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Abstract

Thermal errors in precision machine tools represent one of the most dominant adverse

in
uences to the geometric accuracy of manufactured parts. Recent research has focused

primarily on the thermal error compensation of 5-axis machine tools, while lathes and

especially Swiss-type lathes have received much less attention. The thermal behaviour of

Swiss-type lathes is, however, notably di�erent in many aspects and presents many new

unresolved challenges. These include, for example, di�ering error magnitudes at di�erent

tool positions and no existing methods for an in-process thermal error measurement. To

address these and many other issues, the presented thesis develops a new comprehensive

approach for the thermal error compensation of Swiss-type lathes.

A principal novelty introduced in this thesis is the new on-machine measurement method

based on the torque limit skip function in the lathe's control. As opposed to 5-axis

machine tools, that are typically equipped with a touch-trigger probe for the measurement

of thermal errors, Swiss-type lathes usually do not have any measurement system for

this purpose. The presented work demonstrates that the torque limit skip function can

achieve a repeatability of� 1 � m and can be used reliably to measure thermal errors

without the need for any additional measurement equipment. The torque limit skip

based measurement is implemented by probing with a torque limit skip probe clamped

in the tool holder against the side of the lathe guide bush. This facilitates the possibility

of probing at the end of each part cycle after the parting-o� process, thereby keeping a

constant track of the thermal error.

This thesis develops a probabilistic compensation strategy based on Gaussian Processes,

which provides a point estimate as well as an uncertainty estimation for the thermal

error. The basis of this strategy is the user-de�ned maximum allowable uncertainty

threshold, which is a measure of the user's tolerance for uncertainty in the thermal error

prediction. The principle of the threshold is that once exceeded, the compensation model

updates its hyperparameters based on on-machine thermal error measurements to re
ect
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the current thermal boundary conditions of the lathe. The new compensation model,

which combines the torque limit skip based measurement with the probabilistic Gaussian

Process prediction, is titled the `Adaptive Gaussian Process' (AGP) model. A variety of

thermal cases are examined, including those common in Swiss-type lathe manufacturing,

such as the warm-up procedure and the process interruption due to a machine door

opening. The presented results illustrate that the model predictions improve signi�cantly

with the imposed threshold as opposed to predictions without it.

A signi�cant challenge addressed in this thesis is the extrapolation of the compensation

value from the position of the torque limit skip measurement to other tool positions on

the Swiss-type lathe. Due to the complex structure of the lathe and uneven temperature

distributions on tool holders, di�erent tool positions exhibit di�erent magnitudes of

thermal errors. This thesis develops a multiple tool-center-point compensation based

on GPR-o�set models and temperature sensors placed at tool positions to achieve the

extrapolation.

Finally, this thesis combines all the above-mentioned methodologies to compensate a

new thermal test-piece for Swiss-type lathes. The thermal test piece consists of di�erent

diameters, such that each diameter is machined by a di�erent tool, and therefore carries

the thermal error from that tool position. The machining cycle for the test piece also

necessitates the use of driven tools, which induce a signi�cant amount of heat into the

tool holder and the machine structure. The errors of the test piece are signi�cantly reduced

by up to 90%, validating the compensation methodology presented in this thesis.
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Zusammenfassung

Thermische Fehler in Pr•azisionswerkzeugmaschinen stellen einen der wichtigsten negativen

Ein
•usse auf die geometrische Genauigkeit der gefertigten Teile dar. Die j•ungste Forschung

hat sich vor allem auf die thermische Kompensation von 5-Achsen Werkzeugmaschinen

konzentriert, w•ahrend Drehmaschinen und insbesondere Langdrehautomaten weit weniger

Aufmerksamkeit erhalten haben. Das thermische Verhalten von Langdrehmaschinen

unterscheidet sich jedoch in vielen Aspekten deutlich und stellt viele neue, ungel•oste

Herausforderungen dar. Dazu geh•oren zum Beispiel unterschiedliche Fehlergr•o�en bei

verschiedenen Werkzeugpositionen und keine existierenden Methoden f•ur eine prozess

begleitende thermische Fehlermessung. Um diese und viele andere Probleme anzugehen,

entwickelt die vorliegende Arbeit einen neuen umfassenden Ansatz f•ur die thermische

Fehlerkompensation von Langdrehautomaten.

Eine der wichtigsten Neuerungen in dieser Arbeit ist die neue Messmethode auf der

Maschine, die auf der Funktion des•Uberspringens der Drehmomentgrenze in der Steuerung

der Drehmaschine basiert. Im Gegensatz zu 5-Achsen-Werkzeugmaschinen, die in der

Regel mit einem schaltenden Messtaster f•ur die Messung thermischer Fehler ausgestattet

sind, verf•ugen Drehmaschinen in der Regel •uber kein Messsystem f•ur diesen Zweck.

Die hier vorgestellte Arbeit zeigt, dass die Funktion des Drehmomentgrenzensprungs

eine Wiederholgenauigkeit von� 1 � m erreichen kann und zuverl•assig zur Messung von

thermischen Fehlern in der Gr•o�enordnung von einigen zehn Mikrometern verwendet

werden kann, ohne dass eine zus•atzliche Messausr•ustung erforderlich ist. Die Messung

auf der Grundlage des Drehmomentgrenzensprungs erfolgt durch Antasten mit einem

Bezugsk•orper, der im Werkzeughalter an der Seite der F•uhrungsbuchse der Drehmaschine

eingespannt ist. Dies erleichtert die M•oglichkeit, am Ende eines jeden Werkst•uckzyklus

nach dem Abstechvorgang zu messen und so den thermischen Fehler konstant zu verfolgen.

In dieser Arbeit wird eine probabilistische Kompensationsstrategie auf der Grundlage

von Gau�schen Prozessen entwickelt, die eine Punktsch•atzung und eine Sch•atzung der
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Unsicherheit f•ur den thermischen Fehler liefert. Die Grundlage dieser Strategie ist die

vom Benutzer festgelegte maximal zul•assige Unsicherheitsschwelle, die ein Ma� f•ur die

Toleranz des Benutzers gegen•uber Unsicherheiten bei der Vorhersage des thermischen

Fehlers ist. Das Prinzip des Schwellenwerts besteht darin, dass das Kompensationsmodell

nach •Uberschreiten des Schwellenwerts seine Hyperparameter auf der Grundlage von

thermischen Fehlermessungen an der Maschine aktualisiert, um die aktuellen thermischen

Randbedingungen der Drehmaschine widerzuspiegeln. Das neue Kompensationsmodell,

das die Messung auf der Grundlage des•Uberspringens der Drehmomentgrenze mit der

Vorhersage des Gau�schen Prozesses kombiniert, wird als `Adaptives Gau�sches Prozess'

(AGP) Modell bezeichnet. Es wird eine Vielzahl von thermischen F•allen untersucht,

darunter auch solche, die in der Schweizer Langdrehautomatenfertigung •ublich sind, wie

z.B. die Prozessunterbrechung durch das•O�nen einer Maschinent•ur. Die vorgestellten

Ergebnisse zeigen, dass sich die Modellvorhersagen mit dem auferlegten Schwellenwert im

Vergleich zu den Vorhersagen ohne Schwellenwert deutlich verbessern.

Eine wichtige Herausforderung, die in dieser Arbeit behandelt wird, ist die Extrapolation

des Kompensationswertes von der Position der Drehmoment Grenzwert Sprungmessung

auf andere Werkzeugpositionen auf der Langdrehmaschine. Aufgrund des komplexen

Aufbaus der Langdrehmaschine und der ungleichm•a�igen Temperaturverteilung auf den

Werkzeughaltern sind die thermischen Fehler an den verschiedenen Werkzeug Positionen

unterschiedlich gro�. Diese Arbeit entwickelt eine Kompensation f•ur mehrere Werkzeug

Positionen basierend auf GPR Versatzmodellen und Temperatursensoren, die an den

Werkzeugpositionen angebracht sind, um die Extrapolation zu erreichen.

Schlie�lich werden in dieser Arbeit alle oben genannten Methoden kombiniert, um ein

neues thermisches Pr•ufst•uck f•ur Langdrehautomaten zu kompensieren. Das thermische

Pr•ufst•uck besteht aus verschiedenen Durchmessern, so dass jeder Durchmesser mit einem

anderen Werkzeug bearbeitet wird und daher den thermischen Fehler aus dieser Position

des Werkzeugs tr•agt. Die Fehler des Pr•ufst•ucks wurden um bis zu 90 % reduziert, was

die in dieser Arbeit vorgestellte Kompensationsmethode best•atigt.
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Chapter 1

Introduction

Advances in technology across many industries such as aerospace, watchmaking, medical

etc. have resulted in the development of complex miniaturized mechanical components.

For instance, in the medical �eld of minimally invasive surgery, smaller components allow

for smaller incisions resulting in reduced pain and shorter recovery times for patients.

An example of one such component is the recently proposed bendable medical screw

for creating curved tunnels and �xing fractures in osteoporotic bones [3]. The novel

screw concept o�ers signi�cant advantages over the traditionally used cannulated screw

as it allows surgeons to treat speci�c conditions such as osteoporosis with a more precise

placement and �xation of the screws. The screw thread, steering head and self-tapping

edges are machined from a Nitinol rod and require tolerances in the order of micrometers

to ensure a proper �t and function.

Modern high-precision CNC machine tools are the ideal production technologies to meet

the strict demands on tight manufacturing tolerances of the high value components from

the above-listed industries, including the bendable medical screw. To ensure a continually

precise production, machine tool manufacturers must minimize many di�erent potential

sources of error: kinematic errors, thermo-mechanical errors, gravitational forces, chatter,

forced and free vibrations, geometrical inaccuracies etc. According to the research of Mayr

[61], one of the most dominant sources of error is the thermal error, which contributes

up to 75% of the total error on manufactured workpieces. Thermal error refers to the

relative o�set between the tool center point and workpiece which develops over time as a

result of complex thermal interactions between the machine tool's many heat generating,

transporting and dissipating components [77]. The goal of thermal error research is to

understand, quantify and mitigate the e�ects of temperature variations and resultant

thermal distortions on the accuracy of the machine tool. One approach to achieve this is
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thermal compensation: a knowledge-based strategy for the reduction of thermal errors of

machine tools that uses data such as values for temperature, displacement, power, load

etc. measured live on the machine tool to predict and compensate the thermal error at

the tool center point.

The goal of this thesis is to develop and validate a thermal error compensation methodology

for Swiss-type lathes. The Swiss-type lathe is a specialized turning machine of Swiss

origin with exceptional capabilities for high-precision machining. Among its many unique

qualities, it is especially adept at performing multiple operations such as milling, drilling,

and threading in a single setup to produce intricate parts such as the bendable medical

screw. Swiss-type lathes di�er signi�cantly from 5-axis machine tools, for which the

majority of thermal error compensation methods have been developed. For example,

most Swiss-type lathes are not equipped with any kind of on-machine thermal and/or

kinematic/geometric error measurement equipment such as a touch trigger probe or with

any kind of automatic tool exchange mechanism through which a measurement device

could be accessed and used. Swiss-type lathes have a complex non-symmetric structure,

making them especially susceptible to thermal in
uences, and at the moment, there is no

existing methodology for the thermal error compensation of Swiss-type lathes.

The motivation behind the presented thesis can also be viewed from another increasingly

important perspective in today's world: energy e�ciency. The machine tool industry is

of great economic importance for Switzerland: Switzerland is the world's eighth largest

manufacturer and the sixth largest exporter of machine tools and produces more machine

tools per capita than any other country in the world [92]. The machine tool industry in

Switzerland employs approximately 80 000 people, who live directly from the competitive

success of the machine tools produced in Switzerland and sold internationally [84]. At the

same time, the metalworking industry is also a major energy consumer and accounts for

around 68% of the industry's electrical energy consumption [80]. Machine tools consume

a signi�cant amount of energy via their high power components such as the spindle to

achieve high productivity and via their heating and cooling systems to maintain thermal

stability and precision. Additionally, machine tools usually require warm-up cycles up to

several hours long to be brought to thermal stability before production can start, which

consume a signi�cant amount of energy without any parts being produced. There is

therefore a clear con
ict between the need to increase precision and productivity and the

desire to improve a machine tool's energy e�ciency. According to the survey of Putz et

al. [74] among machine tool manufacturers, measures to maintain thermal stability and

precision always have priority over energy saving measures. Thermal error compensation

o�ers an e�ective solution to this dilemma: the amount of energy necessary to achieve

and maintain thermal stability can be reduced and the ensuing loss of precision due to the

growth of the thermal error can be counteracted with thermal error compensation.
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Chapter 2

State of the Art

The �eld of thermal error research in machine tools has its foundations in key historical

publications authored by Bryan in 1968 [11] and 1990 [12], Weck in 1995 [96] and Mayr in

2012 [61]. These publications serve as fundamental references in the �eld and collectively

highlight its principal motivation that thermal errors are one of the most dominant sources

of error in machine tools. A growing awareness of industry and academia of the relevance

of thermal issues is evident from the increasing number of publications, as reported by

Hern�andez-Becerro [31], from large basic research-oriented projects such as the German

SFB/Transregio 96 [87], a collaboration between universities in Aachen, Dresden and

Chemnitz, from collaborations between universities and industry, and from publications

directly from industry. This chapter surveys literature on the thermo-mechanical behavior

of machine tools and on thermal error measurement, simulation and reduction, with

particular focus on turning machines and Swiss-type lathes.

2.1 Thermal In
uences in Machine Tools

Thermal in
uences in machine tools refer to the various factors and e�ects related to heat

generation, transfer and dissipation within and around the machine tool. These in
uences

can be visualized in the thermal e�ects diagram in Fig. 2.1. Bryan [12] de�ned 6 distinct

thermal in
uences:

ˆ heat generated from the cutting process,

ˆ heat generated by the machine,

ˆ heating or cooling in
uence provided by the various cooling systems,
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ˆ heating or cooling in
uence provided by the room,

ˆ the e�ect of people,

ˆ and the thermal memory from any previous environment.

Figure 2.1: The thermal e�ects diagram, adapted from [15].

Thermal in
uences can also be classi�ed as either internal or external; internal in
uences

include mechanical friction in bearings, ball screws, and gear boxes, heat generated in

electrical components such as motors etc., and external in
uences which are the coolant

spray, the environment, the cutting process and personal radiations. Internal and external

in
uences are visualized in the thermal chain of causes diagram in Fig. 2.2, which describes

how the thermal error develops. During operation, machine tool components dissipate

power as heat which is transferred to the machine tool structure and working space via

conduction, convection and radiation. The transfer of heat results in both a spatial and
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uences in Machine Tools

temporal non-homogeneous temperature distribution in the machine tool structure and a

corresponding mechanical deformation of the machine tool's structural components. This

deformation subsequently directly causes the relative o�set between the TCP and the

workpiece, i.e. the thermal error.

Figure 2.2: The thermal chain of causes, adapted from [65].

2.1.1 Internal In
uences

The most signi�cant sources of thermal error in a turning machine are the spindle and

the linear axes, as described in an early work by Tseng et al. [89]. In a Swiss-type

lathe, additional driven tool motors also typically produce large amounts of heat. The

spindle is the main contributor to the total thermal error due to the large amounts of

heat from its high speed rotation. The main sources of heat within the spindle are the

power losses by the motor due to armature winding losses and armature and rotor core

losses; and frictional torques within the bearings due to the applied load and due to

the lubricant viscosity. The heat is then transferred to the ambient air, coolant and the

spindle structure via complex conduction and convection mechanisms. The total amount

of heat generated is in
uenced by the speed, the rated torque of the motor and the motor

e�ciency. Detailed analyses of the heat generation in a spindle can be found in the works

of Uhlmann and Hu [90] and Bossmanns and Tu [8]. The thermal performance of spindles

is typically modelled with �nite elements, such as in the highly cited work of Haitao [108].

The principal thermal errors of the spindle in turning are: (1) the axial extension in
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the Z-axis direction, (2) the radial thermal displacement, either horizontal in the X-axis

direction or vertical in the Y-axis direction, and (3) misalignment or `divergence' of the

spindle axis from its center (e.g. due to an unequal bearing temperature rise at the front

and back bearings). In a Swiss-type lathe production, if the cycle time per part is in the

order of minutes, then the axial error is not an issue, since a new reference is created

with each new part. However, long parts may be susceptible to cylindricity errors. The

divergence is very di�cult to compensate, and therefore the main error of interest is the

radial thermal displacement, since this directly in
uences the diameter of the part.

The main cause of thermal errors originating from the linear axes is the thermal expansion

of the ball screw due to frequent fast moves, heavy-loaded cutting or heat transmission

from external sources. Especially long ball screws with static tool holders located at the

opposite end of the motor can cause signi�cant thermal errors. According to the research

of Min [69], no comprehensive thermal model exists for the ball screw feed drive system

that can be used to predict its thermal properties. As a result, many di�erent predictive

models exist in the literature, such as �nite element models [69] [81], moving thermal

network models [53], and many more.

2.1.2 External In
uences

Coolant, also referred to as `metal working 
uid' (MWF), is a signi�cant thermal in
uence.

Cutting processes are often performed with coolant for many reasons: to dissipate heat,

reduce friction, extend the lifespan of the cutting tool, prevent poor surface �nish and

evacuate chips from the working space. Mayr et al. [62] demonstrated that the thermal

behavior di�ers signi�cantly between dry and wet cutting conditions. The e�ect of cooling

was also studied by Kizaki et al. [48] who con�rmed that while the time constants of

the thermal error remain approximately constant, the magnitudes in all axis directions

change.

The environment is another major external factor a�ecting the accuracy of machine tools.

The environmental temperature can vary signi�cantly during the day and the night cycle,

especially in non-climatized production halls, but also during the yearly seasonal cycles,

during which it may be impacted by heating in the winter. The temperature of the

environment and of the machine itself can also be signi�cantly a�ected by radiation from

the sun. Spatial variation of the environmental temperature can also play a role especially

in the vertical direction - rising hot air can cause a temperature gradient between the top

and bottom parts of a machine tool. The in
uence of shop 
oor conditions including

day-night temperature variations and events such as opening of the hall door next to the

machine tool or opening of the skylights were studied by Mayr et al. [66]. Mayr et al. [64]

also investigated the impact of environmental temperature 
uctuations in the frequency
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domain. The �ndings revealed that speci�c frequencies ampli�ed thermal errors, leading

to the introduction of the concept of the thermal resonance frequency. Through the

implementation of isolation materials to modify the machine tool's interactions with the

environment, the authors successfully reduced the amplitude of the thermal errors.

Finally, the cutting process itself is a major source of heat as it warms up the tool and the

workpiece and generates hot chips which in turn warm up the machine structure in the

working space. As pointed out by Horej�s et al. [33], a majority of compensation models

are developed under load-free conditions and do not include an evaluation of thermal

errors under machining. The authors therefore proposed to superpose two compensation

models to predict the thermal error: one calibrated with an air cutting experiment and

the second calibrated with the di�erence between the prediction from the �rst experiment

and the measured errors on a thermal test piece. The in
uence of people on thermal

errors has not been investigated so far.

2.2 Temperature Measurement

Temperature measurement is a fundamental aspect of thermal error research because it

provides a direct insight into the spatial and temporal thermal behavior of the investigated

machine tool. The measurement of temperature can either be classi�ed as contacting or

non-contacting. Contacting measurement typically refers to temperature sensors while

non-contacting to infrared cameras.

One of the most common means of obtaining temperature measurements from various

points of a machine tool are platinum-based resistance sensors (Pt100, Pt1000). The

main advantages of using these sensors is their high precision and linearity over a wide

temperature range. Sensors are commonly mounted at temperature sensitive locations,

i.e. near heat generating elements such as the motors or bearings. The temperature of the

surrounding environment is also typically monitored with at least one temperature sensor

depending on the size of the machine tool and the con�guration of the shop 
oor. Other

types of sensors are for example: negative/positive temperature coe�cient thermistors,

thermocouple sensors or quartz thermometers.

An alternative to sensor measurement is the use of infrared cameras, which can be used

to monitor the temperature distribution on the surfaces of machine tool components. An

infrared camera captures the infrared radiation emitted from the surfaces and uses an

infrared sensitive sensor such as a microbolometer to detect the intensity of the infrared

radiation of each pixel to generate the thermal image. The use of infrared cameras is

much less common in the literature as the measurements can be adversely a�ected by

several factors such as emmissivity, re
ections, humidity etc. This is shown in Fig. 2.3
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where the left half of the vertical axis is covered with an adhesive tape, which leads to

an emissivity coe�cient near to one, while the right metallic surface is left uncovered and

re
ects the radiation of the cooler surroundings.

Figure 2.3: Temperature measurement with an infrared camera with (a) a surface covered
with adhesive tape and (b) an uncovered surface of the housing. Adapted from [61].

As a result of these limitations, infrared cameras are typically used to capture the thermal

image of a single machine tool component, such as the ball screw or the spindle, rather

than the whole working space. For example, Chengyang et al. [103] used a thermal camera

to capture the thermal image of the front spindle bearing and proposed a compensation

model based on a convolutional neural network that combined thermal images with data

from temperature sensors from other parts of the machine tool. Abdulshahed et al.

[1] used a thermal camera to capture the temperature of a spindle. As opposed to

[103], the authors chose discrete points from the images as inputs to their compensation

model rather than the entire images. Heisel et al. [27] presented a method, based on

thermographic measurements, to calculate the thermally induced positioning errors of a

ball screw. In general, however, ball screws and other components can be challenging to

access with a camera due to the presence of the machine enclosure. Due to the mentioned

limitations, a majority of the surveyed works in this thesis use temperature sensors to

obtain temperature data.

An important aspect regarding the use of temperature sensors is the optimal placement

of these sensors on the machine tool. In the optimal sensor placement problem, the aim

is to choose sensor positions in such a way that the measurements contain the maximum

amount of information with regards to the subsequent prediction of the thermal errors

at the TCP. According to the review presented in [52], temperature sensors should be

installed close to the main heat sources and such that the temperature �eld of the machine

tool can be re
ected by the temperature of these sensors. Holub et al. [32] demonstrated
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how inappropriate positions of temperature sensors can lead to sub-optimal compensation

model predictions. The authors compared two sets of sensors: one set placed close to the

axes motors and the second on the outside of the machine tool covers - this led to a

di�erence of up to ca. 3.5� C in the temperature measurement and up to ca. 50% in the

thermal error compensation value. Optimal sensor positions can also be identi�ed with the

aid of model order reduction of the temperature �eld, as in the work of Herzog [28], and

solving the subsequent optimization problem with the thermal displacement at the TCP

as the objective. Nevertheless, engineers today still commonly place temperature sensors

on the machine tool based on their engineering judgement and individual experiences. The

more common approach to identify optimal sensor locations is to mount a high number

of temperature sensors on the machine tool and subsequently reduce their number by

correlation analysis or input selection techniques.

