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Abstract

The backlash phenomenon occurs in the joints of industrial manipulators, signifi-
cantly impacting the performance and functionality of the manipulator. As robots
are widely employed in automated production sites, any deterioration in the robot’s
performance can adversely affect production, leading to economic losses for the
company. A careful maintenance program can prevent this situation, and targeted
interventions can be timely scheduled by monitoring the backlash status in the joint.
But obtaining a measure of backlash is not simple; the sensors typically required for
measuring backlash are not included in the equipment of a standard industrial manip-
ulator. So technicians must resort to manual measurements or estimates derived from
measurements of other quantities directly related to backlash (i.e., vibrations). This
research work stems from an industrial demand for an automatic tool for measuring
backlash based on the use of only the sensors available on the robot. The tool must
be the core of a predictive maintenance algorithm to be implemented as a service on
an [IoT (Industrial Internet of Things) platform.

In standard industrial manipulators, the only available sensors are the motor
encoders, dedicated to measure motor shaft’s speed and/or position and to provide
closed-loop feedback to the robot controller. An encoder alone is not sufficient to
measure the backlash. Backlash is an excess space that occurs between the teeth of
mating gears, creating a discontinuity in the transmission of motion from the motor
to the link. For a direct measurement of the backlash, two encoders are needed, one
at the input (i.e., on the motor) and one at the output (i.e., on the link) of the joint.
The state of the backlash in the joint is obtained differentially using the readings
from the two encoders. With only one encoder available the only way to obtain
information about backlash is to look for any disturbances that backlash may cause
in the motor’s operation. In some of the few available studies in the literature, it has
been shown that in simple bench systems, under specific conditions that excite the
phenomenon, backlash effects can be observed propagating through the mechanical



structure up to the motor, where they can be recorded by the encoder. However,
replicating the same conditions in industrial manipulators is exceedingly challenging.
Even in those cases where it is possible, the signs of backlash propagated to the
motor are inconspicuous, manifesting as minor disturbances superimposed on the
primary and noisy motor position signal. Furthermore, other disturbances of different
origins are also detected by the same sensor. These disturbances, coupled with noise,

create difficulties in precisely identifying backlash in the encoder signal.

The research activities described in this thesis have demonstrated that it is not
only possible to identify excitations in industrial manipulators that make backlash
observable on the motor encoder, but also that the observed disturbance has recurrent
and well-defined characteristics, allowing for a unique association with backlash.
It is therefore possible to define a “signature”of backlash to be used for backlash
identification. When the signature is detected within the signal of an encoder, it
indicates the presence of backlash in the joint. Moreover, the amplitude of the
signature is directly proportional to the magnitude of the backlash in the joint. Based
on these findings, the problem of backlash estimation can be reduced to a fitting

problem of a model to a signal.

The tools used include Matlab/Simulink, which was employed to develop a
simulator for a robotic joint, allowing for in-depth analysis of the backlash phe-
nomenon, and Python for running optimization algorithms based on evolutionary
strategies. Additionally, a test bench was specifically developed, replicating a joint of
a real industrial manipulator, and used for analyzing the phenomenon and generating

simulated data.

The outcome of this work led to the development of a toolchain for backlash
estimation, whose effectiveness was validated using both simulated and real-world
data. A second phase of method validation was conducted on a real industrial
manipulator, revealing strengths and potential areas of future improvement of the

identified approach.
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Chapter 1

Introduction

1.1 Industrial maintenance

The issue of maintaining increasingly advanced, connected, and intelligent equip-
ments is nowadays central to companies that aspire to pursue continuous improve-
ment in productivity and quality [18]. The same issue is even more important in
companies that have high production volumes, where any unexpected failure can
translate into severe production downtime and substantial economic losses. It is there-
fore not surprising that Industrial Maintenance has gained an increasing importance
as support function for production process for ensuring equipment functionality,
on-time deliveries, quality products, and also plant safety [32].

The term Maintenance is used to refer to the collection of operations aimed
at keeping a system in a state where it can fulfill its intended function [23]. Only
with a perfectly running equipment the predetermined production volume is sus-
tained and the desired quality of products is guaranteed. Many are the different
maintenance strategies available today [33], they can be grouped within three major
classes [47] [12]: Reactive Maintenance (RM), Preventive Maintenance (PM), and
Predictive Maintenance (PdM).

What defines the different strategies is the rule that is used to set the right time to
perform a maintenance intervention. The rule can be based on a very simple logic
or on a more complex one. It can be time based or event based. Rules based on
simple logics are easy to implement and inexpensive, but can only provide a rough

understanding of the machinery’s operating state. Complex logics, instead, allow
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for a deep understanding but come with more laborious implementations and higher
costs. The more complex and accurate the strategy is, the higher its operating cost
will be. Determining what is the best strategy to adopt for a given company is a
tough choice that must be made on a case-by-case analysis by looking for the best
trade-off between performance and cost. To provide a simple guidance, the main
features of the different maintenance strategies are explained below.

Reactive Maintenance follows the rule “fix it when it breaks” [42, 41]: an
action is taken only after the failure has occurred and a machine component has
reached the end of its life cycle. It is a simple and straightforward strategy, easy to
implement and with limited initial costs. Advantages however, that are accompanied
by the risk of incurring in high repair costs once the fault has occurred. A sudden
component fault can in fact adversely affect other machine components and cause
production stops or even lead to workers safety issues. Further additional costs also
come with this strategy and are related to the necessity to maintain an extensive
spare part inventory due to the need to react with a timely response to any potential
breakdown. As a conclusion, Reactive Maintenance can be considered a good choice
when dealing with non-critical assets where the cost of failure is lower than the

maintenance costs.

