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Des ddaillances ou dééiorations impré/ues ou non déecté&s des machiuesils entraient des

pertes de production et de qualité d'outeeessitéd'une maintenancprescriptiveet normative

utilisantla surveillancele I'éat desmachinesoutils. Cete recherche pré&ente la méhodologie et

les solutions dé&eloppés pousurveiller OTpWDW GH SUpFLotIRAZING ékes D FKLQH
andysant les erreurs volumériques de la machowgil /fTHUUHXU YR @Q&nexcdmie T XH HV
un vecteur d'erreur csien repré&entantl'écart de la position rélle de l'outil par rapport asa

position attenduear rapport au repé&ee la piee et projeidans lerepée de base.

La méhode SAMBA (Scale andMaster Ball Artefact a ééutilisé& pour mesurer les erreurs
volumériques de la machireutil exp&imentale acing axes. Les erreurs volumédriques acquises
contenant les éats normaux et déectueuxldenachineoutil constituent la base de donné&s pour

cette recherche. De plus, des psefaides et les fautes gnaglles et soudaines simul@s ont
@alement édéutilisés. Les caractéistiquesdu vecteur d'errewrvolumériques extraites par des
mesuregie similaritéde vecteur sont utilisees comme entré& pour le graphique de coriiede

sur les mgennes mobiles pa@ées exponentiellementopu le changement anormal du vecteur
uniqued'erreus volumdriques peut ére déecté Pour surveiller de manige EKDXVWLYH OfpWELC
pr&ision de la machin®util, une matrice de mesures de similaritévectorielle combin& comtena
WRXWHYV OHV FDUDFWpPULVWLTXHV GIfHUUHXUV YROXPpWULT
graphiquede contrde de la moyenne mobi@ndé& exponentiellementPourles ménes déauts,

les deux traitements de donné@sdassus peuvent tous déecter automatiquement le temps exact

G 1D SSDU LdautR Qur GaXbase d'une logique de surveillance complée des erreurs
volumdriques, une arlgse fractale des coordonnés deur volumdrique a @alement éé
H[SORUpH /HV UpVXOWDWY GHV WHVWYVY UpYqOHQW TXYLO \
fonctionnalitédes erreurs volumériques. Pour comprendre le processus de changemeat de |'é

la machineoutil, les errets volumériques historiques acquises ont éétraitées par analyse en
composantes principales et pamyennes. D'une part, les méhodes proposés séarent les dats
normauxet ddectueux de la machireutil (pré&s de 100%,) d'autre part, les machinesitils

déignées fournissent les rd&ences pour la reconnaissance de |'é§tiXiéthidesoutils lors

du traitement de nouvelles donnés d'erreurs volumériques.
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En r&sume le travail derechercheeffectuédans cette thésa contribuéala mise au point f X Q H

solution efficace desurveillanceGH OfpWDW GH OD S{RXWVYDNQ OGN B LEEMH KIHQ
volumériques des machineR XWLOV EDVpHV VXU GHV PpWKRGHV GTH[WL
reconnaissance des difications et de classificationles éats. Le systane dé&eloppé peut

reconndfe les points de changement exacts des ddauts réls du codeur d'axe C, desqisudo

EXX et EYX. De plus, il atteint une pre&ision proche de 100% dans la classificatididate

déectueux et normal deal machineoutil.
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Unexpected or undetected machine tool failures or deterioration results in production and quality
losses, hence proactive and prescriptive maintenance using machine tool condition monitoring is
sought. This research presents thethodologyand solutionsleveloped to monitor the accuracy
state of fiveaxis machine tools by analyzing the machine tool volumetric ewbich aredefined

as the Cartesian error vector of the deviation of the actabptsition compared to its expged
position relative to the workpiece frame and projected into the foundation frame.

