundings. Industrial robots typically feature sensors which are essential and used almost
exclusively for the efficient execution of the direct and indirect kinematics control tasks.

This chapter aims to presaand summarizéhe different approaches in detection of physical
interaction ofthe robot and its surrounding’lhe approaches will be discussed in terms of their
reliability, complexity,sensitivity,and applicability in order to present their respective advantages
and disadvantages.

2.1 Approaches tothe interaction detection

2.1.1. Model-Based approach

Modelbased approaches are by far the most academically represented type of interaction
detectionalgorithms. The primary field of research for these algorithms is collision detection and
reaction but they are applied also in areas such as kinaesthetic robot guitiajadenere is a very
good justification for their popality in academic papers, and that is their sensitivity. Depending on
the quality of the model they rely on, they can detect contacts measured even in fractions of
Newtons without using additional sensors which industrial rolypécally do not posses&or that
reason, these types of algorithms are popul ar
they have the best possibility to obtain or calculate accurate models of the robots they produce.
Simultaneously, they allow producers of collabmetrobots to omit torque sensors from robot
joints, which positively affects both the engineering challenges related to their integration in each
joint and the final price.

As their name suggests, modbalsed algorithms rely on model of the robot and
idertification of its parametersA number of successful collision detection algorithms have been
proposed so far, and they mostly rely on model of the robot or some form of dynamicg5hodel
[8], [9], [10], [12], [16], [17], [18], [19], [20]. Some of them include algorithms to identify the
model[9], [17], [18], [21], [22] of the robot which they use to predict values of currents or torques.
Predicted values are then compared with measured values in order to detect collisions.

Mostly, the model which they require is the dynamics model, including inertia, friction, and
rigidity related parameters, which in turn alsae®bn kinematic parameters of the robot. Whereas
theidentification of thelatteris generally easier to attgimdentification of the dynamic parameters
is much more complepR3], [24], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34]. While the
theaetical and practical procedure for their identification have been kroldressed in numerous
research papers, there still are limitations to the practical implementation. These limitations are
mostly related to the physical and structupalssibilities of the robot to perform movements
necessary for the successful identification of the required parameters. This is evidenced by the
numerous research papers related to the calculation of optimal excitation traj¢8&jries

Modelbased algorithms can only reach peak performance if they are applied to the robot
under same circumstances as when the model was identified. If some relevant piece of equipment or
accessory, such as robot tool or wire feeder for weldbgt, ischanged or was omitted during the
identification of dynamic parameters, the entire modelling process may need to be r§fdated
These issues asgldressetb some extent by the possibility of certain robatrals to run a budin
routine for identification of inertial parameters of the load or gripper. However, this feature does not
solve the issue of equipment which is not attached to theféactor, and tools or load which do
not allow performing movemenequired toidentify these parameters due to spatial or structural
constrictions



Another drawback of modddased algorithms is that unmodelled interaction forces which
occur during intentional physi cal askstmayrcauset i o n
improper behaviour. If models of such interactions are not accounted for, they may lead to false
collision detectionsaffecting the production cycle and overall efficiengarious techniquegL0],

[12], [18], [21], [37] have been developed to help prevent contact misinterpretation, such as various
filtering and analysis of the duration and intensity of detected change, or learning from previous
measurements. Some of algorithms are able to identify collided[8hk[17], [37] and react
accordingly, in order to minimize the severity of impact or modify robot trajectory or joint
configuration. However, the additional analysis and filtering induce additional time needed for
interpretation effectively slowing dowrthe reaction and therefore possibly increasing the risk and
severity oftheinjury.

In practical terms, this drawback is commonly addressed with introduction of force/torque
sensor between the r ob owhiéhsdoek pravidapseful facdldhckvhithe e n o
can be used to mitigate these isslmnever, there are certain limitationsttos approachbesides
increased implementation complexity, and they especially related to the nature of the contact
task and/or erironment where the robot operaté8anipulation of heavy loads is one example
where thepossibility of integration of these sensors is questionable and complex due to the transfer
of weight from the end effector to the robot bo@lgsks whichexpose endféector tovibration or
impactsare typically not favourable conditions for implementation of faorguesensors since
may affect their reliability or longevity. The same can be applied to work in environments with high
temperatures, humidity or otheise unfavourable conditions for which robots have adequate
ingress protection (IP) level, but there are no sensors with comparable protection level.

2.1.2. Non-modelbased approach

Approacheswhich do not require a model of the robot to detectintgractions with
surroundings belong to a group of Amodetbased approaches. However, in some casés i
difficult to constitutea line which determines towhich extent can certain approaches be considered
as noamodel basedThat line depends on thenspective of what is considered as a model. In this
thesis,nonmodetbasedapproaches and algorithms are those which do not rehammeters and
values which have direct corelation with physical parameters of the syBlarefore,to some
extent,this definition could include neural network and fuziggic-basedalgorithms which may
even be used toredict values of measured signals in robot jdib#g, [37].

The obvious advantage of nenodetbased approaches is that they do not require complex
identification of the model paramegserConsequentlytheir performance does not depend on the
guality of the model which may be difficulitnpractical,or even impossibléo obtain.Moreover,
this type of approaches and algorithms tend to be easier to implement in production environment
since they are less likely to require specialist knowledge related to model identification and related
experiment execution.

Arguably the most important advantagef nonmodelbased approaches is that they
implicitly include the entire dyamic behaviour of the system they were developed and
implemented for. This means that all interactions, prespssific phenomenaand behaviour of
the system are accounted for and can potentially be used for the interaction detetgipnetation,
and reactionFrom the viewpoint of detection of interaction forces, this is a very important aspect,
and the one which has a lot of potential if correctlplemented.

The drawbacks of nemodetbased approaches mostly relate to their lower sensitivity and
versatility. Their lower sensitivity for detection of interactiongnwpared tothe modetbased
algorithms,is mostly caused by the uncertainttedsynchrmizing the measurements from the robot
with their corresponding expected valugslditionally, their versatilityis limited by a predefined
set of measurements they rely upon to detect and interpret interactions. If an action of the robot or
thetype ofinteractionwith surroundingss out of scope of the set of measurements based on which
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the detection and interpretation is performed, the algorithms may behave unexpectedly or
incorrectly.

The drawbacks of nemodetbased approaches made them less &iteafor researchers
looking for universal solution for interaction detectiorhe strive to develop a comprehensive
modetbased solution, makes it easy to overlook the great potential that other appiuaobes
especially given the properties of the istfial environment in which they are arguably needed the
most. Namelythe predominant tyaf applications for industrial robots include repetitive and pre
defined tasks witha limited set of variationsThat sort of environmentavoursthe reliability,
simplicity and applicability of the nemodetbased approaches while minimizitige impactand
importance othear drawbacks.

The work presented in this thesis aitbsexplore ancharness the potentiaf nonrmode}
based approachésr implicit inclusionof dynamic behaviour of the system by developing reliable
andapplicable algorithms for interaction detectidiqually importantly, the intention is tevelop
solutions fordrawbacks of the nemodetbased approachemd present them as viable or even
preferable alternatives to the modmsed algorithms.

2.1.3. Hybrid approach

In some respects, it is possible to notice that the two general approaches have
complementary advantages in terms of complexity and implementation. A hybrid approach,
combiningadvantages of both the modahd nommodetbasedype of algorithms is also examined
andpresented in this thesis. The main idea behingtbposecdhybrid approach is to augment the
nonmodetbasedapproach with coefficients corresponding to identifiegeknatic parameters of
the robotThe ki nematically augmented algorithmods
only to expand the field of application of the Armodetbased approaches, but also to solve some
of the drawbacks of the modehsed algothms related to the contact interaction tasksother
dimension of hybrid approach which will be theoretically examined is to use model amaoaleh
based algorithms in a cascading fashion. In this configuration, rbadeld algorithms would be
used tocover nominal behaviour of the robot and its task, while thenmnodelbased algorithms
would be used to complement them by incorporating the unmodelled or unforeseen interaction
dynamics.



2.2 Analysis of available signals

The firststep in understanding the possibilities and considering the design of the interaction
detection algorithm is the analysis of the properties of the available signals. This section aims to
provide insights into characteristics of signals that are commoaliabie in industrial robotics.

Industrial robot controllers with closed control architecture rely on two main types of signals
for efficient control of robot manipulator§hese types of signals are necessary for achieving any
meaningful robot behaviournd are consequently present in all types, configurations, and
generations of industrial robots with rotational joints.

The first readily available type of signal is the information about each of the joint angles,
referred to as joint coordinates, and tyiig represented in degrees. Industrial robots almost
exclusively receive this type of information from incremental encoders, although there are also
other realizations employing absolute encoders and resolvers. This type of signals is used in control
algaithms for both direct and indirect kinematics, along with angular velocity and acceleration,
which are obtained as derivates and double derivates respectively.

The second type of signals which are used in control loops is the measurement of joint
currens. The range of their values depends on the rated values for the joint motors, and depending
on the robot brand, they are either available in Ampers or percentage of the joint current rated
value. Depending on the manufacturer, both representations nhageinibe information on polarity
or be represented in absolute values. Some manufacturers also offer another signal, and that is the
torque values which are estimated based on the current measurements. Similar to joint currents,
these estimates may be repented in absolute values of Newtosters, or as percentage of the
permissible joint torque values, but are almost always signed, i.e., have positive and negative
values.

Having in mind that the predominant architecture of industrial robots employg jaitas,
the effect of external forces of interaction on robot links translates into torques affecting the joint
motors. At the joint actuator level, these torques manifest themselves in form of changes in joint
current, indicating the presence of extéfoace. The nature of the environment and tasks for which
industrial robots are intended for has led to the design of control algorithms which efficiently and
promptly eliminate the effect of the disturbances on the commanded joint position values.
Consegently, the changes in joint positions caused by the external forces are rarely allow
noticeable. For this reason, the primary source of interagtauced information in industrial
robotics are the measurements of joint currents, and the torque esbasgdson them.

Following sections will present the analysis of available and sutgimtant signals, with
focus on joint currents and torques obtained from the industrial robot with closed control
architecture. The robot used to illustrate signal pittgeels Denso VH5242, a 6axis industrial
robot. Measurements from this robot are provided on a sbt@a®6 to 100% for joint torques, 0%
to 100% for joint currents and in degrees for the joint angles.

2.2.1. Repeatability analysis

Signal repeatability in thgime domain is one of the most important aspects and
preconditions for designing efficient nomodetbased interaction detection algorithms. This signal
property can be observed from the perspective of the robot itself i.e., its actuators and the equipment
permanently attached to it, as well as from the nature of the desired contact task. The following
results are related to the properties analysis of the former, while the latter will be addressed in the
following sections on a case stulgsis.

With the aim of discussing this important property of the signal, measurements of joint
values were recorded while the robot was performing the same repetitive task in cycles., and results
were analysed. Thirty consecutive measurements from the same nmbameshown oifrigurel,
and they show that the overall shape of the signal is generally repeataiste js favourable from
the standpoint of the nemodetbased algorithm development and implementation. However
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although the beginnings of the signal were matched to stdreaaime time instant, it is evident
that they start to deviate from each other after only a few samples, and it is important to find the
cause for this observation.

Robot brands typically possess some form of parallel processing capability. However, these
apparent parallel processes are often performed on single core processors, meaning that they are no
strictly run in parallel. Instead, they share resources of the single processor by switching rapidly
from execution of one process to another. This fagses slight deviation of time instants in which
identical command will be executed within a repetitive cycle. Therefore, it is very difficult to
guarantee that measurements obtained in one of parallel processes will be performed with strictly
accurate peods. That in turn means, that sampling of measurements will not be constant, but some
periods will slightly vary from the others.

This also includes the motion commands, which consequently leads to the situation in
which measurements from consecutive measients from the identical movement do not match in
ti me domain. Additionally, it 1s clear that o
a whole number of samples. When all aforementioned is put together, the result is that movement of
the robot will not be sampled in same time instants. The consequence is that measurements from
two identical movement cycles of the robot cannot be compared directly in an effective way. On the
left graph ofFigurel, these differences are shown as set of 30 consecutive recordings of the torque
measurements in a robot axis for same movement sequence, all varying in duration.

30 consecutive measurement sequences from same movement Influence of sampling time on shape of movement cycle measurement
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Figure 1. (left) Measurements from 30 consecutive executions of the same movi@8eshow time domain related
differences in recorded signal caused by the differences in sampling instants. Signals have slightly diffthsnaied

they are shifted in time for up to 13 samples or just under 10% of the total length of the signal. (right) Six consecutive
movement cycles and differences between them which are caused by sampling. Signal peaks shown in sections of signal
markedin yellow are not visible on sections marked in red. Peaks marked in yellow and red show biggest effects of the
issues related to numerical position derivation.

Another observation related to the nature of the measurement signal of current/torque is the
irregular occurrence of peaks, as shown on the right sectibigwfe 1. The occasional appearance
of peaks in measurement is related to the fact that currents/torques are dependent on speed anc
acceleration in each joirji.3],[15]. As mentioned earlier, due to the fact that industrial robots
possess only position measuremeffitsm encoders, speed and acceleration are calculated
numerically as derivatives and double derivatives of position measurements. Depending on the
actual dynamics of the position change in relation to the sampling rate, these numerical derivations
may resul in values which do not correspond accurately to the actual dynamics of thg¢3@jbot
Although these numerical values may differ from real values, they are absolutely adequate for the
proper functioning of the robot duetoobot 6 s i nherent actuators an
out the high frequencies of the control signal. However, from the standpoint of observation of signal
deviations, these peaks may be mistaken for unexpected external forces. The peaks bmist not
filtered out because they may contain important indications of a collision or other real external
force/torque which are of importance for the collision detection algorithms and worker safety.
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2.2.2. Statistical signal analysis

Detection of interaction oihdustrial robots with their surrounding requires setting certain
thresholds and limits which are used to determine whether certain interaction has occurred or not.
The thresholds for such detections can be determined in various ways, but all of thew requi
understanding of the factors which influence their values. For better understanding of these
influences, the following analysis is conducted on first three joints of-tb@sGndustrial robot to
demonstrate effects which position, speed and accelerative on signal properties. These joints
were selected specifically because they contribute the most to the positioning of the rebot end
effector, and therefore best illustrate these influences.

In the first test phase, for each joint, both currents estanated torques were recorded
along with the joint positions which are used primarily to better depict different stated during
measurements. Each joint was moved individually, and the same movement was repeated with 5%,
10%, 20% and 40% of the maximumegd of the robot, to which corresponds 0.25%, 1%, 4% and
16% of the maximum acceleration.

The measurements from th& dxis shown orfFigure 2 show that, both fothe joint torque
and the current, the influence of the joint position does not have any noticeable effect in the
stationary state, when the angle does not change. This observation in due to the fact freatishe 1
of the robot is vertical and is therefommaffected by the weight. The influence of speed and
acceleration is evident in each of the transitions to the new position, and it is quite repeatable in
shape for the same reason. In this example, the current and the torque have similar shapes, and thei
real physical correlation is evident. The exception can be noticed at the beginnings of each
sequence, since the torque has negative values, whereas the current is shown in absolute values. Th
values of the variance in the stationary stateldre 0.1283on averagdor the current and® =
0,1452for the torqudor the 4 regions without change in angle.
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Figure 2 Influence of the joint position and speed on measured values fronittndsl The graphs illustrate that the
stationary currents and torques for tifeakis are mostly unaffected by different positions due to the invariance to the
influence of gravity and unchanged weight distribution. The effects of speed and acceleration differ only in the periods
with movemaet.