Preventive Maintenance is based on the principle “perform regular overhauls
so that the machine will not fail”. The aim in this case is to prevent equipment
failures before they occur. In the European standard (PrEN 13306, 1998) Preventive
Maintenance is presented as: “Maintenance carried out at predetermined intervals
or according to prescribed criteria and intended to reduce the probability of failure
or the degradation of the functioning of an item" [23]. The planning criteria can
be driven by time intervals, utilization counters or also event-based triggers. When
machine servicing is scheduled at fixed time or usage intervals (e.g., monthly or
every 5000 working hours, in accordance with machine manufacturer recommen-
dations) [15, 8], we refer to the maintenance strategy as Time-Based Maintenance
(TBM). Differently, when it is not the time but the occurrence of a prescribed event
that triggers a maintenance intervention, then we refer to it as Condition-Based
Maintenance (CBM). In this case the operating conditions of the machine are in-
spected and when they meet a given condition then a maintenance intervention is
planned [16]. The actual state of operation of a machine is derived by monitoring
the machinery through the use of sensors that capture relevant system information.
The signals that are collected are then compared to pre-defined thresholds. When
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the value of the signal exceeds the thresholds, an alarm is raised and a repair in-
tervention is scheduled in the short term to prevent the machine failure [27]. An
example of CBM could be the temperature control of a component, where temper-
ature is measured and when it exceeds an assigned limit or falls outside defined
thresholds, then a maintenance intervention is triggered. To conclude, the Preventive
Maintenance strategy is a widely conservative approach that greatly reduces the
unscheduled downtime by replacing components at fixed time intervals or at the first
signs of performance deterioration. Unfortunately, being conservative implies that
the strategy is sometimes ineffective, since replacement is performed event though
part could potentially work for a longer time.

Predictive Maintenance: follows the rule “don’t fix it unless you know it is going
to break soon”. The goal of Predictive Maintenance (PdM) is to avoid unnecessary
maintenance operations by predicting the time to failure of a component, or a
machine, and possibly estimating its residual useful life (RUL). Data are continuously
gathered from the machines and used to infer the condition of the equipment to finally
predict future breakdowns. Historical data and patterns of anomalous behaviours are
used to foresee the impending failure. The forecast is made by predictive models
based on sophisticated statistical techniques (Machine Learning tools). Hence, the
maintenance schedule is set as close as possible before the expected failure point
to maximise the useful life of the component. In this way, there are no unnecessary
substitutions and machine downtime is reduced, with a positive impact on spare
part inventory management, productivity, and maintenance expenses. Unfortunately,
PdM is the strategy which comes with the highest operating costs. This costs are due
to the need to install sensors to monitor asset conditions and to the effort required to
develop accurate predictive algorithms. In the end, PAM remains the most profitable
choice for assets that are very important, difficult to repair, or with a high failure

frequency, as it leads to substantial savings in the long term.

Both Predictive Maintenance and Condition-Based Maintenance are based on a
"condition monitoring" process [1], i.e., the continuous monitoring of equipment, to
estimate the equipment status and evaluate the degree of component degradation over
time. Because of this they are often considered as similar and reported in the literature
as belonging to the same group, that of PAM. In this case, the group lists together
all the condition-based strategies whether using thresholds or predictive models.
In this thesis, on the other hand, we agree with the classification that is reported

in the previous pages where CBM and PdM are considered as belonging to two
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different groups. They are considered different since their methods are different as
different is their final objective: while PdM relies on sophisticated models (analytical,
statistical, ML-based, etc.) to predict failures in the future, CBM relies on simple
thresholds only aiming to determine whether something is wrong in the present
moment. Moreover, CBM is based on conditions, PAM is based on patterns or stored
information. Figure 1.1 provides a fast overview of the classification of maintenance

strategies described on the previous pagers.

Maintenance

i UNPLANNED E i PLANNED
| Reactive i ' Preventive Predictive
| Maintenance . Maintenance Maintenance

Maintenance Maintenance

i Time Based Condition Based

____________________________________________________

Fig. 1.1 Overview of different maintenance strategies

A clear understanding of the action strategy behind the three main maintenance
approaches comes from the so-called P-F curve [7], a graphical model to visualize
the asset’s progression toward failure. The curve, presented in Figure 1.2, represents
how the performance of a machine declines over time, starting from the asset’s
installation down to the moment of breakdown. The x-axis of the graph represents

the time, the y-axis represent the performance, and thus the health, of the machine.
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Fig. 1.2 The P-F curve of a machine, or a component, with the two primary points (P) and
(F), along with the time interval P-F defined by them.

Starting from the far left of the graph, the ¢+ = 0 point of the curve correspond to
the time of machine installation when the machine performance level corresponds to
the level defined in the design phase. Then, at the flowing of time thus moving on
the right of graph, performance remains unchanged until the first signs of machine
deterioration begin to appear. Observable signs can be an increase in noise while
functioning, the appearance of oscillations on movements, a sudden decrease in
pressure levels etc... This is the point P of the Potential failure. Starting from this
point machine deterioration slowly starts to increase until reaching the point F of the
Functional failure. This is the moment when the asset becomes unable to fulfill a
function with the minimum acceptable performance level as defined by the user. The
last representative point is where the curve meets the X-axis. It corresponds to the

Complete failure of the machine when the equipment will no longer be operational.