The scale and master ball artefact (SAMBA) method has been used for the measurement of
volumetric errors of the experimental fraxis mahine tool. The acquired volumetrerrors
containing machine tool normal and faulty states provide the database for this research. In addition,
pseudefaults and the simulated gradual and sudden faults have also been used. Volumetric error
vector featureextracted by vector similarity @asures are used as the input for the exponential
weight moving average control chart where the abnormal change of the single volumetric error
vector can be detected. To comprehensively monitor the machine tool accutacg stanbined

vector similarity measure array containing all acquired volumetric errors features has been
proposed and processed by the exponential weight moving average control chart. Towards the same
faults, the above two data processing can all autoaiigt detect the exact fault oeaence time.

Based on the logic of comprehensive monitoring of volumetric errors, fractal analysis of volumetric
error coordinates has also been explored. The testing results reveal that it is an effective tool for
volumetic errors featurerepresentingTo understand the change process of the machine tool state,
the acquired historical volumetric errors have been processed by principal component analysis and
K-means. For one thing, the proposed methods separate the andfallty states dhe machine

tool (Nearly 100%), for another thing, tliesignatednachine tools provide the references for

machine tools state recognition when processing new volumetric errors data.

In summary, this research contributed to the dgwaknt of an efficient sotion for machine tool
accuracy state monitoring using machine tools volumetric errors based on feature extraction,
change recognition and state classification metholdsd&veloped system can recognize the exact
change points afeal C-axis encoder fault, pseuddaults EXX and EYX In addition, it achieves

close to 100% accuracy in machine tool faulty and normal state classification.
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The availability and use of machine tools dikgchffect the economy of the manufacturing
industry. Unplanned maintenance caused by the sudden faults, process or machine component
failures decreasghe avaability of machine tools. Meanwhile, the degeneration of machins tool

also limits the precisioaf machine tools in positioning accuracy and repeatabilitylead tobig

losses to machininguality and efficiency hence proactive and prescriptive mamdnce using

machine tool condition monitoring is sought.

For handling larger geometrically advanced components in a single setup,-enastimachine

tools have been widely applied in industry to perform diffetgpes of machining operations.
Multi-axis machine tool contains several subsystems, for example, mechanical structures, feeding
axis systems, cooling systems and numerical controllers. etc. All of them are involved in the
workpiece machining operationsrfdesired geometrical tolerances. Therefthe stability ofthe
machine tool components and the machining process have become the main targets for monitoring
purposesRegularmachine toolstate checkupan helpreduce theossibility of severemachine

tool failures and breakdowrandguaranée the machining qualitgnd efficiency

Concerning the machine tool systgrstructural and functional components such as mechanical
structuresfeedingdrives andCNC controlless are usually monitored. Regardingetimachining
process, tool wear, tool dision and tool breakage detection have been broadly studied. To
investigate the precision of machine tools in the areas of geometric errors and volumetric errors,

methods such as Bdfar, Rtest, Laser tracker andterferometry. etc. have been widelypéipd.

Il Problem definition

Partially monitoring machine toohaincomponent§ F R Q Gdnwot praQide a holistic view of

its condition. Thedegradationof machine tools can bring a probleom machining quality
evaluadion. To increase the availability of rmlaine tools, a monitoring strategy from the perspective

of machine tool errors is therefore researched and developed in this PhD project. Machine tool
errors, especially Volumetric errors, can reflect the positiooapability of machine tool and are
relaed to most of machine tool components. Therefore, hheggreatpotentialfor machine tool

condition monitoring. However, there is still a lack of knowledge towards the application of



volumetric errors for machineol condition monitoring. In the presethesis, strategies and

techniques are proposed to answer the following main research question:
™ How to monitor the machine tool condition by using volumetric errors?
The main question can be detailed in the fofrthe below sulmjuestions:
¥ How to measue the volumetric error exactly and efficiently for monitoring purgdse

¥ How to extractfeaturesfrom volumetric errors and how to automatically recognize the

change of volumetric errors?

¥ Could therecognizedfaults be used for volumetric error change rgoition or for the

investigation of change reason?

¥ How to comprehensively recognize the volumetric error change withioallyzingthe

change of a single volumetric error vector?