The 29 axis of the robot presents same type of measurements as shown B, but
performed in both directions, for increasing and decreasing joint values. Sincé? thris2is
horizontal, the measurements show differences between the dupwdrdownward movements,
caused by the different weight distribution and its effect on joint torques and currents. Results
shown onFigure 3 show that the different positions do not affect the variance of the current and
torque signals in stationary states, whaole G° = 0.0631and (1> = 0.0029respectively. Transient
periods show that profiles of currents and torques during the movementfidiffeeach other in
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shape, which is caused by the different weight distribution of the succeeding links and joint. When
observed for the same portion of the signal, it is evident that shapes of torques and currents are
scaled mirror images of each otheithvexception to the sections where differences exist due to
availability of absolute values of the currents.

The same conclusion as with the upper rowrigiure3 can be made with the lower row of
the same figure, on which the values recorded during upwards motion were recorded. The variance
in the stationary sections is almost identical to the previous analysis, but the variance in the
transient periods is smaller.
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Figure3 Influence of the joint position and speed on measured values froni‘thgi (upper row) The graphs during
downward movements illustrate that the stationary currents and torques 8t theiincrease in mean values due to

the influence of gravity and changes in weight distribution. The effects of speed and accetdsatiohange with
changes in robot joint configuration. Torques resemble scaled mirror images of currents in regions where the current
does not change sign. (lower rowhe graphs during upward movements illustrate that the stationary currents and
torques 6r the 2¢ axis decrease in mean values due to the reduced influence of gravity and changes in weight
distribution. The effects of speed and acceleration also change shape with changes in robot joint configuration. Similar
to the downward motion, the torgs resemble scaled mirror images of currents in regions where the current does not
change sign.

The conclusions made for the analysis of th&é&Xis are also valid for the analysis of
downward and upward motion of th& axis, shown orfFigure4. The difference in tested angles is
caused by the physical cangtions of the robot, which limit the motion of th& 2xis, not
allowing angles smaller than 19 degrees. The variance of measurements in stationary periods is
almost identical for each joint angle and is equalifo= 0.1125for joint currents andi? =
0.2131*103 for the joint torques.

For the next phase of testing, each of the axis was moved individually in both directions,
with increasing speed. The first movement was made with 5% of maximum speed, while the
following movements were made with 10%,%20and 40% respectively. Thieigure 5 shows
recorded joint currents and estimated torques, as well as angular joint speeds which were calculated
offline based on theecorded joint angles.

Results from the measurement from tlfeakis show that the speehd accelerationlo
have influence on the variance of the signal, as showrabie 1 and Table 2, and that higher
values of calculated speed have higher variance as well. Closer olssemiathe calculated
angular speed reveals occasional peaks related to the numerical derivatives and irregular sampling
periods, which is even more evident from the analysis of the lower left graph showing angular
speed recorded with the current measurégmeAnother observation which can be made for all
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graphs is that measurements of torques shown in the upper row, and currents, shown in the lower
row, have up to 10% different numbers of samples, although they belong to the same movement
sequence, providg further proof about the differences in sampling periods.
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Figure4 Influence of the joint position and speed on measured values fronf a3 (upper row) The graphs during
downward movements illustrate that the stationargrents and torques for th& 3 axis change in mean values due
changes in weight distribution. The effects of speed and acceleration also change with changes in robot joint
configuration. Torques resemble scaled mirror images of currents in regions tlwkecurrent does not change sign.

(lower row) The graphs during upward movements illustrate that the stationary currents and torques foaxise 3

reach highest mean values at the angle 6f Sice the centre of the mass is at its furthest podition the observed

joint. The effects of speed and acceleration also change shape with changes in robot joint configuration. Similar to the
downward motion, the torques resemble scaled mirror images of currents in regions where the current does not change
sign.
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Figure 5 Influence of the joint speed on measured joint values. (left column) Effect of the speed chakis 1
measurements shows that the speed hadimeer influence on the variance of the measured signal at the specific
sampling frequency. Since the axis is unaffected by the gravity, profile of torques shown in the upper part is
symmetrical. (middle colun) Influence of the changes of speed is-spmmetrical due to the different®joint motor

effort in upwards and downwards motion. Upward motion results marginally in higher signal variance. (right column) )
Influence of the changes of speed on tHeagis is norsymmetrical due to the different joint motor effort in upwards

and downwards motion, which is better observed on the torque graph. (upper row) Profiles of the torques are more
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intuitive to the analysis since they have both positive and negadives. (lower row) For the same movement,
duration of the sequences with current measurement is different from those of the sequences with torque measurement,
shown in the upper rows.

Tablel Influence of speed on the standarddeat i on G of joint currents and torgq
1%t axis 2" axis 3 axis
Currer Torque¢ Currer Torque¢e Currer Tor quce
Speed up/down up/down up/down up/down up/down up/down

5% 1.1125/0.7512 1.3106/1.1674 0.2477/0.248€ 0.1182/0.053€ 0.2591/0.2632 0.1743/0.1904
10%  1.8436/3.084€ 2.5471/2.094C 0.2233/0.279C 0.2204/0.310¢ 0.2460/0.2143 0.1927/0.2213
20%  2.3864/1.649t 2.4470/1.983€ 0.2359/0.2381 0.1388/0.1302 0.2381/0.2691 0.2703/0.2148&
40%  1.6772/4.3021 4.5836/3.4267 0.1875/0.2173 0.0120/0.0014 0.2429/0.2942 0.5770/0.722€

A sequence featuring movement at different speeds and to different positions, will have
sections with different joint measurement dynami&khough variance across the sequence will
differ, each sectiorgenerally conforms tdsaussiafiNormal distribution, and therefore standard
deviation 0 can be wused to determine the | i/
However, in cases where a sequence feature underrepresented and drastic changes in the dynamic:s
induced, for example, by théhanges of the motion speed asHigure 6, the variations are not
always within the range defined by the standard deviatsnshown in redConsequently,hie
confornmity to 3 0 i 1 is leest apmlicable to the regions with similar varigrasshow in yellow
on Figure 6. Therefore in such signalshe limits may best bdetermiredin a segmented fashipn
with each segment corresponding to the region with similar variance, as shown on Figure 6
Alternatively, the variance may be observed on a sliding window basis, width of which depends on
the performed task, as shown in purpletioe same figureThe latter is by far the most appropriate
for the applications in which deviations need to be detected, as such limits offer better sensitivity.
However, it is important to note thathe detection of interactions often involves numerous
compromises related to implementation and complexigluding those related to detection
thresholds

Table2 Influence ofacceleratoomn t he st andard deviation @ of joir
15t axis 2" axis 3 axis
Currer Torque¢ Currer Torque¢e Currer Tor que
Acc. up/down up/down up/down up/down up/down up/down

0.25% 0.68230.6649 0.74041.1751 1.1783/1.4022 0.7325/1.3214 17522/2.1761 2.4862/3.4641
1% 0.8164/3.0848 0.71960.5693 1.4194/1.3965 1.5532/1.4382 2.1201/2.1691 3.2297/2.9094
4% 1.7844/158% 1.94920.9976 3.3351/2.8852 3.2123/2.6564 2.7813/2.6931 4.0892/4.099€
16%  1.6762/2.6651 3.55124.2231 4.1914/2.8623 5.7054/4.6271 6.0691/5.2112 6.1269/4.7553
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Figure6 Signal limits determined on three standard deviations from the mean value. The figure illustrates the effect of
the observed interval of the sequence to the conformity to Gaussian distribution. The best results are achieved when
sections with similar speed are observed, or when sliding variance window principle is applied.
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The previous analysis has shown the effect of the position, speed, and acceleration on the
measurement variance. Industrial robots are relatively complex maetithesitricate correlation
and crossnfluence of their integral parts. The followirapalysisaim to illustrate some of these
crossinfluences using an intuitive and simple example.

For the two joints whose axes are not perpendicular to each othezmaotof one joint
affects the joint currents on the other joint. Such effect can be best observed in joints with parallel
axes, such as"2and 39 joint, measurements from which are shown on Figure 7. The left
portion shows the effect movement of tHé &xis has on currents and torques of tHeagis. The
right portion of the figure shows the opposite situation, in which thexas is stationary, but still
affected by the movements of thié &xis.
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Figure 7 Crossinfluence of the torque of stationary joints observed on an example of joints with parallel axis. (left
column) Effects of movement of thé%xis reflected on torques and currents of tHex@s. (right column) Motion of
the 39 axis influencing torques and currents of théaXis while it was not moving.

Results fromFigure 7 illustrate that the motion of one axis has manifested itself onto a
different stationaryaxis in form of disturbances in mean value of currents/torques, as well as in
some occasional influeas on the variance. These influences are a consequence of the shifts in
distribution of the mass and the inertia experienced by the observed stationary axis. However,
although the disturbances differ in dynamics, they have similar peak values and dwvalar s
though stretched and compressed in time domain. This indicates that at speeds up to 40%,
movement acceleration impacts on the torque are muchplessinent than the influence of
gravitation acceleration, and consequently the weight distributions Tbnclusion will be
important for the analysis in thé €hapter, where spatial relation of joints is considered.

From the aforementioned observations, it is possibhzludethat industrial robots with
closed control architecture pose a uniquec$athallenges when it comes to detecting deviations
from their expected joint current values. When these challenges are viewed from the perspective of
interaction detection, it should additionally be noted that all signal processing and decision making
mug be made in very short amount of time in order to make timely reactions of the robot and
prevent injury or damage.
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3. DETECTION IN REPETITIVE TASKS

The traditional philosophy of automation still often divides automated and robotized
processes fromhumans. There are numerous reasons why the division has been considered
desirable and even necessary, but the most important reason is safety of the human workers.
Although industrial robots Iva@ come long way since they were first introduced in production, for a
long time they were developed to work in hunfiege environments, and hence the safe interaction
was not a major concern.

Prerequisites for safe physical hunraibot interaction are desied in three nested layers
which robot must guarantéesafety,coexistenceand collaboratiorj8], [9]. Safety, the innermost
layer, relies on various internal and external sensoryhamécal construction, control algorithms
and speed of the robot to reduce the risk of injury to the worker and of damage to the robot.
Consequently, lot ofesearcH3], [4], [5], [16], [40], [41], [42], [43] has gone into standardization
and setting safety limits for humaiabot interaction. Collision detection is one of the key aspects of
the safety layer, and it is one of the few features of safety possibfeethon an industrial robot
without any exteral sensing and closed control architecture. Efficient collision detection also
enables sharing of the workspace with humans, and opens possibility for coexistence, since humans
and robot can perform separate tasks in the same environment. Collaboratioesregysical
interaction between human and robot in such way that the robot can sense the intentions of human,
and react accordingly, as well as to exchange information with the worker in an intuitive and
predictive mannef44], [45]. As such, collaboration is the next from coexistence, and is therefore
also dependent from reliable collision detection.

One ofthebasic ideas of the algoritteproposed in thi€hapteris to use the f&t that most
present robot tasks in industry are highly repetitive. This fact enables recording of one typical
movement cycle of theobot andusing recorded values as reference current/torque sequence.
Comparing reference sequence with measurements etdt&iom the robot during its operation
enables detecting deviations from reference values. Collision detection algorithms proposed in this
Chapterand in[13], [38] rely on these princigks in order to detect collisions and react accordingly.
Although these algorithms are not as versatile as rumalketd algorithms in terms of modification
of robot movement, they offer advantages in reduced complexity and reaction time. Additionally,
sincereference sequences are recorded from the real operation cycle of the robot, they inherently
include changes to the current/torque profile induced by picking and placing, assembling, as well as
other intentional contacts.
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3.1Implementation on the robot controller

The first algorithm for interaction detection to be presented and analysed in this thesis is
intended for 1 mplementation on the industrial
capacities for connection to external devices. As mentioeéatdy the closed control architecture
of controllers is typical for most robot brands, and it often allows very basic structures and types of
commandsCompared td12], [16] [19], [21], [10] and in particular similar method used][i8],
this sectionpresents an algorithm which can be fully implementeside robot controllers with
closed control architecture, without torque or any other external sensors or desces,
contribution to safer humarmbot coexistence.

The idea behind implementation of the algorithm on the controller itself is that d coul
positively influence the reaction time to the detected interaction. Gathering, arranging, and sending
information to external devices and waiting for processing and feedback regarding the detected
interaction may consume valuable reaction time, espg®igih older generations of robots, whose
processing power is not substantial. Instead, mbentionis to use some of the commonly used
communication protocols to perform data acquisition, analysis, and setup in conjunction with a PC,
and then apply amsiple detection algorithm on the robot. The algorithm relies on readily available
joint current or torque measurements, and the ability to stop the robot motion with a high priority
level command or hardwired signal. The relative simplicity of the algoriémsures its fast
execution and mini mal processing effort on th
introduction to the idea of nemodetlbased approaches.

3.1.1. Principal Design

The design and background idea of the presented algoritipty ithat he field of its
application are robot tasks which involve movement which repeats in cycles in identical ways and
under same circumstances. Consequentlyitbasurements of currents or torques on a joint level
are also expected t@peat in vales cyclically The main idea of the algorithm is to record these
valuesduring execution obne representative cycle are then ubkemas reference valudsr all
following cycles All deviations of the measuradhlues from their corresponding reference values
indicate that there is an unexpected interaction a#itexternal force. The algorithm itself cannot
determine the nature of the unexpected interaction, anddhera| deviations fronthe reference
values are considered to be collisions. For that reasemapbroachpresented hereffectively
describes the working principle dhe collision detection algorithmt goes through steps in
execution of the algorith and explains how the collision is identified a jointlevel, with the
following descriptiorbeingvalid for every joint.

The algorithm contains two procedures, out of which only one is executed at any time, and
there are two main phases required for successful implementation of the interaction detection
algorithm.

The first phase is related to the actions needed for the proper setup of the ajgmitimgy
the reference values and tolerandesthe setup phasejd first procedure is executedhly once,
and its sole purpose is to record joint torques wital®t is performing its main, repetitive task
During execution of the first procedure, torques from several periods of repetitive movement are
stored in internal memory of the robdthe recoded values reflect the effects which the internal
and external forces have on joint during a typical cycle of the repetitive task execution. For this
reason, they are used as reference values to which measurementd! fsalmsequent cycles of
repetitive task execution will be compared against order to detect potential unexpected
interaction

The second procedure has dual purpose, and it is used both in setup and operation phase. In
the setup phase, the second procedure is executed after acquiditiemeference values and used
to determine the number of samples in one period of execution, which is later used for resampling
purposesThe reason for using the second, rather than the first procedure to determine the number
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of samples is that this pratere will also be used in operation phase, unlike the first procedure. The
determinechumber of samplesvhich depends on the complexity of the executed proceduriis,
thereforerepresent number of samples which will be encountered in opepiiase.

In order to perform measurements reliably, both procedures rely on triggering signal from
the main task of the robot, which is used to ensure synchronization of measurements with the
periodic movement of the robot.

Once the measurements are acquissidrded, they are transferred to PC for processing,
where they are analysed in terms of dynamics and signal limits. Processing includes generating
reference limits of the torque for one period of task execution, as well as limits related to the
dynamicsof t he signal. After reference | imits ar
controller to be used for collision detection, from which point onwards, the connection with PC is
not required.

