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Abstract

In todayodés industry, the capability to effective
a vital advantage against its competit@pecifically, in the machining industry, the ability to simulate

the dynamic performance of machine tools, and the physics of cutting processes, is critical to taking
corrective actions, achieving process and productivity improvements, thereby enhancing
competitiveness. In this context, being able to estimate mathematical models which describe the
dynamic response of machine tools to commanded tool trajectories and external disturbance forces
plays a key role in establishing virtual and intelligent manufawy capability.These modelsan also

be used in virtual simulations for process improvement, such as compensating for dynamic positioning
errors by making small corrections to the commanded trajectbig, in turn, can facilitate further

productivityimprovement and part quality in mulikis manufacturing operations, such as machining.

This thesis presents new methods for identifying the positioning response and friction characteristics
of machine tool servo drives in a nonintrusive manner, and proagh for enhancing dynamic

positioning accuracy through commanded trajectory correction via Iterative Learning Control (ILC).

As the first contribution, the linear transfer functions correlating the positioning response to the
commanded trajectory anddtion disturbance inputs are identified using a new pole search method in
conjunction with least squares (LS) projection. It is validated that this approach can work-with in
process collected data, and demonstrates superior convergence and numegdctdridtias, and

mo d e | prediction accuracy, compared to an wear|l
application of classical Least Squares for the full model. Effectiveness of the new method is
demonstrated in simulations, and in experimentalecstudies for planar motion on two different
machine tools, a gear grinding machine and-axi§ machining centetCompared to the earlier
approachwhich could predict servo errors with -68% closeness, the new method improves the

prediction accuracyot0.52%.

In the simulation of feed drives used in miatis machines, high fidelity prediction of the nonlinear
stick-slip friction plays an important role. Specifically, tirdependent (i.e., dynamic) friction models
help to improve the accuracy of twial predictions. While many elaborate models have been proposed
for this purpose, such as the generalized Maxslgdl(GMS) model, their parameters can be numerous
and difficult to identify from limited field data. In this thesis, as the second contrihw new and

highly efficient method of parameterizing thestaling (hysteretic) portion of the GMS friction model

\Y



is presented. This approachastically reduces the number of unknown variables to identify, by
estimating only the affective breakawlayo r ¢ e , breakaway displacement ,
the shape ofthepiel i di ng virgin curve. Reduction in the
parameterd GMS model to be -pratesdata, Compeadced tomthyfh mor e

parameterized GMS model, and the tidependent friction dynamics can still be simulated accurately.

Having improved the positioning response transfer function estimation and friction modeling, as the
third contribution of this thesis, these two etts are combined together in-at8p process. First, the

servo response is estimated considering simplified Coulomb friction dynamics. Then, the friction model
is replaced and identified as a reduced parameter GMS model. In the third step, the tracisfer f

poles and zeros, and the reduced parameter GMS model, are concurrently optimized to replicate the
observed experimental response with even greater fidelity. This improvement has been quantified as
12-44% in RMS and 284% in MAX values. This approa is successful in servo systems with
predominantly rigid body behavior. However, its extension to a servo system with vibratory dynamics
did not produce an immediately observed improvement. This is attributed to the dominance of
vibrations in response tbhe commanded trajectory, afuttherinvestigation is recommended for future
research.

Having an accurate model of a mdtix i s machi neds feed drive respo
positioning errors, which can lead to workpiece inaccuracy or defedi® predicted and corrected

ahead of time. For this purpose, ILC has been investigated. It is shown that througilbfdlets of

magnitude reduction in the servo errors is possible. While ILC is already available in certain
commercial CNC systems, itisaining cycle (which is performed during the operation of the machine

tool) can lead to part defects and wasted productive machining time. The new idea proposed in this
thesis is to perform ILC on a virtual model, which is continuously updated vidimealproduction

data using the identification methods developed in this work. This would minimize the amount of trial

and error correction needed on the actual machine.

In the course of this thesis research, after validating the effectiveness ofdlr@uiations, to reliably

and safely migrate the virtual modeling and trajectory correction results into industry (such as on a gear
grinding machine tool), the author initiated and led the design and fabrication of an istadtry

testing platform, comrising a Siemens 840D Solutibime CNC with a multiaxis feed drive setup.

Majority of this implementation has been completed, and in near future work, the dynamic accuracy
and productivity improvements f aci Ibedemonstratedwi t h ¢
experimentally and tested in industry.
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Chapter 1

Introduction

1.1. Background

The principal goal of virtual manufacturing technology issitde-step the labour, capital, and time
intensive stages of machine and process physical prototyping, and to establish new production
machinery and/or processes, in which the desired quality, accuracy, and functions are achieved from

the very first maufacturedpart onwards. This concept is illustrated-ig. 1.1.

Establishing acomprehensivevirtual manufacturing system is challenging and requires teghn
sophistication in terms of developing highly accurate digital (i.e., virtual) models of machinery,
processes, and coupling these models (to capture their interactions) inside a digital computation
environment. Building an accurate virtual machine (8WT) prototype alone requires competence

in several technical disciplines, including mddtdy dynamics, finite element analysis, modal analysis,
sensors, instrumentation, control systems, and trajectory planning algorithms (as conceptually shown
in Fig. 1.2). Efforts in this direction havieeengoing on in several research centers across Europe, Asia,
and North America over the last two decades, as summarifed Fully developed VMT prototypes

have now jst started to emerge.

,L ¥ : 7 ) NS 3 W 3 i 1
N 2 X i | e
“ \V1 / —— . B -
N — : i
PHYSICAL CHANGE OF \ CHANGE OF \ SETTING-UP
CONCEP PROTOTYPE [ESTG DESIGN PROTOTYPE / OPERATION

TRADITIONAL DEVELOPMENT TIME
DEVELOPMENT TIME WITH VIRTUAL PROTOTYPES l< TIME SAVING

~1

:START OF PRODUCTION

PHYSICAL - SETTING-UP ¥
PROTOTYPE OPERATION 4

STING
~<

Fig. 1.1. Time savings enabled by Virtual Manufacturiig.
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Fig. 1.2. Multi-disciplinary approach followed in Virtual Prototyping of machinegsd8ubfigures
from [1]).

Parallel to capturing the dynamics of production machinery, virtual modeling of manufacturing
processes is also very important. There have been numerous mathemadiglal fimothe processes
alone, such as turnif@], milling [3][4], drilling [5], broaching6], and grinding7]. Recently, the
integration of such models mwirtual machine tools has also started to take place, resulting in Virtual
Machining Systems (VM3B][9]. In VMS, consideringhe tool positioningelative to the workpiece,

a complex workpiece is updated by discretizing and calculating the -augtkpiece engagement
geometry. From this geometry, the material properties, and the tool and workpiece structural transfer
functions, it is possible to determine the cutting fordesormations (i.e. machined surface finish), as

well as stable versus unstable (i.e., chattexghiningconditions.

A critical component linking the virtual machine tool (VMT) to a virtual machining system (VMS, i.e.

process model) is understanding tmstantaneous muiéixis relative motions that are generated

between the tool and workpiece at every time instant. These motions are determined by the kinematic

structure of the machine tool / tooling / workpiece assembly, the dynamic response of tligigesvo

to generated trajectory commands and external disturbances (like friction and cutting process forces),
2



and also the nature of the trajectory inputs that are applied to the servo control system. In an effort to
simulate the spatial dynamic respongenachine tools considering all of these effects, a Virtual CNC
(VCNC) systenwas proposed ifiL0]. Correct identification of the feed drive dynamics results in high
prediction accuracy by VCNC, and can allow necessary corrective or optimization actions to be taken
to further increase throughput and/or part quality. However, accurately identifying feed drive models
for machine tools is typically timeonsuming, and canlsa result in loss of productivity while a
dedicated machine tool is taken off the production schedule to perform the necessary model building
and identification experiments. There have been earlier studies to identify machine tool feed drive
models in a anintrusive manner, as su¢hl] (i . e . , referred to as o6rap
successful to a limited extent, these methods deteriorate, especially when meassignals are

noisy.

In this thesis, more robust and effective methods of identifying feed drive models fppotess data

are proposed. Specifically, the position tracking and disturbance (i.e., friction) response are estimated,
the servo errors thaccur due to sticklip friction at zerevelocity crossings (e.g., toolpath corners and

arc quadrants) are predicted more accurately through the use of a new reduced parameter GMS
(Generalized Maxwell Slip) friction modeThis friction modelapproximaton is first validatedin

Chapter 4using a single axis badicrew drive in opetoop tests, followed bydata collected frona

linear drive in closedbop controlexperimentsAfterwards in Chapter Ghe reduced parameter GMS
friction model parameters amstimated jointly with the tracking and disturbance transfer functions
based on ifprocess data collected framb-axis machine tool in closddop control. t is demonstrated
thatsuch virtual feed drivenodels can also be used for correcting commanddiil-enis trajectories

in a virtual environment using lIterative Learning Control (ILC), thereby freeing up the machine

production to continue without tri@nderror based corrective actions.

1.2.  Thesis Overview and Contributions
Chapter 2presents the literature reviewn Chapter 3 the earlier work on neh nt r usi ve Or a
identificationo, and t hesemqed Afieowardsd comparatirasulesinh o d ol o
simulation studies, and experimental data obtaireed two industrial machine tools, are presented. It
is shown that the proposed new method is highly successful (to 2% accuracy) in predicting servo errors
due to trajectory commands. During friction transitions, however, the prediction accuracy degeades d
to stick slip friction. While elaborate methods have been proposed to moddlgiitction, such as
the GMS model, the large number of parameters that requires identification hinders their practical use.
Thus in Chapter 4a new method to characterize the most importantgideng) portion of the GMS

3



model, using only three parameters, is proposed. Experimental validation of this method, and
correlation to edier data presented in literature, is provid€thapter 5combines the new transfer
function estimation method with the proposed reduced parameter GMS friction naoukl,
demonstrates that 4% further accuracy in servo response prediction is attainable in cases where
rigid body dynamics are domina@hapter G&xplores the use ¢fC for trajectory correction with the

estimated virtual models. The conclusions for this thesis are prese@hdpter 7

The main contributions of this thesian be listed as follows:

C1. Anew approach to formulate and estimate cldeeg models of servo systems by utilizing pole
search in conjunction with least squares projection. The new approach provides better robustness

against measurement noise, and also improved convergence afdbeparameters.

C2. A reduced parameter approach to capture thgligiag dynamics of the generalized Maxwell Slip
(GMS) friction model. This approach reduces the number of unknown parametegfi@mnnumber

of GMS elements, typically @) to 3.This enables more expedient estimation of friction.

C3. Combination of reduced parameter GMS model with the pole search algorithm for joint estimation
of linear dynamics and stielip friction, and its experimental validation. This approach yields4%2

in the prediction accuracy improvement over applying C1 alone.

C4. The use of iterative learning control (ILC) based on estimated virtual models to improve the
dynamic positioning accuracy in muéikis contouring applications. Using ILC with a virtuabdel

rather than the machineds own drive system free
predicts 32 orders of magnitude improvement, as expected. Experimental implementation of this

contribution is orgoing.



Chapter 2

Literature Review

2.1. Introduction

In applications like higfspeed finish machining, the process forces are small. Yet, the servo errors,
which are influenced largely by the commanded velocity, acceleration,gedkthe friction,can
become significant and cause deterioratibthe part accuracy and quality. With the advent of more
powerful computers, virtual prototyping and process planning have become viable solutions for the
manufacturing community. Using a virtual CNC (VCNC), the process planner can evaluate
modifications © a toolpath as well as feed, acceleration, and jerk levels at different points along the
part program, in order to obtain the desired tool positioning accuracy while minimizing the motion
cycle time. However, in order to obtain accurate predictionscititisal to have correct models that
describe the feed drive dynamics.

In Section2.2 literature on the modeling and identification for machine tool feed driveesented.

Once a system model is known, corrective and optimizing actions can be taken to enhance productivity

and quality outcomes. In this line of thougB&ction2.3 covers Itertive Learning Control (ILC)ILC

can be applied to progressively correct for servo errors, which occur in response repeating commanded
trajectories. The ability to implement LC an vi rt ual mo d e | frees up t hi

enabling process improvements to be achieved without sacrificing productive manufacturing resources.

2.2. Modeling and Identification of Machine Tool Feed Drivesand Structural Assemblies

In this sectionthe virtual CNC concept, botteop approachsfor capturing the essential dynamics of
the motion delivery (i.e. feed drive) systems through various -tiamed frequencylomain
measurements, arttie more efficientalbeit relatively closedop-down identification approachare

presented.

2.2.1. Virtual CNC Systems

Accurate simulation of the moving axes of a machine tool is critical for establishing the dynamic
interaction between a machine tool and the manufacturing process. In order to meet this objective, the
Virtual CNC (VCNC) was developed iye Manufaturing Automation Laboratory die University

of British Columbia UBC) [10] (Fig. 2.1). The VCNC is a simulation tool that allows users to prototype

a real CNC, seleittg standard modules out of libraries of trajectory generation algorithms, control
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laws, feed drive models, and feadk devices. Using the VCNCimaa c hi ne t ool 6s per f

be predicted and enhanced during design, development, and end us§L8fatHs In addition, this
tool is able to simulate different nonlinear effeatstsas Stribeck friction, amplifier saturation, and
guantization errors. Following the design of the VCNC, contour error prediction can be performed and

the performance of a machine tool can be optimized for different NC part proftaiii?].
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Fig. 2.1. Virtual Computer Numerical Control (VCNC) developed by Yeung dt.al-

As shown inFig. 2.1, the VCNC enables the reconfiguration of tiieed drive dynamic model, a
trajectory generation algorithm, and a tracking control algoriftiva.reference tool path is constructed
using aCAD/CAM software This tool path is prepared @utter Location (CL) formatwhich contains

prior information about NC block numbers, tpalth segmentéeedrats, etc. According téhetoolpath
geometrysuch as linear, circulaor splinetypes the trajectorygeneration algorithm (i.e., interpolator)
constructs discrete position commands as a function of jerk, acceleration and feespepiiedtions
Generated axis commasidre applied to the control law and the feed drive dynamic response is
simulatedHere, eachmachine actuatdrasspecific jerk, acceleration and velocity limilsis important

not to violatethese limits. Violationmay causepoor surface finishdue to vibrations, and likely

i d e v i antthie achievéd toolpath due to excessive trackimor[1].



In the following sections, two different feed drive modeling techniques will be discussed: togttom

and topdown. Bottormup approach refers to modeling and identifying the dynamic behasi@ach
subcomponent, and afterwards determining the overall (i.e., collective) response of the system as a
whole, by establishing the interconnections between the individual components. On the other-hand, top
down approach refers to directly estimatimgp@del for the overall system behavior, without having to

identify models for the individual components.

2.2.2. Bottom-Up Approach in Modeling Feed Drive Dynamics
Correct construction dhefeed drives dynamic model allows accurate prediction of a real machin

tool 6s response by the VCNC. This enables corre

and identification of feed drive dynamics have a crucial role in buildingfidgtity predictive models
for CNCs. The following sections present diffiereapproaches for modeling feed drive systems:
specifically consideringherigid body dynamics, friction, and structural vibration modes.

Rigid Body Dynamics

One of the simplest methods for modeling feed drives is considixénigid body dynamics, wich
dominates the low frequency range. Rigid body dynamic models have typically been used to design
modetbased controllers, such as pole placerfijf14], generalized predictij@5], and sliding mode

[16] control schemes. One of the commonly adopted rigid body models has been §ivdnand re

used in18].

Disturbance
Current Torque
Amplifier Ty )
—»u K, ! > K; Tm ! L 0 > Iy X,
Control TS % Actual
Input Mot.or . Inertia and. Position
Gain Viscous Damping

Fig. 2.2. Rigid body dynamic model.

A simplified rigid body dynamic model is shownHig. 2.2. In this model, the control input is injected

into an amplifier (performing current regulation) which results in the armature cufdhisassumed

that the curent regulation takes place at a much higher bandwidth than the mechanical response. This
holds for most drive systems, where the mechanical frequencies are typically below 150 Hz, and the

current regulation bandwidth is around 500 Hz. Thus, by neglectihge ef f ect of t he

7
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e.m.f., and the current loop dynamics, the amplifier can be approximated (in many cases) as a pure gain
(0 ). The armature current is then converted into actuation toitfietlirough the motor torque
constant{ )."Y represents disturbance torques in the system as felt by the motor, which may originate
from the friction in the guideways, the cutting forces, as well as reaction forces due to vibration. The
remainder (net) torque then actuates the drive system. gideboody dynamics are modeled in terms

of the equivalent inertial( and viscous frictionq) coefficients as felt by the motor. Theoretical
prediction of viscous friction is very difficult and also sensitive to the operating conditions (such as
lubricant temperature). While theoretical calculation of the inertia may be possible from machine
drawings and data, accumulating uncertainty margins (from individual component inertias) may lead
to errors in the estimation. Also, in many cases such machine drawings and data are not available or
aredifficult to obtain. Thus, it is more common to experinadiytidentify the values obandd. One
identification strategy, devised by Erkorkmaz and Altiriia3, uses a least square approach in which

the rigid body modelgrameters and a simple Coulomb frictrandel areestimated using time domain

data.