Il Objectives

The main objective of this research project isl¢oelopa volumetic error-basedcondition and
health monitoring system for machin&ols This solution needs to monitor and recognize the
change of machine tool accuracy condition by analyzing volumetrars measured with good
precision and without adding downtimeoRr this core objective, stefiwe key subobjectivesare

as follows:
1. Developaseries of measures for machine tool volumetric errors feature extraction;

2. Develop data processing methods ethcan comprehensively monitor machine tool

volumetric errors chargg

3. Develop a monitoring strategy based on volumetric errors for automatic detection of

machine tool abnormal change;

4. Develop a data processing method for machine tool volumetric errocldasification

using artificial intelligence methods;

5. Develop a moitoring software contained all developed methods or strategy for

volumetric errors feature extraction, change recognition and state classification.



Bl Hypotheses

In this thesis, the followingypotheses are assumed:

X Rigid body kinematics: the scale and mabt arefact (SAMBA) method for volumetric
error measurement/estimation is developed assuming that the machine joints and structure

are rigid;
X The SAMBA method has good robustness in k@dtric error measurement;

x During the SAMBA measurement, the ambitamperature of machine teadontrolled by

the air conditioner is strictly controlled at 21~23
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This chapter provides a brief review tife research works in the field of machine tool condition
monitoring systems (MTCMS). In additiothe research trend in machine tools accuracy state
monitoring is also presented and discussed. Since the volumetric amdie main monitoring
object of this research, this will be explained in detail accompanied with its measurement methods.

Bl The stateof the art in MTCMS

Currently, MTCMS could be established from two points of view; the machining process and the
machinetool systemg1]. Machining capability can directly reflette madine tools condition.

As the key part ithe machining process, the tools are in direct contact with the workpieces and
finish the contour machining. Therefore, monitoring systems retlatéeé machining process can

be looked as narrossense MTCMS or a coponent of generalized MTCMS. In the other hand,
machine tools systems are composed of its main components in termsspiriie system, the
feeding system, the cooling system, the hydraulic system, the electric system, etc. which are related
with machire tool condition2]. Typical examples of machine tool condition monihg system

areshown inFigure2-1.

Computer
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{ﬁ Axis motor
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Figure2-1. Typical monitoring strategy for machine tool, (a) monitoring system for tufBing

(b) manitoring system for milling or machine tool components

2.1.1 Machining processbased MTCMS

This kind of MTCMS is reviewed in two parthe techniques for tool condition monitoringtire

research domain and the commerteall condition monitoring systems. Redang the machining
process, tool weatool breakage detectioand toolremaining tool lifepredictionare three main
research tops thathave been widely studied by the research comm{4uid}. From the resealnc
literature, all kinds ophysicalsignals have beeanalyzedor tool condition monitoring in turning,

milling, grinding and broachinfg].

An ontline tool wear monitoring system based on force and vibration sensors for turning operation
is developed and reveals the most sensitive direction of the forces and the vilarabiohwear
monitoring, in addition, it is possible to idégttrends in the sensor signals as the tool insert wore
[8]. In themilling process, aeattime tool brelage monitoring system uses the current of the feed
driver AC motor to identify tool breakage, the advantage of this system is its high reliability and
low cost. It is also effective in untended milling operations identification and in tool breakage
detecion of linkedcell manufacturing systenf§]. In the band sawing of AL alloy arolw carbon

steel, the audible sound enefggs been acquirdor reattime sawstate recognitiof®9]. For the

broaching, turning and millgp of aereengine materials, PXhardwareand Labviewsoftware



platforms are selectedfor the development of a machining process monitoring system
Accompared by advanced signadrocessing techniques, tpeoposed systeranconstructgood
thresholds for dolmalfunctionfree zones Then,tool wearcan be precisely etected[10]. In
addition, monitoring objectives such as optical, strassfs workpiece surface finish quality,
workpiece dimension, torque have also been [ised 3]. For example, a laser displacement meter
has been used an online tool geometry measurement sydtbth and a vision system has been
developed to detect small dimgontap broken To be mentioned hts tool break detectiors
hardly perceived byust analyzingindirect inprocess signal§for example,acoustics emission,

torque and motor currenftl5].