The second phase of the algorithm is related toattteal operation of the robot with
interaction detectioriunctionality. In this phase, only the second procedure is used amdaits
assignment is to compare onlimeasurementalues of the torque with reference limits in order to
detect collisiofinteraction. Collision detection is a result of at least one of two conditions being met
at any joint. First condition, or first decision rule, is that measured torque is within expected limits
set by the PC, and it is more sensitive to detection in periods adoetheration of the robot is not
changing rapidly. Second condition, or rule, is related to the dynamics of the torque signal, and it
demands that difference between two consecutive samples is smaller than a certain value. The
second condition is more testive in periods with higher torque dynamice., when acceleration
changes sign or values rapidly.

Since it was shown ifl12], [16], that collision on a segment influence is mastnpinent on
joints that preceded it, the implemented algorithm can also detect where the impact has most likely
occurred. Although this information can be useful in many situations, in current implementation it is
used only to verify the validity of the ligsion detection in testing phase, and as such is not subject
of any further analysis or discussion

Algorithm and both of its procedures are designed to run as processes parallel to the main
robot task. When robot is performing its main rouiim¢he operation phasethe second procedure
is running in background, and its only task is to stop the movement of the robot and signal to the
main routine when collision is detectexs shown ofrigure8.

ROBOT CONTROLLER
ALGORITHM TRIGGER
w COLLISION ROBOT
SETUP v DETECTED ) MAIN
PROCEDURE 1 PROCEDURE 2 TASK
o in
MEASURED REPETTITIVE
TORQUES NUMBER OF MOVEMENT
i SAMPLES
A 4 STOP
MOVEMENT
TORQUE
oc TOLLERANCES A 4
REFERENCE
TORQUE ROBOT ARM
LIMITS

Figure8 Structure of collision detection algorithfh3]. The algorithm requires PC only during setup, and it can stop the
movement of the robotic armdependently of the main robot task
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3.1.2. Setting reference limitsand thresholds

Analysis of the signal was conducted on a set of samples from multiple measurements.
Values of tolerances and signal dynamics mentioned in following text are particular \oalties f
performed sequencélowever, corresponding values for decision rules can be generated for any
given sequence.

The left graph ofigure9 shows thirty executiosequences of the task while the right graph
shows absolute differences in neighbouring samples. By analysing sequences shipurei, it
is possible to make two observations, both of which are results of varying number of samples in one
period of execution. First, that the torque signal might appear to be stretchgatessedyr shifted
in time compared to other recorded sequencég;hnis the primary cause for differences between
any two sequences at any sample point. However, within one period of cycle execution, torque
signal preserves its general shapehe cond observation is that éhmoment when
acceleration/torque changes slign is not constant.

Duetothedesi gn of t h ediscussbdopteviosisiytasanmposeitiel td aéfedhe
time when torque is sampled and improve the situation, so the focus is on finding adequate
compensation.

With regards to analysis ofraphs inFigure 9, it is possible to differentiate two different
regions based on dynamics of the signal. First region is where acceleration of any joint is relatively
slowly changing, and the second region is where it rapidly changes its intensity and sign. First
region can be identified on right graph leigure 9 as period with dferences in neighbouring
samples of less than 12%, and the second is marked by the regions with changes of more than 12%.
The two mentioned regions require two different strategies for identifying collision.
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Figure 9 Left graphshows sample of 30 consecutive periods of the torque signal of the thifd 2}iBifferences in

successive samples over one period of the signal, shown on right graph, differentiate regions with higher and lower
dynamics.

From the first observation, it is possible to conclude that the envelopes of measurements
shown in left graph oFigure9, can be approximated relativelyell, and generated from just one
signal shifted in time backwards and forwards. The maximum number of samples for shifting at any
direction can be obtainedoim second observation, i.e., from the region with rapid change in torque.
From the left graph of thEigure9, it is possible to measure that difference of first ast falling
edge of the signal in this region is 8 samples. If the leftmost signal is shifted 8 times for amounts
from 1 to 8, the upper envelope at any point can be approximated as maximum of at any point of all
the shifted signals. Similar thing can bend for lower envelope and minimum at any point. The
two envelopes are shown on left graphrmfure10.

Statistical analysis has shown that tlziations in amplitud of any sequence outside this
envelope do not exceed 3%ince it was conceived that the execution of algorithm during setup is
performed onlyonce, it could have happened that the only signal obtained was signal similar to the
rightmost sequence dfigure9 on the left. In that case, the envelope would have bemated by
shifting the signal 8 samples to the left. Since it is not possible to bdrearewhich extrere
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sample sequence may be obtained, the way to be sure emwdlammatain all the signals is to shift
the sample sequence both left aight. Thestatistical analysis of testing for the region critical for
this occurrencen more than hundred recordeefuences has showratthe time shiftsconform to
the 30 intervalandthemmourt bf shiftingewantherefare seteto rouadeount
of 10 samples
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Figure10. The left graph shows limits for the signal which allow for different number of samples per period, as well as
approximation of envelope for all shown signdl8]. Right graph shows limits to the signal imposed by two detection
rules, with second rule narrowing transition region.

With respect to analysis of deviation of signals from the previously desceiveelope
approximation the first rule, or condition, for detting condition can be derivedpper limit for
the signals can be set malues of upper envelope increased for Sigmilarly, lower limit for
signals can be calculated as values of lower envelope reflucBéb. Signal limits are shown on
FigurelOas rule 1.

The £cond rule, or condition, for detection is intended to identify collisions in areare
torque has higher dynamidse., were acceleration changes rapidly. Widenitige regions where
rapid changes occur means that some collisions may remain undetectiédyill be shown in
evaluation section. From the right graphFajure9, it is possible to notice that in areas of interest,
difference between two neighbouring,sarcceeding samples is never greater tH2%, 2vhich was
also confirmed by testing oa larger sample of sequendessed on wiih t he 30 inte
calculated and rounded to the first higher integer value of 2% observation was used to form a
second rule, orcondition for detecting collisions. If absolute difference between neighbouring
samplegs greater than 25%, the s rule will indicate collision.

3.1.3. Implementation of detection rules

Processing of obtained torque values is one of the most important tasks in thalgotitlem since

its results are used as reference tolerances and limits based on which the scllisidetected.

There are various aspects of the processing, and each one of them will be explained separately.

One ofthe main issues is adaptation to different sampling times which correspond to each of two
procedures of the algorithm. Although both procedures have similar structures, execution of one
cycle in each one of them is different, but relativelpcedureconsisten Therefore, if each
procedure executes command for torque measurement once per its cycle, it is inevitable that these
torque values wil/l be sampled with different
ability to perform tasks with strict tien execution,.e., to perform tasks with absolutely exact
periods, these periods are considered sampling times inthb&s In order to compare
corresponding samples to each other, it is necessary that sampling times of reference and execution
sequenceare identical, or very close. To do so, it is needed to measure period of each sequence.
However, due to the fact that period of the robot movement does not contain a whole number of
samples, analysis of the signal has indicated that one period of tleemmalvmay correspond to
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different number of samples. Since number of samples needs to be a whole number, the best
possible solution is to pick number of samples closest to the average value. When number of
samples per period has been set for each sequerxppssible to resample reference sequence to
match sampling time of execution sequence.

From resampled reference sequence, it is now possible to extract one representative gignatl of

and use it as a base for further formation of reference lipésod. Each period of movement
execution contains slightly different number of samples, whose mean value is not necessarily equal
number of samples dhe resampledeferencesequenceOver long time, difference in number of
samples may accumulate if tinew period of reference signal is started when the previous has
ended, and lead to a situation where two sequences are plodse ormay even be in opposite
phase. Therefore, in order to prevent potential accumulation of error, it is suggested that main
program should trigger the start of each new sequence of reference values. Final step was to create a
single period of reference limits by shifting referetmgue period in time and adding tolerances to

its values, as explained in previcaection

Stoping movement without cutting off the power of the motor is action which can be
implemented in various ways on most robots in existence. This enables resuming the motion and
execution of the program from the point where it was stopped, once the causasegliences are
no longer present. It is a significant improvement over going through steps needed for going out of
the safety procedures for treating postlision states which may include but are not limited to
clearing some signals and warnings, résgtprograms, switching on the power to the motors and
starting the program from the beginning.

Optionally, the main task can use information about detected collision in order to react to it
in designated manner in order to reduce further injury or danfdgerobot can react to a number
of ways [12], [16] including continuing movement, stopping, moving back, or activating
collaborative mode. While algorithm itself stops the movemenéveant of collision, another
reaction has been implemented on the robot, which is to move away from direction of detected
impact. This is possible thanks to the use of torque measurement, which carries the information
about the sign ofleviation This infomation can be effectively used to determine from which
direction has disturbance occurred, and it is available for all joints. When collision is detected, the
algorithm stops the movement, and measures differences between set reference limits and last
measired values of torque in every joint of robot. These differences are than scaled and used to
indicate how much the robot should move at every joint affected by collision.

While having many benefits, aforementioned and various other reactions to caléiside
implemented only on certain models of robots, and in ways which might not guarantee safety. Since
focus of this algorithm is on implementation of safe reaction on collision, and in a way which is
easy to implement on various brands and generatibmsbots without any external equipment,
other reactions are out of the scope.

3.1.4. Experimental Validation and Discussion

Implemented algorithm has been tested on Dens®242 robot with RC8 controller. All
the functions and procedures are i mplemented
which is standard programming software for this brand of robots. Derabost of collision
detection can be seen btips://youtu.be/nO4i5bA0glU

The first phase of testing was performed offline, on a PC, to test the performanéesdbr
collision identification. First, more than hundred sequences of execution oégbstive routine
without collision were recorded. After that, similar thing was ddrg for sequences in which at
least one collision has occurred in each periogxacution. Dung acquisition of the sequences
with collisions, it was attempted generate various types and intensities of collision, by pushing,
pulling, graduallyincreasing force, or making short time impacts on the robot.

Some of sequences without collision wersed to generate reference tortjonts andset
tolerances. For each tfe calculated reference torque limits and tolerances, there two cycles
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https://youtu.be/nO4i5bA0gIU

of testing.The first cycle of testing was with remaining sequences withollision. The aim of this
testing was to count number of false collision identificatioagsed primarily by variations in
number of samples per period. The result showeditttihe signals used for forming upper and
lower limit were shifted for five sampleompared to original gnal, false identification happened

in less than 1%. Howeveif the signals were shifted for nine samples, there was no false
identification. Eventhough significant shifts of recorded signals were noticed, triggering signal,
describedearlier, has ensudethat signals stay in phase, and shifted references have ensured that
only irregular sequences can deviate from them.

The £cond cycle of offline testing for each set of limits and tolerances was conehittied
sequences with collision. The aim was tdedsine if collisions can occur withodtetection. For
this testing, limits were formed from signals shifted for nine samgbespared to the original
signal. Therefore, primary concern was in detecting collisioreseas where acceleration changes
sign, where first rule is less sensitive, and wheliference in subsequent samples is more
restrictive detection rule. Test results hals shown that combination of two rules has resulted in
only one false identification asresult of first rule, and zeffalse identifications caused by second
rule. At the saméme, zero real impacts which exceed set tolerances were ignored.

The cond phase of testing was primarily focused on verifying the reliability of collision
detection. The detection was testied the entire robot, as well as for each joindlividually.
Individual testing for each joint was performed by increasinghhesholds for all other joints. In
this manner, overall execution of commands wasnmadified in any way, and the program lfse
operated in normal conditions, while orilging sensitive to desired joints.

For each joint, it was attempted to cause various types of collisions, with diffenéerd,
intensity, duration, and impact location. For the entire robot, identificatignimtk affected by
impact was used in addition, in order to verify proper identification.

The 1obot was also left on several occasions to repeat its task for 4 h without stopping, in
order to check for false collision detections. Testing on robot hascomlfrmedtesting results
from offline testing, with zero false detections, and satisfactory sensitwvitollisions. Results
given onFigure 1landFigure12 show proper identification of collisioran first three joints using
first decision rule, and one occasion where only sedmuision rule detected collision on third
joint. Collisions are detected with first sampidich exceeds the limit, the movement is stopped
within same cycle execution, aftevhich the program will execute one more sampling cycle.
Unfortunately, withoutexternal force sensors, the correct reaction toaanot be measured.
However, it wasestimated that reaction time is around 0.02 s.
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Figure11. [13] Left graph shows three occurrences of collision detected using first rule on firsivakésright graph
shows application of first rule on three examples on second axis.
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Figure12. Three occurrences of detected collision on third 3% (left) using first rule and one exampié collision

detected with second decision rule (right).

The hird phase of testing was related to convenience of use. Robot is programusedlin
manner, with the only difference at the beginning of the repeating sequdrare,a trigger must be
activaed with a single command. All torque acquisitigmpcessing, and comparison related to
collision detection are done by service routines.

These routines run in background, in parallel with the main program, and thstadesl

automatically by switchingo mode for automatic execution. To ensure progezcution,the

algorithm related routines are protected from unauthorized peronislg setup phasehe user
needs to perform only four simple steps. Fitlsg userchooses appropriate procedure byisgtt
corresponding variable values on the robafter which recording of the torques starts
automatically. When this phase is ovéire second routine will automatically start, and determine
duration of one period of theepetitive movementThe ®cond stp for the user is to transfer

recorded measurements gretiod duration to PC, where a routine automatically processes signals,

and calculateseferent torque limit values, as well as tolerancds #ird step forthe user is to

transferc al cul at ed \Y

fourth and final step of the user is to rutie algorithm in collision detection mode by setting

al ues

predetermined value of the variable.

Testing has shown thatltrough thealgorithm has good performance and sensitivitys
limited by the processing capabilities of the controller and lack of even sampling which would
make it even better. The implementation of the synchronization trigger signal is of crucial

importance forthe proper functioning over extended time perjaa®l it has proven itself to be a

t o

robot 6s

nt er nTad

me

simple, yet effective solution. The implemented safety measures and implementation simplicity

have certainly increased the likelihood of proper setup and pusggenting nsuse or serious

consequences for the operator.
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3.2lIntegration on a computer

Previous related worKL3], [14] has shown that it is possible to design a collision detection
algorithm which has satisfying performance and which is simple enough to be implemented on the
robot controller itself. The algorithm requires connection to the computer only in the setup phase
when signal limits are determined, and it can operate independently in regular use. However, the
main drawback of such algorithm is that the computer needs to be connected every time the
movement of the robot is modified, in order to determine new lifvitweover additional tests
have also shown the possibility that the algorhgnerformance can deteriorate over longer
operation times. The reason for the deterioration can be found in small changes of the dynamic
parameters of the robot during long periods of execution, which then affect profiles of the measured
signal. Although sch changes do not affect the safety aspect of the system, they may occasionally
cause false alarms since the algorithm is not flexible enough to adapt to them.

The motivation for this section is to design an efficient collision detection system that can b
used with various brands of existing industrial robots without any external sensors or alterations to
robotédés control al gorithms or mechani cal des
reliability, collision detection algorithm itself is implemted on a PC with permanent connection
wi t h t he r o b o e doowing csectionso divespecial att&ntion towards solving
implementation issues along with experimental validation on two robots from different brands. By
developing a collision detagon algorithm for industrial robots with no such capabilities, the
intention is to minimize the risk and severity of potential injury to human workers, making a major
step towards fulfilling conditions for safety and coexistence.