The time window between the P and F points is the most important part of the
curve. It is called the P-F interval, and represents the available time margin to
plan and schedule a maintenance intervention before the functional failure point is
reached. The exact point in the interval that is chosen as the best moment to perform
machine maintenance depends on the maintenance strategy that has been adopted,

see Figure 1.3.
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Fig. 1.3 Maintenance strategies comparison

It clearly appears in the Figure above that PdM is the most effective strategy: it
allows for a careful planning of the time of intervention and maximizes the useful

life of the component/machinery.

As a conclusion to this overview on the approaches for industrial maintenance,
the Table 1.1 is given. The table is intended to provide a simple and quick summary
of the basic principle behind the strategies presented, togheter with their pros and

cons, and the magnitude of the cost of their implementation.
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1.2 Importance of maintenance for industrial robots

The problem of maintenance becomes even more important when it comes to the
world of industrial robotics where efficiency, productivity and cost savings are the
main focus. Manufacturing company come to the decision to adopt the use of robots
to boost their production output. With robots working shifts can be extended and the
repeatability of performance can be increased without rising any additional labour
cost [3]. However, in order to fully benefit from these improvements, it is important
that robots are always in operation and that they are working to their full potential. It
is only under these conditions that a high production volume and the quality of the
parts produced can be guaranteed. Thus, the great role that an efficient maintenance

strategy can play in this context is evident.

The most common form of maintenance program for robots is Preventive Main-
tenance. It involves pre-planned maintenance activities as lubrication, cleaning, and
minor part replacements in order to correct or prevent any problems that may arise.
In this way the performance of a robot remains reliable and the life span of robots
is increased. The maintenance interval is typically defined through experience or
through original equipment manufacturer (OEM) recommendations. So, the interven-
tion schedule can be time-based (i.e., every 12 months) as well as meter-based (i.e.,
after 50,000 hours in use) that is referred to the utilization of the robot. A typical
robot controller always provides different types of meters that can be used for this
scope. Meters can count the hours of use, the work cycles performed, the distance
travelled by a robotic joint, or even the number of reversals of motion that a joint
makes. All these maintenance recommendations are typically reported in the user
manual of the robot or in the maintenance sheets of the production line where the

robot is installed.

A typical example of maintenance plan for a robotic manipulator is the following:
“on a daily basis, operators should inspect the robot for any damaged parts or any
oil or grease leaks. Once a month, users should inspect the ventilation of the
controller’s cooling fans to allow for proper air flow. Every three months, cables
should be inspected for damage or premature wear and their connections should be
secured. In addition to daily, monthly, and quarterly maintenance, a larger preventive
maintenance plan is recommended once a year or every 3,850 hours, whichever
comes first. This means that if your robot hits 3,850 operating hours before a year,

the yearly preventative maintenance will be needed at that point regardless of being
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under a year from the last maintenance or implementation. Yearly maintenance tasks
include backing up the controller and teach pendant, replacing robot and controller
batteries, replacing robot grease, inspecting the brake system, observing and listening
for irregular movements or noise, and thoroughly inspecting the overall condition of
the robot 7. !

But robots are very complex and versatile machines and the actual working
conditions under which they will operate will differ from case to case. Even two
robots of the same model will experience very different working conditions while
performing different working cycles, in different load conditions, or different op-
erating temperature, etc. As a result any of the above maintenance prescriptions
lose its value of generality and is no longer indicative of the real wear of the robotic
components. Thus easily comes the risk of carrying out the planned maintenance

when it is actually too early or too late for the robot.

Fortunately, industrial robots maintenance has undergone a great evolution in
recent times, with the advent of Industry 4.0 and the IIoT (Industrial Internet of
Things), things have started to change. Robot manufacturers have started working on
the development of 10T platforms for collecting, storing, analysing and visualising
data from industrial assets, and have started to prepare industrial manipulators for
communication and data sharing towards these platforms. This has opened up the
possibility of a continuous monitoring of the robot’s actual conditions and thus the
adoption of strategies such as CBM and PdM best suited to the flexible and varied

working conditions of robots.

Threshold-based CBM tools are the most common ones in industrial practice.
Typical examples of CBM strategies for industrial robots are:

Temperature monitoring where the temperature of critical components such as
motors and actuators is monitored. High temperatures may suggest overheating or

increased friction, signalling the need for maintenance to avoid failures.

Analysis of current and energy consumption where current and energy con-
sumption of robotic motors and actuators is analyzed. Deviations from normal
operating parameters may indicate problems such as mechanical friction, electrical

problems or impending component failures.

Uhttps://robotsdoneright.com/Articles/preventative-maintenance-for-your-fanuc-robot.html



10 Introduction

Vibration monitoring where the vibration level of robotic components is mea-
sured through specific sensors. Unusual vibration level may indicate misalignments,

wear or other problems.

In all the above cases, the robot’s condition is monitored and compared with a
priori defined thresholds. When the reference signal exceeds the set threshold, a

maintenance intervention is planned in the short term.