Another approach for estimating the rigid body parameters is frequimmogin analysis, which
provides insight into not only the low frequency behavior, but glgesanindication ofthe frequencies

of vibration modes, uncertainty boundaries, and howakponse variewith machine posture. The
identification procedure is performed by matching the Frequency Response Function (FRF) gathered
from the drive to the FRF obieed froman analyticamodel[13]. There is also a wealth of frequency
domain curve fitting algorithms available for characterizing the rigid body behavior and structu
modes of electranechanical systenj49][20].

Rigid body modelling is appropriate when there are no disturbance signals that excite the system
resonances. Although this approach successfully captueésw frequency systemesponseit fails

to predictthe structural vibrationehich occur when the commanded trajectory or more frequently the
disturbance (process) forces contain high frequency content, such as high acceleration rates or cutting
force harmonicsMore advanced modelshich also consider the effect of structural flexibilities are

discussed in the next section.

Vibratory dynamics

In order to identify structural vibrations, the lumpadss(2 Degree of Freedom (DOFpodel has

been extensively used in the literat{t8][21][22]; due to its simplicity and ability to correlate well

with experimental effects. One of the simplest lum{&dOF) mass models used for ball screw drives
8



isshown inFig. 2.3. In this Figure@@ anda are the inertia of the rotating and translating components
respectively® andc are the viscous friction coefficienf€represents the overall stiffness of feed

drive mechanismDamping between motor shaft and the l@adpresented by 6 is the equivalent
control signal’Q and’Q are the disturbances on the motor and the load side, respedtgly
Experimental identification of lumped mass model parameters is essential in order to have reliable
models for control or prediction purposes. Okwuf?@ and afterwards Gordon and Erkorknja2]

used least squares identification to determine the lumpss, stiffness, and damping parameters from

the measured FRF data for both ball screw and linear motor drives.

X1 Xz
, u | k :
Rotating — AN d; Translating
m;y — m, ——
Components —5—* ull Components
di777 C 7777
b, b,

Fig. 2.3. Lumped (2DOF) mass model.

Another model, thelistributed mass model, wasalytically developed by Varanasi and Nayf28]

with the intention of capturing the first mode of vibrationball-screw drivesThey derived second

order wave equeonsfor the system in the frequency domain liamgitudinal and torsional dynamics

by considering theorresponding boundary conditiod$hese equations consiéerthecompliance of

the bearings and the n#lthough their method achievedasonable ckenessn predictingthe first
vibration mode, the main disadvantage is that the mathematical derivations are complex and tedious
[13]. In addition, the remainder modese not adequately captured. Hence, this approach is not

convenient when higher order dynamics need to be analyzed and simulated.

Acknowledging that most feed drive systems contain more than one dominant vibration moee, Frey
al. [26] andHalroyd [27] used a higheorder lumpeemass (i.e., discreté DOF model, as shown in

Fig. 2.4, which is an extension of the twoass model iifrig. 2.3. While the twemass model identifge

only the first vibration mode, thaultiple mass lumpechodel captures the first two dominant structural
modes. Also, in this model, the vibratory dynamics, which are predominantly in theaditorsional
directions, havébeen clearly identified andae be constructed with reasonaloleseness based on
estimated inertia and catalog stiffness parameters. In thisccasedd are the table andali-screw
masses, respectively. is the rotary inertia of the shafd. is the inertia of the motofQ and™Q

represent the rotationahd axiaktiffness values, respectivebndi is the transformation factor from

9



rotational to linear motion. The rotational and axial damping factor® arandc , which need to be
experimentally oO6tuned® basedAlso nwhie some qualiatve e and
predictions can be achieved with this model based on nominal inertia and catalog stiffness values, it is
well-known that during the operational lifme of a machine tool the feed drive stiffness can vary

significantly, hence the parameters would in overall require updating.

6,
GD m o I -2
L |

X I
o e I
X5

Fig. 2.4. Lumped (3DOF) mass moddPR5].

The motion delivery mech&ms in ballscrew feed driveiss more complex than the one analyzed by
Varanasiet al.[25] or Frey et al[26]. As the carriage changes position, the contact points along the
screw with the prelated nut also vary, and so does the transmission of reaction forces from one body
to anot her. Al s o, the stiffness distribution ch
modes. To be able to capture such detailed and complex effects Himitent Modeling (FEM) can

be used13][28][29]. Van Brussel et al. used FEM to construct stiffnessmaodal mass matrices for

a threeaxis milling maching30]. To reduce the complexity of the equations, the authors integrated
reduced order models togeth€he disadvantage afpplying pure FE is that such models may possess
thousands oflegrees of freedonDQOF)s, which makesthe analsis too computatioally intensive

After construction of individual component models, it has been preferable to represasdrepohent

with only its dominant modal characteristics (by ordeduction), and to combirthesecomponents

with each otheralong with discrete mas stiffness, and damping elements (when applicable, to
approximate simplified boundary conditions); using receptance coupling (also known -as sub
structuring) techniques. These efforts have led to the developnteyiirad FE moded, which can also

be upd&ed on the fly fodynamicresponseanalysisas a function of machine postygd][32][33]. In

10



thisapproach, as demonstratedrig. 2.5, the rotor, table, nut, and frame can be modase)id body

elements. On the other hand, couplings, fastenemngeaand guideways can be represented as linear

springs[20].
screw-nut
coupling interface table
E m%m \ % 777/ guideways
§ thrust il
rotor i ballscrew ra
rame . bearing fastener bearing

Fig. 2.5. Hybrid finite element moddR3].

Pislaru et al.[34] used ths approach and modeled the kadtew as a distributeshass system.

However, this model did not consider the variation of dynamics with the nut and table assembly being

at different locations of ball screw. Similarly, Kamalzae®] performed FE analysis and represented

the nut and table as an equivalent rotational nvassh was connected to the batirew by a torsional

spring. Zaeh et aJ33] took FE analyses one step forward and derived the stiffness elements for the
preloaded nut interface. Their model contained the aospling effects in the axial and torsional

direction while deriving the stiffness mnix. Later, Okwudirg20][23]e x panded Zaeho6és wor
consider the effeadf lateral stiffness. By doing sthis model was able to capture additional cross

coupling terms between the deformations in the axial, la@mdltorsional directions.

In this thesis, the developed identification methods target mainly the rigidigndsnics of feed drives.
Nevertheless, understanding the vibratory behaviour is integral to extending the methodology to higher

order models in the future, thus focusing also on the vibratory dynamics.

Friction

In machine tools, friction is amonigemain sources of disturbance that causes positioning errors during
motion. Especially, during velocity reversals, at sharp corners or circular arc quadrants in the toolpaths,
the direction of friction force changes almost discontinuously. As a resulpt@idaw (which may

contain integral action or some kind of disturbance estimation and cancellation scheme) momentarily

11



applies compensation in the wrong direction, which further compounds the tracking error caused by the
sudden change in friction dishance, and results in oscillatory settling behavior afterwards. Hence, in
order to be able to predict and reduce such errors, accurate modeling and identification of the friction

is necessary.

Sliding Body
Stationary N Bonded

Surfacq ) ) 2 /} ) Bristles

Fig. 2.6. Bristle model[41].

Currently, researchers are using physically motivated models in order to identify and compensate
friction effects[35]. Ar ms t r o[B6]dives datailed descyiptions for different friction models.

In this survey, friction is dided into two main categoriestatic (classical) and dynamic friction
models. In classical friction nals, the friction force is a function of the applied force and velocity.
There is no memory (i.e., internal dynamics type of) effect, as opposed to dynamic friction models. A
focus of this thesis is prediction of the effect of friction on the dynamicracgwf machie tools.
Dynamic friction models (which allow higher simulation fidelity over static ones) are reviewed in the
proceedingparagraphs

Friction can be described considering two main regimesslaimg (or sticking) and sliding regimes.
During presliding, the surface contact points (at which miaelds are hypothesized) act like springs
which are being broken one by one and there is displacement dependence until the sliding regime
begins. As sliding regime becomes dominant, swligolid contact between the adjoining surfaces
starts to disappear. Dynamic friction models are formulated to characterize bstidipgeand sliding

regimes.

An earlyattempt for describing the padiding regime was proposed by Dahl in 1988]. During his
experiments, Dahl realized a connection between the stireés curve and friction foredisplacement
[37]. Then, he came up with the hysteresis representation of the friction versaeis displacement
relationship forthe presliding regime. The Dahl model had a pivotal role in describing position
dependent hysteresis loops. One of the nhaiitations of this model, however, wathe lack of
consideratiorfor the Stribeck and breakaway force. Further modifications and discis$ow this
model have also been proposedi38][39][40].

12



De Witetal[4l]i ncor porated the Stribeck effect, whi ch
model , resulting in the 6LuGred model (named af
Universities). In this model, friction bristles as illustratedrig. 2.6 are used to represent surface

contact at the microscopic levdlhe friction force is defined as:

o g 26
” a ” 1_‘ ” U
. 00 (21)
where, ,, and, arethe asperity stiffness, micnascous friction and viscous friction coefficients,

respectivelydis the average deflection of the asperities amslthe velocity. The average deflection
of the bristles is modeled by

Qa | s,
a5 0 g (2.2)

Here,i U istheStribeck functiorand itis generally defined as

i Q9 O O 0Q (2.3

Above,"OandOare the static and Coulomb friction forcésand represent th&tribeckandvelocity

shape factor, respectively.

One major drawback of the LuGre model is that it does not represent the hysteresis effect with nonlocal
memory forthe pre-sliding regime. Sweverg al.pr oposed a new model cal |l ec
capture the hysteresis effect with nonlocal menib®y. Further research noted that the Leuven model

needed to be extended to also take into consideration the stack size, which is the number of successive
hysteresis loops during motion. In order to condidestack size in advance to prevent stack overflow,
Al-Benderetal. proposed the Generalized Maxwell Slip (GMS) mddal, whichis currently one of

the stateof-the-art dynamic friction modelsThis friction model hs beercited and applied by many
researchersncluding in[43][44][45].

The capability of demonstrating three main characteristics of friction, namely the Stribeck effect,
hysteresis with nofocal memory, and frictional lag, has enabled the Gitflel to be amorggthe

most effective friction models. The GMS model is a combination of individual single state models, as
illustrated inFig. 2.7. Eachsingle state sumodel designates whether that particular element is in a

sticking or a slipping condition. In this figure, there Brelementary spring block units. The forces of
13



theseN elementary units (i.e. elements) are added together to obtadquhealent friction forcg46]
[47].

w, K

Friction force, F;
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Fig. 2.7. GMS model representatiga7].

Althoughthe GMS model has become very popular recently, the main disadvantages of this model are:
1) discontinuous switching between fglaling and sliding regimes that make gradieased state and
parameter estimation challenging, andh2 large number gfammeters required to characterize all of

the elementsThese factors makthe GMS model difficult to parameterize and simulate. In the
literature, to overcome the first drawback, there have been attempts to simplify the GMS model without
changing its maint@racteristics. 1{48], to obtaincontinuous switching between sticking (jsleling)

and sliding regimes, Boegli el. presergd the smoothed GMS (&MS) model. SGMS approach

makes the original GMS model more suitable for gradient based state and parameter estimation by
using a sigmoid function. Piatkowdli9] has further analyed the effectiveness of six different sigmoid
(smooth) functions, resulting in the-salled modified GMS (MGMS) model. In[48] and[49], in

addition to the GMS model parameters, smooth functions introduce extra parameters to be identified,
which further increasghe estimation and comptional complexity. Villegas etl. [50] have taken a
different path, and instead of smoothing the switching dynamics with respect to the states, the authors
have proposed to decrease the mmathie structure of the original model by means of algebraic
mani pul ations, -slt@aaddi rnsgvBhemloddieabaieiother avork to reduce the
number of unknown paramessof the GMS friction modelsuch ag51]. In this study, rather than
constructing the hysteresis characteristics based on the breakaway forces, the hysteresis curve is
constructed based on breakaway displacements, which can be observedgemental tracking

data Al s o, each el ementds friction force is const
elemental velocitiesThis approactbypasses a burden to ident® parameters and only stiffness
parameters need to be estimated,clwhieduces the number of unknownsNoHowever, actual

breakaway displacements should be carefully extractedtfiepre-sliding portion and after thathe
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activation matrix needs to be constructed. This approach simplifies the model, but reamfires
temporal and displacement resolution data collection,aandreful analysis to estimate breakaway
displacemerst from the experimental dataAutomation of this approach is possible, but requires a

suitable heuristic algorithm.

The parameter identifation ofthe GMS model based on both time and frequency domain data has
been studied if52]. In this study, small amplitude sinusoidal signals have been applied to the
experimental setup withlow bandwidth controller to avoid drift until the setup comes to the verge of
sliding. Until the breakaway (i.¢he point where there is a transition from si&ling to sliding),the
hysteresis curve is fully constructed and mhost recenhysteresis curve iselected to extract GMS
parameters. In timdomain identificationa combination of linear segmertiave been fitted tthe
experimental hysteresis curte capture the variation in effective stiffness as individual elésnen
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Fig. 2.8. Dahl Resonancdg4].

Frequencydomain identificationjn some cases, can offer a simpler estimation process compared to
time-domain approaches. Yoon and Trumpkt] alsodevelopeda frequency domain identification
method (i.e., the Dahl resonance identification technique) to obtain GMS model parameters. Dahl
resonances based on FRF datasa@vn inFig. 2.8. In this technique, the system (i.e., semotor

with high resolution encoder and motor driver) is excited with sinusoidal input and then FRF data is
gathered. For small input amplitigjesince the data exhibits pskding friction characteristics, the

equivalent presliding stiffness at each excitation amplitude can be derived frermgparent resonance
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frequency from which the GMS mdel parameters can be obtain@tie performance assessment of

the proposed model was experimentally validated with and without a 1inasiedl friction compensator

in both the frequency and the time domains. The result showed that the model parameters, which were
identified using Dahl ronances, contributed to significant improvement in the dynamic accuracy for

the frictioncompensated system.

Apart from the GMS modeldentification andparametrization, dentification of friction model
parametersin generalhas a vital role in modddased control for compensation fotction in high
precision positioning applications. Such identification for different friction models using
experimentally gathered time domain data has been studied extensively in the lif@8j{&83[54].

These studiesan be divided into two main groups; blaméx and greypbox techniques (also referred

to as physics baseff5][56][57]. Comparisons between the two strategies were made based on prior
knowledge of the friction dynamics. If there is pigor information, blackbox models were used and
grey-box models in the other case.

There have also been studies the identification ofother friction models based on FRF data
[58][59][60][61]. Kim et. al.[58] and Chen et. a[59] took basic Coulomb and viscous friction into
account in order to identify servo drive dynamics with frictione ThuGre dynamic model was also

consideredn [60] basedn frequency domain analyses.

In this thesis, a new approach is proposed for parametrizing thsligieg portion of the GMS friction

model with a reduced number of parameters. Rather than discretizing tisfiding virgin curve

through a multitude of spring elements (typically iequi ng 8, 10, 12, é, par ame
factor is proposed, which together with the knowledge of the breakaway force and breakaway
displacement, can adequately represent the experimentally observstidprg behavior. This is

explained inChapter 4

2.2.3. Top-Down Approach in Modeling and Identification of Feed Drive Dynamics
Int o d angustsy, there is a significant need to digitize manufacturiygtems and processas
technology evolvespidly. As computers become more powerful than before, the manufacturing sector
is moving towards its fortr evol ut i on, al s o Inctlasl drag dompotérs dret st r y
interconnectd. Based on data transmitted, they make decisions to increasetivitgand reliability
in the manufacture diigh quality productsThere are four main components of Industry [62): a)
Cyberphysical systems (CPST:his refers to the integration of computers and networks with the
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physical process of manufacturing operatjomsere there is autonomous information exchange and
triggering actions. b) Internet of Things (IoT): Enhancing obfeatsl machingscapabilities (for
exanple, mobile phones and sensors) to communicate with people and each other. ¢) The Internet of
Services (loS):This feature enables systems and machines that are in service rambely
reprogrammed with new functionalities during their life cyale.Smart factoryThis is related to
creating a system that can deal with the physical world and as well as the CPS over wWiadoT
allowsthe execution of tasks even more effectively, efficiently, and with intelligence.