3.2.1. Principal Design

This sectionis dedicated t@resenting the principle on which this detection algorithm is
based onAs mentioned earlier,wk tothe increased complexity of the algorithm presented in this
section the possibility of i t s o reduded formary dnaradd i o n
because of their closed architecture and lack of inteffie Therefore, it was decided to explore
benefits and performance of more complex collision detection algorithms by implementingrthem
a PC which has permanent connection to the robot. In order to preserve versatility and brand
independentapplicability, it was decided to use Ethernet TCP/IP connection, since it is a
standardized and widely available communication connection type.

The overall structure andehaviourof the collision detection system is designed to be
simple in order to minimize reaction time and load on the robot Bawing descriptions aim to
illustrate the principal workings of the algorithm on a basis of ac&pmeasurement
acquisition/collision detection cycle.

The robot performs its intended repetitive task. The background parallel procedure on the
robot sends measurements of values of interest for each joint to the algorithm operating on a PC.
Each measureemt sent by the robot contains only one sample of current/torque for each robot joint.

The algorithm on the PC receives theasurement angses it in accordance with one of the
two scenarios. If the reference is being formin the algorithm records a&ertain number of
measurements and ssthem asthe reference squence Otherwise, if the algorithm is actively
detecting collisionsthenthe measurements from the robot are used to form a measurement vector.
The measurement vector contains most recedt several preceding successive measurements.
Procedure on the PC then matches the measurement vedtw dorresponding section of the
referencesequenceUsing matched signals, collision detection rules dewidetherthe collision
occurred on any ohe robot joints.

A signal indicatingwhethera collision was detected is sent from the PC back to the robot.
The robot stops its movement if the collision was detected. Otherwise, the robot sends new
measurement to the PC and entire cycle repeats. lroCésked communication, the robot will stop
as a safety precaution.
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Within the described structure of the collision detection algorithm, there are a few matters
implemented on the PC which deserve additional description.

The first aspect is related the choice of reference signal. The background on which the
algorithm relies on is the reality that majority of robot tasks are repetitive. With robot operation
repeating in cycles, the intuitive choice of reference would be to exploit this fact. Signes$ val
from more than one cycle of robot operation can be recorded for each joint and used as a reference
signal. As mentioned earlier,fithe reference signal is acquired during real operation of robot
performing its tasks, it brings important benefits. Most importantly, it incorporates the nominal
robot dynamics during the desired movement. In addition to that, external forces occuriiggy d
payload manipulation, assembly or processing are intrinsically included in the recorded signal.
Finally, the signal includes potential influences of robot dynamics related to changes in robot
behaviour over time. It is important that the referengmali contains more than one cycle of
recorded repetitive robot movement. This ensuresthiedtansition from one cycle dhe repetitive
movemento another is also included in the reference. Another important, although intuitive note is
that no collisim should occur during recording the reference sighadetect collisions, reference
signal is compared with measurement veetthich is periodically updated from the robot. The
measurement vector contains relevant signal values for each joint of thefoplseveral time
instants. The vector is formed of adequate number of signal samples and updated with new
measurements with firéh-first-out logic. Therefore, the measurement vector contains
measurements from a fraction of the repetitive movementeaioitbot.

As mentionecearlier, the referencesequenceontains signal values more than one cycle of
repetitive movement. In order to compare it with measurement vector, it is needed to find a section
of reference signal which corresponds to the contenmedsurement vectoAs described in
previous sectionshe ampling frequencies of reference signal and measurement vector do not
necessarily need to be identical. To overcome this situation, a modification of Dynamic Time
Warping Algorithm (mDTW) waslevdoped It allows online matching of referensequencend
measurementector ancenables application of collision detection rules.

Collisions of robot are identified based on two detection rulatched signals are
compared, and if either of the two dgtten rules is triggered, a signal is immediately sent to the
robot to stop the movement. Thresholds for decision rules are set based on statistical analysis of the
measurements without collisions.

With regards to the collision reaction strategy, variopsions are available. Strategies
include stopping the robot, performing reflex motion away from the direction of impact, going to
zerogravity compliant mode or attempting partial completion of the task using redundant joints
while trying to avoid furthecontact[9], [44], [4], [19], [10], [12]. Although fully recognizing the
benefit of refined collision reaction strategiese thcuf further elaborationsi more on reliable
detection and itapplicability across various brands. As such, the algorithop@sed in thisection
employs stopping upon detected impact as the simplest reaction strategy which is also available on
vast majority of robot brands and generations.

Although the developed mDTW presented in #@stionoffers numerous benefits, themnea
some limitations. A potential drawback of using mDTW is that it effectively limits the number of
samples which can be used for the referesszpienceand measurement vector. While there are no
theoretical limitations of the proposed method related eéoleéhgth of compared signals, there are
practical issues related to reaction time. For a collision detection, the reaction time needs to be as
short as possible. For mDTW, processing time depends directly on the number of samples in each
of the compared gnals. Nevertheless, there are effective ways of managing this issue. Reducing
sampling frequency can reduce the number of samples in reference signal. If handled responsibly,
this solution can reduce the computing time withoss lof detection quality #nks to the nature of
mDTW. Additional solutions include parallel processing for different axis of the robot, as well as
changing hardware platform on which the algorithm is implemented. Although not affecting the
computation time, switching to a fastemwmunication protocol can speed up the overall reaction
time.
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It is important to emphasize that the presented algorithm can work with current
measurements and torque measurements/estimates alike, making it highly versatile. The reason for
opting to presentesults with torque estimates, rather than current measurements, is purely to make
them easier to comprehend. Torques have a more physical manifestation, making them more
understandable. Additionally, measurements of joint current provided by Denso absoiunte
values, which means that graphs would not clearly illustrate the nature of the movement.

3.2.2. Modified Dynamic Time Warping

One of main contributiagpresented in this sectias a modification of the Dynamic Time
Warping (DTW) algorithm. Similar tdTW, the proposed modification enables Amear time
axis transformations to perform optimal matching of two signidi®wvever, unlike DTW, the
proposed modification also enables optimal matching of one sequence with most similar section of
the other segence, rather than comparing the two entire signals. The modification enables use of
DTW principles in online applications such as collision detec#dthough there are variants of the
DTW which allow matching of certain sections of one signal to anaiigeal[46], [47], no other
existing modification allows combination of such trait$het same time.

In early phases of algorithm development, various techniques were considered in order to
solve the issue of variability and inconsistencies of measurement signal sampling. Methods such as
EDIT [48] distanceswas one ofhe first to be analysed, since it allowed for different lengths of
compared signals arebme timedomain distortion. Regardless of its potential, it was abandoned
because of two main reasons. The most important drawback was that it allowed some values to b
deleted and/or added, which meant that values indicating collision could be missed due to nature of
the algorithm. This issue remained present to a similar extent also with similar techniques, such as
Hirschberg's algorithn{49] and Approximate string matchinf48]. The second reason for
abandoning this approach was that it was intended for a finite set of values of compared signals,
such as in string comparison. This would requigaificant changes to thalgorithm orintroduce
value guantization related heuristics. Methods such as Partial Curve Mdppjngnd Discrete
Fréchet Distancpb0] were alsaanalysediue to their versatility. Nevertheless, the key drawback of
such methods was that they were intended for parametric curve comparison, rather than time series.

Dynamic Time Warping (DTW]51] is a weltknown method usetb match signals with
different lengths and similar shape. It is widely considered as a reference fotbsisagematching
of the signals in time seri¢S2]. Consequently, it can also be used as a good measure of symilarit
of two signals. It allows for contraction and/or dilatation of a signal in the time domain, and uses
matrices to find sequences of best matching pairs of samples from two sagmalsb. By
definition, the matrixd based on which optimal pairs are detigred is formed using rules ({3):

Qpfp  Hp p dQ pQ p )
QphQ Hp s QphQ pAQ pp Q ¢ 2)
Qf HQ dps QQppp Q 4RQ p ©)

QAQ WO OB aUNQ phQ pAEQ pFRRQ pho P Q afp Q & (@)

In the aforementioned expressioms,and n stand for lengths of the first and the second
signal. In essence, rule (4) implies tluiitj) carries the information about the minimal possible
accumulated absolute difference of all samples preceding and incletirsggmple of signad and
j-th sampé of signalb. To achieve a minimal absolute difference, any sample of segoah be
matched with multiple samples of signb] as well as the opposite. This type of matching
effectively causes apparent signal contraction or dilatation. Rulg8)(Byeonly special cases of
rule (4), used to fill the starting field, first row and first column of madti¥or the starting point,
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there are no preceding samples, so there is no other way to compute the field value, but the absolute
difference of first samps of both signals. For the first row, value of preceding element of the first
row is added to absolute difference of the first sample of sigraaid j-th sample of signab.
Analogue logic is applicable for rule (3) and forming values of the first aolommatrix d.
Effectively, rules (1X4) force the algorithm to start from the first element of the matrix d because it
has the lowest possible value.

Best matching pairs within the matiare found using rules described with-(8), starting
from thelast sample of both sequencis,n).

G Q0 Q phQ p AQ p KQQ phQ HQ phQ p (5)
QHQ p AQ phQ p (6)
Q"Q phohQ phQ p (7

Rule (5) implies that the search for the optimally matched pairs starts from the element
d(m,n), and looks for the minimal value among all neighbouring preceding elements. The search
does not allow going back, preserving the order of samples and therefaausality in matching.

In case first row or first column is reached during the search, the search is directed towards the first
element, belonging to beginning of both signals, according to rules (6) and (7). The matching is
finished when thel(1,1) isreached.

It is possible to notice that the search supposes that the beginning and the end of both signals
are common. One more important property of DTW is that it does not allow skipping of any
samples. The two aforementioned observations lead to tlebus@m that the contents, or shapes,
of the compared signals needs to be similar in order to successfully perform matching. In other
words, it is not possible to take a subsequence of one signal and find the best matching section of
the other signal.

Thefact that DTW can only be used to match sequences with samei ghamntent means
that it cannot be used for online collision detection, as it would only be able to detect collision after
the entire sequence has been recorded. Solutions proposedsanithetl in[53] offer increase in
speed and a modified measure of dissimilarity of compared signals. However, they are still not
suitable for application in collision detection, as they presume the same starting andoeirdiog
compared signals. Some research has also gone into reducing calculation speed by implementation
on different platforms and some early prunjbg], but this type of research is not a subject of this
research

Somemodifications of DTW were proposed to enable partial matching of signals. However,
they require eithebeginning or the end of the signal to mald8], [47], or allow skipping some
samples, such as in Minimal Variance Match|Bg]. In collision detection application, skipping
some samples is unacceptable, because the algorithm could potentially skip samples which indicate
collision. On the other side, it is possible to implement an algorithm which requires only matching
of beginnings of the two signals. In this case, the signal matching wouldibgiated with a
trigger signal at t he b e g imavementgHowever, asdendth oh e w
measurement increases over time, so does the matrix, and the time needed for matching, making the
algorithm increasingly ineffective and unreliable over duration of one movement gywéher
solution [46], [47], which allowsa partial matching of signals to occur does so effectively, but
allows both signals to be trimmed from either end, which is not acceptable in application in
collision detection as thessections might contain important samples indicating collision.

In addition to aforementioned issues related to implementation of DTW in collision
detection, there are also some other aspects to consider. One of the biggest issues related to DTW is
the canputation time which depends on the lengths of matched signals. While it is not an issue in
offline applications, processing time is very important for timely collision detection, and it needs to
beconsidered
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The presentednodification of DTW enables metiing a subsequence of any signal with
corresponding section of the entire sequence. In particular case, it enables matching of set of
measurements from the robot with previously acquired reference sequence of current/torque. The
impact is that this modifation enables online implementation of DFWhDTW, and thus implies
that mDTW can be used in collision detection. Additional benefit originates from the fact that one
of the signals can be significantly shorter than the other. This fact offers possduilsignificant
reduction in computing time, making it even more suitable for collision detection application.

The proposed modification modifies the rules (@) for forming the matrixd with rules (8)

(12).

QPR Hp O aQEq 0Q pgEIg O FEdp ®Q pshQ phQ ¢ (8
QpRt p »Es ¢ & HQ phQ ¢ (9)

Q®m 0 ops QQpepp Q &RQ p (10)

QAQ WO O a0NQ phQ pHAEQ pAQQ phQ P Q afp Q ¢ (11)

Rules (8)(11) introduce difference in calculating matdxRule (8) implies that all elements
in the first row of matrixd are calculated based on absolute difference between the first sample of
signala and thej-th sample of signab increased by a mimal absolute difference of any of the
neighbouring succeeding samples. This ensures causality as well as that all elements in the first row
have a chance to be the end point of the search. The search no longer has to efidlyithut
rather any elemeénn the first row. This means that sigralwhich is supposedly subsequence of
signalb, can start at any sample of sighaRule (9) is a special case of rule (8) which ensures the
consistency for the search algorithm. Rules (10) and (11) are the aamdes (3) and (4)
respectively, and they ensure causality.

The search for optimal pairs starts from the element with minimal value in last row of the
matrix, min@(m, j ) ) n. Thd g@4ardd continues with finding the minimum of preceding values as
descrbed with (12)(13), and stops immediately when the first row of the matrix is reached.

G QN'Q phQ p MEQ p KQ'Q phQ FQ phQ p (12)
QQ phohQ phQ p (13

Since valuesncrease monotonically with an increase of row and/or column number, the
algorithm inherently ensures that the minimal value in the last row is the optimal starting point for
the search. Modifications (&L1) ensure that each field in every row and/ouewi but the first
row includes information about the minimal sum of deviations before it, making sure that optimal
path to that particular point can be traced back to the first row.

The proposed mDTW method enables effective application in collision idetedtset ofm
consecutive measurements (measurement vector) withrfifsst-out logic can be compared to a
subsequence of the reference sequencemwidues. In thighesis a reference signal to which all
other signals are compared is called tefenrence sequence. The reference sequence is compared
with a signal called measurement vector, as in a real application, it representsra sehsécutive
measurements received from the robot. The referemgpienceremains constant during the
collision detection. Measurement vector is formed from m consecutive samples which are updated
in each detection cycle. The movement of the robot is periodical, and as a consequence of that, so
are the measurement vectors, which represent a section of repetitreenera. This ensures that
signals do not change without bound over time in nominal operation of the robot. The only time the
vector can deviate is when a collision occurs, which is not a regular occasion.
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For simulation purposes, measurement vector iisméd using a window om samples
moving across signal referred to as measurement sequence. Section of the reference sequence ftt
which the measurement vector was matched is called reference subsequencepi@sapibscn
Figure 13 show values ofd matrix of mDTW, measurement vector matched with reference
subsequence, highlighted section of reference sequence representing reference subsequence an
section of the measurement sequence from which the measurement vector was formed. In a real
application from the implementation point of view, initial set of measurements can be formed as a
vector ofmidentical values of the first obtained measurement and filled with new values as they are
received from the robot. At the beginning, until samples are retved from the robot, any
identical values will be compressed and matched with a single value from the reference sequence,
and all following samples will be matched with their best matching values from the reference
sequence, as it is illustrated Bigure14.
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Figure 13 Signals matching performed by modified DTW (mDTY%]. (upper left) Values of matrix used foptimal

matching. Optimally matched pairs of signals correspond to the lowest sections of the surface. (upper right) Two
matched signals blue signal corresponds to the section of the reference signal, while the red represents the
measurement vector reged from the robot. (lower left) The signal which shows from which section of a measurement
sequence the measurement vector was taken. (lower right) The signal shows which section of the reference sequence
was matched with the measurement vector.
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Figure 14 Two instants during formation of the 30 samples long measurement y&étoupper left) Initially, all

values in the measurement vector are the same and equal to the first measured valudrmudivedobot, Therefore,

they are matched with single value of the reference sequence. (upper right) Point of the reference [sacpabnith

the measurement vector. (lower left) Measurement vector shown in blue colour is partially updated wittuasw va
upon receiving them from the robot, while initial values are still present at the beginning of the vector. The new vector
is matched with the most similar section of the reference signal, shown in red after each new measurement is received.
Although neasurement vector has 30 samples, the matching process has dilated it to 46 samples to perform optimal
matching. (lower right) The section of the reference sequence to which the updated measurement vector was matched.