PdM strategies for robots are more rare in practice. In PdM data from robot
are analyzed to identify patterns that precede failures and predictive models are
used to forecast the moment of occurrence. These tools are very effective but at
the same time very expensive because they are based on analytics that are highly
customised on the specific use case. They therefore happen to be rarely adopted in
practice, while a larger number of references can be found in the academic field. An
example in literature of the application of Predictive Maintenance to industrial robots
can be found in [5], where statistical tools as the Kernel density estimate (KDE)
and Kullback-Leibler distance are used to get a measure of wear in robotic joints.
Data-batches are collected over time on a repetitive task of a robot and compared
with a reference batch collected at the beginning of the robot operation. Through the
definition of a fault indicator and through the analysis of its evolution over time the

state of the system is monitored.

A different solution is the one provided in [6]. Also in this work, the current
signal of robot’s motors is the object of analysis. But this time currents are used to
obtain information on the positioning accuracy of the robot. Row data are processed
and, after a feature engineering step, a predictive model based on multiple linear
regression is trained. The predictor variables of the motor are the feature extracted
from time-series of the robot’s motor currents and the response is the positioning
accuracy. One more example of data-driven methods for industrial robotics can
be found in [13], where an health monitoring system based on an unsupervised
clustering method (K-Means algorithm) and an Al anomaly detection module is
developed. Since no faulty data are available, only data recorded on the normal
functioning of the robot are used to define the reference clusters. Any deviation of
new data form this clusters is considered as anomaly. Moreover, new data instances
that are classified as normal are used to update the clusters so as to to follow the
dynamism of the system, the resulting deviation of the clusters centers over time is

used as metric to predict the moment to set a maintenance intervention on the robot.
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Since predictive analytics continues to evolve with advancements in Machine
Learning and Artificial Intelligence, industries have increased their interest in this
powerful tools to gain insights into problems that can arise and improve decision-

making processes.

This orientation also underpins the work in this thesis that is the result of an In-
dustrial Doctorate, a collaboration between industry and academia for the realisation
of a research project aimed at industrial application. The topic is related to robot
maintenance in Industry 4.0. The aim is to develop the basis for the creation of a
predictive maintenance tool for assessing the level of backlash in robotic joints. This
tool will be part of a package of services offered by the IIoT platform developed by
the industrial company itself (COMAU S.p.A.).

1.3 Maintenance and backlash faults

One of the most complex problems addressed by robot maintenance is backlash.
Backlash is a mechanical phenomenon that affects many types of machinery, when
considering robotic joints, it refers to the clearance or play between mating compo-
nents, such as gears or screws. This clearance can result to imprecise motion and
reduced accuracy, and to vibrations and oscillations of the robot. When not promptly
addressed, backlash can progressively increase up to the system breakdown. The
clearance can be caused by several factors, such as the erroneous assembling of the
mechanical parts in the joint, or by the wear accumulating over time. A system for
condition monitoring that can detect the level of backlash in a joint can offer great
help in managing the maintenance of a robot. Unfortunately, direct measures of
the backlash are difficult to be obtained since they require dedicated sensors to be

installed or the manual intervention of an expert technicians.

The goal of this research project is to create a new backlash measurement

methodology with the following features:

* it doesn’t require the use of extra sensors beyond those on a standard robot;
* it can be done automatically, reducing the need for human intervention;

* it can be easily integrated in a [oT platform for robot monitoring.
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The resulting procedure is expected to provide an estimate of the backlash value

in the robotic joint to facilitate efficient planning of maintenance interventions.

Scientific literature about this specific problem is quite scarce, and few are the
solutions that can be applied in a real industrial context. Hence the need to start
with a joint research activity between industry and academia that would thoroughly
investigate aspects of the problem and lead to the development of a new solution
compatible with industrial requirements. The activities performed, the experiments

conducted, the results obtained and the future steps are described in this thesis.

1.4 Thesis structure

This thesis consist of 9 chapters and is organized as follows: Chapter 1 introduces the
concept of industrial maintenance, its benefits and the main maintenance strategies;
Chapter 2 narrows down the focus on the maintenance of industrial robots and, even
more specifically, on the problem of faults related to backlash; Chapter 3 describes
the specific problem under investigation, the backlash in robotic joints, and the
verification of the hypotheses underlying the development of the activities; Chapter 4
concerns the development of models used to support activities and the generation of
simulated data for use in subsequent phases; then in Chapter 5 the proposed approach
to solving the problem and its various building blocks are explained; Chapter 6
provides an overview of the Machine Learning tools hypothesized as elements of
the analysis toolchain and a benchmark to guide the final selection; finally, once the
best tool is chosen, the results obtained from the first application of the complete
toolchain are presented in Chapter 7. Once the validity of the proposed method has
been verified, its generalization to a broader use case, i.e., the full robot, is presented
in Chapter 8. The contributions and accomplishments of the thesis are outlined in
Chapter 9, along with some suggestions for potential areas of future research as an

extension of this work.



Chapter 2
Problem definition

This section briefly outlines the phenomenon of mechanical backlash and the com-

plexities associated with its measurement in robotics joints.

2.1 Mechanical backlash

Mechanical backlash refers to the amount of free movement, i.e., “play”, that exists
in a mechanical system where motion is transmitted from one part to another. It is
particularly common in systems that involve gears, linkages, or other moving parts
that must engage with one another to produce motion.