Some of the design principlézatrelateto the main theme of this thesis can be summarizédlass:

a) Virtualization: CPSs should be able to simulate and construct the virtual entity of an actual system.
b) Realtime capability: A smart factory should collect rtiahe data andbe able to make decisions

and present new outcomes by ppgicessing the collected data sets. ¢) ModulafFity system should
transition itself to new changing conditicssdenvironment. There are also other design prindhé

can be seen ii62]. However, especiallyirtualization and realime capability fall inline with the idea

of estimating feed drive dynamics in a virtual environment uiiatpp-down approach.

In the following a brief literature of theop-down approach is giveithe objective is to estimate one

or several of the closddop transfer functions belonging to the feed drive control syst&mee this

thesis proposes a new technique Hase the topdown identification approach, and makes a direct
comparison with an earlier proposed fArapid iden

earlier method will be presented@hapter 3in context with the new methodology development.

As mentioned in previous sections, for finding the dynamics of feed drives, there are various techniques
already propose@ne opeHoop identification strategfor finding rigid body dynamic parameters uses

the least squares (LS) approach in which the rigid body model parameters and a simple Coulomb
friction model are stimated jointly from timedomain datd17][18]. There are also frequency domain
curve fitting algorithms available for characterizing the rigid bbdiaviour and structural modek
electremechanical systenj49]. However, accurate structural mode identification requires broadband

excitation, which is difficultd achieve via smooth CNC trajectories.

System identification techniques can be classified into three main gtbepsediction error, subspace

[63], and the norgrametric correlation a@h spectral analysis techniquég4]. Some opetoop

techniques, such as the subspace method, do not work well whenlolmgetita is usedue to the

fundamental complication of correlating measuretmeise and the applied inpi@5]. Closedloop
17



identification techniques, in the prediction erronfework, have attracted the attention of researchers

due to common interests in industrial applications.
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Fig. 2.9. General scheme for tegpwn techniqué73].

In general, closetbop identification methods are divided into three main categories: direct, indirect,
and joint inputoutput based tecliques[66]. In the direct identification method, the feedback loop is
ignored and the opdonop system parameters are identified usingiirgnd output measurements. In

[67], a direct identification technique is proposed where a step is applied to the system as a command
input, a frequency response measurement of the output is obtained, and the cotitimutmasfer

function is identified. In the indirect method, a few of the cldseg transfer function parameters are
identified, thentheopehoop parameters are determined using a
controller. When noisy mearements a& present, Silva &l. proposed the use of the Laguerre series
expansions to analyze the clodedp model through identificain by applying a step resporn$s].

In the joint inputoutput approach, the plant input and the process output are considered as the outputs
of the systenand the reference and the nodégnals are treated as inputs of the system. Based on this

joint correlationthe process model is asiated[64][65].
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According to Forsell et a[69], the first step of the system identification problem is the experiment
design to maximize the information in thA data t
of the aforementioned wotlgpically require a command input that delivers sufficient excitation to be

aplied to the closetbop systemsuch as a step input, or a pseudo random binary sequence (PRBS).
However, in CNC machine tools, motion commanos tgpically smooth up to acceleration level,

which renders the identification of multiple transfer functiorap@eters even more challengif¥d]

due to lack of excit#on. There are also other studies to reduce dependentyeeny st emoés exci t :
during regular operatiofv1][72]. The authors achieve this goal by imposing different performance

criteria prior to experimental validation. While generally succesdfal,ntethod proposed in these
papersrequires extensive amount of data for tmagnthe model. In a practical manufacturing
environment, it is preferable to identify reliabiietual models with the minimalmount of data.

a) P-PI + Feedforward Control Friction
_“_ -
. : dl- :
&>K(tg2+Kvg+] al - K, *r - Kd+£si- “ JslfB Xl é Y
Cierﬁgfe%ghéi{gn PI Velocity Control Loop

P Position Control Loop

b) Generic closed-loop dynamics assumed in top-down identification

X b032+b 1S+b2+a3S'1 X
—>
s2+a,sta,tass’! -

Tracking TF

1
s2+a,sta,tass!

Scaled Disturbance TF Scaled Friction Model

Fig. 2.10. P-PI positionvelocity cascade control structuaed generic closelbop model in rapid
identification[73].

Overall,the aforementioned feed drive dynamic modeling teclasicexplainegbreviously as well as
the mehods already proposed in literature, have crucial roles in predicting the final accuracy of feed
drive systems. However, experimental identification of such models is generally time consuming and

requires significant expertise on dynamics, identificatiwoties, and the technical expertise to apply
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this knowledge on production equipment. In addition, bottgmmodeling based identification tests
typically need to be performesh the shop flogrwhich causes downtime to the machine away from
production. Iistead of going through these steps, adown approach has been proposed in literature
[73][74]. In this top-down method, as shown ikig. 2.9, a short duration NC code is executed
(comprising typically random motion commands) and the commanded and actual position data is
gatheredforreverse ngi neering a model that erroopeommasd t he
tracking and disturbance response behavior in a limited frequency range

This approach is alstapable otapturingthe effect of Coulomb friction, which enables prediction

of tracking errors and quadrant glitches that stem from abrupt motion reversals. One of the common
feedback conticstructures (i.e., #°1 cascadeontrol) is given inFig. 2.10a. Here, the position loop is
closed using proportional control and the velocity loop with proportioegral (Pl) control.
Feedforward compensation is also used to widen the servo tra@dadgvidth so that the positioning
accuracy can be improved for rapidly varying motion commands. The generic-idopetiodel in

Fig. 2.10b can capturéhisclosedloop dynamicsas well as other control configuratiansvhich third

order dynamics are prevalent, such as direct PID position control, or pole placement control with a

Kalman filter based state feedback and trajectoryfiftezing [73].
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Fig. 2.11 Solution search space for constrained identification ofitmpn modelg73][74].

The merit ofthetop-downapproach irj73], developed for feed drive systems with predominantly rigid
body responséds to represent a wide class of feed drive systems with only 8 parameters (3 poles, 3
zeros, and 2 friction parameterajter data collection, thelased loop tracking and disturbance transfer
function paameters are first identified usiad S based formulationThe interpolator generated motion
commands are generally smooth and may lack the persistence of excitation, which does not allow the
eight parameters to be estimated with sufficient closeness to their actual values. This is a minor problem
that can be igored as long as the identified feed drive model is capable of representing the real
dynamics in a satisfactory manner within the frequency range of the CNC motion commands. However,
20



this issue may result in problems when the estimated model has unstadgerly damped pole
locations. In order to prevent this situation, bounds are impasdd3] and[74] on the closed loop
pole locations, as shown ig. 2.11. Then, the numerator and friction parameters for each selection of

polelocations can be obtained by solving&subproblem(i.e., via LS projection)

B — & 5 — ©
(2.4)

In this thesis, a novel formulation has been developed for thiddem identification problem, which
significantly improves the numerical conditioning and convergence properties of the model, and the

robustness of the estimation against measurement. Adigeis presented i@hapter 3

2.3. Literature on lterative Learning Control

In a wide range of industrial applications, such as robotic manipulatachime tools, and chemical
reactors, the nature of the reference and disturbance inputs are repetitive. Especially, in machine tools,
which execute the same tool motion repeatedly in batch or mass production scenarios, when the
operating conditions are wedontrolled (i.e., vibration isolated, temperature controlled, etc.), then the
servo positioning accuracy is affected by the comredir@jectory and disturbances (such as friction

and cutting forcedh a fairly repeatable pattern. These effects lead to cyclical error protitésh are
implicitly influenced by unmodeled dynamics, parametric uncertainties, and unmodaled

uncompensatedisturbances.

In order to reduce errors in the presence of sactofs, different control techniques, ranging from
classical control tahe more complexmethods, such a®bustand adaptive control and nonlinear
control have been proposedeural networkfuzzy logicbasedand intelligent control hawesobeen

studed andimplementedn variousapplicationg75][76]. However, these control ategies may not
always be suitable for production machines, such as machine tools and robatssebef the
complexity of themethods and the requirement to modify the feedtiee#fforwardcontrol structure

which is typically fixed in industrial servo atrollers On the other hand, Iterative Learning Control
(ILC), which can be categorized as an intelligent control technique, can be implemented by simply
modifying the trajectory command sequence in order to mitigate the repeating error patiesns
would require nachangeof the feedback or feedforward portions of the servo control system. Thus, it

hasgeneratedtrong appeal for industrial application.
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The first concrete model and analysis of ILC emerged during the 1980s, which was motivated for
robaic manipulators performing repetitive tasksr][78]. Afterwards, considerabléterature has
grown around the topic of IL{Z9]. Several surveys covered the theoretical background and refgrence
other published papers relatitgyILC [79][80][81][82]. Per various definitions and goals which have
been reported in literature, the main objective of ILC is to achieve an inverse effect farth@op
closedloop system) which counteracts the influence of repeating ifip@fsin many situations, ILC

can be implemented with minimal information about ty&tesm model.

Various ILC techniques have been proposed in the literature. Markugsal.[83] used ILC for
nonlinear norminimum phase systems. In the same sttldyjnverse of a linearized model with ron
causal filteringhas beemsed. A more comprehensive discréiee inversemodel based ILC has been
proposed if84]. In addition, to enhance the contouring performance of faxisi CNC machine tools,

other ILC techniques such as crasaipled ILC habeen propose[B5]. For multi degree of freedom
(DOF) structures, for example for industrial servo systems where positioning errors arise from both
motor and load side, duatage ILC has been proposed in the litme{i86]. Further analysis onROF
structures hasden considered if87] and[88].

The general architecture of ILC technique is shown irFige2.12. In this architecture, whidis also

referred to as the serial configuration, ILC is applied before the feedback controller. This type of
configuration is convenient when there is a commercial controller that does not give direct permission
to alter the control signal applied to the pléas is in most machine tool drives). Conversely, in the
parallel configuration, the ILC signal is combined with the feedback controller input. This approach
directly modifieghecontrol signal applied to the plant. If feedforward action is availabteeoontrol
structure, then this approach can be adopted. The parallel configuration also enables the separation of
the performance contribution of ILC from the feedback control a¢d8bh Owing to the semiigid

control structure which has been established in the machine tool industry, in this thesis the serial

configuration of ILChas beeinvestigated.

In Fig. 2.12, & is the reference ang is the output signalQs the iteration number (denoting the
instance of running the repeating command trajectory). For every iteration, the sequence of recorded

trackng errorQ and ILC inputd are stored in a memory. The purpose of ILC is to decrease the tracking
errorQ  w by generating the feedforward sigi@l™Q is generated based on the historfof

andd from the previous iteratiohe ILC update law given Hg9],
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M QO a0 HaQQ (2.5)

where for a continuous time sigri@l the corresponding sampled time signal is denote@ Ty
QQY,whereYi s the sampling time. The trackin@® error
and discr et ® Abovended andsd arezttrangform of thdeaming property and
robustness filter of ILC, respectively. Under the assumptions@a@ihe initial state of the system is

set to the same value the beginning of each iteratioi®(@he closed loop system is stable, and also
that"'Q"Qr'e closedoop system is linear andrte invariant (LTI). The stability of applying ILC and

the monotonic convergence of the error to zero are met by the following condition,

A dp Dada & ph Q ph8 Wb (2.6)

0 a is the z transform of the closed loop transfer functi isthe6 nor mé oper at or .
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Fig. 2.12. lterative Learning Control Dynami¢89].

In this thesis, ILC has been investigated to improve the repetitive errors that occur durirgxisulti
contouring motions. While ILC can be directly implemented with experimental (field) data during an
ongoing manufacturing process, during the learnind adjustment period, servo positioning accuracy
and therefore the manufactured part quality would be sacrificed. Also, valuable (productive) machine
time would be wasted. Rather, the objective is to perform ILC directly using an estimated virtual model
of the servo system, in order to minimize the amount of trial and error required on the actual machine

tool. The investigation carried out on ILC is discusseGhapter 6
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Chapter 3
Estimation of Feed Drive Closeeoop Models Considering Rigid Body

Dynamics

3.1. Introduction

Understanding the accuracy and motion limitations of the servo system in a machine tool is critical to
planning process trajectoriesh a t can make maxi mum us eabiltiés. t hat
While there are alreadgstablished methods for developing dynamic models of servo drives, such as
using first principles modeling, identifying each parameter/gain one at a time, or agahgresponse

of one feedback loop at a time, such methods can be time consuming and detrimental to the daily
operation of a production machin€he proposed methodology in this chapter aims to estimate
equivalent closedtbop models of feed drives in amintrusive manner, directly from field data which

i s collected ideally without i nt eldsr puomise forg t he
conveniently migrating into virtual production planning through tkeof sec al | ed o6di gi t al

with minimal negative impact on the manufacturing performance.

In this chapter, feed drive clostmbp dynamics estimation considering rigid body modeling is
describedandthe effectiveness of theroposedestimation is demonstrated aroumbtcase stuigs
Thefirst is gear formgrinding. The second is related to identifying the axes of &-axis machine
tool which was conducteih collaboration with anothegraduatestudent Ms. Ginette Tseng, MASat
University of WaterlooThe wo application setups usedrfvalidation purposes afist explainedn
Section3.2 Classical (bottorrup) approachwhich identifiesthedynamicsof the servo drives through
oneby-one modeling andime- and frequencylomain techrjues arepresented in SectioB.3. In
Section 3.4an earlier method for identifying virtual dynansién a topdown manner, which can be
usually implemented witklassical LS, is describedfterwards, he newalgorithm proposedn this
thesis, based on pole search in conjunction with LS projection, is preseBection3.5 To compare
the effectiveness dhe new method ovethe earlier approach, identification results undenulated
measurementoise anda convergence analys&e presenteth Section3.6. Expgimental estimation
resultsbased orthe aforementioned two apphtions are given in Sectidgh?7, demonstrating the

improvements obtained with the proposed algorithm. The chapter ends with conclusions in3S&ction
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3.2. Two Sample Applications: Gear Form Grinding and 5axis Milling Machine Tools

3.2.1. Gear Form Grinding Application

The proposed identification methodology was validated on a gear grinding machine tooljagggen

3.1. This machine is located at Ontario Drive & Gear Ltd. (ODG, New Hamburg, Ontario, Canada) and
used for the production of high precision gears. ODG manufactures differentkigelsrs, including
marine gears, mining gears, automotive gestcs The company also manufactures conveyor systems
and power transmission couplings for various vehicles. Gear quality is essential for smooth power
transmission and machine life. In ordermanufacture high quality gears and gear assemblies, ODG
uses different CNC machines such as turning, milling, grinding, hobbing, and gear shaping. Among
these processes, grinding constitutegl@% of the annual production.

There are various types@finding configurations (form grinding and generating (i.e., worm) grinding).

In form grinding which is particularly suited for small batch sizes and customized gearmshrasive
wheel assumes the negative shape that is to be imparted onto the thegaipgarofile, which is ground

as one gap at a timeig. 3.1ashowsa schematic diagram of a Kapp KX 300P CNC gear grinder used
at ODG[90]. While the illustratiormay appear a bit complicated, the crucial portion (the dressing tool
and the grinding wheel) thaks beemsed in testing the modeling in this thesis has been highlighted
(for clarification) in color.Trimming the grinding wheel to the correct shagpadieved through a
process <call ed 06dr e-g axis cariagehigtdlighted m gellow hinFig. B.1a)t h e  x
supportingthe grinding wheel performs relative motion with respect to the dressing tool located at a
fixed station.Fig. 3.1b shows a photograph of the dressingltaworkpiece, and grindm wheel
together. AlsoFig. 3.1c shows a typical dressing operatifor formgrinding andrig. 3.1d illustrates
motion of the xy carriage Fig. 3.1e demonstratebow a shaped grinding wheisl used to produce

gears with the correct tooth and gap contours.

In form grinding, the dressing takes up abou316 % of a partdés cycle ti me.
speed results in shape distortion, thus tooth form errors, due to increased tradldngtauring errors

which occur at high velocity and acceleration magnitudes. Hence, having an accurate model of the feed
drive system obtained througble search methathn enable such errors to be predicted and corrected

ahead of time, allowing produeity gains to be achieved by increasing the dressing speed.
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3.2.2. 5-axis Milling Machine Tool Application

The Deckel Maho 80P Hyn five-axis machining center iRig. 3.2 was also used as a test bed to
validate the proposed identification method. The machining center has a Heidenhain TNC 430N
controller with a built in scope function which allows 4096 data samples to be logged at a sampling
period of 0.6 ms. The scope fuitet was used to capture position commands, as well as measured
position data from the linear encoder with Prit resolutionThe simulatiorand experimentakesults

presented in this chapter relatedhis setup werebtainedtogether withMs. Ginette Tsag.