2.3 Measurement of Thermal Errors

Measurement of thermal errors is an integral part of thermal error research as it provides

a direct evaluation of the thermo-mechanical behaviour of the investigated machine tool.

In the context of thermal error compensation, thermal error measurements are used to

calibrate compensation models, verify their predictions, and recalibrate model parameters

if necessary. In the surveyed literature, publications are usually a combination of a speci�c

measurement setup and a methodology to compensate thermal errors. In the following

section, the focus is on the type of the chosen measurement equipment and setup.

2.3.1 International Standards

The International Organization for Standardization (ISO) has published a number of

standardized measurement setups for the thermal error measurement of machine tools.

The most relevant standards are the following:

ˆ ISO 230-3 (2020): Test code for machine tools { Part 3: Determination of thermal

e�ects [42],

ˆ ISO 10791-10 (2022): Test conditions for machining centres { Part 10: Evaluation

of thermal distortions [43],

ˆ ISO 13041-8 (2004): Test conditions for numerically controlled turning machines

and turning centres { Part 8: Evaluation of thermal distortions [40].

The most widely used measurement setups for thermal distortions are included in the ISO

230-3. The standard consists of 3 principal tests: (i) environmental temperature variation

error (ETVE) test, (ii) thermal distortion caused by rotating spindle, and (iii) thermal
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distortion caused by linear motion of components. ISO 10791-10 further contains a test

for checking the thermal distortion due to the motion of the rotary axis.

Environmental Temperature Variation Error Test

The environmental temperature variation error (ETVE) test is designed to measure the

e�ects of environmental temperature change; the machine tool should be powered up and

its axes in hold status and the test should be preceded by an appropriate warm-up period.

Figure 2.4 depicts the measurement setup for a slant bed turning centre, similar setups

can be found in the standard for a horizontal-spindle or a vertical-spindle machining

centre. The measurement setup consists of �ve displacement probes positioned against

a precision mandrel clamped in the spindle. The displacement sensors are mounted in a

�xture which is securely �xed to a non-rotating tool-holding component of the machine

tool; the setup measures three linear and two tilt errors.

Figure 2.4: Measurement setup for the ETVE and rotating spindle tests. X1, X2, Y1,
Y2 and Z are the 5 displacement sensors. Legend: 1: ambient air temperature sensor, 2:
spindle bearing temperature sensor, 3: test mandrel, 4: linear displacement sensors, 5:
�xture, 6: turret, 7: chuck. Taken from [42].

Rotating Spindle Test

The setup is similar to the ETVE test with the exception that non-contacting displacement

sensors must be used so that the measurement can take place during the rotation of the

spindle. The speed pro�le of the spindle should be speci�ed as either a variable speed

spectrum or a constant speed as a percentage of the maximum speed. The test measures

the X0C, Y0C and Z0C location errors and A0C and B0C orientation errors.
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Linear Axis Motion Test

This test is carried out to identify the e�ects of internal heat generated by the machine

positioning system and by guideway friction. The test measures the thermal drift at 2

positions along a machine linear axis due to the elongation of the machine scales. The

positions should be chosen close to the end points of travel and be approached from the

other target position. The standard lists three examples of typical measurement setups:

(i) with two �xtures with �ve linear displacement sensors each, and a test mandrel

mounted in the spindle, (ii) with one �xture with seven displacement sensors mounted in

the spindle, and two target blocks, (iii) with a touch-trigger probe and two target blocks.

Detailed equations for each measurement setup can be found in the standard.

Rotational Axis Motion Test

This test is carried out to identify the thermal distortion generated by the machine tool

rotary positioning system observed between the workpiece and the tool. The test indicates

the amount of change in the position and orientation of the rotary component at four

angular positions. A precision sphere is mounted on the rotary component with a radial

o�set from the axis of rotation. A linear displacement sensor nest holding three sensors is

mounted at the opposite end of the structural loop to measure the displacement between

the tool and the workpiece side of the machine tool at the sphere centre.

2.3.2 Measurement on Turning Machines and Swiss-type Lathes

Many di�erent thermal error measurement setups have been researched on 5-axis machine

tools and vertical machining centers. The number of publications addressing measurement

and compensation of turning machines and Swiss-type lathes is signi�cantly lower. The

most commonly used measurement techniques are laser interferometers and displacement

sensors, while touch-trigger probes and other instruments are less common.

Laser Interferometry

Laser interferometry is used to measure the thermal error of a single axis or alternatively

the error of a reference object in a single axis direction. Measurement with a laser is

regarded as the most accurate means of measuring one degree of freedom in machine

tool building, stated by Bleicher et al. [7]. Laser interferometers are used commonly to

measure the thermal elongation of the ball screw shaft.

Feng et al. [17] analysed the thermal expansion of the ball screw shaft under the in
uence

of friction heat. The authors used a laser interferometer and measured the thermal error

against a moving element on a table of a vertical machining centre. The ball screw was

warmed up by reciprocating motion at a feed rate of 2000 mm/min along its full length
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of 800 mm. Measurements were taken every 50 mm and the error reached its maximum

after 140 minutes. There are many other works in the literature with similar measurement

setups, i.e. in which the thermal positioning error of the ball screw is measured at discrete

times and positions under di�erent thermal load cases of moving the linear axis, such as in

the works of Shi [81] or Fines [18]. Alternatively, the laser measurement can be performed

directly against the ball screw nut such as in [53], although this is not always possible

due to the presence of the enclosure or other components. The laser can also be mounted

directly in the working space of the lathe to measure the thermal error at the TCP due

to a combination of thermal in
uences. For example, Lin et al. [54] mounted a laser

displacement meter onto the lathe turret to measure the Z-axis o�set of the spindle.

Other laser based methods include the laser ball bar [83] or the Laser Tracer [35].

Displacement Sensors

Among displacement sensors, non-contact sensors such as inductive/capacitive probes or

eddy-current sensors are the most common, as they enable the measurement of rotating

components where contact measurement is not possible. Hao et al. [102] identi�ed key

thermal error modes on a horizontal turning center: 1) the incline of the spindle due to

the temperature di�erence between the front thrust roller bearing and the rear angular

contact ball bearing, 2) the radial error due to the fact that the front bearing is restricted

from moving in the axial direction, 3) the radial error due to the expansion of the X-axis

ball screw, 4) the bending and expansion of the machine bed. The authors mounted

a displacement sensor on the cutter rest and measured the thermal drift in the radial

X-direction. The load cycle consisted of running the spindle at 4500 rpm for 50 minutes,

pausing the machine for 10 minutes, then restarting at the same speed for 1 hour and

stopping. The work was continued by Guo et al. [25] with the same experimental setup

but a di�erent load cycle. The authors simulated a cutting cycle with a speed of 4000

rpm, feed rate of 3 m/min to move the slides but without an actual part. The machine

ran for 3 hours, followed by a 1 hour cool down cycle, and the cycle was then repeated.

The authors applied a regression-based compensation model and achieved a reduction

of the radial thermal error of ca. 85%. The drawback of this measurement setup is

the presence of the displacement sensor, which would not be feasible during production.

Furthermore, the pre-calibrated compensation model would gradually lose accuracy as

the time constant and amplitude of the warm-up would change, requiring a re-installation

of the sensors. The same criticism holds for all subsequent works that use displacement

sensors in turning machines or Swiss-type lathes for thermal error measurement.

Another highly cited yet already somewhat dated publication is that of Yang et al. [107].

The experimental setup consisted of two capacitance sensors mounted on the tool turret

to measure the spindle and origin drift in the X- and Z-directions. The authors reduced
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the number of required sensors to only four to capture the four distinct thermal error

modes of the machine: 1) base bending mode, 2) base expansion mode, 3) X-axis ball

screw expansion mode, and 4) spindle column expansion mode. The authors modeled the

thermal error as a superposition of 3 distinct thermal error modes with corresponding

mode shapes and time constants: (i) e�ect of coolant, (ii) e�ect of spindle, (iii) e�ect

of moving the slides. The authors achieved a similar reduction in the thermal error of

the diameters as in the works discussed above in this section. However, experience from

current research shows that such a linear decomposition is usually di�cult to implement

for more complex machine structures and for more complex thermal load cases other than

a simple warm-up.

Wang et al. [95] investigated a Swiss-type lathe and measured the Z-axis thermal errors

of the main and counter-spindle with eddy current displacement sensors. Test conditions

used for modeling and veri�cation were designed to simulate real cutting cases and

consisted of changing main and counter-spindle speeds and tool holder feed rates every 10

minutes. Two di�erent sets of such conditions were devised, one for training and another

for validation. The authors applied compensation via a neural network but only on a time

sample of one hundred minutes or less.

Ouerhani et al. [72] developed a thermal error measurement setup for a Swiss-type lathe.

The authors �xed a bracket to the tool holder next to the main spindle and attached to it

two contact axial probes to measure the radial errors in the X- and Y- directions, as shown

in Fig. 2.5. The authors modelled the warm-up behaviour due to a constant spindle speed

with four di�erent machine learning models. A reduction of 90% was reported, however,

the thermal loads in the training and validation cases were very similar.

Mare�s et al. [60] investigated a turning-milling center and applied longer thermal loads

of up to 45 hours. Eddy current sensors clamped in a measuring �xture mounted on

the milling head were used to measure thermal errors against a precision mandrel in the

turning spindle using an ISO 230-3 setup. The authors claimed to achieve a successful

transfer of their compensation model between machine tool types and a successful model

validation for out of range calibration.

Many other works in the literature include very similar measurement setups with sensors

measuring the thermal error in the radial and/or axial directions from one tool position

in the tool holding turret against a mandrel clamped in the spindle. The thermal load

cycles are also relatively similar in most cases and consist of a warm-up and/or cool-down

due to spindle rotation or linear axis movement and usually last only several hundred

minutes, i.e. the experiments are performed within a single day.
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Figure 2.5: Thermal error measurement setup on a Swiss-type lathe using displacement
touch probes. The touch probes are attached to a bracket which is �xed to the adjacent
tool holder and measure the thermal errors in the X- and Y-axis directions relative to a
ruby ball �xed in the spindle.

Touch-trigger Probe

Measurements with a touch-trigger probe are much less common on turning machines

and Swiss-type lathes. Tseng et al. [89] attached a touch-trigger probe to the turret of

a lathe and measured errors in the radial and axial directions. The authors performed

machining tests on S45C medium carbon steel and the work is thus one of the few where

thermal errors in a turning process were compensated online during machining and on

machined material. The speci�c dimensions of the workpiece are not speci�ed but the

cutting was performed at a �xed feedrate, depth of cut and rotational speed. The image

of the measurement setup with the touch-trigger probe is also not provided. The authors

proposed a compensation model as combination of linear and exponential functions. The

model was calibrated on the machining cycle but without machining and by measuring

against a precision mandrel. The authors demonstrated that a model calibrated with air

cutting can compensate the thermal error on a machined workpiece.

Test Pieces

A test piece for determining the working and positioning accuracy of a lathe can be

found in the standard VDI 2851 Blatt 2 [91] from the Association of German Engineers,

in German Verein Deutscher Ingenieure (VDI). The test piece is used to examine the

performance of a lathe in terms of geometrical accuracy when it operates under load
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conditions. Furthermore, ISO 13041-6 [41] speci�es a series of cutting tests under �nishing

conditions on cylindrical test pieces to check for circularity, consistency of machined

diameters, 
atness of surfaces perpendicular to the spindle axis etc. However, these test

pieces do not provide any way to di�erentiate between geometrical and thermal errors.

Other publications on thermal error measurement on thermal test pieces suitable for lathes

have not been found in the literature.

2.3.3 Measurement on 5-axis Machine Tools

From a thermal point of view, the major di�erence between a turning and a 5-axis machine

tool is the rotary table and the location of the workpiece on the table. Due to the presence

of the two additional rotational axes, a 5-axis machine tool has a more complex kinematic

chain and a larger number of geometrical and thermal errors. This sections aims to provide

an overview of the most important dynamic in-process measurement setups focused on

capturing the thermal errors of 5-axis machine tools.

R-Test

Popular measurement techniques are those based on the R-Test of Weikert [100], originally

developed for position and orientation errors of the rotational axes of 5-axis machine tools,

with di�erent variations proposed since then. Mayr [68] extended the R-Test with two

additional displacement probes to capture the thermal distortion caused by rotating the

main spindle in up to �ve directions from one measurement position. Ess [15] developed

the discrete R-Test which consists of a master ball clamped at the table and the R-test

sensor nest �xed via a tripod in the spindle and measures the position errors (EX0C

and EY0C), the perpendicularity deviations to the linear axes (EB0C, EA0C) and the

positioning accuracy (EC0C). Gebhardt et al. [21] extended the discrete R-Test for

rotational axes by including the axial and the radial growth (EZ0T and ER0T) of the table

surface. Zimmermann [111] further extended the R-Test to capture the error separation in

the Z-direction by including a 90° orientation of the table in the measurement cycle.

Brecher [10] proposed the dynamic R-Test, which measures thermal errors continuously

along a measurement path and can capture all volumetric errors. A drawback of the test

is its long duration of approximately 10 minutes, during which the thermal characteristics

of the machine tool can change. Bitar-Nehme and Mayer [5] developed the Capball, an

R-Test type device with �ve non-contact sensors mounted in the tool holder and a four

ball artefact with a reference bar mounted on a machine's table; the measurement setup

was also applied in [94]. Another variation of the R-Test was proposed by Ibaraki and

Hong [36] to evaluate the thermal errors due to the motions of the rotary axes.
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Touch-trigger Probe

The working principle of a touch-trigger probe is based on a thin stylus with a ball at

the tip that is used to touch a part and trigger a signal when contact is made. Blaser

[6] developed an in-process measuring method with the touch-trigger probe to determine

the thermally induced position and orientation errors of the rotary axis. The method is

based on the touch-trigger probe clamped in the spindle measuring against a reference

precision sphere mounted on the edge of the rotary table. The position of the precision

sphere is determined by measuring at 5 points on the surface of the sphere. To determine

the position and orientation errors, the position of the precision sphere is measured at the

four angular positions C = 0°, C = 90°, C = 180°, C = 270° of the rotary table, as shown

in Fig. 2.6. The measurement cycle was further extended by Zimmerman et al. [114], who

measured the sphere position at 10 di�erent table orientations, including the rotation of

the second table rotary axis. This allowed the authors via homogeneous transformation

matrices to separate and compensate 15 axis speci�c errors. The main advantage of the

touch-trigger probe is that it can be stored in the tool exchanger and therefore used for

in-process measurement. Equations as speci�ed in [15] can be used to evaluate the errors

X0C, Y0C, Z0T, R0T, A0C, B0C, C0C.

Figure 2.6: To determine the position and orientation errors of a 5-axis machine tool with
a touch-trigger probe, the position of the precision sphere is measured at the four angular
positions C = 0°, C = 90°, C = 180°, C = 270° of the rotary table.

Test Pieces

The main purpose of thermal test pieces is to evaluate thermal errors on machined parts.

Wiessner et al. [101] developed a thermal test piece, which visualizes errors in X-, Y-

and Z-directions as well as two additional angular errors and the material expansion error

of the test piece, as shown in Fig. 2.7. Ibaraki and Okumura [38] developed a test

piece with slots to evaluate the machine tool distortion in the axial direction of the tool.
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Furthermore, Ibaraki and Ota [37] developed an additional pyramid shaped test piece for

5-axis machine tools. These three thermal test piece geometries are included in the ISO

10791-10 [43]. Lang [49] also evaluated the in
uence of coolant on the thermal errors of

a 4-axis thermal test piece.

Figure 2.7: Thermal test piece for 5-axis machine tools. Left: surfaces to evaluate the
thermal error in the Z-direction. Right: Facets for evaluating the thermal error in the X-
and Y-directions.

Mare�s et al. [59] machined a thermal test piece from an aluminium alloy and investigated

the thermal error in the axial Z-direction. The experiment consisted of machining 10

columns of tool imprints on a rectangular test piece �xed on the table. The machine tool

was thermally excited via a step-wise increasing spindle speed and movements along the

Z-axis, with the machining taking place every 2 hours. The authors proposed a model

based on transfer functions and achieved a thermal error reduction of 92% on the machined

work piece.

2.4 Reduction of Thermal Errors

Di�erent classi�cations exist for the many di�erent methods used to counter the thermal

in
uences outlined in Sec. 2.1 and reduce thermal errors. One such classi�cation is based

on Fig. 2.2 and distinguishes between the minimization of causes and the reduction of

e�ects. The classi�cation used in this work divides the counter-measures into design-based

and operation-based. Design-based measures imply enhancing the design of the machine

tool and its components to be resistant to thermal errors. Operation-based measures are

enacted during the operation of the machine tool and imply the use of either resources or

knowledge to achieve the reduction of thermal errors. Resource-based measures involve

the use of additional resources such as cooling and air-conditioning or warm-up cycles to

achieve thermal stability. Knowledge-based measures aim to reduce the thermal errors

without the utilization of additional energy and resources. Knowledge-based approaches

are often based on data from the machine tool and apply countermeasures by control or

by existing auxiliary actuators.
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2.4.1 Design-based Measures

Design-based measures refer to speci�c design features incorporated into the construction

of the machine tool to reduce temperature variations and minimize the impact of thermal

errors. In some cases, design-based measures are tightly intertwined with resource-based

measures: many works propose to implement di�erent kinds of advanced cooling systems

for critical components such as the spindle and ball screws (design-based measure) which in

turn lead to the consumption of additional coolant 
uids (resource-based measure).

Materials with low or negative coe�cients of thermal expansion should be selected for the

structural components of the machine tool. The machine tool bed is typically made from

cast iron which has a low coe�cient of thermal expansion. Authors have also investigated

the use of polymer concrete and its e�ect on thermal expansion. For example, Haddad

et al. [26] compared di�erent samples of polymer concrete with di�erent resin volume

fractions. With the optimal resin combination, the authors achieved a reduction of 47%

in the coe�cient of thermal expansion compared to the worst combination. Materials such

as CFRP (carbon �bre reinforced plastic) can exhibit a negative expansion coe�cient in

the direction of its �bres and can therefore be used to counter the positive expansion of

other materials. Kato et al. [47] investigated the application of CFRP to several machine

tool components and demonstrated that CFRP-structured machine tools suppress thermal

errors, despite exhibiting mechanical anisotropy in thermal deformation compared to

conventional machines.

Machine tools should be designed with a symmetrical structure to evenly distribute

the thermal expansion, although achieving perfect thermal symmetry is unattainable.

Machine tools can also be equipped with additional heat redistribution mechanisms to

accelerate this process. For example, Voigt et al. [93] proposed the addition of heat pipes

to a machine tool design to redistribute heat through storage and transport to achieve

a more uniform temperature distribution within the machine tool structure. Grama et

al. [23] developed a model for the dynamic control of the cooling system such that the

rate of heat extraction matches the rate of heat generation. Xu et al. [104] investigated

di�erent liquid-cooling systems within ball screw systems. The authors demonstrated

through theoretical models and practical experiments that using water, coolant oil, light

oil, and cutting oil as coolants signi�cantly reduces thermal deformation and temperature

rise, with forced water cooling achieving temperature equilibrium most rapidly.

Other measures include for example: isolating heat generating components, installing heat

shields or thermal barriers, placing dominant heat sources and sinks, such as motors and

transmissions, further from the machine tool structure etc. An extensive overview on the

thermo-energetic design of machine tools has been compiled by Gro�mann [24]. The role

of 
uid elements in machine tools is discussed by Wegener et al. [98].
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2.4.2 Operation-based Measures

Increasingly sophisticated design features and additional resources to maintain thermal

stability come at an increasingly higher cost to the customer. As reported by Denkena et

al. [14], the average power consumption of cutting machine tools has increased drastically

in the past decades and the reduction of cooling and cutting 
uid supply could decrease

the energy demand signi�cantly. According to Gontarz et al. [22], depending on the

machine type and operating condition, the machine's internal cooling units alone can be

responsible for up to 25% of the machine's total electrical energy consumption. According

to Wegener et al. [97], and also from the perspective of energy e�ciency, the amount

of energy introduced into the machine should be minimized. The increasingly popular

strategy to counter thermal errors and increase the energy e�ciency of machine tools is

therefore to shift from design- and resource-based measures to the reduction of e�ects via

knowledge-based measures such as thermal compensation.

The various approaches to reduce thermal errors based on the knowledge of the machine

tool can be visualised in the morphological box diagram from Wegener et al. [97] as shown

in Fig. 2.8. The column `Modelling' outlines the di�erent strategies for the reduction

of thermal errors. The modelling approaches with physical �eld equations, reduced

physical �eld equations and thermobalance models, can be classi�ed as `physics-based

compensation models' as they consider the underlying physics in the model structure.

Phenomenological and AI models are what is usually called `data-based compensation',

as they are based purely on a grey/black box structure and not on any complex underlying

physics. Physics-based models are with some exceptions still in a majority of cases

implemented o�ine. Data-based models require a much lower computational e�ort and

can therefore predict and compensate thermal errors at the TCP with live measurement

data from the machine tool and external sensors. The approach developed in this thesis

is indicated in Fig. 2.8: it uses temperature measurements to build an AI model and axes

of the machine as the actuator technology.

Physics-based Thermal Error Compensation Models

Physics-based models, in particular the physical �eld equation and the reduced physical

�eld equation models, are typically implemented in the form of simulations. Simulating

thermal errors of machine tools involves the development of thermo-mechanical models

of the whole machine tool assembly and the interaction with the surrounding external

in
uences. An alternative approach is to simulate the thermal-mechanical response of

individual machine tool components such as the ball screw [81] or the spindle [70]. For

example, Mori et al. [70] applied the Taguchi method and FEA to identify the optimal

lathe headstock structure to minimize the thermal displacement of the spindle center
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Figure 2.8: Morphological box for model-based mastering of thermal e�ects [97]. The red
arrows indicate the path taken in this thesis.

position. However, these simulations investigate the thermal response of a single machine

component, without considering how the interaction between the di�erent axes of the

machine tool in
uences the overall thermal error. To evaluate the thermal error at the

TCP, the thermo-mechanical model of the whole assembly is required.

Thermo-mechanical models of machine tools are based on discretizing the heat transfer

and elasticity equations. Heat transfer equations compute dynamically the temperature

distribution of the machine tool, while the stationary linear elasticity equations describe

the mechanical response of the system, where the temperature distribution is introduced

as a thermal strain. Numerical methods, such as the �nite element method or the

�nite di�erence method, discretize and solve numerically the system of partial di�erential

equations by converting them to a system of ordinary di�erential equations [15].

Researchers have developed dedicated simulation environments for the computation of

the thermo-mechanical behaviour of machine tools based on �nite elements. Mayr [68]

developed the �nite di�erence element method (FDEM) to e�ciently compute thermal

errors, as shown in Fig. 2.9. Mayr introduced a substructure approach of the system

output, and thus reduced the computational e�ort to compute orientation errors and

TCP displacements. The thermal errors were calculated for the whole working volume

for linear and rotary axes. Ess [15] developed the Virtual Machine Prototype (VMP),

a software in which di�erent bodies representing the machine tool axes are connected

through simpli�ed models of the machine elements. Mayr et al. [64] used VMP to

investigate the e�ect of the environmental temperature 
uctuations on a 3-axis machine

tool and de�ned the concept of the thermal resonance frequency since certain variations

of the temperature in the frequency domain maximized the thermal error.
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Figure 2.9: Schematic of thermal FEM [15] (left) and FDEM [68] (right).