When there is backlash in a system, the result can be that the system does not
respond immediately to changes in input or load, and there may be a delay or “dead
zone” before motion is transmitted. This can lead to uncontrolled behavior in the
system, especially when rapid changes in input or load occur. Backlash impacts
accuracy and repeatability of the mechanical system as the looseness in the system

can cause variations in the output with imprecise and jerky movements.

In general, mechanical engineers try to minimize or eliminate backlash wher-
ever possible, as it can reduce the efficiency, accuracy, and lifespan of a system.
Backlash minimization can be done through careful design, material selection, or
manufacturing techniques that reduce clearances between components. Control
strategies may also be employed to compensate for the effects of backlash during

operation. However, completely eliminating backlash may not always be practical or
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cost-effective. Typically, a small amount of play is intentionally tolerated because
practical manufacturing tolerances involve dimensional variations, and the small
amount of backlash provides running clearance preventing the mating parts to get
stuck into each other [40]. Moreover, a small backlash also helps to facilitate the
movement of the parts because it allows the lubricant to penetrate well into all
spaces between the mating parts. Lastly, it reduces system overheating as too tightly
meshed gears are more prone to rubbing and heating. So designers have the hard
task to define the allowable amount of backlash in the system [26] by balancing
the need for a low backlash with with other factors, such as system durability and
manufacturing costs. Unfortunately, most of the benefits of design are lost as wear
causes the initial distance determined by the project to increase over time. that is why
regular monitoring of backlash is crucial, especially in applications where precision

is critical, such as robotics.

2.2 Backlash in gears

Backlash in gears is defined as the exceeding space between the thickness of a tooth
and the width of the engaging space in the mating gear [23]. It is usually measured
in millimiters, along the pitch circle of the gear [42] and is given by the distance the
gear teeth has to travel to engage a different mating teeth when motion is reversed,

see Figure 2.1
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Fig. 2.1 The backlash gap between mating teeth of gears

It is specifically on reversals of motion that the effects of backlash become more
evident and the "play" cause the gears to jerk or produce a clunking sound, especially
if the gears are under load. The phenomenology of a reversal of motion in the case
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of gears with backlash is explained in Figure 2.2. There are three stages in a reversal
of motion. In the first stage, which is represented on the left, teeth are mating and the
motion is transferred from the driving (lower) to the driven (upper) gear. Then the
driving gear reverses the motion, it’s the second state, and the driving tooth detaches
from the mating tooth on the right and crosses the backlash gap to seek contact with
the other tooth on its left. Ultimately, in the final state, the driven gear and driving

gear begin to move in reverse as the contact between them is restored.
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Fig. 2.2 Backlash in reversals of motion.

A measure of the backlash in coupled gears is derived by measuring the traversing
space of the drive gear during a reversal of the movement. A method consist in
keeping one of the two gears locked and rotating the other until it makes contact
with the other tooth while measuring the travelling space with a precision encoder or

with a dial indicator, see Figure 2.3.

Fig. 2.3 Backlash measurement in coupled gears through a dial gauge

Another possible way to determine backlash is to measure both position of
the driving and driven gear and then get the measure of backlash as the relative
displacement of the two [58]. This displacement will be zero in the ideal situation of
no backlash or when the mating gears are in contact, and non zero when backlash
is present. More in detail, when teeth are in contact the driving wheel conducts the
driven wheel, which will move by a displacement equal to that of the driving wheel.
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In this case the relative displacement will be zero. In case of backlash, instead, there
will be a time when the two wheels are not in contact and in that time they will be
independent and with different positions. So while traversing the backlash gap, the
relative displacement will be non zero and the maximum value of this displacement
will be the measure of backlash [35].

To measure backlash in a complete gearbox chain the same logic that applies
to a single pair of mating gears can be used. In this case the displacement should
be referred to the input and output ends of the transmission since, in this instance,
the transmission’s backlash is given by the sum of the backlash of all components.
This is also the case of robotic joints, mechanical components made of a chain of
movable parts and hence also affected by backlash.

2.3 Backlash in robotic joints

Robotic manipulators are articulated structures composed of segments of different
lengths, i.e., links, that can move relative to each other thanks to movable parts called
Jjoints. They comprise a mechanical configuration that resembles a human arm. With
the use of articulated joints with multiple degrees of freedom, the arm provides a
large range of movement. Articulated robots with six degrees of freedom are the
most common and are the most widely used in industry. Other types may only have

four degrees of freedom or even fewer, an example is shown in Figure 2.4.

Joint4
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Joint 1
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Fig. 2.4 Links and joints of a 4link robotic manipulator

Robotic joints are made by different mechanical components such as gears, belts

or screws. Joints are actuated by motors and their role is to transfer the torque
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required for movement from the motor to the link. The more the transmission is

continuous the more the movement of the link is smooth.