HEIDENHAIN
3 TNC 430N Virtual
| Ethernet | | Data collected: | [SISO Rigid Body Model
» Cable « Position data Identification

Fig. 3.2. 5-axis machine tool for validating pole search method.

3.3.  Classical Bottom-Up) Approach

The most common servo control structure, and the one encountered in the two experimental setups, is
0 I positionv el oci ty c¢ as c alkleontolemis easyltddtune dand enpldtnent, and
therefore widely used in industry. The control of tbed axes of the grinder é&hieved with FPI

control, implemented together with additional filter andido@ompact representation of this control
strucure is also captured wiffig. 3.3. Further etails on some of the individual blocks, not illustrated

in thisfigure, can be found i[®1], which was obtained from the Sieme&#)D CNC documentation.

Frequency respwse function (FRF) measuremenisre taken from the gear grinding machine dressing

process and used to identifiieinertia parameten, Viscous friction § ) identification washallenging,

as the frequency of the corresponding pd#& was below the measured frequency range on the
Siemens CNC. Hence&d was taken as zero. The filter, feedback controller, and feedforward

compensation parameters weiso identifiedrom thear respectiveCNC parameteentries.
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Fig. 3.3. P-PI positionvelocity cascade control scheme with velocity feedforward term.

The P-PI cascade controbystem model was validated by capturing the command and actual
(translational encoder)¥x position data from the grinder durittgedressing operation, and comparing
the actual motions of the machine with those predicted with the model. These results are stigwn i
3.4. At the initial glance, it can be seen that the model predictions egasonablegreement with the
actual movements of the machine tool. iWlhe instantaneous servo errors are replicatelito a
certain extentthere is still some discrepancy in the predictions. One disadvantage of the classical
(bottomup) approach is that it takes a long time to build, which results in loss of praogudtie to

the machine tool not being used to make pdrte construction of this modelould, in normal
circumstances, haveusedeveral hours alowntime to the machine tq@ven if the control engineer
performing the identification is well familiawith the operation of the CNC and its internal structure.
When such familiarity is missing (for example in identifying servo models for machine tools of

di fferent buil ds, per ha ptkispooesstcantakelmeah longéert h di f f er
As amain objective in this thesis is to build virtual modefiservo drive systenfsom in-process data,

this bottomup effortconstitutes a baseline in terms of evaluating the effectivemesefficiency of

other approaches, such as the one proposgdation3.5.
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3.4. Earlier Method of Rapid Identification i Utilizing Least Squares for Estimating the

Equivalent ClosedLoop Tracking and Disturbance Response

As explainedin [73], a thrd order model is capable describing the closeldop behaviorof a large

class of feed drive control systems, such as a ball screw or direct drive system. This model can be
controlled by various feedback techniques (P, PI, PD, PID, andfrcBscadeontrol), which can
contain feedforward dynamics or friction compensatamlong as the closed loop transfer function is
dominated by3"™ order dynamics Also, the doublegoleterm has been allowed to assume damping
values larger thath. This provides tb accommodation to represent third order systems with three real
poles. Therare three main assumptions that tpgproachmakes. Firstly, the structural resonances of
the machine are avoided, hence the machine is modelled as a rigidSkodgdly, the rtor and
amplifier are run below the saturation limit, ensuring that they operate in their linear range. Finally, the
nonlinearities in the system have very little influence on the motion of the feedrbiivexample, the
backlash in precision ball screws typically an order of magnitude smaller than the encountered servo
errors.Under these assumptionkgetequivalent closeldop dynamics can thus be modelled as:

i 0P O O 010

. P (3.1)
l

Here,w i ,andwi arethe commanded and actual axis positandQ2 i represents the disturbance
(such as friction) acting on the motion system, all represented ibagilacedomain. Their time
domain representations abe 0 , 0, andQ 6 . ¢ and are polynomial coefficients of the transfer
functions.O i isthe equivalent command tracking transfer function'@nd i is the guivalent
disturbance responserepresents opeioop inertia of the feed drive, andthe product of the motor

torque gaincurrent amplifier gain, and ball ®w and gear transmission gain (if there is 4Ag).

Following the rapid identification formulation i3], the parameter estimation step&is.(3.4)-(3.7)
utilize the timeintegral of the tracking error. Hendbe denominator polynomiéd expressed with the
lowest order termd§ ) coinciding with i p7Zi . Multiplying the numerator andlenominator with

(i) naturally yields a form similar t&q. (3.10).

Errors caused by friction become prevalent during velocity reversals because the feedback controller
cannot compensate sudden changes in the disturbance force. As the velocity of thesfé@ohsitions

through zeropthe friction force (which is very close to being in the-gliding regime) quickly changes
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its direction. Here, to simplify the model, orpulomb type friction is considered to approximate the

overall detrimental effect dfiction dynamics. This type of friction model can be formulated as:
Q0 Qlow QU ow, (3.2

whereD i s a binary function whishveRadocatyal sepofi
otherwise, whiledy @ i s a binary function which has a value
and A00 otherwise. The control signal edui val en:
andQ for the positive and negative direct®af motion, respectively. From here onwards, adopting

the op@&rasodi Bferenti at i @i wist h nt egpadt otno wti it he r
closedloop dynamics can be expressed by combikigs.(3.1) and(3.2):

’ v oy [ .,p\ 5 5 oy 5 ..p‘ O R w3 N
i Wi ooi—u) Wi wi wi—w L WW'Q U WWQ (3.3

Above,’Q andQ are normalized friction values for positive and negative velocitispetively, and

can be obtained & 7 0TO'Q7 . FromEq.(3.3), in discretetime form, the position of the drive

at sampléQcan be predicted as:

o | % | | o Fowp | o | 0fF 00 0 W6 (3.4)
| pFdh | OTOR | OTOh
I ofoh 1 ofdh T OFoh (3.5

1 QFIOh Q ¥ h

where| h h A B f A A are the normalized model parameters with respectito
Commanded and actual axis positionfty, velocity &) and accelerationu{ ft) profiles can be
captured on the fly in most machine togétemslin Eq.(3.4), Q is the integrated tracking error, which

can be approximated as:

oG Y op 6 (3.6)

Note thatw & QY , where"Y is the discrete time sampling periodsing clasical LS the 8

unknown parameters can be found by minimiZB@j,
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Here,—is the parameter vector with all unknown parameténtains axis position measurements,
andf is the regressor matrix, made up of sigraailable for measurement. In earlier work, to observe
the performance of thdrive over various feedrates, a short NC code with psearnidom movements
would be exeded. By executing several back and forth movements on the machine and inducing
trajectories with different acceleration and velocity, motor torque/force amplitude dependency of the
syst emod s response ¢ au<sald bebrgasor@ioyu damureld/hilef genecallyi o n

successful, there are some drawbacks to this earlier approach:

1- The commanded signals in CNC systems are typically acceletaidimuous and lack the
persistence of excitation (PE) for full parameter convergence. This deteriorates tlcgopred
accuracy of identified models and can, in some cases, also lead to unstable models.

2- The formulation inEq. (3.7) requires numerical derivatives measured encoder signatsthe
regressor matrig , which typically leads to noissensitivityissues. This is true especially if low
resolution encoders are used, or the captured CNC data is limited in the number of significant

digits availableinthe ont r ol | er 6s trace function.

To avoid the issue of identifying unstable modiie to lack ofPE earlier researcfr0][73][74] had
imposed bounds which define acceptable pole locaisfi®ingsufficiently away from the imaginary

axis of thes-plane. Considering that the characteristic polynomiakbzawritten as @i Qi
A i ni ¢3 i 1 , the following constraints were integrated into the estimation
process:

n
Constraints (3.9)
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In earlier experimental and simulation studjés], it was observed that for majority of the cases,

solution of the unconstrained estimation probler&dn(3.7) resulted in pole locations which already

satisfied the constraints Eq. (3.9). In other words, solving the unconstrainedigbeon alone yielded

the equivalent result to mergiigys.(3.7) and(3.9) and solving the constrained problem via a method

like Lagrange Multipliers. Thus, in the benchmark simulation and experinsntiies presented in

this thesisthe earlier method ifY3] was implementedy first solving the unconstrainedg@rameter

estimation problem ifq. (3.7), and then checking the compliance of the solution with the constraint

set inEq. (3.9) afterwards. If this check passéisen KuhnTucker conditions required f@analyzing

the constraint activation scenarios arepagsed, thereby greatly simplifying the implementation.

this thesissuch implementation of the earlier methws been referred &s thed F u | |

3.5.

LS Sol

Proposed New Solution: Pole Search in Conjunction with Least Squares Projection

The goal of the proposed identification method issttance the convergence and robustness in

estimatingp CNC dri ve

(Q w o ineach axis is directly predicted, rather than the axis positielft its

s y s t la thédnew rdeyhadatineiinstanemasdracking error
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s3+a;s2+ays+a; dt
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Fig. 3.5. Closedloop model for predicting tracking error and feed drive position
® p h
® & wh (3.11)
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Prediction of the servo errdf)(and axis positiond§ is illustrated inFig. 3.5. For numerical estimation
and simulation convenience in the neagthod, the friction at small velocities is approximated as being

viscous, while beyond a certain velocity threshalgi{is modeéd as Coulomb friction.
Qo6 Qi wal (312

Above,Q is the control input normalized Coulomb friction value for both positive and negative motion
directions andb is the velocity band for transitioning to Coulomb friction. Lumping the friction
magnitudeQ together with the gain of the disturbance resganfy, a single gain can be defined as

‘Q QU Upertaining to the disturbance responseafscaled friction input betweet é + 1. | n
estimationstep, since numerically differentiated position readings from the machine encoder can be
noisy, een after filtering, a pure sign( ) function may lead to false detection of sudden friction force
transitions. On the other hand, when a block diagram like the dfig.i8.5 is used foisimulatingthe

axis motion and servo errors, pure Coulomb friction, which transitions discontinuously around zero
velocity, can lead to limit cycle type oscillations when coupletth wie feedback loof®4]. Thus, it

was found that using a saturation function, which emulates viscous type flietianioraround very

small vebcities, provides a practical workaround to both problems, while still facilitating close enough
parameter estimation and tracking error prediction due to the friction force. Substgt{8dlL2) into

Eq. (3.10), the following expression is obtained in which the characteristic polyndmialhas also

been designated:

i Oi Ol 00 o o Oie Qi O (3.13
For a candidate model, if the pole locations are already chosen in the strlicture: Qi
Wi o i ni ¢d i 1 ,thenthe numerator terms and lumped friction magnitude can

be estinated following a LS suproblem constructed by-+arangingeq. (3.13) into the form below:

. wi wi wi [ )
Q — 0 0 =0 — Qi e
0 i 0 i 0 i 0 i 0
fw. (0. (o, i, ., (3.19
— W W 0 i 0e Q
0 i 0 i 0 i 0 i 0
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In practical implementation, the actual axis velociy (s replaced by the measured and filtered

velocity estimated)) determined through differentiation and moving average filtering of the encoder
readings with zero phase shift with respecttofime. g . , Dbfitfiltd s¢ omgma he.Thin Mat | a
substitution helps mitigate noise issues in resolving the direction of the instantaneous friction force,

especially at small velocities.

Due to theconsideration of predominantly rigid body dynamics and integral action in the control law,
the characteristic polynomial i is third order. Thus, the filtered velocity, acceleration, and jerk

command profilesp hé ha will all be continuous as long as is continuous.

Output of the saturation function will b& @egree continuous. However, its filtering throdd® i
will add two more degrees of continuity. This sigrfal, , can be considered as a normalifréction
force (betweenrl and +1) , which has been o6filteredbd thr

response and differentiated once.

In contrast to the earlier estimation method described in S&8pwhich requires up to second order
differentiation of both command signals and encoder (position) readings, in the new approach all
signals considered in the regressor matrix are continuous and they doerdreaffnoise or numerical
roundoff error amplification problems induced by the differentiation process. Grouping the observed

tracking errors into an output vectab ( Q Q E 'Q ) and defining the regressor matrix in the

form:
LR R Wi Qg
. R o of Qg7
~ ~ ~ ~ > -1
IIe e e ell (35)
11 Y]
Wi OfF 0/ Qf

The estimation of the numerator terms and lumped friction magnitude can be achieved as:

— OO Q Bk B O (3.16)
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Step 1. Construct denominator polynomial
P(s) by taking candidate poles (p, wn, Q)

from stable locatio

n.

~” Pmin

Step 2. Compute regressors to estimate numerator (cy, ¢4, ¢5), & disturbance (dy),.

Disturbance

Measured Velocity | Xr I ;1 >
1~ g

Signal (Filtered)

Regressor

Command
Trajectory

Y

s3 X
P(s) i @, i m
Tracking
Regressors

Step 3. Least squares solution of parameters

(Co, €1, C2, dpli-

Parameter
Estimation

Regressor

> 0k = (DD 10T Y

Y=[e; e, el

Xt N

(S

D3

02

X1 Xp1 dpq
X2 Xg2 dpfo
XN XgN oy

—_— e

D, D1 Dy |

=[cy cq Cp dIT

Step 4. Choose candidate model
(p; wn, Ok_> (COI C1; c2l do)k
which yields the lowest value for
the RMS of prediction error.

.1 d 2
f= N Z (Eactual - epred)
=

Fig. 3.6. Proposed new procedure for identifying virtual feed drive dynamics.
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Hence, the following stepy-step procedure hdseen developed for implementing the proposed

identification scheme, as also illustrated-ig. 3.6:

1- Candidate models are generated withgssigned stablpole locations within a searspace.

2- After constructing the corresponding regressor, theftigay numerator and frictiongrameters
are solved using LBrojection[93].

3- Each candidate model is evaluated for how well it is able to replicate the observed tracking error
profile for an individual axis, by assessing the objective function which penalizes the root mean

square of the prediction error.

03 QM (317)

4- The pole set (and matching numerator and friction parameters) which yield the best result are

selectedo establish he 6i denti fi ed model 6.

In Eq.(3.17), Q and'(Hare the actual (experimental) and predicted tracking errors respectively, and
is the total number of samples considered in the model fitting and evaluation process.
3.6.  Simulation Results

3.6.1. Performance Analysis of Identification Approacheaunder Measurement Noise

In this section, the proposed identification te
been compared to the earlier approficB]. This analysis has been implemented in the context of
reconstructing the dynamics of aPP positiorvelocity cascade controlled drive systevhen the

output (e.g., positiong) measurement isontaminated with sensor noise (e.g., quantizatidhg

controller structureshown inFig. 3.7, is frequently used in industrial machine tools
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Pl Velocity Control Loop

P Position Control Loop

Fig. 3.7. P-PI positionvelocity cascade control structure.

In this case, the third order closed loop model parameters correlate to the individual open loop and

control law parameters through the followirgdationships:

6 0v . LUL O 0
w (A) " 1P
o 0 rr
. Lo U , LU
@ , W —— .
g 5 r (319
, LU U ., LU0 O 00
® W , -
0 0 Cr

The aboveformulation for denominator and numerator parameters bglanghe tracking transfer
function @ © & form considered irEq. (3.1). In evaluating lie tracking error response to the

commanded trajectorgy © Q) as inEq.(3.10), ®, ®, and® terms can be calculated usigg. (3.11).

The model was develogdased on the-axis drive of the DMG machine tool explained earlier in this
chapter. By inspecting the CNC parameters, it was found out that the acceleration and velocity
feedforward gains had been set to zero. Thus, in the simulation, they were tidmesdétabledO

mho ). The effect of true friction is emulateay applying the GMS friction modgk3][95].
Prediction results werbased off datgenerated during the tracking type trajectory with increasing
amplitude. The maximurdisplacement was 11 miwith peak velocity acceleration, and jerlues
reaching 96 mm/s, 451mm/<, and 3.8210° mm/s, respectively In Fig. 3.8, the true sys
response has been illustrated. In this figure, nredsposition profile, tracking error with max 1.3 mm

amplitude and command velocity profile are shown.