The drawback of discretized thermo-mechanical models of machine tools is their large scale

due to geometrical complexity, which requires a high computational e�ort. Alternatives

to full �eld equation models are models that induce some simpli�cations to reduce the

computational e�ort, for example reduced physical �eld equation models or thermobalance

models. Hern�andez Becerro et al. [30] proposed an approach based on model order

reduction (MOR) which e�ciently computes the thermal behavior of the machine tool in

the frequency ranges of interest. MOR projects the original model into a lower dimensional

subspace containing the most relevant information of the response of the system. The

reduction method is based on the Krylov Modal Subspace reduction, originally proposed

by Spescha [22] for the dynamic and static evaluation of machine tools. Hern�andez

Becerro [29] applied MOR in the software MORe [39] to a 5-axis machine tool, calculated

its thermo-mechanical response to 
uctuations of the environmental temperature, and

achieved signi�cantly faster computational times compared to �nite elements.

Data-based Thermal Error Compensation Models

Data-based models correlate input and output variables to build a compensation model:

outputs are the thermal errors at the TCP, and inputs most commonly the temperatures

of the machine components and around the machine structure but also other variables

such as the axis cooling power [63], power input from drives [50], cutting speed [51] or axes

feed motion loads [9] etc. are possible. A wide range of data-based thermal compensation

models have been applied in literature from simple regression models to complex neural
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networks. A comprehensive review on spindle thermal error compensation can be found

in the work of Li [52]. Yang et al. [105] emphasized that compensation models should be

dynamic, i.e. have a history dependency and consider the time series of measurements,

since thermal e�ects have a `memory', where the current thermal state is also in
uenced

by the previous. The authors pointed out that static models such as linear regression

[54], random forest [109] etc. have good interpolation capabilities but perform poorly in

extrapolation, i.e. against data unseen in the training phase. Models based on time-series

regression or neural networks with a feedback architecture are therefore preferable for

data-based thermal error compensation. Mare�s et al. [59] applied a dynamic model based

on discrete transfer functions to compensate thermal errors in three machine directions

X, Y and Z caused by spindle rotation and movements of linear axes. The model was

validated on a thermal test piece in a long-term validation test and achieved a 92%

error reduction in the Z-direction and also showed a signi�cant improvement over a static

multiple linear regression model. Gebhardt et al. [21] developed a grey-box di�erential

equation model to compensate thermally induced location errors of rotary/swivelling table

of a 5-axis MT. Ngoc et al. [71] applied a LSTM (Long Short-Term Memory) neural

network to predict 10 geometric errors of a 5-axis machine tool using the rotational B-

and C- axes power information as inputs to the model. Many more various LSTM-based

neural network structures have been proposed for the compensation of thermal errors such

as PSO-LSTM [19], VMD-GW-LSTM [56] or BiLSTM [57].

In many of the above mentioned works [19] [54] [56] [57] [109], authors report high thermal

error reductions but usually only on very short samples of a few hundred minutes and

a limited number of load cases. The long-term stability and robustness of these models

against data unseen in the training phase is unclear. In fact, as it is acknowledged now

by several authors [6] [13] [34], the performance of compensation models worsens over

time due to many factors (changes in ambient conditions, degradation of MT components

etc.) and purely data-based models must be periodically recalibrated with on-machine

measurements to maintain the accuracy of their predictions. Blaser et al. [6] developed the

thermal adaptive learning control, a closed-loop method based on �rst order di�erential

equations for the compensation of the rotary axis of a 5-axis MT. It was shown that

with periodical recalibrations of the model parameters, a signi�cant reduction of the MT

thermal errors can be achieved on a long term measurement of 96h. The methodology

was further enhanced by Mayr et al. [67] to handle an arbitrary set of sample rates.

Horej�s et al. [34] applied a compensation model based on transfer functions to a large

horizontal machining centre and achieved a signi�cant reduction of the thermal error

when recalibrating their model with on-machine measurements. The obvious drawback of

the model recalibration approach is that additional on-machine measurements to maintain

compensation model accuracy come at the expense of a decrease in the productivity of the
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MT. It is therefore important that models are only recalibrated when their performance

decreases below a certain level. This can be addressed, for example, by novelty detection

models that trigger model recalibrations autonomously when new conditions are detected

in the data, as introduced by Zimmermann et al. [112].

An important aspect of thermal error compensation with data-based models is the issue of

input selection, also referred to as thermal key point selection. As stated by Abdulshahed

et al. [1], a small number of sensors will lead to poor prediction accuracy, while a large

number may lead to over�tting and noise from too many sensors. Most commonly applied

methods to select model inputs are based on various types of clustering and correlation

analysis. Yang et al. [106] applied fuzzy clustering to group temperature sensors and

used the Pearson correlation coe�cient to select the most representative sensor from each

group. Thermal errors of the spindle, namely the axial elongation and the radial thermal

yaw and pitch, were compensated with a MIMO arti�cial neural network. A similar input

selection approach was taken by Liu et al. [55] who used fuzzy clustering in combination

with the grey correlation theory. Fuzzy clustering allows inputs to belong to multiple

clusters with varying degrees of membership and the grey correlation grade selects the

most representative input from each cluster while eliminating similarity between inputs.

The number of sensors was reduced from 27 to 5 and the error prediction model was

established based on multi-linear regression. Many similar approaches can be found in

the literature. The main drawback of these methodologies is that the input selection and

error prediction are two separate mathematically disconnected algorithms which may lead

to suboptimal predictions. Therefore, Abdulshahed et al. [2] proposed the Grey Neural

Network Model with Convolution Integral, which makes use of the similarities between

grey system models and arti�cial neural networks, and overcomes the disadvantage of

applying the input selection and model prediction individually. Zimmermann et al. [113]

combined the Group-Lasso for autoregressive models with exogenous inputs (ARX) and

the particle swarm optimization to optimize the model inputs, structure and parameters

simultaneously, and validated the model on a machined impeller [114]. The authors

further highlighted that the optimal model inputs may change over time as the thermal

boundary conditions also change, and inputs need to be reselected [110]. In summary,

a precise selection and reselection of model inputs in conjunction with a calibration and

recalibration of model parameters is necessary to ensure accurate model predictions over

a long time horizon of several days and beyond. It remains to be investigated if there

exists a saturation point in time beyond which a compensation model has learnt the entire

thermal behaviour of a machine and no longer needs to be recalibrated. To achieve this,

the entire thermal life of a machine lasting several years would need to be studied.
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2.5 Discussion of the State of the Art

Over the past decades, extensive research has been carried out in measurement, simulation,

and compensation of thermal errors of machine tools. Researchers have predominantly

focused on vertical machining centers and 5-axis machine tools and investigated the

thermal in
uence of all the major machine tool components (spindle, linear axes, rotary

axes). Di�erent measurement setups, thermal load cases and thermal test-pieces are

now included in the ISO standards. However, turning machines and especially Swiss-type

lathes have up to now been addressed very sparsely in the literature, in both measurement

and compensation. In the current state of the art, there is no comprehensive compensation

approach for Swiss-type lathes which would include an in-process measurement, a thermal

error compensation model, and a compensation for all the di�erent thermal errors. This

section addresses the di�erent de�ciencies in the state of the art regarding thermal error

measurement and compensation of Swiss-type lathes.

Lack of an In-Process Measurement Methodology for Swiss-type Lathes

There is no standardized and e�cient in-process measurement method for thermal errors

of Swiss-type lathes. Most authors attach displacement sensors to custom made supports

�xed to the tool holder to measure the thermal errors relative to a precision mandrel

clamped in the spindle. This method of characterization of thermal errors is impractical:

probes must be mounted manually, cables must be �xed carefully in the working space,

and additional custom supports need to be manufactured. Displacement probes are also

not suitable for in-process measurement during machining. The possibility for the use

of a touch-trigger probe is also limited: most Swiss-type lathes are not equipped with a

tool cabinet from which a touch-trigger probe or another measurement device could be

accessed with an automatic tool exchange mechanism. Installing a touch-trigger probe

in the working space is also uncommon due to the exposure of the probe to hot chips

and cutting oil spray. Furthermore, tool positions for the mounting of turning tools are

usually not designed for the clamping of a touch-trigger probe. Some larger and more

complex Swiss-type lathes are equipped with a rotating tool turret which could hold a

touch-trigger probe in one of its tool positions but more basic and prevalent Swiss-type

lathes, designed for the manufacturing of less complex parts, typically do not have a turret

at all.

Lack of Characterization of Thermal Errors at Di�erent Tool Center Points

Existing measurement setups measure the relative thermal error between the workpiece

and only one position on the tool holder. However, on a Swiss-type lathe, the tool holder

will typically have several horizontal and/or vertical tool positions. Additionally, there
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may be several tool holders in the working space of the lathe, for example one on the

left and one on the right side of the main spindle. The thermal errors across these tool

positions may di�er signi�cantly, and a compensation value for one speci�c tool position

may not be correct at another. For example, one side of a tool holder can be located

adjacent to powered drilling tools, which produce a considerable amount of heat, leading

to a non-negligible temperature gradient across the tool holder. This is a stark di�erence

compared to 5-axis machine tools, where there is typically only one tool center point.

Presently, there is no thermal error compensation model that would provide compensation

values for all tool center points, for example based on an extrapolation from a single point

of measurement.

Lack of Characterization of Swiss-type Lathe Speci�c Thermal Events

In thermal error research, thermal load is typically applied to machine tools as a speed

pro�le of the spindle, movements of the linear/rotational axes, and the spray of the

metal-working 
uid. A large portion of the surveyed works on turning machines and

Swiss-type lathes only investigate the warm-up behaviour due to the thermal load on a

single component, e.g. a rotation of the main spindle, while far fewer works consider

more complex thermal load cases that combine the thermal load on several components.

Furthermore, in Swiss-type lathe machining speci�cally, it is common practice for an

operator to open the machine door during a production run to exchange tools or clean the

working space. Consequently, thermal boundary conditions change rapidly when cooler

ambient air enters the working space and when the air heats up after the machine tool

is restarted. The machine tool exhibits very steep short cool-down and warm-up cycles

during which the thermal errors change abruptly and are challenging to compensate,

which is well known in the machine tool industry. The e�ect of the door opening and

the sudden temperature change in the working space have not been investigated in the

literature so far.

Lack of Treatment of Measurement and Compensation Uncertainties

Existing thermal error compensation models typically only provide a point estimate for

the thermal error instead of a con�dence interval, which would inform the user about

the model's con�dence in its prediction. The con�dence interval, i.e. an uncertainty

prediction, is an additional guarantee of the robustness of the model. There is currently

no probabilistic framework for thermal error compensation, in which the uncertainty

information would be used to aid the compensation strategy. There is also no existing

model that would consider mathematically the maximum prediction uncertainty that a

machine user is willing to tolerate.
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Non-existence of a Thermal Test Piece for Turning Operations

The only standard for a turned test piece dates back to 1986 and does not include a

distinction between geometric and thermal errors. Otherwise there is no standardized

thermal test piece for turning machines and/or Swiss-type lathes. Furthermore, a majority

of compensation models for turning machines are applied for air cutting, compensation of

a turned test piece is very uncommon. Thermal test pieces play a critical role in thermal

error research by enabling the tracing of the di�erent thermal errors back to individual

axes and tool positions.

2.6 Research Gap

The goal of this thesis is to develop a comprehensive thermal error compensation strategy

for Swiss-type lathes, including an on-machine thermal error measurement cycle and a

data-based thermal error compensation model. The compensation methodology must

function for Swiss-type lathe speci�c thermal events such as a sudden working space

condition change due to a door opening and must compensate thermal errors on a machined

thermal test piece. To achieve this overarching research goal, the following tasks are

proposed as individual objectives:

ˆ Develop an on-machine thermal error measurement method for Swiss-type lathes.

The measurement method/equipment must be easily implementable on the lathe

and must be able to characterize thermally all the tool center points of the lathe.

It must be possible to use the developed measurement method/equipment during

cutting processes on the lathe.

ˆ Develop a probabilistic framework for thermal error compensation of Swiss-type

lathes, in which the uncertainty information is used to improve the model accuracy,

robustness, and long-term stability. The model must simultaneously satisfy the

principal requirements for a thermal error compensation model: be capable of being

recalibrated with in-process measurements and of selecting automatically relevant

thermal key points.

ˆ Develop a data-based methodology to predict the thermal errors at di�erent tool

positions on the tool holder(s) of the lathe without directly measuring the errors at

these tool positions.

ˆ Validate the proposed compensation model: (i) with long-term thermal experiments,

(ii) with lathe speci�c thermal events, in particular repeated door openings of

di�erent durations during which the thermal conditions in the working space change

abruptly, (iii) on a turned thermal test piece.
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2.7 Outline of the Thesis

This thesis is structured into several chapters. Chapter 3 introduces a novel methodology

for the measurement of thermal errors on Swiss-type lathes. Chapter 4 presents the

underlying mathematical fundamentals for the probabilistic framework for compensation

based on Gaussian Process Regression (GPR). Chapter 5 describes the implementation

of the GPR model from Chapter 4 to the Swiss-type lathe, and combines it with the

measurement methodology from Chapter 3 to de�ne a comprehensive global compensation

model. This model is titled the `Adaptive Gaussian Process' (AGP) model as it is able

to adapt its hyperparameters to changes in the thermal boundary conditions. Chapter 6

validates the application of the AGP model to the Swiss-type lathe on 3 thermal load cases:

the random speed load case, the door-opening load case, and the air-machined part load

case. Chapter 6 also introduces the multiple tool-center-point model for the extrapolation

of compensation from a single point of error measurement to other tool positions on the

lathe. Chapter 7 presents a new thermal test piece for Swiss-type lathes and demonstrates

the ability of the AGP model to compensate its thermal errors from di�erent tool positions.

Finally, the thesis concludes with a summary of the key contributions and an outlook for

future research.
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Chapter 3

Thermal Error Measurement with the

Torque Limit Skip

This chapter introduces a new method for measuring thermal errors of Swiss-type lathes

using the torque limit skip (TLS) function. The TLS function is widely available in most

machine tool control systems and the presented method is therefore generalizable to these

control systems as well. The investigation presented in this chapter is based on the TLS

function in the Fanuc CNC control.

3.1 Measurement Cycle

3.1.1 Torque Limit Skip Command in CNC Programming

The skip command in CNC programming is used to skip over a speci�c sequence of code

within a program. If the skip signal is triggered, the execution of the current block

of code is interrupted and the next block of code is executed. In the Fanuc control,

the skip function or skip command is called with the one-shot G-code G31. A one-shot

G-code refers to a command that executes a speci�c action or function only once when it is

encountered, unlike modal G-codes, which remain in e�ect until changed or cancelled. The

G31 command is similar to the linear motion command G01, except that the command

will not complete the motion to the target position, and the motion will be terminated

upon contact with an obstacle, as shown in Fig. 3.1.

The torque limit skip (TLS) command is a special type of a skip signal called with the

G-code G31 P98. If, during the movement with this command, the torque of the servo

motor reaches the torque limit value due to pressing or other causes, any remaining move
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commands will be canceled, and the next block will be executed. G31 is the skip command,

while P98 speci�es that the skip operation will take place if the torque of the servo motor

reaches the limit value. The torque limit value is equal to the maximum torque on the

servo motor multiplied by the override; the override value can be speci�ed by the operator

as a percentage value from 0% to 100% directly in the CNC code. The torque limit on

the servo motor is automatically set to a value conforming to the motor type setting. The

full speci�cation of the command is described in Fig 3.2.

Figure 3.1: General concept of the skip command [82].

G31 P98 Q � F

G31 : Skip command (one-shot G code)

P98 : Performs a skip if the torque of the servo reaches the limit value.

Q : Override value for the torque limit.
Range of valid settings: 1 to 254 (%). 0 to 255 correspond to 0% to 100%.

� : Axis address on any one axis

F : Feedrate

Figure 3.2: Fanuc G-code for the torque limit skip command [16].

3.1.2 Implementation for Thermal Error Measurement

The operation during the TLS command is shown in Fig. 3.3a-c. This thesis de�nes the

following terminology: the TLS probe, which is the moving part, and theartefact, which

is the stationary part. The TLS probe can be a block of material clamped in the tool

holder, while the artefact can be the workpiece, as shown in Fig. 3.3a, or another surface

in the working space e.g. the side of the guide bush, as shown in Fig. 3.3b. Alternatively,

the TLS can be used on the ball screw, where the TLS probe is the 
at front face of the

ball screw nut and the artefact the ball screw stop, as shown in the bottom part of Fig.

3.3c.
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In all cases, the mode of operation is the same. The TLS probe moves along the X-axis

from the starting position towards the artefact to a user-speci�ed coordinate C. The

probe comes into contact with the artefact at point A but its movement continues in the

direction of the coordinate C since the torque limit on the axis servo motor had not yet

been reached at point A. The movement is subsequently terminated at point B where the

torque limit value is reached and the skip signal is triggered. The probe then returns to its

starting position or another position in the working space. This work proposes that the

repeated application of the movement sequence as described, i.e. the repeated triggering

of the TLS over a time horizon of several hours, can be used to track the relative change

in position of the axis and therefore the relative change in position between the probe and

the artefact, which is mostly due to the thermal error. A crucial requirement is that the

torque override limit and the axis feed rate are set to su�ciently low values such that the

distance from point A to B is in the sub-micrometer range and the TLS signal is triggered

almost immediately upon contact. These values are machine and axis speci�c and must be

determined experimentally. The overstroke from A to B can also be measured/calibrated

and compensated.

The method relies on the use of Fanuc macro variables to extract the axis position after the

skip. Macro variables are special variables that can be used to store and manipulate data

within the Fanuc CNC to create more 
exible and e�cient programs. All Fanuc control

systems, regardless of their model type and number, support four types of macro variables:

the null variable, local variables, common/global variables, and system variables, of which

the common and system variables are especially useful for the proposed application.

Common variables are those that are still valid when a program is completed and that

can be shared by di�erent macro programs. System variables are those that hold various

types of information related to the machine's status, con�guration, and operation etc.

and are assigned by the CNC.

The proposed method makes use of system variables that store the axis position during

a block skip motion in a G31 block #5061-#5075. Each macro variable corresponds

to the position of one axis, i.e. #5061 to axis X, #5062 to axis Y etc. The macro

variables always store only the axis coordinates corresponding to the last executed G31

block. In case a program contains more than one G31 block and multiple positions of

one axis need to be recorded, global macro variables can be used to store the values of

the system variables, e.g. #601 = #5061, #602 = #5061 etc. This is precisely the case

when probing on a Swiss-type lathe, where multiple tool positions lie on a single axis,

and multiple axis positions need to be recorded within one measurement cycle. For the

ease of implementation, reading multiple global variables at the end a single measurement

cycle with a single request is simply easier than iteratively reading and saving one system

variable multiple times. The Python packagepyfanuc [75] is used to interact with the
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Figure 3.3: Operation during the execution of the TLS command with a TLS probe and
(a) a workpiece, or (b) an artefact/surface or (c) a ball screw stop.O: axis starting position
in the working space,A: �rst point of contact, B : position when torque limit is reached,
C: target axis position.
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Fanuc CNC control and read the skip values. The communication is established via

Ethernet and pyfanuc allows the reading of the global and system variables which hold

the values of the axes positions after the skip.

3.1.3 Contact Mechanics during Probing

The contact mechanics between the contacting surfaces of the TLS probe and the artefact

can be analyzed using the Hertzian contact theory and namely the Hertzian contact stress

equations. The Hertzian contact stress equations estimate the maximum contact stress

that occurs when two elastic bodies are pressed against each other. The equations are

based on the assumptions that the contact is frictionless and that the bodies are isotropic

and remain in the linear elastic regime. For the case of probing with a TLS probe against a

round workpiece, as shown in Fig. 3.3a, the contact between the probe and the workpiece

can be approximately compared to the contact between a cylinder and a 
at plane. Based

on the equations for a line contact in [44], the maximum contact pressurepmax and the

width of the rectangular contact areaba between the TLS probe and the artefact can be

calculated as:

pmax =

r
FN � Eeq

2� � rS � L
(3.1) ba =

s
4 � FN � rS

� � L � Eeq
(3.2)

whereFN is the applied normal force,rS the radius of the bar,L the length of contact,

and Eeq de�ned as:

1
Eeq

=
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1

2 � E1
+

1 � v2
2

2 � E2
(3.3)

where subscripts 1 and 2 correspond to the properties of the workpiece and the probe

respectively. Finally, for the calculation of the indentation depth� i , several models exist

in literature, summarized in the work of Teutsch [85]. One such model for� i is given

by:

� i =
2 � FN

� � L

�
1 � v2

1

E1

�
ln

4 � rS

ba
�

1
2

��
(3.4)

which is derived from �rst principles in the work of Tripp [88] and has a similar form

to earlier models derived by Dinnin and Kowalsky [79]. The indentation depth� i is a

critical value since a large� i , e.g. more than 1� m, would distort the measurement of

the thermal error. Table 3.1 lists relevant material and experimental parameters from

which the maximum indentation depth can be determined. The TLS probe and the

workpiece as de�ned in Fig. 3.3a are made from the same material. The measured force



Chapter 3: Thermal Error Measurement with the Torque Limit Skip 34

(discussed below) never exceeds 100 N and the minimum length of contact across all

probings is 8 mm. The calculated maximum indentation depth with the assumptions

and simpli�cations of the Hertzian contact stress theory is� i = 0:2�m . Therefore even

with minor uncertainties in the material properties, the depth of indentation is negligible

compared to the magnitude of the expected thermal error.

Table 3.1: Material properties and parameters of the experimental setup

Quantity Symbol Value Unit

Maximum contact force FN 100 N

Length of contact L 8 mm

Bar radius rS 10 mm

Young's modulus E1 210 GPa

Poisson ratio v 0.3

Contact area b 26.3 mm2

3.1.4 Axis Motor Cascaded Control Loop

The axes of the Swiss-type lathes used in the experiments in this thesis are controlled

by a power transmission mechanism consisting of a ball screw, servomotor and encoder.

The servomotor controls the position, speed, and/or torque, according to the set target

value. The control is implemented as a semi-closed loop, in which the encoder detects

the rotation angle of the ball screw and provides it as a feedback of the axis position.

However, the lathe is not equipped with linear encoders, and so the exact position of the

axis is not detected directly. The servo control loop is shown in Fig. 3.4. The control

loop for the torque is the innermost control loop, in which the feedback value is delivered

as a current, and the torque limit on the motor is therefore applied as a limit of the

current.