Backlash in robotic systems refers to the clearance or play between mating
components within the joint. This mechanical play can impact the accuracy, pre-
cision, and repeatability of robotic movements. The effects of backlash on robotic
performance are: loss of positioning and path accuracy, (i.e., the ability to reach
with precision a programmed position in space or precisely follow a path), loss of
repeatability (the ability to return to the exact same position in space again and
again). When the level of backlash is near the value imposed by design a good
control of link movements can be obtained and the torque provided by motors is
smoothly transferred to the link. On the other hand, as backlash arises, more space
is formed between gear teeth, and torque transmission becomes no longer contin-
uous. Therefore, there is no longer any guarantee that the movement of the link is
fully controlled [28]. Particularly during motion reversals, when the driving wheel
changes verse of rotation and changes the mating tooth on the driven wheel, then an
interruption in torque transmission occurs. Teeth contact is shortly lost as the driving
tooth detaches from the driven tooth to cross the gap space between teeth and find
contact again. In this while, the driving and the driven part are not in contact so the
load movement is free and no longer driven by the motor. The consequence is that
the robot move less precisely and, even worse, that vibrations of the structure may

occur due to impacts that can arise when teeth contact is restored.

Measuring robotic joint backlash is not an easy task. Many are the possible
strategies depending on the available sensors (i.e. accelerometers, torque sensors, en-
coders, ...) or measurement procedures (static or dynamic measurements). Backlash
in robotic joints is typically measured in units of linear or angular distance, such as
millimeters or radians, and represents the amount of movement that one part of the

joint can undergo before the other part responds.

The traditional measurement procedure for backlash in robotic joint relies on
a static measurement that is manually performed by an expert technician, and is
carried out with the help of a dial gauge.

The step-by-step procedure to measure joint backlash with a dial gauge is:

1. Keep the manipulator at rest
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2. Brake the motor of the joint under measure to held in place the input part of

the transmission and prevent any movement
3. Leave the output part of the joint (i.e., the following link) free to move
4. Secure the dial indicator on a fixed point on the stationary part of the joint

5. Position the stylus of the dial indicator on a reference position on the free to

move part of the jont
6. Apply force to the free link to manually rotate it in one direction until it stops
7. Record the maximum displacement shown on the dial indicator

8. Apply force to the free link in the opposite direction until the link movement
stops

9. Record the maximum displacement in this direction

10. Calculate the backlash as
Backlash = (Maximum displacement in one direction + Maximum displace-
ment in the opposite direction)

11. Repeat the process more then once to ensure consistent result.

The measurement setup is reported in Figure 2.5. The measure is relative to
joint6 (before the black flange) of the manipulator. The input force is applied through
the black bar connected to the robot flange. Then, the resulting link displacement is
read on the dial gauge. This procedure is impractical when performed in a production
facility, since the intervention of skilled personnel is required and an interruption of
production is necessary. High maintenance costs and revenue losses thus occur for
the manufacturing company. Moreover, the results obtained with measurements on a
static robot can be different from the reality of an operating robot that is continuously
moving and therefore subject to heating. The gear tooth’s shape, in fact, is affected
by thermal factors which can slightly widen or narrow it. This can change the mating

behaviour and, consequently, the measure of backlash.

When moving to dynamic backlash measurements in robotic joints, the simplest
method is to use two position sensors, one at the input (on the motor) and the other at

the output (on the link) of the joint. So position measures collected during dynamic
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Fig. 2.5 Backlash measurement manual procedure.

measurements can be collected and compared to find the relative displacement
between motor and link that identifies the play in the joint. Unfortunately, almost all
industrial robots are only fitted with one single encoder, so backlash measurement
under dynamic conditions becomes very difficult and require careful study to find a
suitable solution.

2.4 Challenges in measuring robotic joint backlash

Great effort is put into industrial research to develop automated, quick, and dynamic
backlash measurement processes. The goal is to move towards solutions that are
as repeatable, reliable, cost-effective and effortless as possible. The ambition of
this research work goes exactly in this direction and aims to develop an automatic
backlash measurement tool that can be integrated into the IIoT services platform de-
veloped by COMAU (a global company that manufactures robotic manipulators and
develop industrial automation solutions), and provide insights to facilitate machine
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maintenance planning. The tool should be able to detect when gear play in robot
joints is excessive, as in [24], and suggest the best moment to schedule a maintenance
intervention on the robot. The tool should be both automated and simple to use,
and easily applicable to all of the robots that are currently installed at customers’
production sites. It must therefore be based on a method that avoids the robot needing
to have extra sensors in addition to those available by original design. This is a very
challenging condition to meet because standard industrial manipulators usually have
only one position sensor per joint, which is not sufficient to measure the backlash
directly [60]. In nearly all of the literature-available methods extra accelerometers,
output position sensors, or torque cells are added to be used in conjunction with the

standard motor position sensor to determine the backlash gap in joints.

The first reference that can be found in literature about the problem of estimating
backlash in a robotic joint is given by the work of [11]. In this work an accelerometer
mounted on the link moved by the joint is used in conjunction with measurements
taken on the robot’s motor to derive an estimate of the backlash. They suggested a
method for detecting backlash in robotic systems based on coherence analysis of link
acceleration and the motor voltage. Later on, other researchers devoted their interest
to the analysis of the backalsh in industrial robots, like [25, 24] and [31]. They too,
like their predecessors, chose to use an accelerometer for their studies but relaying
on a different technique: the vibration analysis (i.e., wavelet analysis). In [30] an
entirely different approach can be found, where a gyroscope mounted on the link is
used in place of the accelerometer. Here researchers tried to identify backlash issues
by detecting the small impacts in the transmission due to tooth-to-tooth collisions
caused by backlash. Also in the work [50], an attempt was made to quantify backlash
by analysing impact marks, but this time the sensor used is a torque sensor mounted
at the joint input, i.e. on the motor. Another approach based on the use of a torque
sensor and a position sensor is that in [22]. Lastly, in [4, 29] a method for an online
backlash identification strategy employing two position sensors and a Kalman filter

was provided .