29



Similar to the solution described jB3], [52], the presentednodification limits the signal
lengths, and consequently the computational complexity, by using constant lengths of the reference
sequenceand of the measurement v@c However, the proposed modification allows for two key
advantages which are important for collision detection application. The first advantage is the
possibility to perform matching one signal to a most similar part of the other signal, which enables
online application in collision detection. The second advantage is that, {BBkenDTW method
does not allow skipping of samples, which prevents missing a collision. With all aforementioned
said, it is important to note that the computation time mDTW still depends on the lengths of signals.
However, this property, inherited from theiginal DTW, is much less prominent. Recently
published work[52] also presents techniques which limit computational requirements, such as
incremental computation and restrictions of search region. While incremental coborpiga big
step in reducing the computational complexity, it is not applicable in the specific application of
collision detection without modifications, since it assumes that the beginning and the end of
compared signals is the same.

3.2.3. Decision Rulesand Thresholdsfor Collision Detection

In the proposed approach, decisioaking rules which determine whether the collision has
occurred or not, were derived from statistical analysis of the signal. As a result of the analysis of
signals peviously matched with mDTW, two complementary decisiwaking rules were designed.

The first rule was derived fronthe most intuitive feature of signal matching after
application of mDTW, and that is the absolute deviation of a sample from its pagadétojoint of
the robot, statistical analysis was performed on a set of more than 500 cycles of repetitive motion in
order to determine the maximum permissible deviations of signals without collision. The set limits
also determine what will be the minimuwtetectable collision. The limits are setths first integer
val ue hi gh e valuetchlcalated frdmsam@ed which did not belong to a collision,
similarly as implemented ifiLi2]. After the absolute values of peissible deviations were set for
each joint, the rule was applied as a first and the faster form of detection. During matching of
sequences samples, the search for optimal pairs is started from the last row of the matrix, which
means that the most receneasurement is matched first. If the minimal value of deviation for the
most recent measurement sample is bigger than the set threshold for the corresponding joint, the
collision is indicated, and the robot is stopped, with minimal reaction time. Two exampl
demonstrating the first rule being inactive and active are shotigume15.
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Figure 15 Matched signals on"2axis of the robof14]. (upper left) Section of the reference signal matched with the
measurement vector without collisions as well as signal thresholds imposed by the first rule. (upper right) Subsequence
of the reference siml to which the measurement from the upper left picture vector was pairéaresitbldset by the

first rule. (lower left) A measurement vector which was paired with the most similar subsequence of the reference
signal. The sample belonging to the it is over the upper threshold. (lower right) Subsequence of the reference
signal which was most similar to the measurement vector.
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The second decision rule complements the first one and increases the reliability of collision
detection. It is best illusited when relative dependency of matched pairs is observed, as depicted
on Figure 16. Since matched pairs have similalues, theirdependency on sigdig2 plane is
approximately linear. The direction of the line fitted to paired samples approximately corresponds
to the direction of main Eigen vector of the covariance matrix of all matched samples. The direction
of the second Eigen vector corresponds to the dissipaficamples from the main Eigen vector
direction. Consequently, intensity of the second vector, or the second Eigen value, can be used as a
reliable measure of how well the samples have been matched. Samples which have not been
matched properly, will conbute to the noticeable increase of the second Eigen value even if the
absolute difference is not significant. By performing a statistical analysis of the signals without
collision for each joint, it is possible to determine limits for this decisiaking rule. Thresholds
for this rule were derived from the statistiealalysis anget to values 20% higher than the highest
second Eigen value during operation without collisidnlike the first rule, which is related to the
absolute difference between lgir of matched samples, the second rule is related to the square
value of the maximum difference between any pair of matched samples. This means that the second
rule has a more restrictive threshold, meaning it is more sensitive to collisions. Thasale
observes the entire sequence, so any potential collision has potential to be visible for at least the
number of cycles equal to the length of the measurement vector, drastically reducing the possibility
of missed collision.

The two described rules observe different aspects of the matched signals and complement
each other to drastically reduce the chance of a missed collision. The first rule focuses on only the
most recent matched sample in order to react promptly beforeithgete matching is performed.

It is therefore especially sensitive to higher intensity collisions. The duration of the collision does
not affect the quality of detection for the first rule, since it only observes the last matched sample.
The second rulesi more sensitive to short impacts, and transients from nominal behaviour to
collision. While each rulendependenthhas its own benefits, the highest performance in collision
detection is reached when they are used simultaneously.

Mutual dependence of meas. vect. and ref. subseq. on sig1-sig2 plane without collision Mutual dependence of meas. vect. and ref. subseq. on sig1-sig2 plane with collision
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Figure 16 lllustration of the Eigen values rul@4]. (left) Approximately linear distribution of paired samples without
collision on sigisig2 plane. Higher intensity Eigen vector approximately corresponds to the lie@ fit the
measurements. The lower intensity Eigen vector is a measure of dissipation of sample pairs along direction orthogonal
to the higher intensity vector, and it is used to identify collisions in the second rule. (rightigigplane with

indicated collision marked with the red circle which is out of the threshold indicated with a red dashed line. The
collision sample influenced the orientation of Eigen vectors and increased intensity of the lower intensity Eigen vector.

31



3.2.4. Experimental Resultsand Discussion

The performance of the algorithm was tested in two main phases. The first phase of testing
was performed offline, on a PC, with a large number of recorded measurements. The goal of offline
testing was to validate mDTW, decision rules ad awglcommunication and interfacing programs
on the part of the collision detection algorithm implemented on the PGsebload phase of testing
was done with a real robot with a running collision detection algorithm, angoék was to
experimentally vatiate the performance of the collision detection algorithm.

Currentbased torque estimations can be obtained in majority of robots directly, and the
presented algorithm is analysed and tested based on the torque estimations. The results are validatec
for two different robot brands (Denso and ABB) using curbegel torque estimation. Since
torque estimates are obtained directly from the robot, as if they were real measurements, they will
be referred to as torque estimations. For Denso robot, torque measurements ran@é&d?ono
100% of permissible torque in eagnt, and all graphs based on measurements on this brand will
be presented in these limits. Graphs from ABB robot are shown with real torque values, and all
measurements and results related to this brand will be presented in absolute values.

During implementation, two routines were designed for part of the algorithm implemented
on the PC. The first routine is very simple, since its only task is to record the movement of the robot
with high sampling frequency. The reason for this is to capture the sliagignal from the
movement cycle with high level of details. The higher sampling frequency is a reason why the
reference signal is also recorded using this routine. During recording of the reference signal, no
collisions should be allowed.

Set of sequenseused in offline testing was recorded with the first routine to provide greater
flexibility for testing. Additionally, sequences recorded this way enable better understanding the
influence of different sampling times to interpretation of signal featurédatection of collisions.

Some sequences were recorded with and some without collisions, so that different aspects of
algorithm performance can be evaluated.

The second routine is used for online collision detection, and it is more complex. Due to its
complexity, it requires a longer execution time. The robot samples its movement once per cycle of
PC program execution, while executing collision detection reutirherefore, the sampling
frequency of the second routine will be lower than with the first routine, which is used for reference
acquisition only.

Sequences used in the online part of testing were recorded with the second routine, which is
used for collsion detection in the online loop. Therefore, they realistically illustrate the quality of
online collision detection. Similar to the offline part of testing some of the used sequences were
recorded with and some without collision, in order to verify tdégsmance of the algorithm,

The discussion part of this section summarises results from both offline and online testing. It
also comments the benefits and drawbacks of the algorithm concept as well as of decision rules.

Offline Testing

The presentedcollision detection algorithm relies on optimal matching of a reference
sequence with a recorded vector of measurements. Therefore, the first part of offline testing was
performed on mDTW to check for any mismatching of samples. The target is to receiveratec
m measurements from threbot andmatch it optimally with the most similar subsequence of the
previously recorded reference sequence of torque signal. To perform this type of test, reference and
measurement sequences were both emuiasetected fom the previously recorded sequences.

To form a measurement sequence, a sequence was chosen from the set of previously
recorded sequences. In order to emulate a measurement vector, a windeanagbles was taken
from the measurement sequence. This wiwndeas selected by moving for 1 sample along the
measurement sequence in every cycle of matching, just as the measurement vector would be
updated with one new measurement in each new cycle in realistic situation. Similarly, for reference
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sequence, anyseque e can be chosen from O set of prev
contain any collisions.

In order to verify the concept of the mDTW, at the beginning, the reference and
measurement sequences were the same signal. For the same sequencesnthtlnam error
proved the concept without exceptions. In part of the experiment that followed, the same test was
repeated by using a different measurement sequence. The result of the second part of mDTW testing
proved the optimal matching regardless of thke the measurement sequence was taken from the
set of measurements recorded with or without colliskagure 17 depicts two examples of mDTW
testing with differentneasurement sequendéesne with collision and one without collision.

Another phase of mDTW testing was conducted to verify the performance of matching
signals recorded with different sampling time. The measurement sequencesaaspted with up
to 3 times higher and lower frequency, as well as-mbeger multiples of original frequencies.
Results have shown that the matching of samples was performed optimally, regardless of the
differences between sampling times. An example of testing with varioudisgrimes is shown in
Figure 18. The results have also shown that the matching error increased with the difference in
sampling times. However, these results wer@adonordance with expectations, since significantly
different sampling frequencies mean that one sample of one sequence needs to be paired with
several samples of the other sequence, all of which have different values, contributing to the
cumulative matchingrror.
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Figure 17 Testing of modified DTW, example on thé& axis [14]. (upper left) Measurement vector matched to the
subsequence of the reference sequence. (upper middle) Matdheshjuence of the reference sequence. (upper right)
Portion of measurement sequence from which the measurement vector was formed. (lower left) Measurement vector
taken from a sequence with collision and mached with most similar subsequence of the eedqrarce. (lower

middle) Subsequence of reference sequence which was matched. (lower right) Portion of the measurement sequence
used to form the measurement vector.
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Matched signals with collision, 3 x slower Section of reference sequence which was matched Section used as measurement vector
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Figure 18 Influence of sampling frequency on the quality oftohing on the @ axis [14]. (upper row) Reference
sequence sampled at 3 times lower frequency compared to measurement sequence. (middle row) Reference sequence
sampled at the same frequency as measurement sequence. (loyvBeference sequence sampled at 3 times higher
frequency compared to measurement sequence. (left column) Matched samples of measurement vector and reference
subsequence with different sampling time. (middle column) Subsequence of the reference sequénicie tioe
measurement vector was matched. (right column) Same section of the measurement sequence was used to form the
measurement vector in all three cases.

The second part of offline testing was performed to validate the two collision detection
rules. Tle results from offline testing of individual and combined use of collision detection rules are
shown inTable 3. The first collision detection rule testing was to check the rule which considers
absolute value of the difference between matched samples. As mentioned earlier, the purpose of this
decision rule is to make prompt identifications of collisions. The measnt vector was obtained
in a previously described manner, and the deviation of the last matched pair was observed. The set
of measurement sequences used in this phase of testing was not the same set which was used fo
statistical analysis of the sign&8ased on the previous statistical analysis, the limit for each axis of
the robot was set to a valae described in the previous secti@ith limits set by the statistics, this
decision rule has successfully detected all major collisions. One detecéioplexusing the first
rule is shown inFigure 19, while the statistical analysis of the first detection rule can be seen in
Table3.
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Figure 19 Example of the first rule application on th& tbbot axis [14]. (left) Sample of measurement vector has
crossed the thresholdriggering the collision detection. (middle) Subsequence of the reference to which the
measurement vector was matched. (right) Portion of the measurement sequence used to form the meastoement

34



Table3 Statistical results from the offline testif@4]

Collision not Detected Collision Detected
Rulel Rule2 Combined Rulel Rule2 Combined

Sequences without collision 99.73 % 98.92% 98.66% 0.27% 1.07% 1.34 %
Sequences with collision 5.63% 17.50 % 0 % 94.37 % 8250% 100 %

The second collision detection decision rule relies on the distribution of mutual dependence
of matched samples. By observing the value of second Eigen value, the overall measure of the
matching success is considered. The sensitivity of this decisionsrhligher, as a single value
which clearly indicates a collision contributes to the rise of Eigen value significantly. Results have
shown that this algorithm has classified collisions with lower corresponding tolerance to absolute
differences than the firsrule. More details related tthe performance of the second rule are
presented imable3. However, the complexity of the processing behind this rule casliggdly
longer times needed to identify the collision than the first rule. During several tests, it was shown
that the same collision takes about 18886 more time than the first rule.§.,the first rule took
approximately 0.05 s for collision detectiaile, the second rule took 0.055 s to 0.65 s to identify
the collision). Figure 20 demonstrates a particular situation in which the second decision rule
managed tadentify the collision one cycle before the first rule was activated due to higher
sensitivity.Figure21 shows that the collision would be detected also by thertitsf but one cycle
after the second rule was activated. With regards to reaction times, this is very significant, and
although such situations are not common, they are very important.
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Figure 20 Example of the second rule ajmation on 4 robot axis in moment when the first rule was not yet
triggered12]. (upper left) Sample of measurement vector has not yet crossed the threshold of first rule. (upper right)
Subsequence of the reference to which the measurement vector wasdnélower left) Portion of the measurement
sequence used to form the measurement vector. (lower right) Sample after which the second rule was triggered because
it was bigger than the threshold, shown in red dashed line.
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Matched signals with collision Section of reference sequence which was matched
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Figure 21 Example of the first rule being triggered for collision on tfferdbot axis one sample after collision was
detected by second r{de]. (upperleft) Sample of measurement vector has crossed the threshold of the first rule after
one sample more compared to the moment showFigure20. (upper right) Subsequee of the reference to which the
measurement vector was matched. (lower left) Portion of the measurement sequence used to form the measurement
vector. (lower right) Samples after which the second rule was triggered because it was bigger than the threshold

Online Testing

Online testing was conducted with 2 robots of different brands in order to verify the versatility
and implementability of the algorithm. During the development phase of the algorithm, Denso VP
6242 6axis industrial robot was used, and tdkts and statistical analysis were made using
measurements from this particular model. However, every aspect of online testing was additionally
performed on ABB IRB120 -axis industrial robot. In each test, the robot was connected with the
PC and communation was established over Ethernet. Robots used for experimental validation are
shown inFigure 22. Videos of online testing are available btips://youtu.be/gEysgZhN7Yfor
Denso and onttps://youtu.be/ SXtIQEJM | for ABB robot.