Figure 3.4: Cascaded control loop for position, speed and current. There is no direct
feedback of the torque and the torque limit value is therefore set as a current limit value.
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3.2 Experimental Validation

The following section presents the results of a number of experimental setups and validation

experiments to con�rm the feasibility of the proposed TLS methodology. Two Swiss-type

lathes are used for the experimental investigations and are further denoted as SL1 and

SL2. The kinematic chains of their main operations are shown schematically in Fig. 3.5.

According to ISO 10791-1 [43] the kinematic chains of SL1 and SL2 can be described as

H[w-C'-Z'-b-[X1 X2]-[Y1 Y2]-t] and H[w-C'-Z'-b-X-Y-t] respectively. The tools of SL1 are

oriented horizontally while the tools of SL2 are positioned vertically. On both SL1 and

SL2, the Y-axis sits on top of the X-axis. On SL1 the interpolating axis is X and the axis

for tool change is Y; on SL2 the interpolating is Y and the axis for tool change is X.

Figure 3.5: Left: The axis con�guration of Swiss-type Lathe SL1. Curly brackets indicate
NC controlled axes in the coordinate system as shown.w denotes the workpiece andt
denotes the tool (subscripts L and R indicate left and right respectively),b is the machine
bed. Dashed lines indicate that the X and Y axes are connected. Tools are positioned
horizontally along the X-axis. Right: The axis con�guration of Swiss-type Lathe SL2.
Tools are positioned vertically along the Y-axis.

The following experimental investigations are performed on the Swiss-type lathes:

1. Variation of the feed rate F and the torque limit override Q

This experiment investigates the e�ect of varying the F and Q parameters on the

axis position after the skip. F and Q are user input parameters to the TLS function

and it is therefore essential to understand their impact on the output of the function.

The aim of this investigation is to choose suitable F and Q parameter values for the

remaining experimental investigations.
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2. Repeatability of the axis motor current after the torque limit skip

The repeatability of the TLS command with respect to all relevant variables is a

critical evaluation criterion. As discussed in Sec. 3.1.4, there is no direct feedback

of the torque value in the motor control and the torque limit set within G31 P98

is in fact a current limit. The repeatability of the current limit in the motor

corresponding to a set Q value that triggers the skip must be investigated.

3. Repeatability of the axis position after the torque limit skip

This experiment investigates the repeatability of the TLS function with respect to

the axis position after the skip, which is the most important evaluation criterion of

the whole method. The experiment checks the di�erence in the axis position after

the skip from one probing to the next, with only a few second interval in between

and with all parameters unchanged.

4. Contact force during probing and after the torque limit skip

The purpose of this experimental setup is to i) measure the contact force during

the TLS to ascertain that the indentation depth is negligible and that no plastic

deformation occurs, and ii) to investigate the repeatability of the contact force that

triggers the TLS with varying torque limit override Q values, iii) to investigate the

transient behaviour of the contact force with varying feed rates F, iv) to examine

the correlation between the measured error and the measured force.

5. Validation of the torque limit skip under thermal load

Finally, this experiment checks if the TLS function can measure the same thermal

error as measured by a displacement sensor.

In sections 3.2.1-3.2.4, the experimental investigations are carried out as described in Fig.

3.3a, i.e. by a TLS probe against the workpiece. The reasoning for this is as follows: the

experimental Swiss-type lathes investigated in this thesis are inherently not designed for

metrological investigations. As a result, the only feasible locations where measurement

equipment can be mounted in the working space are the tool positions on the tool holder

an/or the vertical tables onto which the tool holders itself are mounted. Consequently,

the only available surface in the working space against which the probing can take place

is the workpiece. This is especially true when considering that in some of the presented

investigations, individual components of the setup are stacked on top of each other in the

axial z-direction along the workpiece. During production, the probing clearly cannot take

place against the workpiece as the geometrical deviation of the bar along the z-axis would

change the zero reference of the thermal error measurement. This is addressed in detail

in Sec. 3.4.
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3.2.1 Variation of Feed Rate F and Torque Limit Override Q

In the G31 TLS function, two parameters can be speci�ed by the user: the feed rate

F and the override value for the torque limit Q. This section investigates the e�ect of

varying these parameters on the axis position after the TLS on SL1. The minimum

feasible Q value corresponds to the minimum torque/current required to hold the axis,

which is an axis speci�c value and must be determined experimentally. For a vertical

axis, the minimum Q value is typically higher as the axis must be supported against

gravity. Figure 3.6 shows the e�ect of varying the Q parameter on the axis position after

the skip for a horizontal axis. The measurements are performed one after another with

an increasing Q and the ordinate axis indicates the relative axis position from the �rst

measurement. The results show that the impact of the Q variation is signi�cant and leads

to a di�erence in the axis position of several tens of micrometers. However, for a set Q

value, the measurements remain very stable and repeatable (which is discussed in more

detail in the following sections). The conclusion to be drawn is that the Q value must

not be changed during probing and between individual probings so that the zero point

reference across di�erent measurements does not change. The Q value should be kept as

low as possible to minimize the contact force, and the ideal Q value is therefore one that

is only one discrete step higher than the minimum Q required to move the axis. Setting

a too low Q value will simply completely ignore the G31 command or execute the skip

during the motion of the axis without any actual contact taking place.

Figure 3.6: The e�ect of changing the torque limit override Q at a constant F = 1 mm/min.
Increasing the Q value has a signi�cant e�ect on the axis position after the skip.

Figure 3.7 shows the e�ect of varying the feed rate F. The measurements are performed one

after another with an increasing F and the ordinate axis indicates the relative axis position

from the �rst measurement. Note the scale of the y-axis: the impact of increasing the feed

rate is clearly not as signi�cant as increasing torque limit override - the variation in the

axis position after the skip is only a few micrometers. In fact, below a certain feed rate,
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the axis position after the skip does not change signi�cantly. The ideal feed rate F should

therefore be kept below this value to achieve the best repeatability of the TLS probing

but should not be too low, otherwise the duration of the G31 code block and therefore of

the measurement cycle will increase unnecessarily. Another important consideration with

regards to the feedrate is the probing force, which increases with increasing feedrate; this

is discussed in Sec. 3.2.4.

Figure 3.7: The e�ect of changing the feed rate F on the axis position after the skip at a
constant Q15. Below a F10, changing the feed rate does not have a signi�cant e�ect.

Finally Fig. 3.8 shows the plots of the varying Q and F parameters versus the relative

axis position after the skip, on the left and right respectively. The relative axis position

is taken as the average from Figs. 3.6 and 3.7. For Q there is a clear linear trend, while

for F, the relative axis position remains around 0 for feed rates below 10 mm/min.

Figure 3.8: Varying Q (left) and F (right) vs the relative axis position after the skip.



39 3.2. Experimental Validation

3.2.2 Repeatability of the Motor Current after the Skip

This section investigates the repeatability of the current in the axis servo motor after the

skip. The reason for this investigation is the following: the skip signal is triggered when a

user-speci�ed torque override limit is reached, which corresponds to a certain maximum

current value being reached on the axis motor, as there is no feedback of the torque, as

shown in Fig. 3.4. The current of the axis motor during the TLS probing sequence as

described in Fig. 3.3 is investigated and the result is shown in Fig. 3.9. The probing

movement begins at point O, the �rst point of contact between the TLS probe and the

artefact occurs at A and the motor current then increases until point B where the torque

limit value is reached. The axis then returns to its initial position and the motor current

therefore has a reverse sign since the movement is in the reverse direction. Two current

values are measured:I T C , the torque command current, andI ef f , the e�ective current.

The torque command current is proportional to the torque via the torque constant andI T C

therefore represents the set current value, whileI ef f represents the output feedback value.

For a set torque override limit, I T C at point B does not di�er across individual probings.

However, there are small variations inI ef f , as shown in Fig. 3.10. The variation inI ef f

corresponding to the skip is caused by an irregular delay in detecting the skip signal.

The motor manufacturer speci�es that (i) the delay on the CNC side is 0 to 2 msec, (ii)

the total delay is the sum of 2 msec plus the delay on the PMC side, multiplied by the

feedrate, and (iii) the total delay until feed stops after detection of the skip is 0 to 8

msec. Therefore, despite a �xed torque limit value determined by the user input Q, the

maximum torque on the axis can be minimally exceeded.

Figure 3.9: I ef f and I T C current during TLS probing. O: initial and �nal position, A: �rst
point of contact, B: position when torque limit is reached. Negative current corresponds
to the retracting of the axis in the reverse direction after the TLS probing has been
completed.
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When the relative change in theI ef f current is plotted with the relative change in the

axis position as in Fig. 3.10, it is clear that the variation in theI ef f current explains

some but not all variation in the axis position. The remaining uncertainty originates

from the fact that the probing takes place at the opposite end of the kinematic chain,

which spans from the motor to the contact edge of the TLS probe. The kinematic chain

is a complex mechanical system consisting of ball screws, linear guides, cross-slides etc.,

and the friction behaviour in these elements likely also a�ects the repeatability of the axis

position. This logically leads to the next experimental investigation of the repeatability

of the axis position after the skip directly at the contact point between the TLS probe

and the artefact.

Figure 3.10: Variation of I ef f , I T C and axis position (error) after the torque limit skip.
The current values on the plot correspond to point B in Fig. 3.9.I T C remains constant
while error and I ef f vary with some correlation.

3.2.3 Repeatability of the Axis Position after the Skip

This section investigates the axis positioning repeatability after the skip on SL1 and SL2.

The experimental setup of SL1 consists of two ST 1288 Heidenhain displacement sensors

and two TLS probes placed in two tool positions one on each side of the workpiece. The

tool positions are denoted asTL and TR corresponding to the left and right tool positions

relative to the workpiece. In each tool position, the TLS probe is placed behind the sensor

as shown in Fig. 3.11. The vertical face of each TLS probe facing the workpiece serves as

the contact face for the probe-workpiece contact to trigger the TLS function and measure

the relative error. The purpose of the displacement sensors is to validate the results of

the TLS measurement. Therefore, in each measurement cycle, the relative thermal error

is �rstly measured at the displacement sensor and subsequently at the TLS probe with

the TLS function, for both tool positions. The experimental setup of SL2 consists of one

Solatron displacement sensor and one TLS probe placed in two di�erent tool positions

vertically above a spindle as shown in Fig. 3.12.
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Figure 3.11: Experimental setup of Swiss-type lathe SL1. Two displacement sensors and
two TLS probes placed behind each other in tool positionsTL and TR . Red arrows indicate
the combined X and Z axis movement for probing for each tool position.

Figure 3.12: Experimental setup of Swiss-type lathe SL2. A displacement sensor and a
TLS probe are mounted vertically in two di�erent tool positions. Red arrows indicate the
axis movements for probing at each tool position.
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The measurements take place on warmed-up machines under no thermal load, only the

axes to perform the measurement cycles themselves are moved. For SL1, only the

measurement forTL is shown for brevity sinceTR lies on the same axis of the same

machine and the result is therefore also nearly the same. The frequency of the TLS is ca.

1 measurement every 12 s for SL1 and 1 measurement every 2.5 min for SL2. The results

are shown in Figs. 3.13 and 3.14 respectively. A slight thermal drift can be observed

for SL2 as the duration of the measurement is over 6 hours. The sensor measured values

oscillate around 0�m which is caused by the high sensor resolution. Discrete horizontal

levels/lines of data points can be seen in some TLS measurements, e.g. in Fig. 3.14

between 0h and 1h - this corresponds to the lowest resolution in the motor control, from

which the values are extracted. The results in Figs. 3.13 and 3.14 show that the TLS

measured values remain within� 1�m and that the standard deviation indicated on each

�gure does not exceed� 0:5�m . Therefore, when thermal errors have a magnitude in the

order of several tens of micrometers, the TLS methodology can easily be used instead

of a conventional probe measurement. Nevertheless, some additional care must be taken

since the TLS measurement does not provide a smooth but rather rugged curve which

is not representative of the typical thermal behaviour of a machine tool. This can cause

mathematical problems when training a compensation model and the TLS values should

therefore be smoothed.

Figure 3.13: X-axis position repeatability of SL1 ofTL .

Figure 3.14: X-axis position repeatability of SL2.
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3.2.4 Contact Force during Probing and after the Skip

The next experimental setup investigates the contact force between the TLS probe and

the workpiece during the TLS probing. A dynamometer type 9256C from the company

Kistler is mounted vertically using a special adapter plate with a TLS probe attached to

it as shown in Fig. 3.15. Figure 3.16 shows the result of multiple TLS measurements and

the corresponding force values. The two lowest possible override limits are investigated,

namely Q13 and Q14. The two measurements are performed at di�erent times but are

shown here on the same time axis. The corresponding average force values are 40.5 N and

62.6 N. The standard deviation for both curves is approximately similar and is 3 N and

2.5 N respectively.

Figure 3.15: Experimental setup for the investigation of the contact force during probing.
A dynamometer is mounted vertically onto a vertical table and the TLS probe is mounted
onto the dynamometer.

Figure 3.16: Variation of the maximum contact force which triggers the skip signal for
two di�erent torque limit override Q values.
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Figure 3.17 shows the transient increase of the contact force between the workpiece and the

TLS probe with the experimental setup in Fig. 3.15 during a single probing with the TLS

methodology. Results for four di�erent approach feed rates are shown. In consistence with

Fig. 3.3, point A indicates the �rst point of contact between the workpiece and the TLS

probe. The force then increases linearly until point B when the torque limit is reached.

The axis is then held at a constant position for approximately 0.2s and the torque remains

constant. Finally, the axis is retracted and the force falls to zero. The feed rate has a

clear impact on the maximum force and therefore a low feed rate is desirable. However,

it can be observed that the di�erence between probing with F1 and F2 is only marginal,

and with feed rates below F1 lower forces are not achieved, indicating an asymptotic

behaviour.

Figure 3.17: Transient force during probing for 4 di�erent feed rates. A: �rst point of
contact, B: force corresponding to the torque limit on the motor. Below a certain feedrate,
F2 in this example, a lower force is not achieved, indicating an asymptotic behavior. A
feedrate should be chosen such that it does not increase the probing force but also does
not prolong the overall time of the measurement cycle.

Finally, the correlation between the measured probing forces and the corresponding TLS

measured error (or axis position after the skip) is also examined. Results are shown in

Figs. 3.18 and 3.19 with the colour schemes corresponding to the contact force variation

shown in Fig. 3.16. The plots clearly highlight that there is a strong correlation between

the error and force measurements, implying that the variation in the TLS measured error

is a result of the variation of the probing force. However, similarly to the error, the

measured probing force is an output variable, not an input that could be controlled. The

variation in the probing force is a result of the irregular variation of theI ef f current

combined with the small irregular variations in friction along the kinematic chain from

the motor to the TLS probe.
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Figure 3.18: Force-error correlation for torque limit Q13, corresponding to the Q13 shown
in Fig. 3.16. At the contact point between the TLS probe and the workpiece (artefact),
the error and the measured error are highly correlated.

Figure 3.19: Force-error correlation for torque limit Q14, corresponding to the Q14 shown
in Fig. 3.16. At the contact point between the TLS probe and the workpiece (artefact),
the error and the measured error are highly correlated.
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3.2.5 Validation of the Torque Limit Skip under Thermal Load

This section investigates whether the TLS function can measure the thermal error similarly

to the Heidenhain sensor with a thermal load cycle running on the lathe. A long-term

validation experiment is performed on SL1 on the experimental setup as shown in Fig.

3.11. Thermal load is applied to SL1 as a random speed pro�le of the main spindle of up

to 6000 rpm over approximately 40 hours, as shown in Fig. 3.20.

Figure 3.20: Speed pro�le of SL1 main spindle: the rotation of the spindle induces heat
into the machine structure and leads to thermal errors atTL and TR on SL1.

A measurement cycle runs on SL1 approximately every 6 minutes to measure thermal

errors at the left TL and right TR tool positions and with the sensor and the TLS

methodology. During this time, the spindle rotation is stopped and the spindle is rotated

to the same angular orientation to ensure that the contact surfaces remain the same. The

changing spindle speed induces a thermal error at both tool positions as shown in Figs.

3.21 and 3.22 forTL and TR respectively. The results indicate a very close match between

the sensor and the TLS-measured thermal error, with the di�erence � not exceeding 1�m

over 40 hours. This is the most signi�cant result presented in this chapter: it shows that

the TLS function can measure the same thermal error as the displacement sensor, and it

is therefore valid to use the TLS function instead of the displacement sensor.

Figure 3.21: TL thermal error: the TLS- vs the sensor-measured thermal error.
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Figure 3.22: TR thermal error: the TLS- vs the sensor-measured thermal error.

3.3 Torque Limit Skip for Ball Screws

The torque limit skip can essentially be triggered by a contact between any two surfaces,

if one of the surfaces lies on the kinematic chain extending from the axis motor. One

such possibility is the contact between the ball screw nut and the ball screw stop, as

already explained in Sec. 3.1.2 and Fig. 3.3c. To validate this methodology, another

thermal load experiment is performed with the experimental setup shown in Fig. 3.23 on

a horizontal ball screw for the cross-slide motion of a counter-spindle on SL2. To carry out

this experiment, the software and hardware axis limits must be modi�ed: the allowable

software limits are extended by adjusting the relevant system macrovariables, while the

hardware limits are extended by removing the plastic stop at the end of the ball screw.

High caution must be taken that no collision in the working space takes place and the

system macrovariables controlling the software axis limits should ideally be set back to

their original values at the end of each probing cycle.

Figure 3.23: Setup of the validation experiment for the measurement of the ball screw
thermal elongation with the TLS. The ball screw nut touches the ball screw stop at the
end of the ball screw stroke; at the same time, the artefact touches the sensor.
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A linear displacement sensor is mounted behind the ball screw stop as indicated in Fig.

3.23. When the ball screw nut comes into contact with the stop, a 'validation artefact'

(i.e. not the TLS artefact) mounted on the machine tool table touches the displacement

probe at the same time. In this way, both the TLS- and sensor-measured errors become

available simultaneously and can be compared. In the experiment, the axis moves back

and forth along the entire length of the screw for approx. 130 minutes and the error

values are measured approx. every 1 minute. After this the motion stops, the ball screw

cools down for approx. 40 min. and the axis moves only to make the error measurements.

Figure 3.24 shows the result of the validation experiment. The heat is induced into the

ball screw by its servo motor, the temperature of which is also shown. The resolution of

the motor internal temperature sensor is 1� C, which is the reason for the discrete steps in

the temperature measurement. The thermal elongation measured with the TLS matches

almost exactly the error measured by the displacement sensor. The discrepancy in the

�nal amplitude of 1 µm may be attributed to the fact that the errors are not measured

at exactly the same location.

Figure 3.24: Ball screw thermal elongation measured with a displacement sensor at a
parallel position to the ball screw and with the TLS at the ball screw stop.

The thermal error measured at the ball screw stop is not the ultimate thermal error of

interest - that is always the thermal error at the TCP. Thermal error compensation on

a component level, e.g. for each ball screw separately, has proven to have only a limited

success when combined and used to compensate the thermal error at the TCP. The main

bene�t of this method is that the thermal error at the TCP can in some cases, e.g. for some

tool positions, be strongly correlated to the expansion of the ball screw. For example,

consider a stationary tool holder on the counter-operation of SL2, which is located at

the end of a long ball screw stroke (marked with a red arrow), as shown in Fig. 3.25.

A detailed view of the tool holder is shown in Fig. 3.26. A simple thermal test part is

manufactured on the lathe, as shown in the bottom left corner of Fig. 3.26. The part is a

round bar with several di�erent diameters and the indicated diameter is machined with the

tool indicated with the red arrow. The tool holder is stationary and the counter-spindle
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must move along the ball screw in Fig. 3.23 and in the direction as indicated in Fig. 3.25

for the indicated diameter to be machined. As a result, a correlation between the thermal

error of the machined diameter and the ball screw elongation is expected.

Figure 3.25: Working space of the experimental Swiss-type lathe SL2. The red box
indicates the stationary tool holder shown in Fig. 3.26 (the tools have been removed).
The red arrow indicates the direction of the movement along the ball screw shown in Fig.
3.23.

Figure 3.26: Tools are mounted onto a stationary tool holder: the tool indicated with the
red arrow machines the diameter indicated with the double red arrow.

Over the course of ca. 150 minutes, a total of 120 parts are machined (not every machined

part is measured). After each part cycle, the ball screw moves to the stop to measure the

elongation with the TLS. Figure 3.27 shows the relative error of the machined diameter

�D of the thermal test piece. Each triangle symbol represents one part. The thermal error

measured on the diameter of the part is clearly linked to the elongation of the ball screw.

Therefore, if the ball screw thermal elongation was to be used as an input to a thermal

compensation model, an excellent thermal compensation result would be achieved, since

the input is already very highly correlated to the output.
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Figure 3.27: The relative thermal error of the machined diameter of the thermal test
piece is strongly correlated to the elongation of the ball screw measured with the TLS.
In such a case, the TLS measured error at the ball screw stop is an excellent input for a
compensation of the thermal error at the given tool position.

3.4 Implementation on the Swiss-type Lathe

The presented experimental investigations of the thermal error measurement methodology

based on the TLS function have one caveat: the probing always takes place against the

workpiece in the main turning spindle. The reason for this is simple: the tool positions

and/or the vertical table next to the main spindle are the only places in the working space

on the main operation side where measurement equipment can be �xed. Consequently,

the only surface that the measurement equipment can then probe against is the workpiece.

This is especially the case when the equipment is stacked in the axial z-direction, as e.g.

in Fig. 3.11 with the sensor and TLS probe placed behind each other, or in Fig. 3.15

with the TLS probe, dynamometer and adapter plate all placed on top of each other.

This measurement setup would not be feasible in a real production scenario because the

diameter of the bar can vary along the axial direction. For example, for a bar with a 20

mm diameter and an h7 tolerance, the variation in diameter can be up to 21�m , which

can be the same order of magnitude as the thermal error. This would cause a problem

for thermal compensation as the zero reference would change during machining. The

probing must therefore take place between two surfaces which do not change. This was

successfully implemented on Swiss-type lathe SL1, as shown in Fig. 3.28. The TLS probe

is �xed directly to the vertical table but the probing takes place against the side of the

guide bush, rather than against the workpiece.

The repeatability of the TLS probing against the guide bush side is shown in Fig.

3.29. The measurement involves moving only the axes required to make the probing

and triggering the TLS every ca. 37 seconds over a 30 min interval during which the

machine is in a thermally stable state. The results indicate that the repeatability remains

within � 0:5�m . The only potential drawback of this implementation is that the thermal
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Figure 3.28: Left: Top view: implementation of the TLS methodology for in-process
measurement: the probing takes place between the TLS probe and the 
at side of the
guide bush.Right: Front view: experimental setup for the validation of the TLS probing
at the guide bush. The TLS measured thermal error is measured i) by probing with the
bottom TLS probe in the tool holder against the workpiece, and ii) by probing with the
top TLS probe at the guide bush.

error is now no longer measured between a tool position and the workpiece, which is the

relative o�set that ultimately needs to be compensated, but between a tool position and

another position in the working space. Nevertheless, the measurement location at the

guide bush is su�ciently close to the workpiece, so that the thermal behaviour at these

two locations is approximately similar. This is shown in Fig. 3.30 where two curves

corresponding to the machine warm-up are compared: the thermal error measured at the

guide bush with the TLS probe on the vertical table and the thermal error measured

at the workpiece with the TLS probe in the tool holder, as shown in the setup in Fig.