All the aforementioned references are based on the use of an extra sensor which
is added to the robot’s standard equipment. So, these solutions are rarely or never
adopted in industrial settings since having an extra sensor means raised costs for
robot manufacturer. Integrate a new sensor means new costs to purchase the sensor
but also new costs for a more complex robot design. Measuring methods which

instead rely on the standard available on-board sensors, the motor-mounted position
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sensor, are more widely accepted. Therefore attention should be paid to the literature
on indirect backlash measurement, and in particular to the methods using the motor
position sensor as the sole measuring sensor. Unfortunately, the literature on this
subject is very scarce and the references that can be found mostly refer to simple
motor-transmission-load systems and not to robotic joints. An example is the short
summary given in the work of [59].

Below is a more thorough summary of some of the research on the use of a
single position sensor to estimate the backlash in a mechanical gearbox that is
currently available in the literature. Along with the description of the method used,
the disadvantages of these methods with respect to the specific use case of a robotic

joint will also be illustrated.

In the work of [17] two distinct techniques for backlash identification using only
the motor-side position sensor are presented. The first method was based on the
hypothesis that the load position was stationary. Under this condition it is only the
input part of the transmission, the part connected to the motor, which can move while
crossing the free space within the backlash gap. It is therefore enough to know the
displacement of the motor to reconstruct the size of the backlash. The method is
based on finding the right torque value to be used to drive the motor. The value has
to be smaller than the minimum torque needed to move the load, that is supposed to
be stationary, when the backlash gap is closed. But also big enough to drive the input
part of the transmission through the free play space when the gap is open and the load
is disengaged. These impulses are easy to find in the case of a simple test system, as
the one used in paper, but very difficult to be find in a robotic joint where there are
strong static friction phenomena that do not allow to move the joint with small valued
torques. The second method presented in the same work combined the use of the
position and current signal of the motor. In particular, the derivative of the current is
analyzed to search for the instants at which the gears engage and disengage. Once the
current peaks corresponding to these instants have been identified, the intensity of the
backlash is determined by measuring the displacement of the motor in the interval
between the two peaks. Also in this case the method cannot be easily exported to
robotic joints as ad-hoc filtering is needed to smooth the current signals and ease
the accurate detection of the tiny peaks connected to the decoupling/engagement
condition. The filtering has to be adjusted based on case-by-case testing conditions,

making the method hard to generalise and therefore unfeasible for the use in industry.
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Similarly, [34] estimated the backlash together with the friction in the joint by
analysing the speed and current signals from the motor. Through a combined analysis
of these signals, the method identified the two significant time instants when the
motor decouples, #1, and engages, t», the load. After that, the velocity was integrated
on the [t;;%,] time interval to get the backlash gap measurement. In this work, a real
robot was used instead of a basic motor-transmission-load test bench. The robot
was an industrial SCARA manipulator and ad-hoc test movements were designed
to facilitate the identification of instants 71 and 7 in the signal. Unfortunately, such
conditions cannot be easily replicated in an articulated robot which is the standard

industrial manipulator.

As in the previous work, [56] proposed a method relying solely on motor velocity
measurement to estimate backlash. Once again, the backlash gap was computed by
integrating the velocity signal during the time interval corresponding to the moments
of decoupling and engagement in the mechanics. Notably, the determination of these
instants did not necessitate the use of the current signal. The system was excited by
using a triangular test function to drive the gears to traverse the backlash. Then, by
examining the features of the resulting motor speed signal, the engage and disengage

instants were identified.

Finally, [52, 53, 54] introduced new approach for identifying and quantifying
backlash by observing rapid variations in the speed of the driving gear within the
transmission. These speed changes resulted from impacts between the teeth of
mating parts that occur when the backlash space is large. The authors additionally
demonstrated that the magnitude of the impacts was directly proportional to the size
of gear backlash. All the test performed in the work were executed on a open-loop

simple test-bench excited by sinusoidal input signals.

The approach introduced in this thesis represents an extension of the aforemen-
tioned solution. It broadens its applicability to closed-loop systems and to systems
with more intricate mechanical structures as robotic manipulators. Moreover, it
streamlines the test conditions by removing the necessity for a sinusoidal input sig-
nal. Futhermore, the research work described in this thesis introduces an innovative
element that consists in identifying the backlash during a continuous movement
along a same direction and not during a reversal of motion. In this scenario, it is not
the change in movement direction but the effect of the force of gravity acting on the

link that creates the conditions to open and close the backlash gap. The last strong
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point of the method here presented is that it can easily be adopted in an industrial
scenario since it is fully automated thanks to the use of a meta-heuristic algorithm

for the analysis of data.



Chapter 3

Problem analysis and hypothesis
testing

3.1 The test bench

The first part of the research activity was dedicated to the problem understanding,
and to the verification of the hypothesis behind the whole work: the observability of
backlash by the encoder on the motor. This step was essential to verify that traces of
the presence of backlash can be found on the signal captured by the motor encoder,
and that such traces can be used to provide information about the size of the backlash
in the joint.