Figure 22 Robots used in experimental validafib?]. (left) Denso VP6242 robot used of offline and online testing.
(right) ABB IRB120 robot which was used @amline testing.
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For each robot, a robot routine was designed to start automatically after switching the robot
to automatic mode of program execution and to run in background of the main robot program. The
task of this routine is to send a string contagnvalues of torques from eaetxis andreceive a
value of 0 or 1 from the PC. Thalues indicatavhether the robot is running normally, or the
collision is detected. If the collision is detected, the movement of the robot is stopped, and it
remains inlis state until the return value changes to 0. As a safety measure, if the connection to the
PC is lost, or if the return value is not received from the robot, the routine will stop the robot
immediately. All the movements as well as all other programsfanctions of the robot are
programmed in an unmodified manner.

The main goal of the online testing was to check the performance of the algorithm in real
exploitation. In particular, three aspects were observed as the most impaatzsegnce of missed
collisions detection, collision detection time and absence of false detections.

Firstly, it was important to check whether a real collision will be detected, since it is the
main purpose of the algorithm. The robot was impacted with various forces, froeneniff
directions, and with different impact durations. Results from online tests are shown in Table 2.
Figure 23 shows one example of a collision detected on thexds of Denso robot using the first
rule. Collision detection example on th@dxis of Denso robot, in which only the second detection
rule was activated one cycle before the first rule detected it, is shofigune24.
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Figure 23 Results from online collision detection on th# dxis of Denso robot. (left) collision detected using
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matched. (right) Section of measurement sequence used as measurement vector.
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Figure 24 Results from online collision detection on Denso-&22 robot, in which the secondle detected the
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rule. (upper right) Subsequence of the referesempienceéo which the measurement vector was matched. (Ide¥gr

Section of measurement sequence used as measurement vector. (lower right) Sample after which the second rule
detected the collision.
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Experimental results from online testing on ABB robot are shown in figures bElgure
25 shows detection of a collision on th& dxis of ABB robot, whileFigure 26 shows detection of
the 3% axis of the same robot.
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Figure 25 Results from online collision detection on ABB IRB120 robot, example franittaxid12]. (left) Collision
detected using application of the first rule and matched signals. (middle) Subsequence of the reference sequence to
which the measurement vector was matched. (right) Section of measurement sequence used as a meagarement vec
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Figure 26 Results from online collision detection on ABB IRB120 robot, example on'trexi3 [14]. (left) Collision
detected using application of the first rule on tHeaRis of the robot. (middle) Subsequence of the reference sequence
to which the measurement vector was matched. (right) Section of measurement sequence used as measurement vector.

The second most important aspect is the time needed for reaction to isiergcoNhich was
tested together with the previous phase of testing. Although analytical dependence cannot be
derived, and reaction time depends on the hardware (robot controller and the PC), conclusions from
the extensive experimentation are listed. Focoastant length of the reference sequence, the
reaction time depends on the length of the measurement vector and joint on which the collision was
detected. Reaction time increases with the length of the measurement vector, and with the number
of joints. For example, it means that collision will be detected faster if it influenced the second axis
than the fifth axis. The reason for the difference related to the affected joint, is that joints are tested
in sequence one after the other, and not in paralkdpie all variations, during online testing, the
slowest reaction time was less than 0.1 s, while the fastest was 0.028 s. It is important to note that
reaction timealso includeshe communication time between the robot and™Ge

The third most impodnt aspect is the absence of false identifications, and the results from
testing are shown ifable4.

Table4 Statistical results from thenline testind38]

Collision not Detected Collision Detected
Rulel Rule2 Combined Rulel Rule2 Combined

Sequences without collision 99.47 % 97.92% 97.39% 053% 2.08% 261%
Sequences with collision 18.86 % 7.55 % 0 % 81.14% 92.45% 100 %
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Discussion

During the testing phase, all key indicators related to the performance of both mDTW and
decision rules were tested. Algorithm implementation aspects were also tested in terms of reliability
andreaction time.

The results from both offline and online testing have demonstrated that the proposed mDTW
performs well in both offline and in the online application. The mDTW is resilient to different
sampling times and nelimear time domain deviations. h&refore, it is suitable for online
application in collision detection. However, its biggest advantage may simultaneously be its biggest
reason for concern. Testing on a large sample, showhalle 3 and Table 4, has shown a
significant number of missed collisions, when observed independently for each of the decision
rules. This fact has demonstrated that mDTW sometimes matches samples so vile#, dhatple
originating from a collision can be mistaken for a nominal operation sample. To prevent this
undesirable behaviour, the two implemented decision rules complement each other. Testing on a
large sample has shown that zero collisions were clagsiBenominal behaviour by both decision
rules at the same time. This ensures that missed collisions are highly unlikely when the two decision
rules are used in parallel.

When results from confusion matrices shownTable 3 and Table 4 are observed, it is
noticeable that there is significant room for improvement. This partiguiadtes to the refinement
of decision rules in terms of their reliability in identifying real collisions. One aspect which has the
highest potential to significantly improve performance of existing rules is related to setting
thresholds. New rules for #img thresholds should rely nekclusivelyon the statistical analysis of
the signal andout allow for some smart adaptabilityone of the ways in which this can be
implemented is the moving average and moving variance analysis performed on the sfidow w
with length determined in accordance with the length of the measurement vector. This
implementation would allow higher sensitivity in regions where the dynamics and variance of
signals is lower and reduce the chance of false collision in region$ighbr activity. For certain
applications, shifts in variance calculated in this way could potentially be used also as one of
thresholds for detecting collision§here are also possibilities for designicgmpletelynew rules
and approachesr extendingand improving existing ones. In all cases, complexity of the algorithm
should be carefullgnalysedvith respect to processing, and consequently, reaction times.

Collision reaction times depend on algorithm complexity on robot and PC side, the time
neededor communication, and time needed for the robot to react to a detected collision. Part of the
algorithm implemented on the robot has a simple logic which is possible to implement on various
robots. The robot only needs to send a sample of measurenoentsdch of itgoints andreceive a
signal indicatingvhethera collision has occurred. The communication is performed using Ethernet
TCP/IP, and there are limits to the time needed for this type of communication. Other
communication protocols can be ugedurther the collision reaction times.

However, the main concern related to collision reaction time is in the design of DTW and,
consequently, also mDTW. With increases in length of the reference signal and/or measurement
vector, the time needed to pamih matching of signals also increases. The reason for the increase of
computing time is directly related to increases in dimensions of the matrix which needs to be
formed and searched to perform signal matching. The maximum length of the reference signal
depends on various implementation aspects, including sampling times and a hardware platform.
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3.3 Detection of intentional interactions

3.3.1. Principal idea

One important aspect of the proposed algorithm with mDTW that has not been addressed in
the previous sections is its potential for implementation of intentional interaction detection. Namely,
the logic behind the presented algorithm relying on mDTW is ¢etely applicable in the field of
detecting intentional interactions. It was mentiolm&dseveral occasions that one of arguably the
biggest advantages of the Aomodetbased approaches is the inherent inclusion of the intentional
interactions in the algidhm itself. In the presented approaches, the influence of intentional
interactions was included in form of their influence on joint currents or torques. It was also
mentioned that moddiased algorithms typicallyend tosolve the issue of external intet@n
forces through integration of a force/torque sensatlough it is not always optimal or adequate.

With the aim of addressing these issues of mduded algorithms, the forterque sensor
in the repetitive applications can effectively be repfabg implementation of the mDTWased
algorithm. From the implementation point of view, there are no theoretical or practical limitations
for the presented algorithm to be used in a hybrid mode with a rbadetl collision detection
algorithm, and such pemility will be discussed in this section.

Since collision detection aspect is oneibhot the most importanof interaction detection
algorithms, different profiles ahtentionalinteractionrinduced deviations from nominal values will
be compared with deviations caused by collisions in order to discuss the potential and limitations of
the proposed hybrid approach.

There are several possible implementation architectures for the hybrid interaction detection
algorithm. The principal idea ohé algorithm discussed in this section is that the mbdséd
algorithm is in charge of estimating the expected values of the observed joint measurement, which
can be either current or torque. The difference between the estimated and measurgdaliatlies
deviation vectorwould serve as the input to the Amodetbased part of the algorithm. In the
proposed way, alintentional and desiredon-modelled behaviour and dynamics of the system
would be possible toecord using the nemodetbased algorithm tich would be able to use it as a
reference deviation sequence.

Given that the discussed field of application is still related to the tasks which repeat in cycles
in identical way, the deviations from the reference values caused by intentional intsraciidd
repeat as well. Consequently, the logic of the mDTW collision detection algorithm presented in the
section3.2would be applicable also in the field of detecting the intentional interactions.

During normal operation, the part of the algorithm base mDTW would match the
deviation vector of measurement with the reference deviation sequEmeEeccasion in which
samples from the deviation vector cannot be successfully matched with the reference deviation
sequencewould indicatean unintended interaction ocollision andshould trigger appropriate
response from the algorithm and the entire system.

The following sectionare basedn [56] andaimto examine the possibility for development
of the hybrid aproach from the measurement point of view and discuss the implications they may
have on the applicability of the solution.
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3.3.2. Experiment description

This sectionintends to examine the effect of load and external forces on the torques of the
robot with experiments performed for different types of manipulation and assembly tasks. The
unmodelled influence originating frothesetasks is compared with the effect of collisions on the
internal robot torques. To this end, for each tadlted experimenthtee cycles of measurements
were performed.

First, a torque profile was recorded fr@mobot executing movement needed to perform the
manipulation or assembly task, but without the load or object of assembly itself, so that all recorded
torques correspontd signals that would be generated by the optimal robot model which includes
only the dynamics of the robot itself.

The second cycle of measurements was recorded from the robot performing the
manipulation or assembly task with the load or object whickhishé® be assembled, therefore also
including the external forces related to the load or assembling process.

The third measurement cycle is similar to the first cycle since it was performed on a robot
performing its task without the load or assembly objelciwever, during third measurement cycle,
the robot was impacted with different intensities and durations.

With measurements from three cycles, it is possible to better understand the influence of
external forces on torques of the robot, and their diffee from real impactfifferences between
the second and the first cycle of measurements represent the nature of the deviations the mDTW
based algorithm would receive. Based on the yamalof these deviations, it is possible to
understand how applicabtbey are in the scope of the hybrid approach due to their repeatability
and range of values. The difference between the third and the first cycle of measurements is useful
for comparison with the deviations from intentional interactions. Their comparatiakysis is
useful for understanding how applicable and reliable a hybrid approach to interaction detection can
be.

Experiments were conducted on Denso-64242 6axis industrial robot with 2 kg of
payload. The weight of the object which was manipulateddSskg, which is 75% of the specified
maximum load of the robot. For assembly tasks, the forces needed for the assembly process varied
from piece to pieceAs mentioned earlier,imce VR6242 does not possess torque sensors, values
shown on graphs repregeorque values estimated based on current measurements. Measurements
range from100% to 100% of maximum permissible torque for each joint.

3.3.3. Manipulation task analysis

This section analysesthe influence of loadelated forces that occur during load
manipulation tasks. Related, but different tasks wamalysedn order to identify possible issues
related to unmodelled load.

A movement shown orFigure 27was designed so that it combines pick and place /
palletizing and machine tending tasks into one sequence. The robot picks up the load from one of
four positions on the pallet, brings it clagethe assumed loading position, changes the orientation
of the load, and loads it into the machine.

The pick and place / palletizing aspects of the task need to be observed together because of
their similarity. The pick and place partttse most intersting from the perspective of the analysis
of the repeatability of influence which load picking and releasing has on the torques of the robot
when the picking or placing position is the same. The palletizing, or ratkpallé&zing aspect of
the robot tak is interesting taanalysebecause of different distances requiring different joint
configurations.

The first and second pair of picking positions are symmetrical to the robot base which
enables examining the effect of load picking to thgahd the B axis of the robot since they
contribute the most to the vertical movement. For each pair, from the perspective of those two axes,
the movement is the same as if the picking was performed from the same point. However, the

41



distance of second paof picking points from the robot base is bigger, and it requires different joint
configuration. Since the placing point is the same, the effect the load releasing is expected to be the
same.

Results shown ofrigure 27 confirm that the influence of unmodelled load is very similar
for first two picking points. Shape of deviation from the torque measurement without load is
repetitive, as well as the intensities of teoeq differences. Repeated tests from multiple
measurements confirm that the load influence on thexs is predictable and repeatable. Similar
conclusion can be made for the second pair of picking polihis.repeatability of the deviations
from intenticnal interactionimplicatesthat there is a high potential for application of mDBased
algorithm for the detection of intentional interactiorwever, due to increased distance of the
second pair of picking points, the difference in torque caused Hgdtds slightly higher than for
the first pair of picking points as dagure27(middle right).The difference in values caused by the
different distance from theorb ot 6 s base can be significant €
detection, since the mDTW in the presented form is intended only for identical movements.

Releasing of the load caused changes which were also repetitive in intensity and shape resembling a
step pulse.
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Figure 27 Torque measurements during combined manipulation [sKupperleft) Torque measurements with and
without load and with collisions. The four segments when the load was picked from different positions are clearly
visible as deviations from measurements without load. (upper right) Deviations originating from loadllisiehs

show difference in nature. (middle left) The shown segments of measurements from five consecutive manipulation tasks
correspond to periods from when the load was picked from first picking point to the point it was released are repeatable
in shapeand value. (middle right) Average torque measurements from points closer to the robot base show lower values
in sections related to the picking, compared to average torque measurements from those more distant from the base.
From the moment the load is s to the loading position, the averaged sections match in values. (lower left) Torque
measurements with load are clearly distinguishable from measurements without load from the mortemtithetarts

to move to change loading orientation. (lower tjgBhape deviations of torque originating from the load are repetitive

and distinguishable from collision induced deviations.
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The machine tending aspect of the robot task is intended to use for analysis of the change of
flange orientation to the torque mmrements. Unlike the pick and place and palletizing
experiments, flange is not oriented vertically downwards in this experiment. Orientation of the
flange is influenced by motors in last three axes, which generally have lower power, so the load
influencewill be more noticeable on them.

Results fromFigure 27 (lower left) andFigure 27 (lower right) show that the influence on
the 4" axis of the robot is significant, but only from the moment when the orientation of the flange
starts to change. With exception to some ocngrpeaks, the shape of deviation is related to the
change of the ® axis angle, with highest values being achieved at moments when the loading
orientation is reached, and slowly decreasing during the final approach to the loading position due
to movemenbf the 3" axis. The conclusions made during the analysis of thaxs are also valid
here. Nevertheless, this example also indicates the influence of the change of the joint spatial
configuration has on the profile of deviation signal.

In all parts ofthe manipulation experiment, the influence of load was predictable and
repeatable in shape, making it distinguishable from the impacts in most cases when entire signal is
observed as it is visible oRigure 27 (upper right) andrigure 27 (lower right). However, the
difference between intensities of deviations caused by the tahbtyacollision is not very big, and
occasional peaks make them more difficult to tell apart, especially if the distinction needs to be
made in matter of samples.

3.3.4. Assembly task analysis

Assembly tasks often require the robot to exert some force in trdgein two parts. Ta
following examplesanalyse the influence dhteractionforces during three different assembly
types.

Snap fit. Snap fit is a very common type of assembly process performed by robots.
Variations of this process can be found in different fields of industry, depending on the assembly
requirements. The experiment was conducted on pieces with annular snap fit, et deri
conclusions are applicable on any type of snap assembly.