Main commercial machine tools condition monitoring systems are report€ebie 2-1 with
considering theised signal sources (sensothg applications and their highlights. Those devices
have similar monitoring functions such as tool breakage, tool missing and tool wear detection by
analyzing the direct variations (cutting forogeasured wittrdynamic forcesensors, vibration
amplitude using accelerometers, audible sound, acoustic emission and torque) and indirect

variations (current, voltage or power of the servo and/or spindle motor) of the machining process.

Table2-1. Typical commercial tool condition monitoring syst¢ho]

Brand Sensors Typical applications Highlights

Tool monitoring
(breakagemissing and
MARPOSS wear), grindingorocess

monitoring, online
dimension measuremer

Adaptive control; online

dimension measurement;

multifunctional acoustics
emission sensor

Tool length measurement, dri

Force, power, Tool breakage, tool weal breakage monitoring and-n

NORDMANN vibration, tool collision and tool process control of mandrel
torque, .
; unbalance check lateral eccentricity and
acoustics L
ermission oscillations
' | Tool monitoring (broken,
accelerometer . . .
wear, missing and Small tool (dimension< 3mm)
MONTRONIX etc. . , ; o "
GMBH collision) and machine | and micrechipping condition

tool components over monitoring

vibration monitoring
Tools wear, tool broken
TMAC andadaptive control in
machining

Adaptive control by adjusting
thefeeding rate




The main commercial condition monitoring systems have different highlights in adaptive
controlling, online workpece dimension measurement and machining process optimiZEtiese
commercial tool condition monitoring systems have been applied mugmachine tools such as
grinders, gear cutting machine tools and CNC machining centers. For example, STUDER S31
internal grinder utilizes MARPOSS grinding monitoring system as a selective accessory to
optimize the grinding process. In addition, MARPOSS has lsed to compensate the imbalance

of emery wheel during the cutting and grinding of crankshaft grinder analdabeen combined

with the CNC machine tool to test the performance of specialized grinding & dressing[dFiel
ARTIS CTMV6 helps Liebherr gear cutting machine tool to respond efficiently to some potentially
catastrophic conditions such as chielding, chip broken or damaged teeth and peeling of the
coatings[18]. Montronix monitoring system has been used to validate possible correlation of the
progress of the surface roughness during polishing on the Robot Assisted Pofiabimge[19].

The above analysis shows that physical signals such as force, vibratiosties signals, current,
temperatee etc. have been widely used in the machining process monjtimirgxample, turning,

milling and drilling. From the perspective of signal sources, possible new research venue is to
explore novel signal measuring dess such as intelligent and integrated sensors which can pre
process signals or transfer signals wislg. Additionally, machining procesmsed MTCMS is a

direct method to decrease the effect of tool and machining parameters on final parts machining
qudity. In fact, it does not improve or correct the machine tool accuracy state. Therefore, this type

of MTCMS is mostlyused as an auxiliary tool for machining quality control.

2.1.2 Machine tool systemshased MTCMS

The machine tods mainly composed as the sgie, cooling system, feeding systems, mechanical
structures and the electronical pa#ds. [20] (Figure2-2). These components accounting for the
main sources of malfunctions of machine tooks the main objectives of machine tooswms
based MTCMS.
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Figure2-2. Typical components of the CNC machine t@@ample)

Spindle condition monitoring systems commonly use displacement, vibrationtia@mgssion

or accelerometer sensors to detect the sensitive propertibe sfindle. For example, near the
front bearings of the spindlewvo displacement sensors installedorthogonal directiorare used

to investigate the machine tool spindle eramd cone weaf21]. Spindle monitoring system
produced by PROMETEC can not only monitor the damage and the imbalance of the
bearing/spindle but can also identifysatisfactory machining conditions such as tool broken, tool
damage and heavy tting conditions[16]. In addition,a spindle error analyzer is developed to
detect spindle error motion, radical error and predicted errors such as surface finistnaine $e

[22].