3.28 (right). The measured thermal behaviour is similar for both errors and is in fact

much smoother when probing against the guide bush. Additionally, with the spray of

the cutting oil (workspace coolant) the thermal behaviour at both TLS probe locations

is expected to be very similar.

Figure 3.29: Repeatability of the TLS probing against the side of the guide bush. The
repeatability remains within � 0:5�m .
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Figure 3.30: Comparison of TLS probing at the guide bush (red) and workpiece (black).

The TLS measurement and its implementation enables the compensation of thermal errors

in one axis direction only. The compensation of the thermal error along the longitudinal

Z-axis is typically not an issue. This is because at the beginning of each part cycle, the

bar is pushed against the parting tool to create a new Z-axis reference. This means that

a new thermal error equal to 0 for the Z-axis error is set at the same frequency as is the

duration for the machining of one part, i.e. the order of seconds or minutes. The parting

tool is mounted on the tool holder next to other cutting tools. The Z-axis thermal error

of the parting tool relative to the other positions on the same tool holder is negligible.

The thermal error in the Z-axis direction may therefore only originate from the thermal

expansion of the ball-screw and the movement of the Z-axis along the ball screw to push

the bar into the working space after the creation of the new reference. For short parts,

that are typically manufactured on the Swiss-type lathes, the short movement along the

Z-axis ball screw typically also leads to a negligible thermal error. For longer workpieces,

the ball screw expansion itself may be compensated with the TLS method for ball screws.

It is challenging to compensate angular errors, such as the alignment of the Z and C

axes, with only a 1-dimensional TLS measurement at the guide bush. This is because

the current implementation does not allow for probing at di�erent positions along the

Z-axis.

3.5 Conclusion

This chapter of the thesis introduced a new methodology for thermal error measurement on

Swiss-type lathes. The methodology is based on the torque limit skip function integrated

in a lathe's control and does not require any additional specialized measurement equipment.

The motivation for the development of this methodology is clear: presently, on a majority

of Swiss-type lathes, there is no available in-process measurement setup that would provide

the operator with information on thermal errors. Di�erent experimental investigations

are presented from which the following conclusions can be drawn:



53 3.5. Conclusion

ˆ Variation in the torque override limit Q has a signi�cant e�ect on the axis position

after the skip (Fig. 3.6) and on the magnitude of the contact force during probing

(Fig. 3.16). The Q parameter should therefore be kept as low as possible, i.e. only

one discrete step higher than the minimum Q required to hold the axis.

ˆ Variation in the feedrate F should be kept below a certain minimum feedrate, as

evidenced in Figs. 3.7 and 3.17. It exhibits an asymptotic behaviour, i.e. the axis

position after the skip and the probing force do not change signi�cantly below a

certain threshold F value. The F parameter should therefore be chosen to minimize

the contact force but not to prolong the time of the overall measurement cycle.

ˆ Both Q and F are axis and machine speci�c parameters and must be determined

experimentally. No de�nitive answer about what their absolute value should be can

therefore be given. For a given axis, the Q and F parameters should be determined

once and then ideally never changed, so that the zero reference for all thermal error

measurements also does not change.

ˆ The repeatability of the error measurement with the TLS is within� 1�m when

probing against the workpiece and� 0:5�m when probing against the guide bush.

When thermal errors on the machine have a magnitude of several tens of micrometers,

the TLS methodology can unmistakably follow the pro�le of the thermal error

curve measured by a displacement sensor at the same location. This con�rms the

feasibility of this methodology.

ˆ The torque command current valueI T C , that triggers the skip if a certain current

threshold has been exceeded, is always the same for a given torque override limit

Q. The feedback e�ective current valueI ef f does vary and is somewhat, but not

perfectly, correlated to the measured variation in the axis position after the skip.

Possibilities to control the skip position based on theI ef f current were not explored

further.

ˆ The variation in the error measured with the TLS is highly correlated to the variation

of the probing force. This is a useful and interesting insight but could only be used

to improve the repeatability of the TLS method if a force measurement instrument

was integrated into the lathe's control, which it is not.

ˆ The TLS method can also be applied to measure the thermal elongation of the ball

screw at the ball screw stop. This provides an additional thermal error measurement

value that can be used to compensate the thermal error at one of the machine's many

TCPs. In some cases, especially for TCPs at the end of the ball screw stroke, the

correlation of the ball screw thermal elongation to the thermal error at that TCP

can be very high.
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ˆ Finally, and most importantly, the TLS method is implemented for an in-process

on-machine measurement by probing against the side of the guide bush. This does

not measure the thermal error directly at the workpiece but close enough for the

thermal behaviour to be similar. Furthermore, the repeatability of probing against

the guide bush is better than against the workpiece and the measured thermal error

curve is smoother. To implement the TLS methodology on a newly built machine

tool for production, the TLS probe would have to be built into tool holder of the

machine itself and it would have to be ensured that an artefact surface is reachable

where the probing can take place.

The developed TLS methodology is robust, repeatable and reliable, and can now be used

with con�dence in the subsequent chapters of this thesis for thermal error measurement

and to assist the thermal compensation of the Swiss-type lathe. The TLS measurement

method for precision machine tools is published in the work of Kaftan et al. [46].
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Chapter 4

Gaussian Process Regression

for Thermal Error Compensation

This chapter introduces the Gaussian Process Regression (GPR) model that is applied to

compensate the thermal errors of the Swiss-type lathe in this thesis. GPR is a powerful

machine learning model for the modelling of complex relationships between input and

output variables that o�ers many advantages including uncertainty quanti�cation, the

ability to handle nonlinear relationships, and generation of smooth predictions. This

chapter is divided into 2 sections. Section 4.1 introduces the underlying mathematical

fundamentals. Section 4.2 explains the details of the GPR model, how new thermal

error predictions are generated and how the model hyperparameters are optimized. The

implementation of the GPR model to the Swiss-type lathe is then described in Chapter

5, including a methodology for the recalibration (reparametrization) of the model over

time.

Throughout this chapter, the terms `temperature sensor measurements' and `temperature

time series', are used interchangeably as they all, mathematically speaking, refer to the

input variables of the GPR model. The thermal error is referred to as the `target variable'

or the `output'. The references in this chapter are taken from textbooks by Rasmussen

[78] and Bishop [4].

4.1 Mathematical Fundamentals

A Gaussian Process (GP) is a stochastic process, in which functions are represented as

random variables, where any �nite subset of these variables follows a multivariate Gaussian

distribution. GPR is a speci�c application of GPs, in which GPs are used to de�ne a prior
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over functions on the training data and estimate the posterior on the testing data. GPR

treats each data point as a random variable and models the joint distribution of these

variables using GPs. GPR allows to specify a prior belief about the behavior of these

variables using kernels, update that belief based on observed data using Bayes' theorem,

and provide uncertainty measures over its predictions.

To facilitate an intuitive understanding of GPR, Fig. 4.1 shows a set of data points

corresponding to the thermal error during a machine tool warm-up, measured at the guide

bush with the TLS. An in�nite number of functions can be �tted to the data points, as

shown in Fig. 4.1, in which 4 such sample function are indicated. GPs perform regression

by de�ning a distribution over this in�nite number of functions. The following section

explains the mathematical fundamentals essential for understanding GPR: the Gaussian

Normal Distribution, the Multivariate Normal Distribution, and the Bi-variate Normal

Distribution.

Figure 4.1: Thermal error measured with the TLS at the guide bush during the warm-up
of the Swiss-type lathe. Four possible functions are �tted to the data, highlighting that
an in�nite number of possible functions can be �tted.

4.1.1 Gaussian Normal Distribution

The Gaussian normal distribution, often simply referred to as the Gaussian distribution or

the normal distribution, is a fundamental probability distribution widely used in statistics

and probability theory, frequently utilized to model real-world phenomena. Consider a

measurement from a single temperature sensor, which is a time series withN time steps.

The mean of this time series is simply the average value acrossN time steps. It is given

by:

� =
1
N

NX

t=1

x t (4.1)

The variance controls the spread of the values around the mean. It is given by:
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� 2 =
1

N � 1

NX

t=1

(x t � �x)2 (4.2)

The Gaussian distribution is characterized by its probability density function (PDF). For

a univariate normal distribution, given a feature valuex t at time step t, the PDF is:

f (x t j�; � 2) =
1

p
2�� 2

exp
�

�
(x t � � )2

2� 2

�
(4.3)

where � represents the mean of the feature acrossN time steps, determining its central

location, and � 2 denotes the variance acrossN time steps, controlling the spread or

dispersion of the distribution. The term 1p
2�� 2 normalizes the distribution to ensure that

the total area under the curve sums to unity, ful�lling the requirement of a probability

density function. The exponential term exp
�

� (x� � )2

2� 2

�
governs the shape of the curve,

generating the characteristic bell shape symmetric about the mean. This distribution is

unimodal, with the peak occurring atx = � and its standard deviation� determines the

width of the bell curve.

4.1.2 Multivariate Normal Distribution

In thermal error research, a system is typically described by many di�erent temperature

measurements, i.e. by many di�erent variables, that are correlated to each other. To

model these variables together in one Gaussian model, a multivariate Gaussian/normal

(MVN) model must be used. A MVN distribution is a generalization of the univariate

normal distribution to higher dimensions and is de�ned in terms of its mean vector and

covariance matrix. Consider therefore a dataset withD features, each being a time series

of length N . The mean� is now a D-dimensional vector, which represents the mean of

each of theD features across theN time steps. It is given by:

� = [ � 1; � 2; : : : ; � D ] (4.4)

The covariance matrix � captures the covariance between each pair of theD features

across theN time steps. It is a D � D matrix where each element� ij represents the

covariance between thei -th and j -th features. It is given by:
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� =

2

6
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6
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� 11 � 12 : : : � 1D

� 21 � 22 : : : � 2D

...
...

. . .
...

� D 1 � D 2 : : : � DD
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7
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(4.5)

The PDF for a multivariate normal distribution, given a data vector x of D features at

time step t, is de�ned as:

f (xj� ; � ) =
1

(2� )D=2j� j1=2
exp

�
�

1
2

(x � � )> � � 1x � � )
�

(4.6)

where:

ˆ x is the D-dimensional vector for a speci�c point in time,

ˆ � is the D-dimensional mean vector,

ˆ � is the D � D covariance matrix,

ˆ j� j denotes the determinant of the covariance matrix,

ˆ � � 1 is the inverse of the covariance matrix.

The mean vector� speci�es the location of the distribution in the D-dimensional space,

while the covariance matrix � characterizes its spread and shape. The termj� j ensures

that the distribution is properly normalized. This model allows for modeling the joint

distribution of D features each observed overN time steps, taking into account the mean

and covariance of each feature over time.

4.1.3 Bi-variate Normal Distribution

The bi-variate normal distribution (BVN) is a speci�c instance of the MVN distribution

for two variables. BVN o�ers a simpler example to understand the MVN concept as

it can be visualised, e.g. on a contour plot. A BVN is de�ned by its mean vector

� =
h
� 1 � 2

i
and the covariance matrix � =

2

4
� 11 � 12

� 21 � 22:

3

5. The diagonal terms� 11 and

� 22 are the independent variances of the two features, while the o�-diagonal terms� 12

and � 21 are the correlations between the two features. In the context of thermal error

research, a BVN can provide information about the correlation between two temperature

sensor measurements. Using the data corresponding to the thermal error of the machine

tool warm-up, as depicted in Fig. 4.1, two temperature measurements are taken as an

example: of the driven tool motor and of the working space. The contour plot of the PDF
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between the two features is shown in Fig. 4.2. The horizontal and vertical axis indicate

the relative change in temperature from the �rst time step.

Figure 4.2: Bi-variate normal distribution contour plot of time series of two temperature
measurements. The direction of the ellipses indicates a positive correlation between the
two temperature measurements.

4.2 Gaussian Process Model

4.2.1 Model Inputs and Outputs

This section de�nes the inputs and outputs of the GPR model in the training and

prediction phases of the thermal compensation. Consider a time series ofD temperature

sensors overN time steps and a single thermal error with the same number ofN time

steps. The inputs and outputs of the GPR model can be de�ned as:

ˆ Inputs: xn 2 RD for n = 1; : : : ; N , whereD is the number of temperature sensors

and N is the number of time steps. The matrix of all temperature measurements

D at all time steps N is X = [ x1; : : : ; xD ].

ˆ Outputs: yn 2 R for n = 1; : : : ; N , which is the thermal error at each time step.

The vector of the thermal error at all time stepsN is y = [ y1; : : : ; yN ].

X and y represent the already measured values, which are used to train the GPR model.

The purpose of the GPR model is to predict the thermal error at every following time

step after the training. The model predicts the errory� , which is a scalar value for every
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time step, based on the vectorx � = [ x1; : : : ; xD ], which is a vector with one temperature

measurement per each sensor.

4.2.2 Covariance Function

The basis of GPR is the covariance kernel functionk(x i ; x j ), which de�nes the covariance

between any two temperature measurementsx i and x j . A common choice is the radial

basis function (RBF) kernel:

k(x i ; x j ) = � 2
f exp

�
� (x i � x j )

2

2l2

�
+ � 2

n �
�
x i ; x j

�
(4.7)

where � 2
f is the maximum allowable covariance,l the length scale parameter,� is the

Kronecker delta function and� 2
n the noise parameter. Especially the length scalel is a

critical parameter, which controls the smoothness of the function that the GPR model is

trying to learn. A small value of l makes the kernel, and hence the GPR model, more

sensitive to changes in the temperature time series. In the kernel as de�ned in Eq. (4.7),

all the temperature time series are weighed equally because only one length scalel exists.

However, in reality, di�erent temperatures may have a di�erent impact on the thermal

error. For this reason, an anisotropic RBF kernel must be used, where each input can

have its own length scale. The covariance function is therefore adapted to:

k(x i ; x j ) = � 2
f exp

�
�

1
2

(x i � x j )
T M (x i � x j )

�
+ � 2

n � (x i ; x i ) (4.8)

whereM is a symmetric matrix with parametersl1; : : : ; lD along its diagonal:

M = diag( l)� 2 (4.9)

The length scalesl1; : : : ; lD correspond to theD number of temperature sensors and are

called characteristic length scales. This covariance function implements an automatic

relevance determination (ARD) [76] because the inverse of the length scale determines

how relevant each temperature sensor is. If the length scale has a very large value, the

covariance functionk(x i ; x j ) will become independent of the given feature. This is a very

useful property in the context of thermal error compensation. As discussed in the state of

the art, a common approach in thermal research of machine tools is to equip a machine

with many sensors and choose relevant sensors based on some sensor selection algorithm.

The advantage of GPR is that it can be trained with all temperature inputs because it

can eliminate thermally irrelevant points by setting a large length scaleld to the given

input. In other words, the thermal key points selection and error prediction both take
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place within the same model. This is already pointed out in the work of Wei et al. [99],

who underlines that in the GPR model there is no need for an additional input selection

algorithm, which considerably simpli�es the entire modelling process.

4.2.3 Covariance Matrices

Based on the covariance functionk, the covariancesK , K � and K �� can be calculated.K

is the matrix of covariances between all training data pointsxn 2 RD for n = 1; : : : ; N .

Each covariancek is a scalar value andK is therefore anN � N matrix, given by the

equation:

K =

2

6
6
6
6
6
6
4

k(x1; x1) k(x1; x2) : : : k(x1; xn )

k(x2; x1) k(x2; x2) : : : k(x2; xN )
...

...
. . .

...

k(xN ; x1) k(xN ; x2) : : : k(xN ; xN )

3

7
7
7
7
7
7
5

(4.10)

K � is the covariance vector between the training input points and the new test input

points x � for which predictions are desired. Assuming predictions are made at every

time step when new values ofx � become available from sensor measurements and not

retrospectively on multiple time steps simultaneously, the dimension ofK � is 1� N , and

the equation is:

K � =
h
k(x1; x � ) k(x2; x � ) : : : k(xN ; x � )

i T
(4.11)

Finally, K �� represents the covariance only between the new input pointsx � , given by the

equation:

K �� =
h
k(x � ; x � )

i
(4.12)

4.2.4 Model Prediction

The aim of GPR is to determinep(y� jy; X ; x � ), i.e. given the past measured temperatures

X , thermal error y and currently measured temperaturesx � , how likely is a certain

prediction for the current thermal error y� ? The regression function of the GPR model is

given by:

p(yjX ) = N (yj� ; K ) (4.13)
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Assuming the data is normalized to a zero mean� = 0, the joint distribution of y and y�

is described by:

p

2

4
y

y�

3

5 � N

0

@0;

2

4
K (K � )T

K � K ��

3

5

1

A (4.14)

This equation describes the joint probability distributionp(y� ; yjX ; x � ) but what is required

is the conditional probability distribution p(y� jy; X ; x � ). The derivation of the latter from

the former is achieved by using the Marginal and conditional distribution of the MVN

theorem [4], and the result is given by:

p(y� jy; X ; x � ) � N (K � K � 1y; K �� � K � K � 1(K � )T ) (4.15)

The prediction for y� can be taken as the mean of Eq. (4.15):

y� = K � K � 1y (4.16)

The associated uncertainty is expressed by the variance:

� 2 (y� ) = K �� � K � K � 1(K � )T (4.17)

From Eqs. (4.15){(4.17), it is evident that GPR provides a prediction as a probability

distribution rather than a point estimate. In other words, it quanti�es the uncertainty

associated with the model prediction, which is useful in the context of thermal error

compensation, for example for the machining of critical diameters where high con�dence

is required.

The mean of the predictiony� depends on the past measured temperatures throughK � 1,

on the currently measured temperatures throughK � and on the past values of the thermal

error through y. GPR therefore does not explicitly feed historical data into the model

but considers it implicitly when predicting future values by modeling the correlation and

covariance between past and future data points. GPR also does not inherently require

the training data to be equally spaced in time, as is the case with some autoregressive

models, which gives the model much more 
exibility.

4.2.5 Hyperparameter Optimization

The selection of hyperparameters� 2
f , l , and � 2

n in the covariance functionk a�ects the

performance of the GPR model signi�cantly. This section begins with an explanation of
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the di�erence between model parameters and hyperparameters and between parametric

and non-parametric models. Parametric models assume that data can be modelled with

a �nite set of parameters. In a parametric regression modely = f (x), a function f is

de�ned to predict y for some newx. Consider the ARX model with a lag order of one:

y(t) = a1y(t � 1)+ b11x1(t)+ b21x2(t � 1). After the model has been trained, all information

about the dataset is captured by the parametersa1, b11 and b21, which are learnt directly

from the data. New predictions only depend on these parameters and not on the original

data. The complexity of the model is limited by the number of model parameters, which

does not increase when new data is measured. Unlike parameters, hyperparameters are

not learned directly from the training data but must be optimized prior to the model

training. The GPR hyperparameters� 2
f , l , and � 2

n are not parameters in the traditional

sense because the actual prediction ofy� is based on the covariance. The size of the

covariance matrices grows with the size of the measured time series and therefore the size

of the hyper-/non-parametric model grows with the amount of data.

The optimal selection of hyperparameters� = ( M; � 2
f ; � 2

n ) is found by the maximization

of the log marginal likelihood, as derived in [78], given by:

log p(yjX ; � ) = �
1
2

yT K � 1y �
1
2

logjK j �
N
2

log 2� (4.18)

To set the hyperparameters, the partial derivatives of the log marginal likelihood with

respect to the parameters are sought, given by:

@
@�i

logp(yjX ; � ) =
1
2

yT K � 1 @K

@�i
K � 1y �

1
2

trace
�

K � 1 @K

@�i

�
(4.19)

Equation (4.19) can be solved by a gradient based optimizer such as the L-BFGS-B

algorithm (Limited-memory Broyden Fletcher Goldfarb Shanno with Bound Constraints),

which is applied in this thesis. The complexity of computing the marginal likelihood stems

mainly from the need to invert theK matrix. The inversion of a positive de�nite matrix

requires time in the order ofO(N 3) for the inversion of anN � N matrix.

The inversion of the covariance matrixK can be accelerated by a low-rank approximation

of the matrix with the Nystr•om method. The Nystr•om method selects a small subsetZ

of M inducing points from the original dataset, such thatM << N . The selection can

performed by a greedy search algorithm, such as the Detrimental Point Process (DPP),

which maximizes the determinant of the submatrixK MM to achieve a representative

sub-sample of the original data. The original covariance matrixK is partitioned as

follows:
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K =

2

4
K

MM
K

M (N � M )

K
(N � M )M

K
(N � M )( N � M )

3

5 (4.20)

K
MM

is the covariance matrix between the inducing pointsZ and containts the covariances

between every pair of inducing pointszi and zj . K
M (N � M )

and K
(N � M )M

are the

covariance matrices between the inducing pointsZ and all data points inX . K
(N � M )( N � M )

is the covariance matrix between the non-inducing points, which is not computed in the

Nystr•om approximation. The Nystr•om approximation reconstructs the full covariance

matrix using only:

K � K
NM

K � 1
MM

K
MN

(4.21)

This approximation reduces the computational complexity fromO(N 3) to O(M 2N ), while

still accounting for all the data points through the covariance matrices andK
M (N � M )

and

K
(N � M )M

. Further details can be found in the work of Titsias [86].

In the latest state-of the-art research, both fast and exact GPR computation is achieved

by coupling GPU acceleration with BlackBox Matrix-Matrix Inference (BBMM) [20]

and LancZos Variance Estimates (LOVE) [73]. BBMM computes the GP marginal

log likelihood using only matrix multiplication and conjugate gradients instead of the

matrix inversion. LOVE leverages the Lanczos algorithm to approximate the diagonal

elements of the covariance matrix, which accelerates the computation of the posterior

variance. Python packages such as GPyTorch can perform training on datasets with over

1 million points while making very few approximations and without an explosion of the

computational time. This is su�cient for a lathe assumed to run for 50 000 hours and

making a thermal error measurement every 5 min. during its entire lifetime.

To further illustrate the concept of hyperparameter optimization, consider once again the

thermal error of the warm-up shown in Fig. 4.1. A GPR model is �tted to this data

based on the 2 temperature inputs from Fig. 4.2. A hyperparameter study is performed

for a �xed � 2
f , a single length scalel (for simplicity and the purpose of illustration) and

the noise variance� 2
n . Figure 4.3 shows the contour plot of the log marginal likelihood

as a function of the length scale and the noise standard deviation corresponding to the

�tted GPR model. For long length-scales above 102, the marginal likelihood becomes

almost independent of the length-scale; this is caused by the model explaining everything

as noise, and no longer needing the signal covariance. Conversely, for a small noise and

length scales below 10� 1, the marginal likelihood becomes almost independent of the noise

level; this is caused by the ability of the model to exactly interpolate the data at this short

length-scale.
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Figure 4.3: Contour plot of the log marginal likelihood as a function of the noise level
versus the characteristic length-scale, for the same data as in Fig. 4.1 and Fig. 4.2.