Three levels of measurement noise have been considered, in the form of encoder quantization: 1, 5 and

10 { m. In these scenarios, the velocity and asregion estimates obtained by differentiation, after
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guantization of the position response, take the forms showigir8.9. As can be seen in E(B.7),
since the full LS appr oac lw ancagaeleratiensproftiekog in i me a s u |
identifying the necessary 8 parameters, niasurement noise can have a significant detrimental
influence on the parameter convergence. Whereas in the proposed approach, the regres$pr)matrix (
contains profiles which are smoothened by the filter based on the choice of candidate pole
locations. Thus, measurement noise has much less impact, influencing onfy totudhn off3
attributed to the estimated normalized Coulomb friction. Even this profile gains two levels of continuity
due to the precedingfd i term in Eq.(3.14). ConsideringFig. 3.9, the magnitude othe velocity

profiles does not vary too much from one case to another, as only resolution deteriorates significantly
as quantization level increases. However, maxinigtectedacceleration changes drasticalisom
2.131C%to 1.4 10* mm/seé due to the detrimental influence of quantizing the position measurements
prior to double differentiationAs will be seen in the following convergence results, the full LS

identification aproach suffersignificantlyfrom thenoise contamination in the measurement signal

Examining the true and estimatieequency response functiefFRFs) in Fig. 3.10, as the measurement
noise increases, the dynamics estimation via the Full LS deteriorates significantly, especially after 25
Hz, whereas the proposed approachievesnuch more consistent estimation of the disturbance and
tracking dynamics.

—— Actual response

—

Fl’os. [mm]
5 o o

TE [um]

Vel. [mm/s]

0 1 2 3 4 5 6
Time [s]

Fig38. The true systembs response (si mlt
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Fig. 3.9. Velocity and acceleration profiles for different quantization levels.
\dx =1 um (measurement quantization)‘ ‘ dx =5 um ‘ ‘ dx =10 ym
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Comparing the 2xorm condition number for the regressor matrices in the two approaches reveals that
compared to the full L&pproach, the proposed pole search method solves a least squamebkrrh

that is much bettenumericallyconditioned Table 3.1). This is because the msured velocity and
acceleration profiles, constituting theé“2and 3* columns of 5, are obtained by numerical
differentiation of the quantized position measurements. They are noisy due to the simulated encoder

resolution, and get worse as this resolufix) becomes coarser.

Table3.1. Condition numbers for full LS and proposed method.

Condition number dx=1 m dx=5 m dx=10 m
Full LSK) 8.83 1¢¢ 7.83 10¥° 10.53 1C°
Proposed method{ ) 508.3 577.2 734.3

It is worth mentioning that in the dx = 1@n case, the full LS approach even converges to an unstable
model Fig. 3.11), when the pole bounds in E(R.9) are not directly enforced. A pair of unstable
complex conjugate poles are estimated with ¢ o0& Mz and- T8t ¢ 8)

\dx = 1 JM (measurement quantization) | l dx =5 um | | dx =10 ym ‘
—— Axis command —— Prediction of the model with the estimated proposed method
—Actual response — Prediction of the model with the estimated full LS method
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Fig. 3.11 Actual and predicted servo performance for sine wigype trajectorywith increasing

amplitude (simulation result).
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In Fig. 3.11, position, tracking error and error of prediction results are given for three different
guantization cases. For dx = 1 and dx #rB, the proposed approach shows much less error of
prediction conpared to the full LS approach. When dx ={10, the full LS converges to an unstable
model.As a result, the proposed algorithm indeed provides much more robust, consistent, and well
conditioned model estimation, compared to the full LS approach, es$pdaiathe presence of
measurement noise. Unconstrained LS alone cannot guarantee the estimation of a stable model,
especially when there is noise in the measurement, and therefore the enforcement of stable pole

locations is essential.

3.6.2. Estimation and Simulation Improvement via the Saturation Function

In developing the identification strategy in Section 3.5, the Coulomb friction was approximated with a
saturation function. In this subsection, the impact of the saturation function on the identification and
simulation results is investigated. For the same actual system model, and motion trajéttory,

Section 3.6.1and considering a measurement resolutiortbof= 5t m, model identificationwas

performed considering both the saturation function and a @gmnum) function. The model
identification results are shown kig. 3.12 and Table 3.2. In terms of matching
frequency response characteristics, using the saturation function seems to yield similar results, with
albeit slightly improved characteristigsver using the signum function. Noticeably, the a | systemb
complex conjugate pole pair 81.31 Hzis better captured at 31.47 Hzompared to 26.48 Hz using

the signum functionThe estimated normalized friction magnitude (293) also better matches its true
value (286), compared to its counterg2A2) in the model estimated with the signum function.

I n simulating the model 6s dynamic response, use
for the same dynamic model and trajectory. In this case, the measurement quantization has been
renoved. The corresponding results are showhign 3.13 andTable3.3. In the simlations, the use

of the saturation function provides improvement of the tracking error prediction, especially at velocity
reversals. On the whole, 6.7% improvement is obtained in the RMS value for the error of prediction.
However, at the very beginning ardry end of the motion (i.e., connecting to exact zero velocity
boundary conditions), the prediction accuracy degrades by 21%. Naturally, the real nature of stick slip
friction (which is simulated accurately in the true model using the GMS dynamicshtdamifully

captured with the saturatidrased friction model. Nevertheless, in majority of the data in which motion

is persistent, improvement is observed over using the signum function to emulate Coulomb friction.
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—— Prediction of the model considering saturation function

Actual response Prediction of the model considering signum function

a) X axis Tracking Transfer Function

b) X axis response to normalized
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Fig. 3.12. Actual and predicted servo performansing saturation and signum functidos

approximation of friction(5t m quantization)

Table3.2. Identified parameters for thmodels that contain saturation and signum functions.

Actual Saturation Signum

X axis Freq. Damping Freq. Damping Freq. Damping

[Hz] [] [Hz] [] [Hz] []
Poles
N 31.31 0.44 3147 071 26.4¢ 0.66
N 31.31 0.44 3147 071 26.4¢ 0.66
] 9.87 1.00 9.41 1.00 9.41 1.00
Zeros
a 21.8¢ 1.00 57.6e -1.00 64.72 -1.00
o} 50.0z 1.00 33.7¢ 1.00
o} 15.8¢  1.00 17.7z 1.00
Normalized
friction (Q) 286 293 202
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— Command —— Prediction of the model with saturation function

— Actual response Prediction of the model with signum function
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Fig. 3.13. Actual and predicted servo performansgng saturation and signum functions for

approximation of friction (without quantization).

Table3.3. Tracking prediction performance for two different cases.

Discrepancy in Servo Error Prediction Saturation Signum

X axis tracking error: RMS (MAX){[m] 0.28 (2.4 0.30 (1.89

3.7. Experimental Results
In this sectionexperimental validation of the proposed identification method is presented for the

aforementioned two different applications. Comparison is also made with the full LS method.

3.7.1. Gear Form Grinding Application

Servodata was collected from the SiemensB4®ntroller of the grinding machir(&ig. 3.1) during

the productiorof helical gears with 1.67 mm normal module. The portion of data corresponding to the
roughing pasperformed at nomindeed was used in identifying the virtual driverg@etersModel
validation was carried out with both roughing and finishing pass data. Each roughing and finishing
operatiorhas 34 passes, which are nearly periodic. The sampling period, allowed by théd4iDa

collection was 4 msPosition measureent resolution from the encoders was .61 In inspecting
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the CNC parameters for this machine, it was determined that while acceleration feedforward)gain (

was set to zero, the velocity feedforward gain was present arzenoif) ).

Roughing (Helical gear, No. of teet%_%S, Module: 1.67 [mm])
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Fig. 3.14. Actual and predicted servo performance for form grinding wheel rough dressing.
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Table3.4. Kinematic values (imangential direction) for rough arichish dressing operations.

Rough Dressing Finish Dressing

Maximum Values in

. Complete Involute Complete Involute
the Tangential P P

Trajectory  Portion  Trajectory Portion

Direction

Feedrate [mm/s] 93.5 4.4 108.1 1.6
Tangential acc. [mm?p 1,550 105 1,550 1
Tangential jerk [nm#A 40,073 8,977 40,084 242

The training data, shown iRig. 3.14, was ~12 s in duration for each roughing p@&900 samplés
Maximum feedrate, tangential accelerat@mmdjerk magnitudes reached during the dressing operation
for the positioning trajectorgnd critical involutei(e.,gear tooth gap) portion, are summarizedable

3.4. This table considemough and finish dressing passes. As seen, ther isrders of magnitude
reduction in feed and acceleration during the involute portion, particundityish dressing.

The pole search bounds and obtained closed loop parameters foatttkypaxes are shown ifiable
3.5andTable3.6. Predictions obtained for rough and finish dressing passes, with the proposed method
and viathe full LS approach, are presentedfig. 3.14 andFig. 3.15. Numerical comparison of the
tracking and contouring error predictidios both methods angresented iffable3.7.

Table3.5. Pole search bounds fity axes of Kapp KX300P machine tool.

Parameters  Min Max
n [Hz] 1 125
1 [HZ] 1 125
-1 0.2 2

Table3.6. Identified parameters forxaxes of Kapp KX300P machine tool.

Parameter X Axis Y Axis

A [Hz] 8.20 6.41
1 [Hz] 28.30 32.02
-1 0.29 0.8
® 1.51 2.33
® 147.26 212.72
® 6.32e+03 6.32e+03
Q 75.47 108.26
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Finishing (Helical gear, No. of teeth: 235 Module: 1.67 [mm])
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Fig. 3.15. Actual and predicted servo performance for form grinding wheel finish dressing.

Comparing the xand yaxis parameters iffable 3.6, it is seen that the two axes appear to have
somewhat similar dynamics, as would be expected in atwedd machine tool. There is, however,
discrepancy in the damping ratios. This may bssgme if predominantly timeomain tuning of the
control systemwas realized with a smooth trajectory, which prevents the excitation of oscillatory

behavior

47



—— Prediction with new estimation method (proposed)

Actual response b Ziciion with full LS based model
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Fig. 3.16. Actual and predicted contour ersdor rough and finish dressing.

Consideing Fig. 3.14 andFig. 3.15, some results similar to those observed in the simukasiection

can be spotteé For example, both methods are able to generate a model which captures the general
trend in the tracking errors. However, looking closer at zoomed portions of the tracking error, it is seen
that the model identified with proposed method yields signifigatoserprediction. Also, the transient
responsedetermined by the pole frequency and damping ratio, is predicted more consistently, as seen
on lefthand side ofFig. 3.15 (i.e., zoomed axis tracking error profile). The full LS based model, on

the other handseems to incorrectly predict a marscillatory responseédverall, the model obtained

with the proposed method vyields significantly better praaticof transients in the toolpath and of
contouring errors, for rough and finish dressing operations, as seen in the topmigktai-ig. 3.14,

Fig. 3.15, and inFig. 3.16.

As observed inTable 3.7, by migrating from full LS to the propesd approach, the discrepancy in
tracking error prediction has been mitigated from a range €#882to 1.83.4 { m, cansidering
maximum magnitudes. This corresponds 1 drders of improvement. Accuracy of contouring error
prediction has been improved, from &4 to 2.02.1t m, again considering maximum magnitudes
(2.7 improvement) In the case of RMS values, this is a reduction fror2142 m to 0.20.25tm
(7.& improvement)Noting that the xand yaxes encounter maximum tracking errors of around 195
tm (x) and 3524081 m (y) (considering rapid tool positioning movements), theppsed method is

able to achieve tracking error prediction with -0.8% consistency, based on wesase (i.e.,
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maximum discrepancy). Full LS approach, on the other hand, achieves a consisten6@%f. 1t0is
noteworthy to mention that although the triagkerrors in the individual axes are quite highe do

axis dynamics matching@3], the resulting contowgrrors are limited to only 2j0m.

Table3.7. Tracking and contouring error prediction performance for two identification methods.

Roughing Operation Finishing Operation
Discrepancy in Servo Proposed Full LS Proposed Full LS
Error Prediction Method Method

X axistracking error:
RMS (MAX) [t m]
Y axis tracking error:
RMS (MAX) [t m]
Contouring error:
RMS (MAX) [t m]

0.36 (2.63) 4.92 (32.05) 0.25 (3.43) 2.87 (31.98)

0.20 (1.81) 34.54 (241.87) 0.15 (1.88) 22.47 (280.32)

0.25 (2.11) 2.36 (5.40) 0.20 (2.00) 1.17 (5.69)

3.7.2. 5-axis Milling Machine Tool Application

The Deckel Maho 80P Hayn five-axis machining center iRig. 3.2 was also used as a test bed to
validate the proposed identification method. The machining center has a Heidenhain TNC 430N
controller with a built in scope function, which allows 4096 data sesng be logged at a sampling

period of 0.6 ms. The scope function was used to capture the position commands, as well as measured
position data from the linear encoder with pPrit resolution. Tie bounds for the pole search are given

in Table3.8.

Table3.8. Pole search bounds foiyxaxes of Deckel Maho 80P.

Parameters Min Max
n [Hz] 1 833
1 [HZ] 1 210
-1 0.2 2

In Table 3.8, 833 Hz is the Nyquist frequency. 210 Hz is one quarter of the Nyquist frequency.
Generally, complex conjugate poles are obtained within this bound. In order to obtain three real poles,

upperbound of- is setto be as For damping ratios greater 1, therealpplt 17 - - p

o P and by selecting quarter of the natural frequency, the real pole remains below the Nyquist

frequency.
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Estimation of the parameters was baseddaff collected during the execution of a diamond shaped
toolpath with 20 mm edge length, interpolated with 96 mm/s fee(ratetangential velocityand

3623 mm/$and3.33 1P mm/s tangential acceleratiomndjerk. Validation in terms of tracking and
contour error prediction was carried out considering this trajectory, and alsmlar trajectory with

10 mm diameter, 100 mm/s feedr&8)0 mm/$ tangential acceleration, and 24P mm/s tangental

jerk. The range of the trajectory response whéeemachine is in motion, and a few seconds after
motion stops to capture the settling response (for estimating pole locations), was used as the training
data. The estimated parameters are showralrle 3.9. It can be seen that the and yaxes have
somewhat close natural frequency (16 and 11 Hz) and damping ratio (1.12, 1.22). The higher frequency
real poles at 89 Hz (x) and 210 Hz (y) have veryelittifluence on the overall response. Also, the
absence of poleero cancellation indicates that feedforward control is not used. Inspecting the TNC
430N parameters, it was verified that the binlfeedforward option had been disabled. During LS
projecticn based estimation of the model parameters, some pole location candidates led to a negative

value forQ . Naturally, such models were excluded from candidacy.

Table3.9. Identified parameters forand y axes of Deckel Maho 80Ra the proposed method.

Parameters X Axis Y Axis

n [Hz] 88.55 209.74
1 [Hz] 15.79 11.18
-1 1.12 1.22
@ 0.01 1.04
&) 1.21E+03 2.34E+03
@ 6.89E+04 8.19E+04
Q 699.04 714.99
Tracking TF  Freq. Damp. Freq. Damp.
Zeros [Hz] [ [Hz] [

a 48.8 -0.8 3326.3 1.0
a 48.8 -0.8 33.3 -1.0
a 9.3 1.0 5.8 1.0

The predictions obtained by the proposed approaabe beerbenchmarked with those obtained
through full LS.The actual and predicted motion datal tracking gors for the diamond and circular
trajectories ar@resented itffrig. 3.17 andFig. 3.18. Contour error prediction results are showifriig.

3.19. Prediction summaries for the prgea and full LS methods are presente@iable3.10.

Considering~ig. 3.17 andTable3.10, the discrepancy in tracking error prediction has been reduced in

x- and yaxes from 10.3 and 12 to 6.5 and 9.L.m, respectively, based on maximum values. While
50



30% improvement may appear modest, examining the tracking error prediction discrepancy graphs in
the bottorreft and right panels d¥ig. 3.17 reveals that the majaomponents of prediction inaccuracy
originates during the friction transitionsnprovement of prediction during the friction transients has

been addressed later@mnapter /andChapter 5
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Fig. 3.17. Actual and predicted servo performance for diamond toolpath on machining center.
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Considering the RMS valuesd prediction errorthere is reduction from.1 and 4.4 mto 1.2 and 1.6

tm (i.e.,60-70% improvement) inxand yaxes, respectivelyl his is also seen in the bottom panels of

Fig. 3.17 by the fact that the proposed method is able to achieve much more uniform improvement in
the prediction of tracking error, facilitated

dynamics.

Similar trends are seen in the prediction results for the circular toolpdig.i8.18 and Table 3.10.
Considering maximum values, the prediction discrepancy is reducedaimdxraxes from 10 and
14.6t mto 8.5 and 10.fm, in the mentioned orddn the case of the circular trajectory, the dynamic
response due to sinusoidal coamd inputs in xand yaxes hass much, and perhaps a bit more,

influence on the largesliscrepancy in trackingrror prediction compared to friction.