The results from the testing are shown leigure 28. The two peaks on the image originate
from two levelsof latches and corresponding grooves. It is also noticeable that the second peak has
higher value, since the force needed to deform both levels of latches is higher than the force needed
to deform only the first level of latches. When the difference betwsignals recorded with and
without assembly object is compared, it is possible to notice that it resembles a peak belonging to an
impact. Repeated tests have shown that while the general shape of the torque is constant, slight
variations in the positiorof the assembly object affect the intensity of pedlse profile of
deviations makes them unsuitable for the mDb¥$ed detection algorithm because the intensity
and shape make them difficult to distinguish, especially in short time. However, repessivane
the tasks for which the proposed hybrid approach is intended enables additional information related
to periods in which the intentional interaction is expeciéerefore, a possible solution might be to
interpret all deviations outside this time ijperas unintentional contacts, i.e., collisions.
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Torque measurements from snap fit assembly task o Different assembly obj. position torque meas. from snap fit task
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Figure 28 Measurements from snap fit assem[#y. (left) Torque measurements of robot operation with and without
object ofassembly as well as with collisions. The double peak originated from two levels of latches and grooves of the
object of assembly. (upper right) Five consecutive measurements of assembly task show similar shape, but also
differences in intensities in someeas which are result of slight variations of position of the assembly object. (lower
right) The shape of the deviation originating from the assembly is similar both in shape and in intensity to the shape of
deviations originating from collisions and rergs special attention.

Spring latch. This type of joining parts is present in applications where it is required to
have a good contact, but also allow for easy disassembly. In order to connect the pieces, it is first
needed to force the inserted part aghia spring, and then move it to a position in which the
compressed spring will hold it in place. Assembly and disassembly were performed in a single
movement with a two second break between them.

Results orFigure 29 have shown significant influences on torque, most notably on'the 5
axis of the robot. Measurements signals with and without actual assembly piece show great
difference, both in assembly and disassembbyement. Although shapes of deviation are roughly
symmetrical, tests have shown some differences in intensities of torques exerted on the robot during
assembly and disassembly. While collisions with similar shape as parts of assembly induced
deviations hag been recorded during testing, the overall shape makes them distinguishable from
collisions. In particular experiment, the spring induced high torque differences which greatly
surpass those of impacts. However, in general case, intensities of assembbflisioth induced
deviations may happen to be very similar, making them more difficult to tell, apgtying that
reliability of mDTW algorithm application would need to be analysed on a specifiebease
analysis.Similar to the conclusion for the @it assembly, addition of the period in which the
intentional interaction is expected would increase the reliability and applicability of the proposed
approach.
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Torque measurements from spring latch assembly task

2 2 Repeated torque measurements from spring latch assembly task
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Figure 29 Spring latch task result§2] (upper left) Torques during assembly and disassembly movement. The
deviations originating from the assembly task greatly surpass those induced by collision. (upper right) Torque
measurements from 5 consecutive recaggishow great similarity and repeatability. (lower left) Deviations induced by
assembly task and collisions. Assembly originating deviations show elements of symmetry, but with slightly different
intensities. Some collision deviations match sections of déeations originating from assembly. (lower right)
Assembly torque deviation and mirrored disassembly deviation show elements of symmetry.

Screwing. Although commonly performed by screwing devices mounted on a robot as a
dedicated tool, many robots witmlimited rotation on the'®axis are used in applications where a
part itself is screwed onto another part of the assembly, rather than two parts being fastened by a
screw. This is especially the case when a part needs to be rotated less than datireccoler to
screw it in place. In this experiment, both screwing and unscrewing operations were performed and
analysed

According to expectations, experimental results have shown that the biggest torque
difference is on the'®axis of the robot. The sipe of deviation shown dfigure 30 resembles a
ramp signal profile, which corresponds to the nature of the process. In the particular case, the
difference can be distguished from the real collisions due to its duration and intensity, as well as
its shape. However, it is possible to imagine that some screwing assemblies might require a higher
force. More importantly, collisions need to be identified as soon as pgsaibich means that
decision cannot wait for several samples to make the distinction. The unscrewing action resulted in
decrease in intensity of the torque originating from the unscrewing, as it can be $égareB0
(right). However, the shape of deviation from the measurement without the assembly object has
maintained the same shape and nature as with the screwing pfRessits from the analysis of
this type ofassembly task imply that it would be possible to effectively implement the proposed
hybrid detection approach, since the mDTW algorithm would be able to distinguish between the
intentional and unintentional interactions, as long as there is an adeqtextnd# in intensities.

5 Torque meas. from screwing assembly task Deviations of torques from meas. without assembly object
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Figure 30 Screwing assembly taqR]: (left) Torque measurements from screwing and unscrewing action resemble
ramp signals due to changing forces that act upon %hexis. (right) Deviations of torques originating from the task
execution and collisions. Though sometimes similar in intensity, the shape of deviations is clearly distinguishable in
terms of shape.
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3.3.5. Discussionof results

The aim of thisanalysiswas to @amine the influence of unmodelled intentional external
forces on the quality of collision detectiand their potential incorporation into a hybrid detection
approach with possibility to interpret intentional interactions that end, two types of applications
which regularly incorporate forces of different profiles and nature were chosen as typical examples.

Experiment with manipulation tasks was performed in a single experiment combining pick
and place/palletizing anehachine tending tasks. Experiments have shown that the influence of the
unmodelled loagelated forces has varying effect on the torque measurements depending mainly on
the position and orientation of robot flange and consequently the joints affEktedbservation is
irrelevant for the application in strictly repetitive tasks, but it is one of the most important aspects
which will be addressed in thé"4Chapterin which the identification while performing similar
movements is consideretll. was shown hat the disturbances in measurements with and without
load can easily be mistaken with collisions with regards to their intensity. However, with exception
to variations in intensity, it was shown that the shape of disturbances is repetitive, and thsit it do
not depend on the configuration of robot segments. The aforementioned is important because it
means that a disturbance of certain shape can potentially be excluded from being identified as
collisions. In[12] it was $iown that intentional contact can be identified through use of low and
high pass filters with corresponding rules, which implies that influence ofrdatéd disturbances
can potentially also be classified as intentional using similar principles witle sowodifications.

The main risk lays in the fact that collisions and unintentional disturbances need to be identified as
soon as possible, making it harder to enable processing time needed for avoiding misinterpretation
of intentional contactddowever, theprocessing and interpretation delay are much lower with the
approach in which mDTW is used to match deviation vector to the profile of the reference deviation
sequence.

Three types of assembly examples were used for experiments. Snap fit assembly example
has shown that profile of torque disturbances it generates has a high potential to be classified as a
collision. In particular test case, both the intensity and duration of the peaks in torque originating
from connecting two parts closely resemble those m@fal collision. Furthermore, it was shown that
slight deviations of position of the assembly parts cause variations in intensity of force required to
join them. A potential solution to the problem of false identification can be in having higher
toleranes for collision detection in a limited time interval within the assembly cycle.
Unfortunately, such tolerance modificatiam introduction of the time interval for intentional
contactcould lead to higher risks of faulty implementation, and potential edistetection of real
collision, so this issue deserves special attention.

Forces originating from spring latch assembly example have a high potential to be
misclassified, primarily due to their intensity. While shapes of disturbances induced by this
assemly type have repeatable profile in particular test, in general case it may depend on
positioning accuracy of the assembly parts and repeatability of the spring stiffness. As a general
conclusion on this example, the repeatability of the assembly prodéssnsin factor influencing
whetherforces in this type of assembly can reliably be interpreted as intentional, without risking
missing real collisions.

Assembly by screwing experiment has shown that the deviations from the measurements
from the robot witout actual load are repetitive both in shape and in intensity. Although the
intensity of the torque deviation was not very significant ingagormedexperiment, in general
case the torques needed to apply can easily rise to much tegkts andbe miclassified as
collisions. Nevertheless, with adequate positioning accuracy of the assembly parts, a solution can be
found to interpret forces during this type of assembly as intentiomahe proposed hybrid
approach architecture, or evas in[12].

As a general conclusion with regards to effect that unmodelled dynamics has on collision
detection, the experimental results have shown that influence of unmodelled intentional forces
should not be neglected. Failing to do may lead to false collision detections, while simple
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increase in detection thresholds may even lead to human injuries. It was shown that some types of
forces are predictable and repeatable in shape, making them easier to model and/or include into
collision detection algorithm in some other manner. Unfortunately, there are forces which are very
difficult to distinguish from the collision because of their shape and/or intensity.

Prompt and timely collision detection poses an additional challenge evérdes which
have been shown to be distinguishable from collisions as their correct classification may require
additional time for processing.

In a broader sense, varying and unmodelled external force influences have been examined
and dealt with in cont of impedance contr¢gb7] [58], which can be one of directions to elaborate
on this topic in future.

Nevertheless, the analysis of deviation has shown that algorithms based on mDTW have
significant potential also for detection of intentional interactions when they are used to observe
deviations from the expected joint measurement values. To this erndhybeid implementation
with modetbased algorithms would make themviable and potentially preferable alternative to
implementation of force/torque sensors. The biggest advantage over integration of force/torque
sensors at the tool flange is that theg datect collisions on all joints from the base of the robot to
the robotés flange, and not only interactions

3.4 Chapter discussion

The intention ofthe presented approachs&as tooffer a collision detection algorithm as a
contribution towards safer workspace sharing and future collaboration between humans and
industrial robots without external sensors or open control architecture. Compared to most existing
methods, thereviously preseed collision detection algoritheiare not based on a robot model.
Insteadtheyrelay on the fact that vast majority of robot tasks are repetitive and uses measurements
from one cycle of task execution as reference values for all succeeding operatsn Wale this
concept offers lower flexibility compared to modelsed approaches, it benefits from reduced
complexity and inherent inclusion of various aspects of the robot motion which are difficult to
model. These may include unknown weight and dyngroperties of part in manipulation tasks,
intentional contact forces during assembly, variable weight in dispensing applications, and many
other aspects which are either complex or time consuming to model.

The first realization of the algorithm for calion detection was intended for the integration
on the robot controller itself, as an attempt at reducing reaction time by avoiding time needed to
exchange data with another device. To overcome issues related to the uneven sampling, two
decision rules werset in place to cover regions with different signal dynamics. However, the way
in which the detection thresholds are determineduisoptimal as it requires understanding the
reasoning behind the detection rules and some knowledge of signal analydisteEheld setting
can be translated into an automatic procedure, but it would require larger recorded sequence sample
which would affect the al gor it hnkordetter pelabilityc a b i |
the algorithm was designed withhierent safety precautions.vitorks in background of all tasks
created byuser andstarts automatically by switchirtg mode for automatic task execution. It can
be protected from unauthorized access, irstiops the movement of the robot if the collisisn
detected, regardless of the otlpeograms. In order to run properlye., to minimize number of
false collision identificationst requires a triggering signal from the main robot program. However,
if this signal is omitted, the algorithm willot allow any motion of the robot, preventimgury or
damage.

Although it performed quite well, the algorithm implemented on the robot controller served
best as an introduction to the collision detection topic, and a solid base for designing a version
intended to be implemented on PC.
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The attentionto designing an efficient and performant collision detection algorithm was
shifted to implementation on a PC permanently connected to the robot controller using standard
communication protocolshe reason fothis was the increased complexity, which mdah could
no longerbe fully implementedn controllers ofobots with closed control architecture. However,
permanent connection to a PC or similar processing unit should not be an issue, having in mind
increased reliability and sensitivity.

As a corner stone for reliable collision detectitms approach presentedmodification of
Dynamic Time Warping method (mDTW) which was used in order to overcome sampling
uncertainties imposed by the robot controllesige. Compared to traditional DTWb1], it offers
two advantages of key importance for Collision detection application. Most importantly, fillke
[53] [52], it allows matching signals with different content. That means that one signal can be
compared to a part of another signal with similar content or shape. This modification also allows the
online application of DTW, mdng it useable fothe presentedollision detection concept. At the
same time, the mDTW presedréheability of DTW to optimally match signals by compressing or
dilating the time axis. Unlike some other proposed modifications of [E3) the mDTW does not
allow skipping samples. This ensdrhat the samples indicating a collision, or some other anomaly
cannot be neglectedhe reduced length of compared signals enables shorter processing time,
without early pruning orther techniques proposed for speeding up D[BA]. Unlike EDIT
distance[48], Hirschberg's algorithni49] and Approximate string matching8], the proposed
method is applicable in applications with infinite number of signal values, and it does not allow
skipping samples. Compared to other signal matching techniques, such as Partial Curve Mapping
[50]and Discrete Fréchet Distanfg&®], the mDTW is intendetbr application withtime series.

Additional contributions are the two complementary decision rules. They rely on mDTW
matching ability tadetect deviations from reference signal in terms of absolute difference and Eigen
values. While the idea to observe absolute differences between samples is not new, mDTW
matching alloved lowering detection thresholds. This incredfi®e sensitivity of thalgorithm and
allowed detection of lower intensity collisions. The rule based on Eigen values othséree
distribution of matched sample pairs, offering a new perspective and additional safety measure.

The proposed algorithm was intended for realistipliaption on various brands and
generations of industrial robots with closed control architecture. Therefore, signals which are most
commonly available from all robots, such as current and torque estimate, were used for the purpose
of detection. Throughouthe Chaptey various aspects of the algorithm were considered and
designed with implementation in mind. The procedures for collision detection were designed to be
the least intrusive to the normal programming of the robot and to provide maximum safety. Al
procedures, both on robot and on PC are fully automatic, and they require very low setup time. The
only intervention required from the user at setup, and/or after changing of the robot main movement
task, is to set correct IP address of the robot, amitiate the procedure on PC.

In accordance witlts intended purposéhe algorithm was also experimentally validated on
Denso VP 6242 and ABB IRB 120-&is industrial robots, and results were discussed from
reliability and implementability point of we. Conclusive results show that collisions are efficiently
detected even in the early stages of the algorithm development, and that safety within the shared
workspace is significantly improved.

Nonethelessmprovement®on the algorithm itselfan be mada redudion of reaction time
by improving existing or using more efficient calculation strategies for signal matching and focus
on improving the sensitivity of the algorithm even further. Examining the possibilities of
incremental computing, such as thee@resented if52], and its adaptation to the specifics of the
mDTW has a potential for great improvements in computational requirements and reaction speed.
One important field for improvememtcludes improving the flexbility of the algorithm and its
capability to adapt to a family of similar movements without having 4getageference values. To
this end, solutionwill be considered in the next Chapter

The consideration related to the implementation of the mEpB#&dcollision detection in
the field ofdetection ofintentional interactions has shown its potential for application in that field
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as well. Such implementation does require observation of the deviation from expected values,
which led to the conclusion thathgbrid approach, in which deviations would be generated based
on the experimented values of the mebl@sed algorithm. Suggested approach would solve many
of the problems related to mod®hsed algorithms and contact tasks or unmodelled dynamics.
Additionally, it would extend the field of application of mDTW as a-+moadetbased algorithm.

The analysis of the representative contact tasks has shown that there are applications in
which such hybrid approach can be very successful, due to the differencdfisainconduced
deviations and those originating from the intentional interactions. More importantly, it has pointed
out tasks in which such distinctions cannot be made reliably, especially given the requirements for
short reaction times.