The initial values of l = [ l1; : : : ; lD ], corresponding to theD input features, are determined

from the model training data. However, over time, due to changes in the process and/or

thermal boundary conditions, the thermal key points may also change, rendering the initial

values ofl no longer representative of the actual thermal state of the machine. This, in

turn, can result in a sub-optimal performance of the compensation model. To provide

a concrete example of the concept of the changing length scalel, consider the following

experiment with air cutting consisting of a warm-up, several openings of the machine

door and a change of the cutting oil temperature. Three temperature measurements

are monitored: the internal spindle cooling, the cutting oil (workspace coolant), and the

driven tools. The relative temperature measurements from this experiment are shown

in Fig. 4.4. The steep drops in temperature correspond to the change of the thermal

conditions due to the door openings and stopping of the machine. After ca. 20h, the

temperature of the cutting oil is increased for experimental purposes until the experiment

is stopped after ca. 23h. The uncompensated thermal error is shown in Fig. 4.5.

Four di�erent GPR models are trained on the above listed temperature inputs with four

di�erent total training times until t1, t2, t3, and t4. t1 includes the warm-up and the

thermally stable phase,t2 is after the �rst door opening, t3 after the second door opening

and �nally t4 is after the change of the cutting oil temperature. Figure 4.6 illustrates

that the length scale parameterl i for each sensor inl changes with eacht. The GPR

model trained until t1 only considers the driven tools as an important input. Aftert2,
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Figure 4.4: Temperatures during an experiment on a Swiss-type lathe. Typical thermal
histories of the spindle cooling, the cutting coolant and the driven tools are shown,
consisting of a i) warm-up, ii) thermally stable phase, and iii) process interruption due to
door openings.

Figure 4.5: Thermal error of a Swiss-type during the experiment shown Fig. 4.4.

the importance of the cooling temperature as an input increases as it is correlated to the

thermal error. After t3, the importance of the cooling temperature increases even further

as the magnitude of the thermal error change also increases. Finally, att4 the model

recognizes the change in the cutting oil temperature and increases the importance of the

cutting oil temperature input. The unit of the length scalel is time (e.g. hours in this

case) and the unit of the ordinate axis in Fig. 4.6 is therefore the inverse of time. It is

more practical to plot the inverse of the length scale, because a larger inverse length scale

represents a more signi�cant, sensitive and faster reacting sensor, while a small inverse

length scale implies that the sensor will be ignored by the model.

This simple example clearly illustrates that over time the signi�cance of individual model

inputs can change and the GPR model therefore needs to be recalibrated to re
ect

the thermal changes on the machine. The entire compensation strategy including the

incorporation of the recalibration is described in detail in the next chapter.
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Figure 4.6: Length scales of GPR models corresponding to di�erent thermal states and
times in thermal history of the experiment from Fig. 4.5. The magnitude of the length
scale changes based on the importance of the corresponding temperature sensor.

4.2.6 Model Validation

Model validation refers to the process of evaluating how well a model generalizes to unseen

data. It helps to assess the model's performance and avoid over�tting. A common type

of validation is the so-called `k-Fold Cross Validation', in which the training dataset is

divided into k subsets, and the model is trainedk times using k-1 subsets for training

and 1 subset for validation each time.

For time series data, this cross-validation technique is not suitable because it ignores the

temporal ordering of the data. Instead, a more suitable technique, that is applied in

this thesis, is the so-called `Walk-Forward Validation', which splits the data sequentially.

The model is trained on an initial period of data and then tested on the next period.

After testing on the initial validation period, the training window expands to include this

period before moving on to the next validation segment. This is shown below in Fig. 4.7,

where the data, ordered sequentially in time, is split into 5 folds. The size of the training

data grows with time, and the validation segment always follows sequentially the training

segment. The `test' data represents measurements that are not seen during the initial

calibration phase.

A well-validated model with the walk-forward validation will show consistent or improving

performance across all windows. This means that evaluation metrics, such as the root

mean square error, will decrease over time and ultimately stabilize on a value that is

similar to the root mean square error over the whole training dataset. In other words, the

overall thermal error reduction will increase as more folds are included.
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Figure 4.7: Schematic of the walk-forward validation approach

4.2.7 Quality Indicators

The �nal section of this chapter introduces quality indicators that are used to evaluate

numerically the performance of the GPR model. Quality indicators are essential for

comparing di�erent model setups and help to identify the best approach for a speci�c

thermal case. This section introduces 2 metrics which measure the discrepancy between

observed values and those predicted by the model: the Root Mean Square (RMS) error

reduction and the Peak-to-Peak error (P2P) error reduction.

Root Mean Square Error (RMS) Error Reduction

The Root Mean Square (RMS) is a standard way to quantify the average magnitude of

a variable. The RMS error reduction is a useful measure because it gives a relatively

high weight to large di�erences between the measured and the predicted error values.

The RMS of the uncompensated errorERMSU and of the compensated errorERMSC are

de�ned by the following equations:

ERMSU =

vu
u
t 1

N

NX

n=1

(yn )2 (4.22)

ERMSC =

vu
u
t 1

N

NX

n=1

(y� )2 (4.23)

where yn is the measured error value,y�
n is the error predicted error value at time step

n and N is the total number of time steps. To assess the improvement delivered by the

GPR model, the percentage reduction in the RMS is sought, i.e. the RMS error reduction

ERMS;red , which is calculated by the following equation:
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ERMS;red =
�

ERMSU � ERMSC

ERMSU

�
� 100% (4.24)

Peak-to-Peak (P2P) Error Reduction

The Peak-to-Peak Error (P2P) measures the range between the maximum and minimum

errors in predictions. It provides insight into the worst-case scenario error magnitude and

is particularly useful in applications where extremes of error are more critical than average

errors. The P2P of the uncompensated errorEP 2P U and of the compensated errorEP 2P C

are de�ned by the following equations:

EP 2P U = max( y) � min(y) (4.25)

EP 2P C = max( y� ) � min(y� ) (4.26)

Similarly, the improvement in the model prediction, the P2P error reductionEP 2P;red , is

calculated by:

EP 2P;red =
�

EP 2P U � EP 2P C

EP 2P U

�
� 100% (4.27)
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Chapter 5

Adaptive Gaussian Process Model

This chapter describes the implementation of the GPR modelling approach introduced

in Chapter 4 to the Swiss-type lathe. It combines the GPR mathematical fundamentals

with the torque limit skip (TLS) measurement methodology from Chapter 3 to establish

the `Adaptive Gaussian Process' (AGP) model - a model that is able to adapt to changes

in the process and boundary conditions based on the measured temperatures and thermal

errors. AGP is a thermal compensation model tailored to the realities of the Swiss-type

lathe and the typical manufacturing processes on the lathe. This chapter explains the

di�erent stages of the compensation model: the calibration phase, the prediction phase

and recalibration. The chapter also investigates the sensitivity of the model to changes

in parameters that determine its behaviour.

5.1 Calibration Phase

5.1.1 Compensation during the Calibration Phase

The compensation model starts immediately after the machine is turned on and begins

with a calibration phase, in which the thermal error and relevant sensor information are

recorded and are used to obtain the �rst set of parameters for the GPR model. The

initial calibration phase is required only once, after that the compensation model can in

theory run inde�nitely if the sensor measurements are never stopped. The calibration

phase coincides with the machine tool start-up/warm-up: this is the time from when the

machine is turned on until it becomes thermally stable, i.e. its structural elements are

no longer deforming. Depending on the size of the machine tool, this time can last up to

several hours. The machine tool should be compensated especially during the warm-up
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time, i.e. immediately after the machine is turned on, because this is when the thermal

errors change the most. However, when the machine is turned on, there is no existing

compensation model based on the current temperature conditions because no data from

the sensors has been measured yet. One possibility to compensate the machine tool would

be to use compensation models with parameters from the past. This can be challenging

because thermal boundary conditions from the past can be di�erent from the current ones,

which could result in an unsuitably parameterized model and inaccurate predictions. This

thesis proposes that the most robust option is to use compensation directly from the TLS

measurement. This is possible due to the mode of operation of the Swiss-type lathe. The

thermal error measurement can be made after the parting-o� of each part by moving

the TLS probe to the artefact, making the TLS measurement, and resuming production

afterwards. For example, if the cycle time per part is 30 seconds, then the thermal error

can be measured every 30 seconds. However, this is not desirable in the long term, as

the duration of the measurement cycle itself negatively impacts the productivity of the

machine. In the prediction phase, and with more measurements available over time,

measurements do not need to be made after every part, and the GPR prediction can be

used instead. The concept of compensation with the TLS measurement in the calibration

phase is shown in Fig. 5.1, as well as the decreased frequency of error measurement in

the prediction phase.

Figure 5.1: In the calibration phase, the thermal error is compensated directly with
the TLS measurement. After a su�cient number of measurement have been made, the
prediction phase begins. In the prediction phase, the frequency of the TLS measurement
is decreased and the GPR model is used instead.
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5.1.2 Minimum Measurements for First Calibration

The switch from the calibration phase to the prediction phase should be made as soon as

possible, to decrease the frequency of error measurement and increase machine productivity.

However, before the �rst model calibration can happen, a certain minimum number of

error measurements must be made because the GPR model requires a certain minimum

number of training points to be su�ciently robust. This number depends on many

di�erent factors including the complexity of the data, the characteristics of the time

series etc. Loeppky et al. [58] recommend that the number of training points should be

at least 10 times the number of unique groups of inputs. For example, with 4 unique

groups of inputs, the minimum number of training points would be 40. In this context, a

`unique' group refers to inputs that are signi�cantly correlated to each other within the

group and not correlated to inputs in another unique group.

The following example analyzes the issue of the minimum number of training points for

the �rst calibration of the GPR model. Figure 5.2 (left) shows a warm-up error response

and all collected temperature sensor measurements. The approximate number of unique

temperature inputs can be determined based on simple clustering methods such as the

elbow plot, in which a signi�cant bend or elbow-like point indicates the recommended

number of clusters. The elbow plot for the temperature data shown on the left plot in Fig.

5.2 is shown in same �gure on the right plot. The ordinate axis of the k-elbow represents

the within-cluster sum of squares (WCSS) - a measure used in clustering algorithms to

evaluate the compactness of the clusters formed by the algorithm. The units of WCSS

are squared degrees Celsius, which indicates the variance of temperature measurements

within each cluster. The elbow plot in Fig. 5.2 indicates that the number of unique input

groups is 4 (by inspection). This means that according to the guideline provided above,

the minimum number of training points should be approximately 40.

Figure 5.2: Left plot: Measured thermal error and temperatures from all sensors. Right
plot: Elbow plot for the temperature data on the left plot.
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The plots below in Fig. 5.3 investigate the minimum number of training points required

to train a robust GPR model on the data from Fig. 5.2. The following numbers of training

data points are investigated: 10, 20, 30, 40, 50, 60. By inspection and as theorized above,

the model prediction is poor when the number of training points is less than 40 and

improves considerably when it is above 40.

Figure 5.3: Six GPR models trained on the data from Fig. 5.2. The model �t improves
when the number of training points is above 40, i.e. at least 10 times the number of
unique groups of inputs.
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5.2 Prediction Phase and Recalibration

After the �rst model calibration, the calibration phase ends and the prediction phase takes

over. In the prediction phase, the GPR model predicts the error and the variance based on

the newly measured temperatures. The thermal error prediction by the GPR model can

be veri�ed after each part with a TLS measurement, or at a reduced frequency as discussed

above. Despite this `veri�cation' measurement to compare the predicted and the actual

thermal error, the parameters of the GPR model are still based on the data from the initial

calibration phase only. As illustrated in the previous chapter in Sec. 4.2.5 on the topic

of hyperparameter optimization, the length scales inl change over time, and the initial

l may not re
ect the thermal reality of the machine after several hours. Furthermore,

as discussed in the State of the Art, the performance of compensation models typically

worsens over time and purely data-based models require periodical recalibrations with

on-machine measurements to maintain the accuracy of their predictions. The length

scale l must therefore be recalibrated intermittently with on-machine measurements.

Recalibration here refers to the retraining of the GPR model based on all past available

error measurements that are collected periodically with the TLS measurement after the

parting-o� process and all past temperature measurements.

5.2.1 Standard Deviation Thresholding

To trigger these recalibrations, authors have introduced additional algorithms and thus

also additional complexity to the overall modelling process. This thesis proposes to pro�t

from already available information about the uncertainty of the prediction inherently

provided by the GPR model � 2(y� ). Consider again the example from Sec. 4.2.5 in

Figs. 4.4 and 4.5, which represents the typical thermal history of an experiment on a

Swiss-type lathe, including a warm-up and several machine door openings. A GPR model

is trained on the data from Figs. 4.4 and 4.5, with a calibration phase lasting fromt = 0

to t = t1, and the model is then used to compensate the thermal error in the remainder

of the experiment. Figure 5.4 shows the result of the compensation. The GPR model

compensates successfully the error in the thermally stable phase and with some residual

the error during the machine door openings and the cutting oil temperature change. The

predicted standard deviation� (y� ) (the coloured area) and the residual error (the absolute

di�erence between the measured and the predicted values) are also shown. Note that the

standard deviation � (y� ) is plotted rather than the variance � 2(y� ) as the units of the

former are micrometers.

Figure 5.5 plots separately the time series of the predicted standard deviation and residual

thermal error. The width of the blue area in Fig. 5.4 corresponds to the magnitude

of the blue curve in Fig. 5.5. The peaks of the two curves clearly match during the
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Figure 5.4: Error, GPR model �t, predicted standard deviation, and residual error.

Figure 5.5: Plot of the magnitude of the standard deviation and the absolute residual
error, both values taken from Fig. 5.4.

machine door openings and during the cutting oil temperature change. In other words,

the residual thermal error and the uncertainty predicted by the GPR model are highly

correlated during these signi�cant thermal events.

The result in Fig. 5.5 motivates the following key idea: that the predicted standard

deviation could be used as an indicator that the model has run out of tolerance and should

be recalibrated. The basic principle is simple: if the predicted uncertainty� (y� ) becomes

too large and exceeds some threshold, then the model is recalibrated. The motivation

behind this is as follows: when� (y� ) is high, it indicates that the GPR model is less

con�dent in its prediction y� , which suggests that the predictiony� is less accurate, and

that the model should be recalibrated. This thesis proposes to de�ne the threshold� max in

terms of the standard deviation, as the units of the standard deviation are micrometers,

rather than squared micrometers, which are the units of the variance� 2(y� ). � max is

therefore directly interpretable as a maximum allowable prediction uncertainty with the

units of micrometers. It only remains to be de�ned at which point exactly in the time

series or at what magnitude of� (y� ) should the recalibration take place. This thesis

contends that by far the most robust option for the triggering of the recalibration live on

a machine tool is a simple constant threshold, i.e. a constant value of� max .
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Model Sensitivity to Maximum Allowable Uncertainty

The following example investigates the e�ect of varying the threshold� max on the accuracy

of the GPR model prediction and the occurence of model recalibrations. Consider a

more complicated thermal load case, in which the speed pro�les of the main spindle

and the driven tools are varied randomly for ca. 90 hours, as shown in Fig. 5.6, which

induces a constantly randomly varying thermal error. Corresponding relevant temperature

measurements are shown in Fig. 5.7.

Figure 5.6: Rotational speed of the spindle and driven tools for an experiment to illustrate
the e�ect of di�erent values for the maximum allowable uncertainty threshold� max .

Figure 5.7: Relevant temperature measurements corresponding to Fig. 5.6.

Di�erent values of the maximum allowable uncertainty threshold� max are investigated,

more speci�cally as ratios of the maximum expected thermal error, i.e. the ratio of

� max =max(e). This is to ensure that any conclusions about the optimal value of the

uncertainty threshold can be generalizable to load cases and machine tools with di�erent

thermal error responses. However, it requires at least some advance knowledge of the

thermal behaviour of the machine tool for the speci�c part cycle, i.e. the maximum

expected thermal error must be known at least approximately, so that the threshold can

be set appropriately. Shown below in Figs. 5.8 and 5.9 are examples of two ratios: one

that is set high at > 15% in Fig. 5.8, and one that is set to low at< 5% in Fig. 5.9. In

each �gure, the bottom plot shows the predicted standard deviation, with the threshold

� max =max(e) indicated with the red horizontal line. This line is denoted in the legend

only as � max since the normalized ordinate axis already implies division of all plotted

values with the maximum expected thermal error max(e).
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Figure 5.8: AGP model prediction with� max =max(e) > 15%.

Figure 5.9: AGP model prediction with� max =max(e) < 5%.
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Figures 5.8 and 5.9 illustrate that choosing a higher or lower� max =max(e) depends on the

user requirements of accuracy and tolerance for uncertainty. A lower threshold will result

in an improved accuracy because the model will tolerate only a low value of uncertainty

and will recalibrate if this value is exceeded. This will result in relatively frequent

recalibrations, since� (y� ) typically increases over time and will exceeded the maximum

allowable uncertainty more often. A higher number of recalibrations implies and increased

computational time, i.e. a higher burden on the computational resources. On the other

hand, a higher threshold� max =max(e) will lead to a marginally decreased accuracy but

less frequent recalibrations and therefore a faster computational time. In choosing the

threshold � max =max(e), there is therefore an inherent trade-o� between model accuracy

and computational time.

Similar compensation plots as in Figs. 5.8 and 5.9 can be generated for all meaningful

ratios of � max =max(e) in the range from 1% to 20%. Each of these ratios yields two

relevant compensation results that can be compared: the RMS error reductionERMS;red

and the total number of recalibrations N. These can be plotted together on a double y-axis

plot with the x-axis being the ratio � max =max(e). For the load case de�ned by the speed

pro�le in Fig. 5.6, the result is shown in Fig. 5.10 below.

Figure 5.10: RMS error reduction and number of recalibrations vs maximum allowable
uncertainty: trade-o� between model accuracy and computational resources.

Figure 5.10 illustrates that there is an inherent trade-o� between model accuracy and

number of recalibrations. In other words, a high model accuracy implies a high number of

recalibrations, which is typically not desirable. This is because frequent recalibrations i)

can lead to unsmooth predictions with `jumps' between predictions as opposed to smooth

predictions generated continuously by a single model and ii) are ine�cient computationally

and may restrict computational resources required for other purposes. Figure 5.10 shows

i) that a high percentage ratio � max =max(e) will lead to a marginally decreased model

accuracy while keeping the number of recalibrations low; and ii) that a low percentage

ratio � max =max(e) will lead to a marginal increase in the model accuracy at the expense
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of an exponential increase in the number of recalibrations. This work therefore contends

that the optimal value for � max =max(e) is approximately 10%, and more generally lies

between 5% and 15%. This result is consistent with the survey of Czwartosz et al.

[13] of 40 publications on thermal error compensation from 2012 to 2022, who reported

that the majority of works achieve an error reduction in the range from 85% to 95%.

The remaining percentages that cannot be compensated represent the impact of the

modeling simpli�cation from a highly complex thermo-mechanical system to a data-based

model. Some level of uncertainty is therefore inherently associated with a data-based

model approach due to the limitation of the training data to capture real-world thermal

complexity. This uncertainty can therefore be encapsulated in the maximum allowable

uncertainty of 5{15% of the maximum expected thermal error.

5.2.2 Model Validation

The previous load case can also be used to demonstrate and provide exemplary results of

the walk-forward validation method introduced in Sec. 4.2.6. Consider the thermal error

induced by the speed pro�le in Fig. 5.6 and the corresponding temperature measurements

shown in Fig. 5.7. Assume that the maximum duration of the calibration phase is 20h.

This implies that in 10-fold walk-forward validation, each segment lasts 2h. This is shown

on the thermal error plot below in Fig. 5.11, wherek1 to k10 represent the individual

segments. The plot of theERMS;red as a function of the number of splits used for training

is shown in Fig. 5.12. The curve `training' refers to the error reduction on the givenk

folds used for training. The curve `validation' refers to the error reduction on the given

1 validation dataset. The results show that with only 1 fold used for training, i.e. from

0h to 2h, the model cannot accurately extrapolate to predict the error from 2h to 4h.

However, 2 folds are already su�cient for the validation error reduction to reach the same

order of magnitude as the error reduction on the whole training dataset. In conclusion, for

this dataset, 4h of training are su�cient, and this is in fact the duration of the calibration

phase that has been chosen, as visible in Figs. 5.8 and 5.9.

Figure 5.11: 10-fold walk-forward split of the training error data in Figs. 5.8 and 5.9.
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Figure 5.12: Comparison of training and validation errors for a 10-fold walk-forward split
on the training data. `Training' refers to the error reduction on the givenk folds of the
training dataset, `Validation' refers to the error reduction on the only 1 validation dataset.

5.2.3 Justi�cation of Recalibrations

It was shown above that if thermal changes take place on the lathe, a recalibration will be

triggered by the model. For completeness, it is further illustrated here that the triggering

of a recalibration means that some thermal changes must have taken place on the lathe.

Recalibration implies that the threshold � max has been exceeded, i.e.� (y� ) > � max .

The predicted variance given by Eq. 4.17 is always positive. Hence a high value of the

uncertainty implies that K �� >> K � K � 1(K � )T , which must mean that the covariances in

K � are small. Recall the prediction for the thermal error given by Eq. 4.15: if the impact

of K � on the prediction ofy� is small, it means thaty� is primarily based onK � 1 and y,

i.e. on historical temperature and thermal error data but not on new measurements. The

new measurements are the `thermal changes' that had not previously been seen during

the training of the model and are the reason for recalibration. Furthermore, by the

contra-positive law in the rules of logic, if a recalibration (R) takes place due to thermal

changes (C), i.e. R ! C, then it must imply that if there are no thermal changes on the

machine, then no recalibration will be requested, i.e.� C !� R.

5.3 Model Structure

This section presents the schematics of the �nal compensation model structure, in which

the calibration and compensation phases are combined to form a uni�ed compensation

strategy. The structure is visualised as a 
owchart in Fig. 5.13 and as a time series in

Fig. 5.14. In the calibration phase, the temperatures and thermal errors are measured.

Once a su�cient number of error measurements has been collected, the initial parameters

of the GPR model are calculated, and the GPR compensation starts. In the prediction

phase, only temperatures are measured and the GPR model predicts the thermal error

and the variance. If the predicted standard deviation� (y� ) exceeds the threshold of the

maximum allowable standard deviation� max , the model is recalibrated. An additional
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in-between control measurement can be added to the method, in which the measured and

predicted errors are compared. If their di�erence exceeds some user-de�ned tolerancee,

then the model is recalibrated.