To this intent, a test bench reproducing the joint of a real COMAU industrial

robot was assembled and used for tests. The bench was used to:

* find the best test conditions to highlight the backlash presence on the motor

encoder signal,
* provide data,

* be the reference for the construction of a Matlab/Simulink model of the system.

The bench is showed in Figure 3.1. It is a simple mechanical system made with
one of the six joints of a small industrial manipulator from the COMAU robot family.

The model of the robot cannot be reported due to a confidentiality agreement with the
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company. The robot’s joint was removed from the robot structure and mounted on a
bench. In this way, any potential interference between the joint under test and the
other robot joints is avoided and the backlash effect on the encoder can be assessed
more clearly. The bench is composed of a motor, a transmission made up of a reducer
and a transmission belt with a pulley, and a load consisting of a cast iron mass which
simulates the robot link. In the system there is also an encoder that is connected on
the motor. The encoder is a 19-bit absolute encoder with a 1 x 107 rad resolution.
The only measures that are available on the system are the motor position, which
is provided by the encoder, and the current absorbed by the motor, provided by the
robot controller.

Encoder

Load

Reducer

Fig. 3.1 The test-bench specially designed to study the backlash phenomenon. CAD drawing
form COMAU

The reducer used for test bench was known to be affected by backlash. It was
object of an endurance testing campaign, performed in the COMAU facility, in which
it was exposed for a long time to highly demanding working conditions.The test
concluded after a predetermined time interval, and the reducer was deemed unusable
due to exhibiting a level of backlash beyond the acceptable range. Unfortunately, all
the valuable information about backlash evolution over the endurance test are not

available since the activity was performed before the start of this research work.
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3.2 Observability of backlash through the motor en-

coder

The test bench was employed to evaluate the practical feasibility of measuring
backlash using the motor encoder. To this intent, a variety of test conditions have
been investigated to determine which one caused the backlash effects on the encoder
signal to become visible. Tests were conducted by exciting the system with many
different types of input signals, and setting different working conditions. Tests were
carried out at different speeds, on short and impulsive movements or on long and
gradual movements, on reversals of motion and on continuous movements in one
direction only. Relying on what was reported in the literature it was expected to see
traces of backlash on the reversals of motion. Surprisingly, it was noticed that the
only circumstance in which the presence of the backlash was clearly evident was not
that linked to the reversals of motion but the one linked to the continuous movements
in one direction only. The experiments proved that backlash disturbance became
clearly visible on the motor speed signal when running the motor at a constant speed
while having the rotation axis orthogonal to the gravity force. While moving at
constant speed the system operates in a steady-state condition: speed is constant
and effects like inertial phenomena or static frictions are absent. The gravity force
is the only external force acting on the system and is fully compensated by the
motor control. These conditions are very favourable for signal analysis and to the
identification of possible disturbances such as those generated by the occurrence of
backlash. When the system is affected by backlash it is gravity that triggers some
small impacts between mating teeth in gears and makes the backlash phenomenon
visible. These impacts propagate through the transmission chain up to the motor and
are then sensed by the encoder. The backlash presence in the robotic joint is thus

visible and appears as a disturbance superimposed on the speed signal of the motor.

The speed signal is shown in the figure below, Figure 3.2. Superimposed on the
constant speed a very small disturbance is visible. The disturbance has a well-defined
shape and, since is not present in a factory new joint, it is presumably associated
with backlash. The proof will be given through the use of a Matlab/Simulink model
of the system in Chapter 4.



3.3 The backlash signature 27

Aot

=]
3

=3
>
T

Motor speed [rps]

3 B

T T
P

58.5 59 59.5 60 60.5 61 61.5 62 62.5 63
Time [s]

Fig. 3.2 The motor speed signal and the superimposed backlash disturbance

Since the disturbance has a well-defined and recognizable shape it can be con-
sidered as the “signature of the backlash”. Every time this signature is detected in
the speed signal of the motor then an excessive amount of backlash is present in the
joint. Moreover, an estimate of the value of backlash in the joint can be obtained by
looking at the characteristics of the signature (ref to Chapter5 ).

As will be seen later in this thesis, if a mathematical model of the disturbance
signature is developed then it can be used as a reference pattern in a fault detection
system. The system compares the pattern with the signals coming from the robot

encoder and provides an estimate of the backlash in the joint (ref Chapter 5).

3.3 The backlash signature

The backlash disturbance has a very characteristic shape that depends on the small
impacts that occur between the teeth of the gears and that are generated each time
the backlash gap opens and then closes again. This is why it has the characteristics
of a percussion phenomenon: an impulse and a consequent oscillation that decays
over time. The disturbance takes the shape of a sequence of many of these damped
oscillations and appears as superimposed onto the constant motor speed signal,
see Figure 3.2. A single backlash-induced oscillation can be represented with the

mathematical model:
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0 t<n
dp(t) = ¢ Ae "Tsin(wt) 1 <t<t (3.1)
0 t>10

A is the amplitude, 7 is a damping factor, #; and 7, are the oscillation’s beginning and
ending times, respectively. Many of these oscillation are repeated in the disturbance
sequence with alternated sign. The amplitude is the same for all them, small varia-
tions are due to signal noise. The alternated sign depend on the test conditions used.
The test is performed by running the motor in the same direction for a long time, at
constant speed. In each load turn two impacts are generated: one at the start of the
load movement’s descending phase and the other at the start 