Thedownside of use of the mDT\Wased intentional interactions detection are related to the
fact that it is limited to the identical repetition of the task, which narrows the field of application for
such approach. The possibilities for extending the appicdield of the mDTWbased algorithms
to movements which require different spatial relation of robot joints than those during the
representative referent movement are examined in the next Chapter.
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4. DETECTION WHILE PERFORMING SIMILAR TASKS

This Chapteraims to present strategies and solutions related to identification of interactions
while performing tasks which do not repeat in identical cycles but perform the same type of task
[59]. Compared to the movement or operation made during recording the reference sequence, these
tasks include movements and operations performed under different spatial relation of robot joints,
i.e., different joint configurationslhis augmentation aims tffer a completely new quality to the
previously presented algorithms for collision detection, allowing them to be used under different
conditions to those when the reference sequence was foiffnech the perspective of load
manipulation rather than picland place operations from and onto same positibese tasks may
include palletizing or depalletizing operations, bin picking, cangerded pick and place
operations, machine tending etc. From the processing tasks, examples may include rivetigg, drillin
stamping, snafiit assembly, bending and other operationsciitan be performed with different
orientations of the tool and joint configurations.

The aforementioned greatly extends the potential field of applications, but it requires
additional analysiand information from the robot controller. This information is primarily related
to understanding the joint spatial distribution and its influence on individual joints.

Additional and highly valuable benefit tife alteration proposed in thiShaptelis related to
its extended possibility for implementation in field of detection of intentional interactions, in a
standalone or hybrid capacity. Therefore, the analysis in the following sections will be mostly
considered from the perspective of a hybrid apphoin which only the deviations of the measured
signal from its nominal values is observed, as explained isettten 3.3

4.1 Background idea and applications

Considerationdrom the introductory part of this Chaptand conclusions related to the
previously presented mDTW approaébrm the basis on which the approach and algorithm
presented in this Chaptere conceived. The approach will be designed to be implementable
without expert knowledge, to work without additional sensors, and fatrm independentlo
achieve these goals,ritlieson previously developed algorithms for the identification of kinematic
parameters and, more importantly, for frandetbased collisia detection. The most important
contributionpresented in this Chapteiill be in the augmentationf the modified Dynamic Time
Warping (mDTW) algorithm in the form of the inclusion of coefficients related to a kinematic
model of the robot. In this way, @mtirely new dimension to the algorithm is added, enabling it to
respond to changes in spatial relation of robot joints and the effects that external contact forces have
on them.

All research and procedures relevant to the realization and implementatie mroposed
algorithm will be briefly overviewed to understand better the information required and the level of
automation it is possible to achieve, both of which are important aspects from the Industry 4.0
perspective. However, the focus will be oe fasion of this information to enable an effective and
reliable algorithm for the inclusion of contact task dynamics. To simplify the analysis, an industrial
robot with six revolute joints is considered, being the most common configuration, but all
conclwsions are also valid fatherrobotconfiguratiors as well as robots witprismatic joints.

The starting assumption is that when a robot is performing a task that does not involve
contacts or changes in weight, values of all measurements that are avatilebth robot joint are
in accordance with nominal values, i.e., can be considered to be known based on a nominal model
of the robot or in some other shape or form. Contacts with the surroundings or changes in weight
cause deviations from these nominalues. The idea underlying the proposed approach and
algorithm is that these deviations reflect contact task dynamics and that their correct interpretation
can lead to the implicit inclusion of the unmodelled forces and torques that appear during contact
tasks.
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In this Chaptey deviations recorded while performing one representative example of the
contact task are referred to as a reference sequence. Deviations recorded during the operation of the
robot stored in a sequence with finstfirst-out logic wil be referred to as the measurement vector.

The correct interpretation of the deviations in the measurement vector based on its comparison with
the reference sequence can indicate whether the deviation originates from an expected, desired
contact whose dyamics was not included in the nominal model or from some erroneous state or
condition.

As presented and discussed earlier,tii¥T'W enables matching the measurement vector to
a segment of the reference sequence as well as implementation in re@3jmé also has the
advantage of implicitly including all dynamic events and phenomena without modelling or deep
understanding, since it observes joint events, which are consequences of task dynamics. However,
the drawback omDTW is that it was designed to perform matching of signals while the robot
performs the movement in an identical or very similar way, maintaining a similar joint posture.
Periodic tasks that include such movement are very common, but in the generaldcaspezially
in Industry 4.0 applications, a robot is expected to be more agile and adaptable to meet the needs of
the interconnected evedtiven production environment. These requirements also relate to its
movement, meaning that the straightforward lengentation of mDTW is no longer suitable in the
general case, since the movements for the same type of task may require significant changes in the
spati al relation of the robotds joints. Di f fe
that contact forces have on individual joints, resulting in the different profiles of deviations that are
noticeable on a joint level. Supplementing mDTW with values related to the kinematic model of the
robot aims to solve these drawbacland to this ah the following sections describe procedures
used to identify kinematic model of the robot and its-efidctor as well as the way in which these
parameters are introduced into mDTW.

4.2 Identification of robot DH parameters

Starting from identifying robot BnavitHartemberg (DH) parameters from the base of the
robot to the flange to which the end effector can be attached, it is essential to note that it can be
performed in numerous ways, including manual calculations. However, the general apgroach
algorithmsin this thesis is to facilitate the implementation of the algorithm and reduce the chances
of errors wherever possible using automated procedures. To this end, thisa@etsion present an
approach to designing an automatic procedurebitainingDH parameters of a robot with arbitrary
configuration. The approach is based on obtaining partial pose measuresuetasing only the
positions of the point of interest, and using this information to perform a full body identification of
kinemdic parameters.

Previous researcl®0], [61] [62] has described that an automatic procedure that moves the
individual axis while monitoring the positicof the point of interest at the end effector barused
to perform the identification of kinematic DH parameters of the rotmosome of their alternatives
[63]. The procedure can effectively extract relevant paraméten®tational and prismatic joints
alike, and therefore the configuration of the robot does not impose any applicability limitation. A
similar principle was later further elaboratgd] [65] with considerations regarding accuracy and
tools that can be used for its successful implementation in realistic environments.

Common to all the mentioned identification approaches is that the DH parameters are
calculated based on the trajectoribattthe observed point of interest has while the robot moves
each of its axes individually. In the case of rotational joints, the trajectory will be circular, and the
centre and orientation of the path will indicate the direction ofztagis of the observed current
joint. From the formed spatial directions ofixes for each joint, directions of other axes can be
calculated as well. In the case of noarallel z joint axes, the common normal from the previous
towards the current directicof thez axis will determine the direction of the newaxis, and the
point of its intersection with the currenéxis will determine the current coordinate origin.
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The approach to the identification presented in the following sections is baf&@] and it
introduces a different way of calculating parameters using only three measurement points per joint.
This approach enables complete definition of joint rotation axis based on analysis of two
measurement vectors and théisectors unlike method presented if62] which uses fitting
measurements to the arc in order to determine the rotation .ceatteermoreunlike in [62] the
directions ofx andy axesof each joint are determined in accordance with DH convention for
facilitated further calculation of kinematic parametdfsr better understandingt additionally
differs from the[61] by its representation of vectors using direction and point, ratherRhaoker
coordinates

The benefit of using the aforementioned approach is that it is not restrictive regarding the
type of sensors that are used to determine the position of the observednpsdme external
reference frame. The position can be measured directly as long as the accuracy and measurement
volume are not issues.

A theodolite or any other measurement sensor can be used. Another approach is to measure
the position indirectly, usingint encoder measurements and a kuikinematics model all robots
use for direct kinematic tasks. For the purpose of performing the analysis in following sections, the
ki nematic model was calcul ated usi nfame wheh coor
were provided by the robotds controller based

4.2.1. Denavit-Hartemberg notation

Startingfrom thenotation on which the analysis and development of the approach is based,
this section offers a quick omeew of the terms and notations used in the following discussion and
elaborationillustrated orFigure31.

In order to describe a relation between two joints wiitlekesi andi-1, i.e., coordinate
systems related to them, usingrDnotation, two preconditions must be rf4]:

- axisx is perpendicular to axis1

- axisx intersects axig;-1.

For the base coordinate system, #rexis goes along rotation axis of the joint. Dhaxis
can be chosen in any suitable direction, as long as it is perpendicularztaxiBe andy axis is set
in such way that it forms a rigiianded Cartesian coordite system together with previously get
andz axes.

For a joint with index, z axis is also set along its rotation axis. However, haxis is
chosen in such way that it is positioned along the vector perpendicular tn xthandz.i axis of
previous joint, which is why it is also known as common normal.

Figure31 Notation used for calculation of Dena¥iartenberg parametej&s].

To Denavit and Hartenberghe common normal served as the main geometrical concept
which enabled therto find a minimal representatid67]. This normal also represents the shortest
distance between axesandz.; The origin O of coordinate system is lated at the intersection of
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z axis and the previously determined axis They; axis completes the rigitanded Cartesian
coordinate system.

In order to match coordinate systems of two neighbouring joints with indexes-1, a set
of two translatios and two rotations was used. First, the coordinate system with index
translated along axig.1 to the point where it intersects with axs The distance of translation
represents parametdr Second operation rotates the coordinate systemimd#xi-1 until axisxi-1
is aligned with axis. The angl e of r ot a.tThedhind siesis te maveathe t o
coordinate system with indexl along axisx until the origins @and Q.1 match. Distance travelled
alongx axis is equal to parametay. The final step is to rotate coordinate system with indéx
around axisq until axesz andz.1 match. The angle of rotation represents parantkter.

All four steps of matching two codrthte systems can be described with set of four acquired
parametersl, i, dJ anda, andahomogenous transformation matrixd(% (15) [66]:
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4.2.2. Obtaining Parameters

This sectiondescribes an algorithm that can be used in order to identify Dedastiénberg
(DH) parameters. The concept is based on gathering partial pose measurements of a single point
attached onto robot's end effector. During the acquisition of measurementspdtiieperforms
elementary movements, and therefore it does not require any complex programming. Additionally,
this approach can be fully automatic. Although simitesvementprocedure is used by company
Scape Technologie® extract DH parameters from rdbibself, the calculations are based on a
differentconceptand for differenpurposesThe following analysis is considered for @x%is robot
with revolute joints, but it is applicable to any other configuration as well.

The idea is to gather exactly tidormation which is needed to calculate DH parameters,
and that igherelative position and rotation angles between neighbouring axes.

Figure32 Examples of robot movements and measured posittijs

In order to perform measurement, it is needed to measure position of a point rigidly fixed to
the last segment of the robot. Let us name that point of interest as tracked point, or TP. The only
restriction to the position of TP is that it may notldeated on the rotation axis of the last joint. The
restriction is imposed by the principle of the algorithm itself.

If the TP is not collinear with the axis of the rotation of the last joint, when rotation of that
particular joint occurs, the TP will hawa circular trajectoryas shown oifrigure32. The rotational

53



axis of the observed joint is parallel to the vector which is normal to the plane in which the
measurements atecated and runs through the centre of the measurement circle

It is possible to identify the needed values in numerous ways. However, havimgdirthe
restrictions that are often imposed by various factors including the construction of the robot,
measuring volume or accuracy of the measuring devices, robot surroundings etc., it is desirable to
keep in mind the applicability and implementati@pects of the solution. In order to define the two
defining aspects for the rotational axis, i.e., the direction and the point at the centre of the
measurement circle, an approach described in this section relies on the possess@sucdments
in only three points per observed joint.

Let us assume that the three measurement points A, B and C located on the circular
trajectory of the TP after movement of a single joint were acquired as théhirsgcond and the
third measurement. In that case, vegiozduct of vectors AB and BC would result in the vector
parallel to the joint rotation axis.

After normalization of this vector, the next step in defining the rotation axis is to specify the
point through which the rotation axis runs, i.e., the centteetircle.The centre of the circle can
be defined as the point of intersection of the vecdds and BG, bisectingthe vectors AB and BC
respectively in the plane defined by the thmee-collinearpoints A, B and Cas shown offrigure
33.

Although theoretically inevitable, due to the nature of the measurements, it is expected that
the bisecting vectors will not exactly intersect with each other, so the pomendst is actually the
point in which they are the closest. Having acquired the point of interest, it is possible to define the
exact joint rotation axjswvhich is by the definition of DH notation tlzexis of the observed joint

The procedure describddr the last joint can be repeated for all joints, and once the
directions of all robot joints.e., all of theirz axeshave been calculated, it is possible to extract the
DH kinematic parameters of the entire robot.

Figure33 Calculation of the joint rotation axis.

When points and direction vectoos z axis of two neighbouringjoints i and i-1 are
observedthe shortest distance can be calculated as a vector connecting two points on axes, while
being perpendicular to both axes. This vector is also knovancasnmon normal, and its length
represents parametar Point of intersection dhis vector with axisz determines the origin of the
coordinate system of joinf and its direction determines the direction of axisvhich points away
from the previous joint.

In the case of parallel andz.1 axes, the direction of the axis is determined using identical
rules. However, since the number of the common normal is infinite, any convenient point can be
chosen as the current joint coordinate system origin. yfhmordinate axis is determined to
complete the righhanded Cartesian frame, forming the joint coordinate frame. The spatial relation
of all joint coordinate frames can then be used conventionally to determine kinematic parameters in
DH or any other notation.
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The dstance betweethe coordnate originOi.1 of joint i-1 and pointon z-1 closest to the
axisz represents offset.

When coordinate origins have been matched, axesnd x.1 lay in the same plane.
Therefore, the angld can easily be calculated from scalar product of unit vectarsd i.1 alongx
andx-1 (16), respectively

— Ol odgQ (16)

After rotation of axisx to matchx.1, the angle betweem; andz.1 can ato be calculated
using scalar product of unit vectdksand k1 along respective axes. Calculated angle represents
angi(g) U

1 O Oooetia (17)

Calculated values form DH parameters for one sg@infs, which can be incorporated into
homogenous transformation matrig5. When values for all neighbouring joints have been
determined, the final transformation matrix is equal to product of all matdiges (

© 0 O (18

When final transformation matrix has been obtained, the model can be used to accurately
represent the real robot. Parametdrsd anda; are constant in case of rotary joints, whileare
actually internal coordinateg, used to calculate the positiaf segmentsWhile the described
procedure has been explained on example for robots with rotary joints, it is also applicable for
robots with linear axis with simple modifications.

If the robot has linear joints, there are a few differences, some of wimgify calculation.

One difference is that axig is set along the axis in which the linear joint moves. Values
considered to be zero since it can be chosen arbitrarily. XAigsset to be normal to the plane in
whichz andz.1 lay, i.e.,to be in direction ofz.1xz, or the opposite direction. Axi is set so that it
forms a righthanded Cartesian coordinate system wittndz. Valued is now internal coordinate
g, and it is equal to zero at the point wherea@ Q.1 match. Parametei andU are constant in
case ofalinear joint.

From the described procedure, it is possible to conclude that the approach can be applied for
any number and type of joints with single degree of freedom. Therefore, it can be usedywith an
given configuration of the robot, including external axes that may be used to extend its robot's
working range or to introduce redundancy, as long as they form a kinematic chain with robot itself.

4.2.3. Results andDiscussion

Based on the previously describalgorithm, parameters of Denso ‘6R42 robot were
calculated. The measurements obtained from the robot controller in form-pbf@lmeasurements
were calculated on the controller itself using its kinematics masialy measurements from joint
positiors/anglesThis model used by the robot controller for forward kinematics calculations, and it
is commonly found on almost all industrial robots in usSell-pose measurements include the
positions and orientations ostem, butde calgutationstonly n r c
the positions were used, while rotations about each of the axes were omitted during calculations.
The results of calculations is presented able5.

This approach to calculation of DH parameters for the use within thenRAW algorithm
is very convenient, as it does not require any exteyaasors or equipment. Additional advantage
of the algorithm presented in this section is that it can accommodate for constrictions imposed by
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