The presented schematics below conclude this chapter. The following chapter validates the

application of the Adaptive Gaussian Process (AGP) model for the use on the Swiss-type

lathe on air-cutting thermal load cycles. In all thermal error plots in the subsequent

chapters, the relative thermal error is considered, i.e. the thermal error is equal to

0 at t = 0. This is because the absolute measurement att = 0 can be obtained

by measuring the �rst part and if the measurement(s) are out of tolerance, then the

initial compensation value can be input manually (which is already typically the case in

Swiss-type lathe production). This ensures that the �rst part is within the prescribed

tolerance. Subsequently, only the relative di�erence to the �rst measurement(s) is of

interest.

In the following chapters, thermal error measurements are presented as normalized, i.e.

divided by the maximum positive value of one speci�c given error. This implies that the

normalized value of this speci�c error can never exceed 1 but may be negative or below

-1, if the negative values are larger than the maximum positive value. In the case that

multiple error measurements are shown together on one plot, it is always clearly stated

which of the errors has been taken as the normalizing error. This can then lead to some

normalized error values (of the `other' errors) to be larger than 1. The predicted standard

deviation � (y� ) is also normalized by the maximum error value. This means that the

plots of the standard deviation in fact show the above discussed ratio� max =max(e) and

are all in the range around 0.1 or 10%.
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Figure 5.13: AGP thermal compensation model structure: 
owchart

Figure 5.14: AGP thermal compensation model structure: time series
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Chapter 6

Thermal Error Compensation

of High-Precision Swiss-type Lathes

This chapter validates the application of the Adaptive Gaussian process (AGP) model to

the Swiss-type lathe. The chapter is divided into several sections. The �rst section reviews

the fundamentals of Swiss-type lathes and introduces the lathes that have been used to

conduct experiments in this thesis. The second section focuses on the compensation of the

most dominant thermal in
uences and thermal events that are speci�c to the Swiss-type

lathe. Di�erent thermal load cases are presented, which demonstrate the compensation

capabilities and versatility of the AGP model. The �nal section introduces an approach

for the extrapolation of the compensation prediction to other tool positions.

6.1 Utilized Machine Tools and Equipment

6.1.1 Fundamentals of Swiss-type Lathes

The Swiss-type lathe was originally developed in Switzerland in the late 19th century

shortly after the patenting of the collet chuck in the 1870s to meet the growing demand

for high-precision parts in the watch-making industry. The primary challenge was to

produce large quantities of small parts with tight tolerances. The solution was found in

the design of the Swiss-type lathe, which o�ered stability and accuracy by supporting the

workpiece close to the location of cutting, thereby minimizing de
ection, a common issue

in conventional lathes when machining slender workpieces. Over the decades, the design

and capabilities of Swiss-type lathes have evolved signi�cantly, especially after the advent

of computer numerical control (CNC) technology.
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The Swiss-type lathe is also known under its many other names: `Swiss automatic lathe',

`Swiss turning machine' or `Swiss-screw machine'. In the German speaking world, it

is called the `Langdrehautomat' and in the French speaking world the `D�ecolletage'

machine.

Today, the Swiss-type lathe is a highly sophisticated machine capable of performing

complex milling, drilling, turning, and cutting operations in a single setup. This is enabled

through the use of the many tool positions on the main- and counter-operation sides of

the lathe. The Swiss-type lathe is equipped with several unique features that distinguish

it from a standard lathe: i) the guide bushing that is located close to the cutting tool

and reduces de
ection, ii) the automatic bar feeder that supplies material through the

through the guide bushing into the working area, iii) the sliding headstock which allows

the workpiece to move along the Z-axis, iv) a higher number of tools and axes.

6.1.2 Experimental Swiss-type Lathes

Di�erent types of Swiss-type lathes have been used for research in this thesis, each for

a di�erent set of experiments but similar thermal load cases. Three di�erent types have

been used, denoted as DT, GT and DECO, and are shown in Figs. 6.1, 6.2 and 6.3

respectively. Detailed explanations of their respective kinematics and individual thermal

load tests are provided below.

Swiss-type Lathe DT

Figure 6.1: Kinematics of the experimental Swiss-type lathe DT
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The DT is equipped with 2 C-axes (main spindle S1 and counter spindle S4), with 3

linear axes on the main operation side (X1, Y1, Z1) and 2 linear axes on the counter

operation side (X4 and Z4). It is also equipped with motors for powered rotating tools

(also referred to as `driven' or `live' tools) on the main operation side (S11) and on the

counter operation side (S51). The turning and driven tools are all positioned vertically

above the main spindle. The thermal error probing on the DT is performed with a TLS

probe placed behind the tools on the tool holder against the front nose of the spindle; the

implementation is similar to that described in Chapter 3. The DT is used to perform all

of the types of thermal experiments outlined in the following section of this chapter.

Swiss-type Lathe GT

Figure 6.2: Kinematics of the experimental Swiss-type lathe GT.

The GT is also equipped with 2 C-axes (main spindle S1 and counter spindle S4), with 3

linear axes on the main operation side (X1, Y1, Z1) and 3 axes on the counter operation

side (X4, Y4, Z4), as well as the S11 and S51 modules. The S21 tool module was not

available on the experimental lathe. The tools on the GT are positioned in the horizontal

direction on the left and right hand sides of the main spindle. The GT has been used

for all experimental investigations pertaining to the research on the torque limit skip as

outlined in Chapter 3 and for the manufacturing of the thermal test piece introduced in

Chapter 7.



Chapter 6: Thermal Error Compensation of High-Precision Swiss-type Lathes 88

Swiss-type Lathe DECO

The DECO is a large Swiss-type lathe with 3 independent tool systems located at its main

operation, counter-operation and rotary turret, as shown in Fig. 6.3. Axes with index 1

correspond to the main operation, with index 2 to the turret operation, and with index 4

to the counter operation. Axes denoted as X, Y, Z are the linear axes, B and C are the

NC-controlled rotational axes. On the main operation side, the tools are moved with the

X1 and Y1 axes and the workpiece with the Z1 axis. The turret can move horizontally

along the X2 axis, vertically along the Y2 axis around which it can also rotate on the B2

axis, and along the workpiece on the Z2 axis around which it can also rotate on the C2

axis. The B2 axis is a distinctive axis of the lathe as it allows features to be machined

at an arbitrary angle to the axis of rotation of the workpiece. The counter-spindle can

be moved with the X4, Y4 and Z4 axes. The lathe is equipped with multiple motors, 5

of which are shown in Fig. 6.3: the main spindle motor S1, the driven tools motor on

the main spindle side S11, the counter-spindle motor S4, the driven tools motor on the

counter-spindle side S41, and the turret motor S21.

The thermal error measurement is performed with a TLS probe clamped in the tool holder

against a precision measurement bar clamped in the main spindle. The tests performed

on the DECO are therefore considered as `thermal characterization' tests. The DECO is

used to run a ca. 200h long thermal experiment with various simultaneous and alternating

combinations of speeds of its 5 motors, which produce a signi�cant amount of heat, leading

to a complex thermal behaviour.

Figure 6.3: Kinematics of the experimental Swiss-type lathe DECO.
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6.1.3 Temperature Measurement Equipment

A new 
exible measurement setup has been developed for the measurement of temperature.

The setup is based on the stackable RTD Data Acquisition Card for RaspberryPi, which

can accommodate up to 8 cards and 64 Pt100 temperature sensors. Pt100 is a platinum

resistance thermometer with a resistance of 100 ohms at 0°C. A Python script is used to

read out the temperature values.

6.2 Thermal Compensation with Adaptive GP Model

This section presents the results of the thermal compensation with the Adaptive Gaussian

Process (AGP) model. Three distinct thermal load cases are presented, in which all of

the dominant thermal in
uences are included and varied. The load cases demonstrate the

ability of the model to compensate thermal errors under very di�erent thermal conditions

and on di�erent machines. All the experiments presented in this section are conducted as

air cutting, i.e. without material. The thermal error measurement is performed with the

torque limit skip (TLS) and the compensation values correspond to a compensation at

that position. The extrapolation to other tool positions is discussed in the next section.

The thermal load cases are the following:

Random speed load case (DT): Random speed pro�les are de�ned for the main

spindle S1 and the driven tool motor S11 on the DT. The purpose of the random speed

pro�le load case is to demonstrate the ability of the AGP model to predict a constantly

changing thermal error under constantly changing temperatures. The temperature of

the cutting oil is varied between 15� C and 40� C, all machine axes are moved at random

speeds between their respective axis limits (not shown) and the ambient temperature

varies in the day-night cycle. This experiment presents the most complex thermal load

case because all possible thermal in
uences are varied simultaneously. The total duration

of the experiment is ca. 70h. An example of a compensation of a random speed pro�le

is already shown in the previous Chapter 5 in the discussion on the model sensitivity to

the maximum allowable uncertainty. In that load case, the cutting oil temperature is

maintained constant and the AGP model achieves excellent compensation results. This

illustrates the signi�cance of the impact of the cutting oil temperature on the thermal

behaviour of the machine, which is investigated here.

Random speed load case (DECO): The purpose of a second random speed experiment

is to demonstrate the transferability of the AGP model to another Swiss-type lathe

with a di�erent structure, thermo-mechanical behaviour and time constants. Random

speed pro�les are set for the lathe's 5 motors S1, S11, S21, S4 and S41. The cutting oil

temperature varies between 15� C and 50� C and the experiment lasts ca. 200h.
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Machine door opening load case (DT): Constant speed pro�les are de�ned for the

main spindle S1 and driven tool motor S11 on the DT. The experiment is interrupted

multiple times by stopping the machine and opening the machine door. The opening of

the lathe door is a common event in Swiss-type lathe manufacturing, which happens

in case the operator needs to exchange the tools or clean the working space. As a

result, thermal boundary conditions change rapidly when cooler ambient air enters the

working space and when the air heats up after the lathe is restarted. The machine tool

exhibits short cool-down and warm-up cycles during which thermal errors change abruptly.

This is because Swiss-type lathes have components with potentially very di�erent masses

and time constants. While high-mass components with long time constants such as the

machine bed are not a�ected by short-term interactions, low-mass components with short

time constants, such as the tool holder, can cause a considerable thermal error under

fast-changing thermal conditions. The total duration of the experiment is 8h, during

which cutting oil temperature increases from 24� C to 31� C.

Air-machined part load case (DT): The load case corresponds to the air machining of

a real part, which is a simple round part with di�erent diameters similar to that introduced

in Chapter 7. The speed pro�les of S1 and S11 are constant and the experiment is shortly

interrupted several times. The duration of the experiment is ca. 28h, which corresponds

to the total time for the production of the batch. The temperature of the cutting oil

increases from 20� C to 27� C during this time.

The maximum allowable uncertainty� max is set as� max =max(e) � 10% for all experiments

presented in this chapter. An integer value had been chosen for� max in each case, and

there are therefore marginal variations of the ratio around 10% in each case. All results

are normalized with max(e) for each load case separately.

6.2.1 Compensation of the Random Speed Load Case

Swiss-type Lathe DT

This section presents the results of the compensation with the AGP model of the thermal

load case de�ned by the random speed pro�les on the DT, as shown in Fig. 6.4 (top).

The corresponding temperature measurements of the ambient, cutting oil, main spindle

motor S1 and driven tool motor S11 are shown in Fig. 6.4 (bottom). The temperature

of the cutting oil is typically kept constant to maintain thermal stability - here it is

varied between 15� C and 40� C to generate a complex thermal load case. The day-night

ambient temperature variation is also clearly visible. The machine hall heating keeps an

approximately constant temperature during the day and is turned o� during the night.

The `teeth-like' shape of the ambient during the day is caused by an on-o� behaviour of

the machine hall heating control.
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Figure 6.4: Top: Rotational speeds of the main spindle S1 and driven tool motor S11 as
a random speed pro�les, which leads to a constantly changing thermal error. Bottom:
Relevant temperature measurements. The cutting oil temperature is changed throughout
the experiment and varies between 15� C and 40� C.

The results of the compensation of the random speed experiment with the AGP model

are shown in Fig. 6.5 and Fig. 6.6. The length of the initial training time is chosen

suitably according to the measurement frequency of the error and the number of unique

temperature sensor groups, as discussed in Chapter 5. To illustrate the importance and

the e�ect of model recalibration, two compensation cases are compared: without any

recalibrations and with recalibrations. Figure 6.5 (top) shows the compensation result

without any model recalibration and Fig. 6.5 (bottom) the associated predicted standard

deviation � (y� ). The model uncertainty increases dramatically following the change in

the cutting oil temperature at around 30h and the model accuracy decreases signi�cantly

after this.

Figure 6.6 (top) shows the compensation result with recalibrations, where the residual

error is notably smaller. Figure 6.6 (bottom) shows the predicted standard deviation

� (y� ) and the maximum allowable standard deviation� max . The residual thermal error

increases steeply at around 30h and 50h: this corresponds to the changes in the cutting

oil temperature which happen at these times. The AGP model detects the increased

uncertainty around 30h and 50h and recalibrates itself appropriately to correct the

predictions of the model. The high frequency of recalibrations between 29h and 32h

means that the predicted model uncertainty remains high during this time. This indicates

that the machine is in a transient thermal state, during which the AGP model needs to

recalibrate frequently to learn about previously unknown thermal states.
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Figure 6.5: AGP model prediction, without recalibrations, of the thermal error from the
random speed pro�le load case on the DT and of the associated standard deviation.

Figure 6.6: AGP model prediction, with recalibrations, of the thermal error from the
random speed pro�le load case on the DT and of the associated standard deviation.
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For the case without recalibrations, the RMS error reduction is 52.7% and the P2P error

reduction is 12.7%. With recalibrations, both error reductions improve, to 87.5% for

the RMS error reduction, and to 50.1% for the P2P error reduction. The recalibrations

therefore deliver a signi�cant improvement in the accuracy of the model prediction. The

lower P2P reduction is caused by the error increase before the recalibrations.

Swiss-type Lathe DECO

The random speed pro�le test on the DECO is de�ned by 5 random speed pro�les of

the S1, S11, S21, S4 and S41 motors as shown in Fig. 6.7. Corresponding temperature

measurements of the ambient and the cutting oil are shown in Fig. 6.8. Similarly to

the previous experiment on the DT, the temperature of the cutting oil is varied in this

experiment as well, between 15� C and 50� C. The ambient temperature does not vary

in the same manner as for the DT because the DECO is located in another machine

hall with a di�erent type of machine hall heating. To illustrate again the e�ect and

importance of model recalibration, Fig. 6.9 shows the compensation result without any

model recalibration, i.e. a static model. When the model is left to run without any

in-process error measurements, i.e. without any recalibrations, the uncertainty increases

over time, as can be seen from the size of the blue area in Fig. 6.9 (top) and as is shown in

the standard deviation plot in Fig. 6.9 (bottom). Figure 6.9 also clearly shows that as the

model uncertainty increases, the residual error increases, i.e. the accuracy of the model

prediction decreases. This is for reasons as discussed in Chapters 4 and 5: over time the

machine encounters new thermal states on which the model had not initially been trained

and the model therefore becomes increasingly uncertain about its prediction.

The result of the compensation with recalibrations is shown in Fig. 6.10 (top) and the

predicted standard deviation in Fig. 6.10 (bottom). The ordinate scale in the standard

deviation plots in Figs. 6.9 and 6.10 is the same, which displays clearly the reduction in

the predicted standard deviation due to the applied threshold. This is especially evident

at ca. 85h and 170h, when the predicted standard deviation drops steeply and remains

low for a considerable number of hours. The accuracy of the model improves signi�cantly

and the model achieves a high RMS error reduction of 83% but a P2P error reduction of

only 36.5% due to the error increase before the recalibrations. Figure 6.10 clearly indicates

that both the error residual and uncertainty decrease over time as the model size increases

with each recalibration. This is due to the always increasing sizes of covariance matrices

K , K � with the increasing number of training data. The AGP model therefore does not

`forget' about past thermal states when it is recalibrated, i.e. the hyperparameters are

not `shifted' to re
ect the most recent thermal events.
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Figure 6.7: Speed pro�les of motors for an experiment on the DECO.

Figure 6.8: Temperatures of the ambient and the cutting oil on the DECO.
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Figure 6.9: AGP model prediction, without recalibrations, of the thermal error from the
random speed pro�le load case on the DECO and of the associated standard deviation.

Figure 6.10: AGP model prediction, with recalibrations, of the thermal error from the
random speed pro�le load case on the DECO and of the associated standard deviation.
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6.2.2 Compensation of the Machine Door Opening Load Case

The machine door opening is a common occurrence in Swiss-type lathe operation and

one of the most critical thermal events that happen during the operation of the lathe.

Thermally signi�cant events from the previous section such as the change in the cutting

oil temperature or the randomly varying speed pro�les are unlikely to be encountered in

an actual production scenario. An example of such a speed pro�le is shown in Fig. 6.11

(top) and the corresponding temperature measurements are shown in Fig. 6.11 (bottom).

When the lathe is stopped, the speeds fall to zero and this is followed by a decrease in

the motor temperatures. Especially the driven tools, which heat up considerably during

operation, cool down by up to 20� C in a time in the order of minutes, due to their low

mass and short time constant. The tool holder with a similarly short time constant

exhibits a short cool-down when the machine door is opened, as cooler ambient air enters

the working space, and then again a warm-up when the machine is restarted, as the air

inside the machine heats up and the driven tools are restarted. This is in contrast to

other machine tool components, such as the bed, which have a much higher mass and

longer time constants and are therefore signi�cantly less a�ected by the door opening

event.

Figure 6.11: Top: rotational speed of the main spindle S1 and driven tool motor S11. The
lathe is stopped several times throughout the experiment as is evident from the speeds
falling to zero. The machine door is opened when the machine is stopped. Bottom:
Relevant temperature sensor measurements. S1 and S11 temperature drops when the
machine is stopped and door is opened.

Figure 6.12 shows the result of the compensation with the AGP model. The duration

of the initial training is chosen suitably according to the measurement frequency of the

error and the number of unique temperature sensor groups, as discussed in Chapter 5.
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The main purpose of the AGP model is to compensate the cool-down and subsequent

warm-up of the lathe. The prediction phase therefore begins before the machine door is

opened for the �rst time. The temperatures are measured continuously, even during the

door opening, and the AGP model is therefore able to track the decrease of the thermal

error while the machine is stopped. Initially, the model is uncertain about its predictions

but the threshold � max is not exceeded and the model does not compensate the thermal

error perfectly. However, over time, with model recalibrations at ca 2.6h and 4.5h, the

model accuracy becomes very high. This load case illustrates that with the appropriate

temperature inputs, such as the temperature of the S11 motor, the AGP model can predict

successfully the warm-up of the lathe during a restart following a door opening. The RMS

error reduction is 94.9% and the P2P error reduction is 68.6%.

Figure 6.12: Top: thermal error compensation of the machine door opening load case.
Bottom: prediction of the standard deviation corresponding to the magnitude of the blue
area in the top plot. The model triggers a recalibration when� (y� ) exceeds� max at
t = 2:6h and t = 4:5h.

Kaftan et al. [45] have previously proposed a stacked two-component model tailored

speci�cally to the door opening event in Swiss-type lathe operation. In the developed

approach, one compensation component is active all time, while the other only during and

shortly after the door opening to compensate the cool-down and warm-up of the machine.

The second model is trained on the residual error during a door opening and is activated

by a signal from the machine tool indicating an open/closed status of the machine door.

A drawback of this model is that it requires some advance knowledge of how long the

second model should remain active for following the restart of the lathe. Ultimately, this

thesis contends that a single GPR model running all the time with appropriate inputs is

su�cient to capture the thermal error trend corresponding to the door opening.
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6.2.3 Compensation of the Air-Machined Part Load Case

The third investigated load case corresponds to the air machining of a workpiece on the

DT. This load case is similar to the previous except that the cycle interruptions are

shorter and the in
uence of the ambient temperature variation is more pronounced. The

part is a simple round workpiece with di�erent diameters: here the load case and the

error measurement is more important than the speci�c dimensions of the part. The speed

pro�les of the S1 and S11 are shown in Fig. 6.13 (top) and the corresponding relevant

temperature measurements are shown in Fig. 6.13 (bottom). During the thermally stable

phase, i.e. between 10h and 20h, all the temperatures except the ambient remain highly

stable, which is a typical thermal characteristic of the mode of operation of the Swiss-type

lathe during the mass production of a single part in a batch.

Figure 6.13: Top: rotational speed of the main spindle S1 and driven tool motor S11. The
speed pro�les correspond to the machining of an experiment workpiece. The machine is
stopped several times throughout the experiment for short periods of time. Bottom:
relevant temperature measurements.

Figure 6.14 shows the result of the thermal error compensation of the air-machined part

load case with the AGP model. The prediction phase here does not start before but after

the cycle interruption, which corresponds to a machine door opening. This is to illustrate

the capability of the AGP to compensate subsequent door opening events once such an

event has already been included in the initial training data. This in turn leads to a

greatly improved model accuracy and robustness compared to the previous door-opening

load case because the AGP model does not require any recalibrations since� (y� ) always

remains below� max . Given the relatively simple load case, the RMS error reduction is

97.7% and the P2P reduction is 72.8 %.
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Figure 6.14: Top: thermal error during the air-machined part load case. Bottom:
prediction of the standard deviation corresponding to the magnitude of the blue area
in the top plot. � (y� ) never exceeds� max and therefore no recalibration takes place in
this experiment.

Table 6.1 lists the RMS and P2P error reductions corresponding to the load cases presented

in this section, speci�cally the uncompensated error magnitudes, compensated error

magnitudes and error reductions. As expected, both the RMS and P2P reductions are

lower for the more complex random speed pro�les on the DECO and the DT than for the

less complex cases of the door opening and the air-machined part. The P2P reductions

are lower than the RMS reductions as they are somewhat skewed by the fact that the

residual error usually spikes immediately before a model recalibration. The RMS metric

is therefore more informative about the general performance of the model.

Load case
RMS Error
Reduction [%]

P2P Error
Reduction [%]

Speed pro�le DT 87.5 50.1

Speed pro�le DECO 83.0 36.5

Door openings 94.9 68.6

Air-machined part 97.7 72.8

Table 6.1: Summary of root-mean square (RMS) and peak-to-peak (P2P) error reductions
of the presented load cases.
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6.3 Compensation of Multiple Tool Positions

This chapter has so far validated the application of the AGP model to compensate the

thermal error at the position of the error measurement. However, on a Swiss-type lathe,

there are many di�erent tool positions with potentially very di�erent thermal behaviours

compared to the location of the TLS measurement. What therefore remains unanswered

is how to transfer or extrapolate the predicted compensation value to other tool positions.

This is what is addressed in this section.