Thus, improvement of the model parameter estimation achieves recognizable refinement in predicting
the true tracking erroRMS values for tracking error prediction discrepancy are reduced fropm5.5

to 1.6 and 1.7 m in x- and y axes, which is again 70% improvemenhis result corroborates the
reduction in tracking error prediction discrepancy graphs, seen at the bottom left and right panels of
Fig. 3.18.

Prediction of contouring errors for diamond and circular toolpaths, and their discrepancy profiles, are
shown inFig. 3.19. ConsideringFig. 3.19 and Table 3.10, for the diamond toolpath the maximum
contouring error predictiodiscrepancys slightly worse with the proposed methaddcreasing from

6.6 to 6.9 m of discrepancyThis is in spite of the improvements in predicting the servo erfars.
mentioned earlier for the diamond toolpath, the maximum discrepaeyy much dominated by the
friction model. The RMS value, on the other hand, is improved from 1.4ntg 0.9 t{ m, which is
virtually indistinguishableThis is because starting out, due to matchgdiynamics, the contour error

is verysmall to begin witlin tracking straight line (linear) toolpatha the case of the circulardipath,

the improvement is clearesround 30%The maximum discrepancy in contouring error prediction is
reduced from 11.2 to 7{9m, and its RMS valuezducedrom 2.1 to 1.4 m.
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Fig. 3.18. Actual and predicted servo performance for circular toolpath on machining center.

As indicated earlierimprovement in contouring error prediction is significantly more challertbisny
improving the tracking error predictipespecially irorthogonafeed drive systems with wethatched
dynamics.The instantaneous tool position has a natural tendency to fall on top of the desired toolpath
during linear and low curvature paths. Hence, impra@nm contour error prediction may not be as
noticeable as the improvement in the tracking error predgtiéowever, in trajectories involving high

curvatureoolpaths as well as large jerk, acceleration, and velocity magnitedésncinghe accuracy
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of tracking error prediction is still key tachieving good process prediction and quality control

capability.

—— Prediction with new estimation method (proposed)
—— Prediction with full LS based model
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Fig. 3.19. Contour errors for diamond and circle toolpaths on Deckel Maho 80P.

Table3.10. Tracking and contouring error prediction performance for two identification methods.

Diamond Toolpath Circular Toolpath
Discrepancy in Servo Proposed Full LS Proposed Full LS
Error Prediction Method Method

X axis tracking error:
RMS (MAX) [t m]
Y axis tracking error:
RMS (MAX) [t m]
Contouring error:
RMS (MAX) [t m]

1.16 (6.45) 4.07 (10.29) 1.56 (8.45) 6.30 (16.97)
1.59 (9.09) 4.36 (12.65) 1.73 (10.68) 6.47 (14.62)

0.90 (6.93) 1.16 (6.61) 1.39 (7.94) 2.14 (11.19)

Considering the magnitudef tracking errorobserve in Fig. 3.17 andFig. 3.18, the actual servo
errors can be predicted with0.7% closenesga the proposed method his method also enables the
contouring error to be predicted with-10% closeness in RM$lowever, there is still room for
improvementas the maximum discrepancy in contour error prediction at motion reversals appears to
reach as higlas 6086%. This is addressed further in the proceeding chapters by refining the friction

model.

3.8.  Conclusion

A new method for identifying virtual feed drive models witiprocess collected CNC data has been

presented. As verified in simulations and experits, the convergence and prediction accuracy have
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been significantly improved over an earlier proposed solution. This proposed method shows a great
potential to identify feed drive dynamics without interrupting madhipeduction.The new methodl s
convergence resugltlid not deviate significantlunder measurement noigdile classical LS greatly
sufferedin terms of convergencén addition,the performance analysis of both methods have been
carried out based oexperimental data collected from twlifferent machine toolsAs this approach

offers great advantage in terms of collectingpincess data and constructing feed drive dynanfiiss
techniquestill has a few drawbackence the friction becomes dominaaspecially during prsliding

regime, the prediction results majegrade duet€oul omb fri cti on model 6s | a
friction dynamics Hence, as done in next chapters, more advanced friction models can be used jointly
with this method to improve the feed drive dynamics.@rrore, while better convergence (to correct
parameters) and robustness (in the presence of measurement noise) is achieved, the persistence of
excitation for the input trajectory is still very important and critical to obtain even better estimation
resuls. Lastly, virtual feed drive dynamics has been constructed considering rigid body dynamics and
this new approach still lacks for modeling vibratory dynamics.
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Chapter 4
Reduced Parameter GMS Friction Model

4.1. Introduction

In the emulation of the dynamics of feed drives for rmaKis machines, high fidelity realization of the
nonlinear stickslip friction dynamics plays an important role. While elaborate friction models have
been proposed, such as the GMS model, thadinovn parameters can be numerous and difficult to
identify from limited field data. This thesis proposes a new and highly efficient method for
parametrizing the prsliding portion of the GMS model, via the characterization ofthesol | ed O6vi r g
c ur v é dnlywhreé parameters: the overall breakaway displacement, the breakaway force, and a
shape factor. It is shown that such an approximation can successfully replicate earlier Ghtingre

data reported in literaturélaving areduced parameter formulan for the GMS friction model can

also benefit applications such as a virtual Jui@. The concept of virtual CNC enable the prediction

and optimization of the mutaxis response of machine tools to various command trajectboes.

virtual CNC implementatiorwhere a feed dre dynamistypically needs to be identifiddom limited

field data[70][73], as done irChapter 3high number of elements increase the number of unknowns

to search through.

In this chaptera new method to approximate the virgin curve is preskas shown irFig. 4.1. The
virgin curveis definedas the initial portion othe hysteresis curvén the presliding regimefor the
GMS friction model Approximation ofthe virgin curve automatally leads to deternming thepre-
sliding hysteresis curvihatis the doubled version of the virgin curé]. With the proposed methpd
instead of using I parameters to constitutbe virgin curvevia elementaktiffness 1Q) and force
contribution factors| () as done in thgypical modelformulation[43], a similar effect is captured by
theuse of only three pamgeters Following the approximation dhe virgin curvewith an analytical
function a multispring GMS presliding model can be extracted as showikio 4.1, which can be
used in proceeding tirgomain simulationsThe proposed approximation technique significantly
simplifies the parameterization of a GMS mowdile still preserving thenain strengthsef the GMS

approach
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Fig. 4.1. Approximation of 2N parameters.

The identification of a full GMS modekquires ¥ parameters. While estimating these parameters
(stiffness valuedD, and force contribution factors) can be done manually in a systematic manner,
there are some disadvantages to this procedure.
i)  The data capture frequency has to bey/vegh to be able to accurately characterize the pre
sliding motion
i)  Special heuristics are required to isolate only the virgin curve portion of the force versus
displacement graph, from-process data
iii)  Putting 8 or 10 unknown variable8 E 4,5) into a global search routine was implemented by
the author two years ago and was seen to demonstrate very poor convergence, unless an
accurate initial guess can be used, which again requires elaborate and robust heuristics (reason
ii).
On the other hah the proposed three parameter approximation has the following advantages:
i) Itis relatively easier to spot break away displacement and breakaway force in operational data.
Even if these numbers amet exactly determined, these can be extracted witplsir heuristics

and used as good initial guesses.
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ii)  High-resolution presliding data is not required, as the shape of thesllng regime is
determined just by one factor. By modulating the shape factor and the breakaway force and
breakaway displaceent, and observing the replication of the predicted axis output, the reduced
parameter GMS provides a formulation which is much easier and more robust to implement

using existing global optimization algorithms.

The remainder of this chapter is ongged @& follows. GMS friction model is briefly explained in
Sectiord.2 In Sectiord.3, the proposed parameterizatimethod is explained. Sectidmland Section
4.5 provideestimation results based on experimental dathcomparison with other friction models
(LuGre and fully parameterized GMfiction model3. Sectiord.6 presents the conclusion.

4.2.  GMS Friction Model Brief Introduction
As mentionedn Chapter 2there are N elementary spring block units and the forces of these elements
are added together to obtain the equivalent friction fdfoe.each element in the GMS model, two
phases of frictiorare considered, pigiding and sliding regimes, as seerFig. 4.2. When a certain
unit is sticking (in the prsliding regime), the state equation bistunit is

Qo .,

— Q‘
oy (4.1)

where'Ois the elementary friction forca,is the velocity andQis the elementary stiffness. Pskding
or sticking continues until the friction forc&) reaches the maximumvalie | § 0 , wherei 0
is the Stribeck friction and is the normalized sustainable maximum friction force (or sometimes
referred as Osaturatwoh!l | bexi r@Y¥ertadthagsshttbpsti
elementary blocK3ince this parameter designates the contributiofOdb the total friction forcéO.
When the system starts sliding, the sum of contribution factors equal to 1 (i.e. the total friction force
equals the Stribeck curvéjorthe sliding regime, the state equation is given by
(910 R O .
06 i Qb 0 | e h (4.2)
where0 is the attraction parameter which represents the rate at which the friction force follows the
Stribeck effect in sliding. The total friction force is obtained by adding the force outputs of all

elementary state model and including an overall viscous friction term (
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o)) oL , 0O (4.3)

Friction Friction F,,

force,F, 4  virgin curve force, F, s(v)

: Displacement, x Velocity, v

Xbr

— )

Fig. 4.2. Representation of prgliding (left) and sliding (right) regimes.

4.3.  Spline Approximation of the GMS Pre Sliding Characteristic

In the proposed approach, the GMS-gliding regime iglefinedvia only three parameters, hamely the
breakaway (static) friction forc& ) andbreakaway displacemen() valuesas showrnn Fig. 4.1 and
ashape factom), as illustrated irfrig. 4.3b. To enable virgin curve shape definition, irrespective of the
breakaway force andisplacement magnitudes, normalization is performed as shokig.id.3a and
Fig.4.3b. The normalized friction force artisplacemenaredefinedas’lO "0 'O andaf o @ .
The parametric approximation for these ditas is represented with the functioigdd andcfo ,
whereo, as explained in the proceeding, is the function parameter. Consequfratyd ' are the

first derivatives obfand (with respect ta.

Aiming to find a simple yet effective approximation for the GMS virgin curve data presented in
literature, such as if44] and [96], several analytical function were iteratively tried, including
parabolas, circle/arc equations, ellipse equations, and polynomials of various order. From these studies,
it was determined that d"4rder spline structure as shown in Eq(4.4), can be appropriat®©ther

curves such aB-splines can provide higher flexibility, but require more unknowrsotee bringing

the situation close to the original mesiégment GMS formation. The principal advantage of thé 4

order polynomial, together with the parameterization propasésl). (4.8), is that itallows for the

complete curve to be solved by the specification of a single variable, the shapetfactor (
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ago 606 060 006 0o O

‘ , ' m oo Y (4.4)
M 606 66 606 06 O

Above, 0 7,0 7,0 7,0+, andOy arethe polynomialcoefficients which arefixed for given

shape factorg() (i.e. these coefficients are uniquelyteteninedby £). 0 is the spline parameter afd
is the spline parameterupperbound i s i mportant to mention that

as will be demonstrated in the proceediivgeeds to be selected based on the chosen shapetfactor

The midpointof the spline is obtained via the following equations

o oo 006 00 66 0o O B
,Where 0 ™'Y (4.5)
b do 00 06 00 06 ©O

The proposed idea is to alter the geometry of the virgin curve approximation by shifting the coordinates

of its midpoint ¢f AQ as a function of the chosen shape faétoas shown irFig. 4.3b. Whenz ©
m of id © @ . Whent © p, of A © mip . The following linear relationships are used

for this purpose, which generate tiig A point along the red diagonal line shown in the figure:

of ™ ™ ™p thd ™ ™ ™p ¢ (4.6)
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Combining this with the initial and final boundary conditions illustrateBign 4.3b, which shape the

start and end values and slopes, and applying(E4$.and(4.5) leads to:
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A key parameter which defines the spline shape is the parameter Yahglequate choice of this
valuecan result in the spline shape to displagtuations, an inflection (i.e. loop), or a bulge outside
the acceptable envelope of normalized displaceraed force values. Therefore, it was found that for
different values of the shape factgra suitable value GiYneeds to be prassigned.

This assignment is made by sear chvaugy Viothe t he 6

following algorithm:

i) Scan possible values of the shape fagtor0 . 0 1 fér exam@e9ir200 steps).

ii) For eacht, try different parameter range vali®§103 é %, @ypically in 5000 steps of
logarithmic distribution).

iii) Eval uat e t he r es wkimatiomfpreach casegsing E4F)uThisstep appr
essentially evaluates 8 FO handd 8 FO.

iv) Compute the virgin curve approximatioefo A6 via Eq.(44)form 6 p.

V) Choose the smallest value™ffor the tested shape factoy such that the proposed curve

of6 ide  always satisfiethe conditionst  of pandmt "G p.

It was seen that choosirthe minimum parameter rang¥ helps avoid fluctuations or inflection

(looping). However, keepinyy'too small, especially far 1@ ywas observed to cause the curve the

bulge out of the boundsaf of pandm & p. Using the abovwemwaspbineéehr
parameter rang€Y ) determined for each possible shape factdrig shown inFig. 4.4a, with black

dots. In this data, two break points are obseryed: 1@ X vaRde ) w WY stays constant for

¢ ¢ (below the first breakpoint), then increases linearly with increasing shape facter. For

(beyond the second breakpoinity, displays quadratic growth. The general variationYothas been

captured with théollowing fitted expressions:
Qe & &
Y ¢ o8tpex cyrop BbETT &£ & (4.8)
LBV WP LITPR PO GG PG T Y@ohg & p

Evaluation of the expressions in £4.8) has been overlaid in color (red / green / cyarfjigi4.4aon

top of the individually computed optima values (black dots), thus verifying a close and successful
approximationThe calculation ofY via Eq. (4.8) can be regarded as an essential ingredient which
enables the proposed spline expression in4&4) to yield the desirable virgin curve shapes shawn

Fig. 4.3b.
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While researching the most suitable way to parametviaéh respect t@ , the minimgzation of various
objective functions was also considered and evaluated, such as the integral square of the second or third
derivatives of the profilesfand"(with respect t@d, as well as the integral square®@rQ o In the

latter,Q i (onY ' 0 écorresponds to increment in the arc length of the normalized virgin

curve, as a function of the increment in the spline pararfeéa€ompared to these other approaches
the methodology which led to E@.8) yielded the most successful result.

Hence, in computing a normalized virgin curve for a shape factahe following procedure is

followed:
i) The corresponding spline parameter range Y ¢ is deternned via Eq(4.8).
ii) O M RO handd M RO coefficients are solved via E@.7).

iii) Points on the virgin curve are evaluhis of6 o viaEq.(44)form 6 p.

In Fig. 4.4b, virgin curves from different experimental sources emeparedwith the proposed
parameterization approachm. all data setsO andw could be easily observedsually. Thus the

virgin curves have been normalized with respect to these factors. Two of the normalized virgin curves
in Fig. 4.4b are based on parameters taken ffé4] and[96]. The lasi{green colored virgin curves

based onmin-house builtall-screw drive experimental setughown inFig. 4.5. As can be seen, in

all cases, thgeometryof the normalized virgin curve can blesely captured with the proposasgline
approximation by determining a suitable shape factorAfter finding the shape factor and -de
normalizing the wigin curve (i.e., multiplying the vertical and horizontal data vith and w
respectively), the numerical data generated from the analytical curve can be used to construct a multi
spring GMS presliding model as illustrated ifrig. 4.1. Hence, the reduced parameter format

('O heo R helps quickly and efficiently parameterize and identify thesticing model. The muki

state simulation of friction then utilizes thesulting computed slip element stiffness vali@s gnd

force contribution coefficients ( , per[43][44]. Naturally, this approximation also does have some
limitations, and may not always succeed in exactly capturing all possible virgin curve shapes.
Nevertheless, it provides a highly efficient and intuitive definition ef pihesliding response, and

promisingly so far it has been successful for the reported and tested data sets.