Coolant monitoring systems carnprovide damageinformation aboutcutting tools, parts, and

machine components causedifmproper coolant concentration and/or pH ley28]. The coolah

system pump outlet pressutank levelandor pump motor temperatusge measred to define the

health parameters of the coolant sysfad}. When the significant changes of these parameters are
detected by the automatic modalsed on artificial intelligent, maintenance work will loé\ated.

Similar research can also be found about controlling the quality of used-wwatdhg fluid to

maintain it at its optimum condition withoatPD FKLQH WRRO RSHR2EWRUTV LQWHL



A currentbased feeidg systencondition monitoringolantarges onthe faults caused by pitting,
wear,corrosion, and crack26]. A thin film sensor has been used to monitor the ball screw drive
condition and it reveals good capdity in recognizing the dynamic load during the movement of
the ball screw drivg27]. Similarly, an integrated sensory ball screw double nut system has been
developed to recognize the weartbé ball screw drivg28]. Vibration signal and fuzzy neural
network have been combined to analyze the motion precision and wear status of the daéeway
The dove methods usually cannot get good restuit feed axis life prediction because of the
changeable load ithe machining process. Thereforenaw sensotbased methodlentifies the
changes of the linear and angular erfar®simate the performance degradatiof linear axes

[30]. This method was the first to introduce the concept of using thepamametersto feed axis

condition manitoring.

Machine tools structes such as column and foundation affect the static state and geometric error

of machine tod Meanwhile, thermal errors introduced by the thermal deformation of machine

tool mechanicastructures directly affect the machigiaccuracy othe machine toalTemperature

sensor and infrared displacement measurement device have been used to measure and compensate
the spindle thermal deformati@3il]. Similarly, T-type thermocouple and displacement meter have
beenused for Zaxis thermal deforni@n measurement and compensation. The results show that
spindle elongation decreased fromi® to about 1 m after compensatiof82]. In addiion, the

thermal error compensation technique has been used to estimate the deformaganawhine

tool and adjust the feeding speed for the machining process optimigz@ion

Electrical faults can be caused by machine tool software and harfhwares. Software failure is

related to the logic control program failure in PLC or CNC controller software; hardware failure
refers to thelamagef circuit boards, cablesonnectors and nemormaldamagenf other electrical

parts The caventional methods to dtect electrical faults mainly include visual inspection,
instrument test, signal and warning instruction analysis method and interface state inspection
method [34]. Besides, modern CNC controllers usually equip with fault detection circuit or

program which can recognize the faults of servo amplifiers, switches and operator interface units.

Machine tool systembased MTCMS targets the maiamponerg of machine tools. The physical
state of machine tools components is monitored. However, this is still not enough to grasp the

machine tool comprehensive conditibecause of the absent tife monitoring of machining
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processlin addition it is difficult to monitorthe machining process using information measured
from machine tool main componentsstly, it is difficult to set failure flags for the identification

of statedegeneration related faults.

2.1.3 MTCMS data processing methods

Typical MTCMS data praessing can be divided into the following four areas: monitoring signal
feature extraction (MSFE), machine tool health assessment (MTHS), machine tool health diagnosis
(MTHD) and machine tool performance prediction (MTPP). Some typical methadsdetith

each area are summarizedliable2-2.

Table2-2. Data processing methods for MTCNES-44]

MSFE MTHS MTHD MTPP

Feature Map | Autoregressive Moving

Time-domain Logistic Regresion | o Matching Average

Statistical Pattern | Support Vector Elman Recurrent

Frequency domain Recognition Machine Neural Network

Time-Frequency Gaussian Mixture | Bayesian Belief

domain Model Network Match Matrix

Wawelet/Wavelet | Feature Map Patter| Hidden Markov | TrajectorySimilarity-
Packetmethod Matching Model Based Prediction

Neural Network

Pattern Matching Stochastic Filtering

Autoregressive Mode

Fuzzy Logiecbased
method

Principle Component

Analysis Adaptive Filtering

Partial Least square| Hidden Markov
analysis Model

It is worth noting that before undergoing data processing, we need to consider the characteristics
of the data sqt11, 45] For example, features sifjrals such as force, power and acoustics emission

are processed in the time domain in the form of standard deviations, kurtosis, mean values and root
mean square valug¢46]. As for vibration signals, features are mogitpcessed in the frequency

domain or using wavelet analy$7].
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Bl Machine tool errors