To illustrate the potentially di�erent thermal error responses at di�erent tool positions,

consider the tool arrangement on the DT shown in Fig. 6.15. The tool position T1 is

the location of the TLS probe, which represents the error measurement that is always

available. Tool positions T2 and T3 (and all other tool positions) are tool positions

where the thermal error value is not known, to which the compensation value must

be extrapolated, and where error measurement during production is not possible. For

experimental purposes, sensors are mounted at these locations. The thermal errors at

the respective tool positions are denoted aseT1 , eT2 and eT3 and the temperatures are

denoted asTT1 , TT2 and TT3 .

Figure 6.15: Tool positions T1, T2 and T3 on the DT. The TLS measurement happens
at T1. Compensation values must be extrapolated to T2 and T3.

This section reuses all the load cases already presented in this thesis: i) the random

speed pro�le load case from Chapter 5 de�ned by the speed pro�le from Fig. 5.6, ii) two

air-machined part load cases, with a speed pro�le de�ned approximately by Fig. 6.13

(only the points in time of the cycle interruptions di�er), and iii) the door opening load

case de�ned in Fig. 6.11. The thermal error responses corresponding to each load case
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for each tool position T1, T2 and T3 are shown in Fig. 6.16 (left) aseT1 , eT2 and eT3 .

Temperature sensors are mounted at each tool position T1, T2 and T3 and the relative

temperature measurements (all starting at 0) corresponding to each load case are shown

in Fig. 6.16 (right) as TT1 , TT2 and TT3 . The error and temperature change is the highest

at the T1 location since this location is directly on the driven tool module. The shape

of the error response on the tool holder for the turning tools at locations T2 and T3 is

di�erent and resembles a second-order type response, rather than the �rst-order seen at

T1. Furthermore, the tool position T3 is a�ected by the door opening similarly to T2 but

does not experience the same drop in temperature. The error of the air-machined part

load cases (1) and (2) is similar, despite di�erent measured temperature values.

The quantity that is of the most interest is the di�erence in the thermal error between

tool positions T1 and T2, eT1 � eT2 , and between tool positions T1 and T3,eT1 � eT3 .

This is because the thermal error can be measured and compensated at the T1 location.

It is therefore su�cient if the error di�erences between the respective tool positions are

compensated. The error di�erenceseT1 � eT2 and eT1 � eT3 for each load case are shown

in Fig. 6.17 (left). The corresponding temperature di�erencesTT1 � TT2 and TT1 � TT3

are shown in Fig. 6.17 (right). There is a clear correlation between the di�erences in

the temperature readings at the sensor locations and the di�erences between the error

measurements at the corresponding locations, which can be made use of. In all the plots

presented below, the thermal error is normalized with the maximum value ofeT1 , for each

load case separately, i.e. the normalizing maximum value ofeT1 will di�er across di�erent

load cases.

6.3.1 Model for Multiple Tool Positions

This section introduces a model for the extrapolation of the compensation value from a

known measurement position to other tool positions on the Swiss-type lathe. The model

is based on the example introduced in the preceding section. The fundamental premise of

this model is that the entire compensation problem has been reduced from considering all

thermal in
uences around the entire structure of the machine tool to considering thermal

in
uences which a�ect the tool holder only. The number of possible thermo-mechanical

o�sets between the individual tool positions is �nite and therefore the majority of possible

o�sets can be captured with di�erent thermal load cases in a �nite amount of training

time. This thesis therefore proposes to de�ne a `multiple TCP training test' for the tool

holder, in which all the possible thermal in
uences a�ecting the tool holder are varied.

This training test is the basis of the multiple TCP compensation model shown in Fig.

6.18. The part of the model indicated as `AGP Model' is the AGP model from Fig. 5.13

in Chapter 5, where it can be viewed in greater detail. The output of the AGP model is

the prediction and/or measurement at the location of the TLS measurement.
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(a) Random speed load case

(b) Air-machined part load case (1)

(c) Air-machined part load case (2)

(d) Door opening load case

Figure 6.16: Absolute error and temperature at tool positions T1, T2 and T3 for di�erent
load cases. The thermal error can vary considerably based on the tool position.
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(a) Random speed load case

(b) Air-machined part load case (1)

(c) Air-machined part load case (2)

(d) Door opening load case

Figure 6.17: Relative error and temperature at tool positions T1, T2 and T3.
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Figure 6.18: Schematic of the multiple TCP compensation model

The components of the multiple TCP model are i) the multiple TCP training test which

is a long time series of historical data, ii) the GPR o�set models, which are trained from

the data of the multiple TCP training test, iii) the AGP model described above which

provides with high con�dence the T1 error prediction, and iv) the currently measured

temperatures. The training test is based on the random speed load case from Fig. 6.16a,

which induces constantly changing thermal error under constantly changing temperatures.

The advantage of the random speed pro�le test is that it generates many di�erent thermo

mechanical states of the tool holder. This test trains GPR o�set models GPRT2 and

GPRT3 . The inputs of these o�set models are the relative error measurements, i.e.eT1 �

eT2 and eT1 � eT3 from Fig. 6.17 and the absolute temperature measurements from

Fig. 6.16. The remaining load cases, i.e. the air-machined part load cases and the door

opening load case are used for validation. The temperature measurements from these load

cases are used together with the individual GPR o�set models to predict the error o�sets

eT1 � eT2 and eT1 � eT3 . The results of the compensation with the GPR o�set models

GPRT2 and GPRT3 are shown below in Figs. 6.19, 6.20 and 6.21. The plots correspond

to the compensation of the relative errors from Figs. 6.17b, 6.17c and 6.17d respectively.

The results indicate the multiple TCP training test in combination with the GPR o�set

models achieve excellent results in extrapolating the TLS compensation value to other

tool positions. Finally, the predicted o�sets are added to the T1 prediction to obtain the

�nal error predictions at T2 and T3.
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Figure 6.19: Left: GPR-o�set-model GPRT2 prediction of the relative error eT1 � eT2 .
Right: GPR-o�set-model GPRT3 prediction of the relative erroreT1 � eT3 . Both relative
errors correspond to the air-machined part load case (1) from Figs. 6.16b and 6.17b.

Figure 6.20: Left: GPR-o�set-model GPRT2 prediction of the relative error eT1 � eT2 .
Right: GPR-o�set-model GPRT3 prediction of the relative erroreT1 � eT3 . Both relative
errors correspond to the air-machined part load case (2) from Figs. 6.16c and 6.17c.

Figure 6.21: Left:GPR-o�set-model GPRT2 prediction of the relative error eT1 � eT2 .
Right: GPR-o�set-model GPRT3 prediction of the relative erroreT1 � eT3 . Both relative
errors correspond to the door opening load case from Figs. 6.16d and 6.17d.
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6.4 Compensation of Non-diameter Errors

6.4.1 Z-axis Errors

In Swiss-type lathes, the bar moves through the headstock and the guide bushing along

the Z-axis. At the beginning of each part cycle, the bar is pushed against the parting

tool to create a new Z-axis reference. This means that a new thermal error equal to 0

for the Z-axis error is set at the same frequency as is the duration of machining of one

part, i.e. the order of seconds or minutes. The parting tool is mounted on the tool holder

next to other cutting tools. The Z-axis thermal error of the parting tool relative to the

other positions on the same tool holder is negligible. The thermal error in the Z-axis

direction may therefore only originate from the thermal expansion of the ball-screw and

the movement of the Z-axis along the ball screw to push the bar into the working space

after the creation of the new reference. For short parts, that are typically manufactured

on the Swiss-type lathes, the short movement along the Z-axis ball screw typically also

leads to a negligible thermal error. For longer workpieces, the ball screw expansion itself

may be compensated with the TLS method for ball screws.

6.4.2 Angular Errors

It is challenging to compensate the alignment of the Z and C axes with only a 1-dimensional

TLS measurement at the guide bush. Probing directly against the workpiece during

production is not possible because the workpiece geometrical and thermal have the same

order of magnitude. Additionally, the TLS measurement cannot be made at a large

distance along the Z-axis away from the guide bush as this leads to a higher moment

of force, sliding of the workpiece in the collet and a signi�cantly worsened repeatability.

The measurement of angular errors requires more sophisticated measurement equipment

such as a touch-trigger probe clamped in the rotary turret and an artifact located in the

vicinity of the main/counter spindles. This then in turn defeats the entire purpose of

the TLS measurement, which is to utilize the machine control with minimal additional

measurement equipment to obtain the thermal error measurement.

6.4.3 Alignment of Main Spindle to Counter Spindle

For the compensation of thermal errors between the main spindle and the counter spindle,

the error measurement must be done with the same TLS probe, i.e. through the same

position on the same tool holder. This can be achieved with a TLS probe in the main

tool holder because the tools there can also be used for machining while the workpiece

is clamped in the counter spindle, which means that the counter spindle can in principle

reach these tool positions.
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Chapter 7

Thermal Test Piece for Swiss-type Lathes

This section presents the new thermal test piece for Swiss-type lathes. The test piece has

been designed especially for the purpose of evaluating thermal errors on machined parts.

The test piece also serves to validate the performance of the Adaptive Gaussian Process

(AGP) model under real machining conditions. The fundamental idea behind the design

is simple: the test piece consists of several di�erent turned diameters, such that each

diameter is machined by a di�erent tool and therefore carries the thermal error from that

tool position. Since the machining time per part is typically in the order of seconds or

minutes, a batch of several tens of test pieces must be produced in order for the thermal

error to develop and to be compensated. The thermal error in each production run for

each diameter is considered as relative to the diameters of the �rst machined part, i.e.

the �rst machined test piece is always the reference.

The entire process is signi�cantly di�erent to that for the thermal test pieces for 5-axis

machine tools, where (i) only one test piece is machined and the thermal errors are

evaluated on that one test piece only, (ii) the time to machine the test piece is in the

order of hours and the thermal error develops on that one test piece. The test pieces for

5-axis machine tools can reveal many di�erent axis-speci�c thermal errors. The thermal

test piece presented in this thesis evaluates the thermal error in one axis direction only -

the principal turning direction.

The compensation of the thermal test piece in this chapter combines all the methodologies

developed in this thesis: i) the thermal error measurement with the torque limit skip

(Chapter 3), ii) the probabilistic compensation approach based on Gaussian Process

Regression (Chapter 4), iii) the Adaptive Gaussian Process model with the maximum

allowable uncertainty threshold (Chapter 5), iv) the compensation of the warm-up with
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the TLS measurement (Chapter 5), v) the extrapolation of the compensation value from

the position of measurement with the TLS to other tool positions on the tool holder based

on the GPR o�set models (Chapter 6).

7.1 Design of the Thermal Test Piece

The proposed thermal test piece is shown in Fig. 7.1. The raw material type is free

cutting brass CuZn39Pb3 and the bar diameter is 20 mm. The test piece consists of four

di�erent machined diameters: D1, D2, D3, D4. Each diameter is machined by a tool at a

di�erent tool position on the main tool holder of the lathe. The locations of the tools on

the machine used for machining are T221, T114, T223 and T111 and are shown in Fig.

7.2. The parting/cuto� tool is located in the position T220.

Additionally, the test piece has a hexagonal shaped 
at surface with six holes. The

purpose of this feature is to include the driven tool motor in the machining process. The

driven tool motor generates a considerable amount of heat and contributes signi�cantly

to the magnitude of the thermal error. Three additional TLS probes had been mounted

at the tool positions T113, T110 and T222 for the training test of the multiple TCP

compensation model.

Figure 7.1: The thermal test piece for Swiss-type lathes. The test piece consists of di�erent
diameters, each machined by a tool at a di�erent tool position, thus carrying a di�erent
thermal error on each diameter.
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Figure 7.2: The tool con�guration on the Swiss-type lathe GT used to machine the thermal
test piece. Red: position of the TLS probe used for an in-process TLS measurement; blue:
tool positions used for machining; orange: location of TLS probes used for experimental
investigations; yellow: location of the parting tool; purple: driven tools.

7.2 Experiment

The production run of the thermal test piece lasts 8 hours, during which 50 parts are

produced. The cycle time per part is ca. 6 minutes but not every cycle runs with material

- some cycles run as air-machining to save material. The TLS measurement is performed

at the end of every cycle, regardless of whether the cycle is running with or without

material. From a thermal point of view, the experiment consists of a warm-up and an

interruption with a machine door opening during the lunch break. During the warm-up

and after the machine restart, the machine runs with material during every cycle, as this

is the time when the thermal errors change the most. After some time when the machine

is expected to reach a thermally stable phase, the rate of production is decreased. The

speeds of the main spindle or the driven tool motor are kept constant at 4000 rpm and

3000 rpm respectively and are shown in Fig. 7.3. Temperature sensors are mounted at

the tool locations T114, T111 and TLS (partially visible in Fig. 7.2) and additionally the

following temperatures are monitored: ambient, cutting oil, cooling 
uid, working space,
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the main spindle motor and the driven tool motor. All temperature measurements are

shown in Fig. 7.4. The colour scheme of the sensors located at certain tool positions

corresponds to the colour scheme of the diameters machined at that tool position (e.g.

the temperature measurement at the tool position T223 is indicated as yellow, and the

thermal error of the diameter D3 machined by the tool at T223 is also yellow). The

uncompensated diameter measurements are shown in Fig. 7.5.

Figure 7.3: Rotational speed of the main spindle S1 and driven tool motor S11 for the
cycle to machine the thermal test piece for the Swiss-type lathe. The production run is
stopped in the middle of the day for ca. 30 min.

Figure 7.4: Temperature measurements of the thermal test piece experiment.

The largest thermal error is, as expected, on the diameter D2, originating from the tool

position T114, which is directly adjacent to the driven tools. The thermal error on the

diameter D4 is smaller and o�set from the error on the diameter D2, since the T111 tool

is below the T114 and further away from the driven tools. The temperature distribution

in the tool holder on the right hand side of the main spindle is more uniform compared to

the holder on the left hand side. Diameters D1 and D3 on the right-hand-side tool holder

have approximately the same thermal error magnitude as does the measurement with

the TLS. All diameter measurement and the error measurements of the multiple-TCP

training test below are normalized with the maximum value of D2.
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Figure 7.5: Thermal error of the test piece machined with an uncompensated lathe.

7.3 Thermal Compensation of the Test Piece

7.3.1 Thermal Compensation at the TLS Measurement Position

This section presents the results of the thermal compensation of the thermal test piece.

The compensation values are based on the TLS measurements, which can be directly

applied to compensate the thermal errors at tool positions T221 and at T223 without

the need for any extrapolation. The compensation of the thermal error at the location

of the TLS measurement is shown below in Fig. 7.6 and the corresponding standard

deviation is shown in Fig. 7.7. The compensation in the calibration phase can be taken

directly from the TLS measurement. For experimental and validation purposes, the TLS

measurement is also shown in the prediction phase to illustrate the GPR model matches

it very closely.

Figure 7.6: Compensation of the TLS measured thermal error. The GPR model prediction
can be directly applied to compensate the thermal error on diameters D1 and D3.
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Figure 7.7: Predicted standard deviation corresponding the prediction in Fig. 7.6.

7.3.2 Extrapolation of Compensation to Other Tool Positions

The multiple TCP compensation model is applied to extrapolate the compensation value

at the TLS position to the tool positions T114 and T111. This is made possible by

using the GPR o�set models introduced in the previous chapter in combination with the

temperature sensors located at these tool positions (at T114, T111 and TLS). To train the

GPR o�set models, another multiple TCP training test tailored to the GT is required. The

error measurements for this training test are based on the TLS measurements at the tool

positions T113 and T110, where additional TLS probes had been placed for experimental

purposes, as shown in Fig. 7.2. The thermal errors and temperature measurements for the

multiple TCP training test for the GT are shown in Fig. 7.8 and the relative measurements

are shown in Fig. 7.9. The multiple TCP training test is designed as a random speed

pro�le load case of the main spindle S1 and driven tool motor S11. In this manner, the

tool holder experiences di�erent thermal error modes and the GPR o�set models learn

about di�erent possible cases of o�sets based on the measured temperatures. The learnt

coe�cients can then be applied to the speci�c load case of the thermal test piece.

Figure 7.8: Training test for the multiple TCP compensation model of the GT. The left
plot shows absolute error measurements at tool positions TLS, T113 and T110; the right
plot shows absolute temperature measurements at tool positions TLS, T114 and T111.
The measurements are used to train the GPR o�set models for T114 and T111.

Figure 7.10 (left) shows the thermal error of the D2 and D4 diameters relative to the TLS
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Figure 7.9: Relative error measurements at tool positions T113 and T110; and relative
temperature measurements at tool positions T114 and T111.

measured error, i.e. D2-eTLS and D4-eTLS . D2 and D4 are not known during production

and the plots are generated during post-processing. The termeTLS denotes the error

measurement with the TLS, previously only written as TLS, to di�erentiate betweeneTLS ,

the thermal error, and the temperature measurement at that location,TTLS . Figure 7.10

(right) shows the corresponding relative temperature measurements at the tool positions,

where tools that machine these diameters are located, i.e. T114 for D2 and T111 for D4.

Then, Fig. 7.11 shows the GPR o�set model compensation of the o�sets D2-eTLS (left)

and D4-eTLS (right) with the models GPRT114 and GPRT111 . Figure 7.11 shows that the

GPR o�set models (which do not require any advance knowledge of D2 or D4, only TLS)

compensate these relative errors with reasonable accuracy.

Figure 7.10: Left: relative thermal errors between the TLS error and the diameter error
measurement D2 and D4 machined by tools at tool positions T114 and T111 respectively.
Right: relative temperature measurements between the tool positions and the position of
the TLS measurement.

To obtain the �nal prediction of the D2 and D4 thermal errors, the GPRT114 and GPRT111
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Figure 7.11: Compensation of the relative thermal errors D2-TLS and D4-TLS by the
GPR-o�set-models GPRT114 and GPRT111 .

models are added to the `global' GPR model from Fig. 7.6. The �nal compensated thermal

errors of the thermal test piece, speci�cally of the diameters D1, D2, D3 and D4, are shown

below in Fig. 7.12. The Adaptive Gaussian Process model (AGP) and the on-machine

measurement with the torque limit skip (TLS) have together contributed to a signi�cant

reduction of the thermal error on the thermal test piece produced by the Swiss-type lathe.

The RMS and P2P thermal error reductions of the individual diameters are given in Table

7.1 and are visualised in Figs. 7.13 and 7.14.

Figure 7.12: Uncompensated (transparent) and compensated diameters D1, D2, D3 and
D4 of the thermal test piece.
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Diameters
RMS Error
Reduction [%]

P2P Error
Reduction [%]

D1 81.3 76.5

D2 91.1 66.9

D3 91.8 86.0

D4 92.3 74.7

Table 7.1: Summary of RMS and P2P error reductions for the thermal test piece.

Figure 7.13: RMS thermal error of the uncompensated and compensated test piece.

Figure 7.14: P2P thermal error of the uncompensated and compensated test piece.
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Chapter 8

Conclusion and Outlook

This thesis developed a new comprehensive methodology for the compensation of thermal

errors of Swiss-type lathes. This chapter highlights the key �ndings of this thesis and

provides an outlook for future research.

A signi�cant contribution of this work is the development of an on-machine thermal

error measurement method using the torque limit skip (TLS) function. This method

allows for precise thermal error measurement without the need for additional equipment,

achieving repeatability within � 1 � m. An extensive range of experimental investigations

was carried out, pointing out the importance of an appropriate calibration of the feed

rate F and torque limit override Q parameters. Validation of the TLS method against

displacement sensors demonstrated that the method can be used reliably to track thermal

errors. Furthermore, it was also shown that the TLS probing may be used to obtain the

extension of the ball screw at the ball screw stop. The implementation of the TLS

measurement was achieved by probing against the guide bush, which delivers a similar

result as when measuring against the workpiece.

The dissertation introduced a probabilistic approach to thermal error compensation by

developing the `Adaptive Gaussian Process' (AGP) model. The basis of the AGP model

is the maximum allowable uncertainty threshold, which triggers a recalibration if the

predicted standard deviation exceeds the set threshold. The threshold is set as a ratio

of the maximum expected thermal error and the choice of this ratio involves a trade-o�:

lower thresholds improve accuracy but require more frequent recalibrations, increasing

computational demands and worsening the smoothness of the prediction, while higher

thresholds reduce the number of recalibrations at the expense of slight accuracy loss.

The performance of the model was validated on three di�erent load cases illustrating
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the robustness of the model and achieving at least a 80% RMS thermal error reduction

in each case. Three di�erent types of Swiss-type lathes were used in the experimental

investigations to demonstrate the applicability of the AGP model to lathes with di�erent

sizes and kinematic chains.

The extrapolation of the compensation value from the location of the TLS measurement

was achieved by using a multiple TCP compensation model. This model is based on a

random multiple TCP training test which captures the o�sets between individual tool

center points at di�erent thermo-mechanical states of the tool holder. The test is then

used to train the GPR o�set models, which predict the magnitude of the error o�set to the

location of the TLS measurement and achieve signi�cant thermal error reductions. The

limitation of the multiple TCP compensation model is that it requires a long calibration

test to learn the thermal error o�sets between individual tool positions. Additionally,

it assumes that the training test can cover all possible thermo-mechanical states of the

lathe. This is a requirement because during production, the o�set models cannot be

recalibrated as this would require the remounting of the TLS probes - an inherently

non-repeatable process. To resolve this, the multiple TCP compensation model could be

extended and/or complemented by a physical model of the tool holder that would compute

the displacements at all tool positions without the need for the calibration test.

The proposed AGP model, which integrates the on-machine TLS-based thermal error

measurement, was validated under real machining conditions on a new thermal test-piece

for Swiss-type lathes. The test piece consists of several di�erent turned diameters, such

that each diameter is machined by a di�erent tool and therefore carries the thermal error

from that tool position. The machining procedure for the test piece necessitates the use of

driven tools that induce a signi�cant amount of heat into the tool holder and the machine

structure. The uncertainty thresholding function and the extrapolation method led to a

signi�cant reduction of errors on all the test-piece diameters.

This thesis achieves a successfull reduction of thermal errors in the thermally stable

phase, when motor speeds and temperatures remain constant, which is the case during

most of the lathe's operation throughout its lifetime. However, some residual errors

still remain during the machine warm-up and door openings, as seen in the production

and compensation of the thermal test piece. The success of the compensation during

those times must be evaluated based on the part that is produced and its allowable error

tolerance. Nevertheless, the partial success of the compensation during those times still

implies that the compensated thermally stable phase is achieved earlier than it would

be without any compensation, reducing the overall time in out-of-tolerance production.

Ultimately, the goal of thermal error compensation is to achieve a reduction below 1� m

regardless of the mode of operation of the lathe.
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Future research will also focus on the implementation of the TLS-measurement to more

structurally complex tool holders such as the rotary turret and to multiple tool holders

simultaneously. This will require the implementation of additional TLS probes and

additional artefact surfaces in the working space of the lathe. It will also require a

careful design of the measurement cycle to perform simultaneous or successive TLS

measurements. The structure of the global AGP model will then also need to be adjusted

to consider multiple TLS measurements as error inputs, combining several separate models

from separate tool holders.
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