4.4.  Friction Parameter Identification Based on Experimental Datafrom Ball -Screw Drive
In this section, after introducing the experimental setup useddata collection, parameter

identification results using the setup are presented.
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4.4.1. Experimental Setup

To validate the proposed approximation, a sirafis baltscrew drive setup was usdeid. 4.5). The

ball-screw is THKBNK-2020 driven with 8 kW Omronservo motoy which has 3000 r/min rated

speed and 20it incremental encoder. The baltrav drive has 0.02 m diameter a@d2 m lead. The

ball-screw has oversized ball and preload torquatedbetween 2x186i 9.8x10% Nm. In thesetup, the

table position is directly measured with a linear encoder at a resolution of 10 nm (by interpdlating 4

period sinusoidal signglsThe gui deway system consists of f ou
bushings. Hence, the main contributors to the observed friction originate from therballpreloaded

nut interface, the rotational bearings located inside the motor, and those supgherba@iscrew.

®
-
-
®
.
.
-
L]

Fig. 4.5. Ball-screw drive.

Position measurements of the axis wgaghered in opefoop using the scheme shownhiy. 4.6.
Inertia and viscous friction coefficients were identified udiegst Squared.§) technique following

the methodology ii18]. Total equivalent inertial{ and viscous damping ( values are identified as
7x10% and 1.1x16 kgn?, respectively. The amplifier and motor torque constants are 2.3293 A/V and

0.41 Nm/A, respectively. Also, transmission gain (s 3.18 mm/rad.

- A I

Current n?mi&%anr)cgsturbance

. ynamics
Amplifier T Tg )
u .
—» K, ! > K; L —>J1-B ® =1? 0 =rg;>
Control T 3 Actual
Input Mot.or . Inertia and. Position
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Fig. 4.6. Ball-screw drive opethoop scheme.
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4.4.2. ldentification Results

The hysteresis virgin curves obtained using the proposed GMS parameter identification methodology
have been congred to those measured experimentally. To obtaislmtng data, the balicrew was
excited with small and slowpeed sinusoidal toug inputs (with amplitudearound 0.143m and
frequency 0.35 Hz This torque amplitude is the threshold befsignificant sliding is observed.
Various amplitudes of torque inputs are applied until thedza#w drive reaches the gross limit of the
pre-sliding regime.This enables the identification of three unknowns: the breakaway (static friction)
force (O ), the beakaway displacemend( ), and shape factog ).

—Actual response
Virgin curve selection

=
—
[$)]

Friction Force [Nm]
o

©
—_—

5 1 . . . L
-100 -50 0 50 100
Displacement [um]

Fig. 4.7. Measured praliding virgin curve construction.

A sample hysteresis curve is plotted as show#ign4.7. Following[46] and[52], the virgin curve can

be determined by halving the ldfand branch of the full hysteresis curve (shown in the figure with the
orange dashed line). In this work, this approach is used to izistlaé virgin curve from experimental
data, typically against the response prediction from the identified model.

In the experiments, displacement and torque command signals were collected via a dSpace system at a
sampling frequency of 20 kHz. Displacemavas measured using the linear encoder scale. A high
sampling frequency was used to ensure clear andraggiution data collection. Five seconds of data

was gathered from the experimental setup for different excitation amplitudes. While applying the
auomated identification algorithm, 75% of the data was used. In numerically evaluating and visualizing

the effectiveness of the estimated friction model, 100% of the data was used.

65



* Estimation —— Stribeck fit

Torque [Nm]

-200 -100 0 100 200
Velocity [mm/s]

Fig. 4.8. Stribeck fricton model fit.

Before focusing on the piiding behaviour, the viscous friction and Stribeck friction properties were
identified. Stribeck friction wamodelledwith the following equation:

o i Qb "OQ Op Q , (4.9)

where’Oand Oare the static and Coulomb friction forces. and0 are thevelocity constants that
shape the spacing between thegiging and sliding regionsdentification of these was accomplished
by operating the feed drive in closkxbp position control, and taking the average of the motor torque
readings during different steady state velocities, similgl8). The fitted sliding friction model,
superposed on top of experimental readings, is showigid.8. The model parametermsstimated via
Matl abés nonl i ne a rthe staiafriction® o 0.20 N ansthe ICoaulemb fritiore :

is 0.18 Nm.Velocity constants are p& gnm/s and) T& unm/s.

As shownin Fig. 4.4b (ball-screw drive virgin curve approximation), the stling portion of the

GMS model can be fitted by observing the breakaway force and breakaway displacement from
experimental data, and adting the shape factor manually. A key advantage of the reduced parameter
GMS model isits ease of identifying the piding response with a lower number of unknown
variables, which leads to a more efficient identification problem. To estimate theedepa@ameter

GMS model in an automated manner, which can later be extended to also concurrently identify other

dynamics (such as various eleeimechanical transfer functions whichteract with the friction),

i mpl ementati on has b esegiobal r optianization etablboXOg].i DiffprentMat | a b &
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algorithms, such as global search, msttirt search, particle swarm, and genetic algorithms, can be

used. Here, the prested results are based on the global search mgkipd

Suitable lower and upper boundare considered for the free variablé® fo Ft). Boundsfor
breakaway force and breakaway displacement can be determined by inspecting the data, and also from
experience. Bounds for shape factor are set asiOM®9. For each candidate parameter set, the
response of the feed drive model showRimn 4.6, combined with the GMS friction model (containing

both presliding and sliding (i.e., Stribeck) behaviors) is simulated for the same torque input applied to
the atual experimental setup. In the simulations, the number of Maxwell slip elements has been chosen
as 10. Since this has no impact on the number of search parameters, higher quality simulation can easily
be accomplished by interpolating a larger number dhgpelements as needed from the analytical
approximation of the virgin curvdeveloped in the previous section. For each element to be able to
transition seamlessly between jstaling and sliding regimes, based on the tested breakaway force
value, the Stbeck model was also scaled so that the static friction vaiecfincided with the

breakaway force'©Q ), and the Coulomb friction valu&dj was also modulated proportionally.

The objective function to be minimized penalizes the root meaaresad the prediction error between
the simulated displacement profit® § and the experimentally measured displacementds defined

below:

03 O o R O 64RO ®an a Qi (4.10

Automatic identification of the prsliding friction parameters was carried out with two different sets

of data. In the first set, the input torque was set just below the typically observed breakaway threshold
(0.143 Nm). Thus, the response was predominantlygticing. In the second set, realized with3B81

Nm excitation amplitude, the breakaway threshold is exceeded further, enabling a more evident mixture

of presliding and sliding regimes to be observed.

Test I Predominantly pre-sliding response

Table4.1 shows the visually observed and automatically estimated frictiesligieg parameters. The
corresponding input torque and displacement data are presentad. ih.9, both related to the
experimental data and the identified model. As seeffahle 4.1, the automatically estimated

breakaway torque (0.142 Nm) matches guglosely the visually measured value (0.143 Nm). The
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breakaway displacement (853.5) is estimated with around{8n (13%) difference as 74{8n. As
seen inFig. 4.9a, the shape of the experimentally measured virgin curve, constructed with the halving
procedure if52], is very close to the response generated by the automatically fit model.

Table4.1. Three parameter search results.

Estimated manually Estimated Automatically

(by inspection of the data) (via global optimization)
Breakaway force Q) [Nm] 0.143 0.142
Breakaway displacemenb() [{ m] 85.50 74.80
Shape factorg() - 0.56

—— Reduced parameter GMS friction model

—Actual response o ]
----Reduced parameter GMS sliding portion
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a Virgin curve approximation. b- Hysteresis curve approximatior

Fig. 4.9. Experimental presliding identification results.

There is also good agreement when the hysteresis curve is constrigtddb shows the doubled
version of the virg curve approximation. As can be seen, thaaVshapeof the hysteresis curve is
matched reasonably well by the model. One difference is that while the experimental setup is mostly at
pre-sliding regime and only a very small amount of sliding occut® {+n), a larger amount of sliding

is predicted by the model (6 { m, shown with the dashed black limeFig. 4.9b). Since even very

small difference in predicting éhsliding behavior can lead to noticeable discrepancy due to double
integration from the acceleration to the position profiles, the presence of this mismatch at the moment
is not a major concern. The main point demonstrated is that the proposed redacedgydormulation

for GMS can indeed be used in automatic model buildilagurally, due to mechanical imperfections,
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the complex kinematics and contact mechanics in thesbadw and preloaded nut interface, it is
difficult to expect the experimentalggonse to fully agree with the analytical model. Nevertheless, the

registered results in the pséiding regime are promising.

In Fig. 4.10 andTable4.2, thefeed drivé® s e x p eresponse, rand dtd predicticonsideringhe
redwed parameter GMS friction modareshown In addition to displaying the excitation torque and
position profilesFig. 4.10 shows the error of predictiodefined a2 @ « As seenthefeed drive

model considering the GMS fricticatiynamics displaysloseagreement with thactual response. In

the literaturethe GMS model has been shown to provide much higher prediction accuracy compared
to otherfriction models such as LuGre, Dahl, Stribecknd Coulomb etcThe added benefit of the
proposed contribution is that by using the reduced parameter approach -shidipgeportion of the

GMS model can now be identified more expediently, by solvimgval number of parameters in order

to accurately simulate the friction.

—Actual response
—— Reduced parameter GMS friction model
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o
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2 3 45 0 1 2 3 4 5
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Fig. 4.10. Reduced parameter GMS friction model performance while the setup issthidine
regime.

Test 2 Mixed pre-sliding and sliding response
Fig. 4.11 shows theprediction resulivhen the experimental setup undergoes consecutiveligieg

and sliding regimes\s seen imable4.2, due to the presence of more significant sliding piresliction
accuracyachieved by the GMS based model is less than that of the earlier test. However, aBigeen in
4.11, the GMS friction model identified through the proposed reduced parameter approgwldsill

a certain level ohgreemenin the open loop position respons&en during sliding.
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Table4.2. Prediction Error RMS.

GMS

Presliding Position Prediction RM&rror (MAX) [t m] 54 (132)

Sliding Position Prediction RMS Error (MAX} ] 820 (1244)

— Actual response
——Reduced parameter GMS friction model
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Fig. 4.11. ReducegarameteGMS friction model performance while the setupligrnating between

pre-sliding andsliding regime.

In Fig. 4.12, torque versus velocity is shown this case. There is good agreement between the actual
response and the estimated model around theligiag regime. However, after 1.8 mm/s (when
sliding behaviour is more dominant), there is an under estimation of friction, which leads to over
prediction of the velocity by the reduced parameter GMS model. In falfpwesearch, this problem

can be tackled by running a second iteration of optimization wéilh includes the Stribeck and
viscous friction parameters into the search space in conjunction with tekdang parameters.

Nevertheless, the experimental results demonstrate that improved prediction of friction behaviour,

containing presliding and sliding regimes, can be achieved in a simplified and efficient manner, with

the proposed reduced parameter formulation for the @&M8n model.
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—Actual response
——Reduced parameter GMS friction model
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Fig.4.12. Torque against the velocity for actual and model responses.

4.5.  Experimental Comparison with Different Friction M odels(LuGre and full GMS)

So far, in this bapter, the identification and feasibility of the new approximation technique has been
explained with the experimental data collected feoball-screw setup for both pigiding and sliding
phases. To further analyze the identified reduced order GMS jyrephifically in closedoop, a
comparison study, with respect to other friction modelsprissentedin this section. Firstthe

experimental setuis presentedlhen, comparisoresults are discussed

M Moving stage
2= | Permanent magnets
@ M Linear scale

Fig. 4.13. Linear drive setup.
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4.5.1. Experimental Setup

As shown inFig. 4.13, the experimental setup usasironless ETEL (ILM0606-3RB-A20C) linear

motor for actuation Additional components include Heidenhain (LIP 518C) encoder, linear
guideways(THK SHS15LV), andt he | i near mot or 6s magbawmtwasc tr ac
collected fronthe Heidenhain ecoder,at a sampling frequency of 6 kH2ortion ofdata used in this

section are collected together with a visiting graduate student Mr. Rens Slenders from Eindoven
University of Technology.

4.5.2. Comparison Sudy using ClosedLoop Control

Three differenfriction models wereonsideredor the comparison stdy: i) Coulomb ii) LuGre and

iii) GMS friction modesk. For the last friction model, GMS parameters were first identified considering

thetime domain approach commonly used in literature, in which the virgin curve was consisicted

piecewise linear sgments[52]. The results from thiglentification approackwvi | | be ciall ed ¢
multiplel i n e ar ,anctie medel tedponse obtained using the parameter idetitifi technique

proposed in tis thesiswi | | be cdallded ed G parametaraédentficalion procedure

of the other twdriction modeskis briefly explainedn the proceeding

Coulomb friction parameters were identified with the methqulaémed in[18] along with the rigid
body dynamic parametersh& Coulomb frictionvaluesfor postive and negative directions were

identified asQ ¢ XN. The rigid body dynamic parameters were obtained as¢ kg ando
P G kg/s.

The parameter identificatiofor the LuGre friction model, which was explainedGhapter 2 was

conducted according to the procee explained in[60]. A pseudo random binary sequence (PRBS)

signd up to 00 Hz andcan amplitude level of static friction is used to obtain an FRF measurement

The amplitude level waset to behe breakaway force, whichctuatedhe linear dive until the setup

reached thgrosslimit of the pre-sliding regimeln order to model Stribeck frictiori (v ), the linear

drive was movedback and forthfor constant velocity trajectories arte disturbance state was

estimated using Kalman filter[18]. Disturbance ghalswer e aver aged for each ve
fminconfunction wasused to fitthe Stribeck model given ikq. (2.3). The StribecKriction model fit,

as well as th&RFfor the fittedfeed drive withLuGre model ba=d on identified parameters ateown

in Fig. 4.14.

72



* Estimation = —— Stribeck fit — Experiment
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Fig. 4.14. Stribeck friction model fit (left) and LuGre friction model fit (right).
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Fig. 4.15. Presliding hysteresis curve fit against experimentally constructedljlieg curve.

To accomplish the closddop response tests,FaPI positionvelodty cascade controller with 30 Hz

crossover frequency and 8phase margimasdesigned. Control parameters were tuned according to

the procedure mentioned [88]. The gneral schematic of-Pl controller is given irFig. 2.10. The

controller does not contain any feedforward action. After obtainingdiomeain data fronthe linear

drive, different friction structuresvere embeddedwithin the PPl c as c ad e controll ed
simulation modeto compae prediction errordn Fig. 4.15, both of the fitting methods are shown. On

the left, presliding hysteresiscuevs i dent i f i rmeuliplewiitnte ad GMd® gment 6 and
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O0GMS educed paramet er 6 r e gradictiosresalts obtaibeel widifferemt . Co mp
friction models in timedomain are shown iRig. 4.16. In Table4.3, friction model parameter values

are givenPrediction error RMS valudsr each model are given Table4.4.

As can be seen fno Table4.3, the Coulomb friction is identified d® = 27 N while Static friction

value (O obtained is 56 N. Both the LuGre and GMS models obtained using a combination of linear
segments have the same static friction force. However, thig ditiers for the reduced parameter

GMS friction model, which was estimated automatically via global optimization. In this case, this value

is around 62 N. As mentioned in the previous sections, to avoid discontinuous transition from pre
sliding to sliding the breakaway (static) and Coulomb friction forces are scaled. Also, there is around

O9tm (17%) difference for bredknauway ptiiespli aecame rste

O0GMS educed parameter 6.

Table4.3. Friction parameter values for different friction models.

Stribeck friction model LuGre friction model (I3i|'§1/|esallr. sl\gglrtrigst GMpi:;E}g?:rced
Coulombi 27 [N] Asperity 2.2e+03| Breakaway: 56 Breakaway 62
friction ('O stiffness [N/mm] force i [N] force (O RO [N]
G) ('0 O
Static friction{ 56 [N] Micro- 2e+04| Breakaway; 44 Breakaway 53
('O viscous [Ns/mm] | displacement [t m] displacement [t m]
friction (, ) (w) (w)
Stribeck 5.75 Viscous 122 Shape factoi 0.38
velocity factor | [mm/s] friction [ka/s] &)
©) (. hB)

As shown inFig. 4.16, the actual (i.e. experimental) position response is compared against the feed

drive dynamic model responses that contain the various friction models. RMS and MAX values of the
prediction errors (difference between actual position response and modetipn¢@ire given imable

4.4. As can be seen, the LuGre 6 GME& I t i pl e |l i nearicsedmead 6paramet
have about 14%, 18%, and 34% |&34S error than the Coulomb friction model, respectivélye

di fference beitrnweedeunc etdh ep adGME e lr ©i mina [0iGriMSar s e g
prediction is attributed to the two different identification schemes used in estimating the parameters.
Manual fittingwasimplemented irthe 6 G MiSmultiplel i near s e g nignbyanuallyp r oac h

selected points the operoop presliding dateand canectingthesepoints using lineasegments. On
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the other hand, thrggarameterglobal optimization was performed as discussed earlier in this chapter

for the identification of the reduced parameter model.