The precision of machine tools is defined by its positioning error and repeatpdfiljtyThe
positioning erroreflectsthe difference between the actual and nomanas positionand it has a

direct impact on the volumetric error. The range of variations for the repeated positioning error
measurenent is defined as the repeatability the machine tool. The positioning errors are
influenced bythe following factors, for examplethe environmental factors, machine tool
componentsmechanicaland assembly errors and the dynam@sors generatedrom the

machining procesdg-{gure2-3). They could be classified into two main sources:

1) Quasistatic errors: They are related to the machine struetuiehey could be classified as
thekinematic, geometric and thermal errf49].

2) Dynamic errors: They are caused by the error maif@pindle vibrations of he machine
tool components anstructure vibrationinduced froma machining procesand the errors related
to CNC controller.

Machine
errors

Figure2-3. Machine toolerror sourcef48]

2.2.1 Machine tool geometric errors

Machine tools geometric errorscaaint for most machine error sourcd$ey finally result in
position and ogntationerrorsof the toolrelated to thevorkpiece (volumetric error). They are

generallycaused by the imperfection of machitm®l mechanicatomponents and inaccuracies
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induced by assembly50]. Machine tool gometric errors can ldassifiedinto two parts: link error
parametersand motion ewrs [51, 52] Link error parametersre positioAindependentthey
include thejoints misalignments, rotary axes separation error, angular ofttetsvhile motion
errors are positicependentThey are relatetb component errors: scale error, straightness error,
roll, yaw, pitch of linear axis and angular error, tilts, radial and axial errareobdtary axis The
machine tool geometric errornk and location errors of the linear and rotary pai® reveked

in Figure2-4.

EBX
(pitch)

ECX
(yaw)

(b)

Figure2-4. Error motions and link error of linear and rotation g6
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2.2.2 Machine tool volumetric errors

Dueto theexistenceof machine gors, in the 3D space, position and orientation inaccuracies of
the linear and rotg axesof machinescould be found. This could generae/olumetric error
related to the tool and workpiedé could be defined as the Cartesian error vector of thetamvia

of the actual tool position compared to its expected position relative todtkpiace frame and
projected into the foundation franjg3]. Takea general fiveaxis machine tool as an example,
there will be no mismatch betweemt@and workpiece ithe nominal machine tool moddéigure

2-5, a). Howeverpecause afhe exisenceof machine tool geometric errors and dynaenoisin

the measurement, mismatches between the tool and workpiece could be found in the real machine

3,

errar model Figure2-5, b).

m Geometric errors+dynamic errors

Figure2-5. Machine tool volumetrierrors, (a) Nominal machine error modeHif40-T five-
axis machine tool; (b) Real machine error model containing the geometric errors and dynamic

errors[54].

2.2.3 Error me asurement methods

Direct and indirect approachesan measure the errors of fivaxis machine tool$52]. Direct
methodsusually require specializedevices orinstruments, precise setups and professional
operators. Té error measurement proseis time consuming accompanied with downtime in
normal production. Thus, indirect methods are generally-ngelived by the fiv@xis machine
tool users. Sincéive-axis machine tools have widely equipped the tetugjger probe research

utilizing the buch probe for machine tool error measurenewidely sought.
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The difference betweenrdct calibratiorand indirect calibration methodtisat,direct calibration
works with one axis at a time, while indirect calibration ineshmultiple axefs5, 56] The baser
interferometer and rotary axis calibratare the most widelyapplied instrument tomeaue

positioning errors othe linear and rotary axigFigure 2-6). In addition, the strafginess and
squareness errors can also be measured separately by using different sgttigeEnoéasurement.

Figure2-6. Typical measurement methods for geometric etk

As for the indiect methods, they can identdggometricerrors using different measurement devices
or methods, for example, bdlar, D or 3D master balartefactg57], laser trackerfs8], laser
tracer[59] 3FKDVH WKH E [DBQand tkelsald dnd ihagtdr Ra) artefact methbd].