—— Actual response

—— w/ Coulomb friction model w/ GMS reduced parameter
—— w/ LuGre friction model w/ GMS multiple linear segment
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Fig. 4.16. Comparison of different friction models.

Table4.4. Error of prediction RMaluesfor different friction models.

Discrepancy in Servo GMS T Multiple GMST Reduced

Error Prediction Coulomb LuGre linear segment Parameter
RMS error 10.92 9.39 8.97 7.14
(MAX) [t m] (99.67) (95.46) (78.82) (71.58)

As shownin Fig. 4.16, in general, both in terms of RMS and MAX valudgge GMS friction models

result in better prediction accuraciés.the zoomedn section (onthe bottomright) of Fig. 4.16,

comparedtéheL u Gr e fri cti on mod eilmyltipelhien enax vad mentod

prediction error HoweveirmuladGMSI e | i ne aighergpredictioa capabilitys h o ws

terms of MAX valueataround 0.8 gon the topright), also registered imable4.4. Overall,the GMS

friction models, obtained using bhoparametrization approaches, compared to LuGre and Coulomb

friction models, show better predicti@ecuracies
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4.6. Conclusion

A new method for approximating the GMS friction model during thespding regime has been
developed. Using this approximatiaige stepping the complexity of parameterizing a complete GMS
friction model (with multiple slip element stiffness and force contribution factors), one can capture the
essential preliding characteristics with only three parameters. In the context teisydentification,

this greatly simplifies the parameter search problem. Once the three parameters: breakaway force,
breakaway displacement, and shape factor are identified, a classical GBliSipgemodel consisting

of individual stiffness elements wiitheir own force contributions can be constructed.

It is shown that the three parameter model can successfully appromaaeperimental prsliding
data reported itwo earlier GMSstudies in literature, and alioe predliding characteristic of adil-

screw drive system located in our lab.

The feasibility ofusing theeduced parameter GMS friction model is further analyzéuclosedloop
controldatabased ora linear motor feeddrive available irthelab. In the results, it is shown thixe
GMSiTreduced @padandeMdBpldl i near s e g shew high predictibre | s
capability, especial |l y Taredocechpdramet@rl onostasvgd betterv er s a |
prediction results compared foll GMS model constructed by manuallgentifying multiple spring

elements This is mostly due to the simplification realized in the identification process due to the
reduction of the number of unknown parametei@wever,to drawa final conclusion regarding the

performance analysis betweerotwethods, morstudies are needed
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Chapter 5
Joint Estimation of ClosedLoop Dynamics with Reduced Parameter GMS

Friction Model

5.1.  Introduction

The idea of VCNC is to have virtual modelstbé feed drives such that necessary corrective actions
can be taken ahead of time without making any physical changesatctual systemn obtaining the
feed drive dynamic model using a classical way (i.e. betiprapproachxeveratime- and frequency
domaintesting procedureare usedThe mle-search methodyresentedn Chapter 3overcoms this
issue byidentifying the virtual dynamianodelusinga minimum amounbf datg typically without
interfering with the productionor causingdowntime tothe machine tool. This seardgpproach as
proven by experimental and simulation resulias shown to ba robustand successful estimation
technique while also achievingmaller prediction errocompared to using a conventional approach
with full LS solution As mentioned beforénowever this method has some limitations. One limitation
is the degradation opredicton accuracy in th@resence o$ignificantstick-slip frictionin the actual
system especiallyat velocity reversalscornersand quadrantdAs a resultthe identified model may
show discrepancies from itphysical counterpart inreplicating thetrackng and contouring
performanceTo circumvent this issueftar the polesearch algorithmthe friction dynamics can be

refined further with a model which displays better fidelity than the Coulomb friction approach.

In this dhapterthe reduced parameter GMS friction model, introducedhapter 4is integrated with

the identification of the tracking and disturbance transfer functions, as proposed by the method in
Chapter 3 This integration is explained in Sectiét The corresponding experimental results are
demonstrated in Sectioh3. In Section5.4, a generalized form of the identification procedure of
Chapte 3is presented for the mudithput multi-output case, with the capability to also capture vibratory
dynamics through the consideration of high order transfer function entries in the overall system model.
This extension was realized in the graduate thesis of Ms. Ginette Tseng (MASo@raadrsim the

core methodology introduced i@hapter 3 Section5.5 evaluatesthe integration of the reduced
parameter GMS model with the multivariable identification approach, studying two different cases: a
positioning system with rigid body dynamics, and a positioning system withiddiéxibility. The

conclusions for this clpter are presented Bection5.6.
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5.2. Reduced Parameter GMS Friction Model Identification with Linear Transfer Function
Estimation

As mentioned inChapter 3an approximation of th€oulomb frictionmodelis usedin the virtual
estimation procesd his friction model may not adequately predict the positioning errors, especially at
velocity reversals, corners and quadrafite main reason is the dominaméeresliding dynamicin

the lowvelocity portions Toincrease the fidelity aheestimatedeed drivemodel| a dynamic friction
model such as the Dahl, LuGre or GMS maxeibe incorporatecdHere as one of thenost upto-date
friction modek, the GMS modelis used. Furthermore, the reduced parameter form of GMS developed
in Chapter 4s utilized to improve the efficiency and convergence of the identification problem.

The proposed identification procedure is showfim 5.1. Step 1 consists of the pole search method
outlined inChapter 3 This identification is conducted using higblocity motion, so that the friction
effects on the positioning errors are minimal, and therefore the linear transfer functions, particularly
describing the tracking response, can be estimated more accubatelyg this initial step, an

approximate value for the Coulomb friction is also determined.

In Step 2, the identified trackind ) and disturbancé® ) transfer functions are fixed. Now, the

three GMS friction model parameters: thedkaway force™Q ), breakaway displacemenb () and

shape factorg(), are identified. For the sliding portion of the GMS model, in order to avoid a high
number of unknowns, the Stribeck characteristic is ignoredasna constantalueit is set o the
breakaway force. The influence of viscous friction, on the other hand, is already represented within the
poles of the estimated transfer function as damping. The data set used in this case contains slow speed

motion and as many velocity reversalgassible.

During Step 3,in order to account for any suiptimality caused by the sequential fitting procedure,

and also in an effort to obtain a better fit in spite of omitting the Stribeck effect, a last round of
optimization concurrently modulates alentified pole, zero, and GMS model fi@ing parameters.

This step has been carried out with the slow speed data, to ensure most accurate replication of the
systembs response. Depending on the expsgeed ed o0p:¢

data can also be used.

I n the implementation of tstaitandgiobakseaach digorphmeveed ur e,
used. As pointed out ii®7], finding the global minimum is not guaranteed. In Steps 1 and 2, in order
to increase the likelihood of obtaining a global minimum, the approach followed is to start with the
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multi-start search, and then use the solution identified as the starting pointdioaksgarch algorithm.

Step 3 directly uses the result of Step 2 to initiate a global search.

X, (Cos2t+CiS+C)S [+ o g+ X
sstasztasta;) i+ s i
Command Response d,s i q E,'( d

S +asz+tastay |1 7 vl Lot

Step 1 Scaled Disturbance .
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Friction

force, Ff Approximation
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Fig.5.1. Proposed integratddentification procedure.
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5.3. Identification Results

The datawascollected fromthe x and yaxes of thés-axis machining center shown Hig. 3.2. The
motions were generated by commanding these axes in recursively increasiimijedk linear
displa@ments in alternating direction, thus generating a motion profile resembling amyphinyiiey

sine waves in xand yaxes. The individual axes were tested independently.
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Prediction with pole-search method
—— Actual response
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Fig.5.2. Pole search resglfor x- and yaxes (after Stepl).

Table5.1. Identified values usinthe pole-search methad

w{HZ] 0. [Hz] i
X -axis 11.66 32.29 0.49
Y -axis 16.55 37.52 0.27

The mle-search lorithmin Chapter 3vasusedto constructhevirtual feed drive modeber Step 1.
The resulting response and estimated pole locatayesshavn in Fig. 5.2 andTable5.1. As seerfrom
Tableb5.1, thex- and yaxes have similar dynamics, as discusse@hapter 3Consideringrig. 5.2,

the tracking error is well predicted with around 1% error.

In Step2, the estimatedracking and disturbance transfer functions are fiaed tte global search
estimates the reduced parame®MS friction model.Fig. 5.3 showsthe model prediction, and the
comparison with the earlier result of Step 1. The experimental data determined usimeatheed
(encoder) signaand t he CNCOs c o mimblwedcela The feet jdive tlypamig
response using the Coulomb type friction model estimated from Stepdvis in green, arttie model
prediction obtaineavith the reduced parameter GMS maqaster Step 2, ishownwith red. It can be

seerthat theerrorof predictionis reduced, particularly during velocity crossings.
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— Command —— Model with Reduced parameter GMS
—— Actual response —— Model with Coulomb friction
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Fig. 5.3. Estimated ¢ed drive dynamic model responsdth Coulomb and GMS friction mode(Step2).

The dentifiedreducedparametelGMS model parameteege given inTable5.2. The RMSandMAX
valuesfor the error of predictionas well aghe relativeimprovementsachievedare showrin Table
5.3. The Coulomb friction coefficiestof x and yaxes obtaned in Stefl are the normalized friction
values for positive and negatid@ections. Similarly, the breakay forces obtained in this Step 2 have

also beemormalizedas the breakaway friction force, as formulated below,

O Wy (V@) (5.1

Table5.2. Three parametdeMS frictionidentification results for xand y axes §tep2).

-4 ool m
X axis 357.94 23.8 0.91
Y axis 452.07 16.5 0.76

As seerin Table5.2 for the yaxis, the estimated normalized breakaway foi©e)(is 94units (21%)

higher compared to theaxis. This is an indication of higher friction force cayis. In addition, while

analyzing the data collectdbm the 5axis machine tool, it wagbservedhat themovements of the

x-axisoccurredearlier tharthey-axis (i.e. more timavasneeded fothey-axis to break away all pre
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sliding springs and reach the sliding pha3ég lreakaway displacement is 23.81 and 16.5 m for

X- and yaxes, respectivelyAs seen inrable5.3, compared to the dynamic response represented with
only Coulomb friction (Step 1), noticeable improvement is achieved in the RMS and MAX values of
the error of prediction, by migrating to the model with the reduced parameter GMS friction dynamics
(Step 2). In the saxis, RMS and MAX values are reduced by 9.386 19.6%, respectively. In the y

axis, RMS and MAX values are reduced by 23% and 13.3%.

Table5.3. Prediction error RMS antlAX values forx- andy-axes (Stef2).

Discrepancy in Servo Coulomb GMS Improvement
Error Prediction

X axis tracking error: RMS 1.52 1.37 9.71%
(MAX) [t m] (6.57) (5.38) 19.63%

Y axis tracking errorRMS  1.91 1.47 23.04%
(MAX) [t m] (8.05) (6.94) 13.34%

In Step 3, thepoleand zergarameters of theeéd drive dynamics obtained in Stepnd the reduced
parameter GMS frictio model parameters obtained itef2 are further refingdby simultaneously
includingall parametesinto the search spada this stepbased onthe three candidatarametersor
the reduced parameter GMS friction model, melément stiffness and contribution factase
extractedFollowing the construction dghe full GMS friction model, gnilar to Step 1, disturbance and
tracking regressom@ecomputedo construct &S subproblem. Heretheonly difference from Step 1
is the generation dhedisturbance regressor based ondaerdidateGMS friction mode| rather than
Coulomb friction.From the candidate pole locationsS solutionfor the numeratorcoefficientsis
achieved. AfterwardRMS error ofthe difference between actual ambdelpredicted tracking error
is evaluated, for use by the global search algorithm

Sinceduring Step 1 thelisturbanceénput was modeled as Coulontipe friction, thisis expected to
generate slight variations in tltracking and disturbandeansfer function parameteis. Fig. 5.4, the
position responsgservo errorard the discrepancy in servo error predictions for the two axes are
presented. The identified parameter valaes given inTable 5.4. RMS and MAX values for the
discrepancy in servo error predictions fmth friction modelsandthe finalrelevant improvements

obtained going from Steptd Step 3aregiven inTable5.5.
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Fig. 5.4. Estimated feed drive dynamic model responses thaCoulomb and GMS friction models
(Step3).

Table5.4. Refined polesearch anthe GMS friction parametergor x and yaxes (Step3).

-{Hz] ©.[Hz] 3 4 ol m -
X -axis  14.94  29.58 0.38 | 32916  57.8 0.88
Y-axis  27.06  40.07 0.24 145473 59 0.43

As seen irFig. 5.4, especially ithezoomed in portion of error of predictipance the GMS friction
model is embedded into the virtual mod#ie prediction accuracysignificantly improves. This

improvement isnuch more visible for the-gixis, especially for short motions (up to 1 s®&¢ithin this
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region, since the y-axis operates under conditions in which {sl&ling is prevalent, the improved

dynamic model displays better accuracy.

In Table5.4, as can be seen, tipele parameters (pole, natural frequency and damping fei®
changed from Step.IThe breakaway force and shape factor are also slightlyrefifférom the
parametersdentified in $ep 2. A major change is observed in the breakaway displacenfremh 23

t m to 57{ mfor the xaxis Forthey-axis,thereal pole, the breakawaysgilacement, and shape factor
have also considerably changeffom 16to 27 Hz 16to 6 {m, and 0.76to 0.43, respectively.
Refinements required for theaxis, by switching over to theMS model, may have facilitatedese

changes.

As seen irTableb.5, as a result of te updated parameters iregt3, the RMS and MAX values tife
prediction error in the-axis are reduced by 12% and 28%, respectively. In the case ehiti® where
stick-slip friction dominance seems be greater, the improvements for the RMS and MAX values of

the prediction error are around 44% and 54%, respectively, compared to the prediction accuracies that
were obtained in Step 1. Thus, the value of integrating the reduced parameter GMS motlted with

newly developed topown identification strategy is clearly demonstrated.

Table5.5. Prediction error RM@ndMAX values for x and yaxes (Ste).

Discrepancy in Servo Coulomb GMS Improvement
Error Prediction

X axis tracking error: RMS 1.52 1.33 12.32%
(MAX) [t m] (6.57) 4.7) 28.48%

Y axis tracking errorRMS 1.91 1.06 44.20%
(MAX) [t m] (8.00) (3.71) 53.70%

5.4. High-Order M ultivariable Model Jointly Estimated with Reduced Parameter GMS
Friction M odel

In theearlier section, the reduced parameter GMS friction model was successfully integrated with rigid
body based tracking and disturbance transfer function identifisatfanwvever, this approach considers

only rigid body dymamics, whereas in machine tool, workpiece, and tooling assemblies, vibratory
response due to mechanical flexibility may also be prevalent. In the remainder of this chapter, the

integration of the reduced parameter GMS model with higher order dynamieestigated.
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This section introduces an extension of the methodolo@hampter 3o the highorder multivariable

case, which allows muinput multioutput (MIMO) linear timeinvariat (LTI) models of generalized

feed drive control system and mechanical assemblies to be identified. This extension was accomplished
in the mast er 6s [99] and publshediffLO0OMIdere, tlesmain fprmulation and
implementation steps are summarized. AfterwaBastion5.5integrates the reduced parameter GMS
friction model with the MIMO estimation technique. The first step is validation of the correctness of
the implementation, by considering only the rigid ypatynamics. In the second step, sequential
identification of the vibratory dynamics and a Gi§§e friction model is investigated.

Fig. 5.5. MIMO feed drive dynamic model coupled with friction dynamics.

TheMIMO modelstructure isshownin Fig. 5.5. Here, the generalizexhdscaledinear dynamics, |,

is interconnected with the friction model. Whileimplified Coulomb friction assumption is first made,
similar to the approach taken@hapter 3after solving the identification of the parameter:ﬂ-afhich
implicitly contain the Coulomb friction magnitude, friction dynamics is replaced with the reduced

parameter GMS model, following the same procedure as shown in Step 1 and Stap 2.1n

ConsideringFig. 5.5, = 0 representsthe scaled reference signal (e.g. position, velocity, or
accelerationcommands = O representshie disturbancenput(s) (such as friction and process
forces) » «are the scaled outputstiich can represent signals such as position, velocity, acceleration,
control signal, motor current, servo regulation error or any other adtaitrelatedynanically to the
inputs). The MIMO system responsen be expressed scaled and unscaled forms as:

i 0i 0 Scaled dynamics
(5.2)

Ca

G {0 WOiw 0i Unscaled dynamics

Above,w andw are the scaling matriceScaling enables the transfer function fits across multiple
i nput and output channels to be weighted in a
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