As for the volumetric errors, they could be mainly measured by the indirect method such as the
ball-bar [51], R-test[61], lasertracer[62] and the scale and master ball artefact metadd
(Figure2-7). To be mentioned, the indirect volumeterror measurement methods could also be

used for indirect geometric error measurement.

Figure2-7. Volumetric errors measurement methods
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Ballbar (Figure 2-7, @) [63] is a typicalmeasurement device for machine sodlachine WR R O V
behavior could be graphically represented by Ball bar. Ball bar has two precision magnetic sockets,
one isinstalledonto the machine tool tabkurfaceand the other is installed to the machine tool
spindle. A linear sensor inserted intee bar canectsand measurethe two precision ballgg4].

The distance between the two precision hailsbe calibratedbefore its applicatiorit can provide

the referenced value for volumetric error calculationeta circlar path is followed. The
precision ball installed in the spindle is considered as the circle c@&hieother precision ball
mounted on thenagnetic socketsf themachine tablshouldrotate around this center. The length

of the ball bar defined as theadius of the circlewill be reaitime measuredand recorded
Theoretically, the circular pathill match a perfect circle. However, the machine tool table can
move away from the progmanmed positiordueto the existence dhe machine tools esrs Then,

an unexpecteaircle pattern could be detectdthe volumetric errors are then calculated by taking
the difference between the actual radius and the known radius of the Med@while, by
comparing the test pattern, different types of machine tootseoan be estimatedzven though

the ballbar testan provide richaccuracyinformationto machine toolusers there are stillsome

unknown or unestimategeometric and motiorrer parameters.

The Rrest device is used to measure the backlash, posijipsgquareness and parallelism errors

of the fiveaxis machine toolf51]. Three precision distance sensm&alledon the tool holder
canmeasure the displacemestf the precision ball mounted on the workpiece side (machine tool
table) Figure2-7, b). During the Rtest measurement, tihetary axs will combire with the linear

axis movement. Finallyall axe$ movemets areachievel. A circular path is measured both in
clockwise and counterclockwise directions with theovement of the linear and rotary
simultaneouslyUsing the Rtest method, aroung80 minuteswill be spentto evaluate theotary

axes location and 42 gometric errors for a parallel kinematic fia&is machine tool. Similarly, by
calculating the differeres between the actual center and the known center, the volumetric errors

can be calculated.

Laser trackerKigure2-7, c) has ben widely used in industries for largeale metrology62, 65,
66]. As a portable coordinate measurent device, it canbtainthe coordinates of the target mirror
by analyzingthe azimuth and distanaelated tothe objective targetlens. The laser tracker

measures the same motion trajectory of the linear and rotary axis \asgler tracker located at
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different base stations (at least four positions). Then, ubsgnathematical model of sequential
multi-laterdion measurement, mwbody system theory and error separatechnologyfor the

linear axis and rotary axis, errors of muditis NC machine tool can be calculaféd].

The scale and master ball artefact (SAMBA) metheidure2-7, d) is conducted using a various

number of master ball artefacdad one scale bar artefagtider different calibration strategies to

identify machine geometric error parameters and volumetric §54f§67]. The proposed master

ball artefact consists @fmaster balandacarbon rod. The master ballmi®unted at the tips olfie

rod with different lengthsThey are installed inttlhe machingool tableby screwng. The scale bar
artefactinstalled on the machine tool tabieeds to be calibrated and measured at least one time.
Finally, the scale errors of the linear awgl be estimatedDuring the test, the master ball artefact

centers are measuredder the setup abtary axesn different angular positions gindexation).

The measured master ball artefact coordinates are the inputs ®ftheDQG 3 ~ PDFKLQH HL

models[54, 68](Figure2-8) for estimating the VEandgeometric errors.

() (b)

Figure2-8. (a) The? ~ PDFKLQH HUURU PRGHO RKH $0% $ PHKIRHGH UR |
modelof SAMBA method

The naming of th two machine erromockls is derived from the number of estimated machine
error parameterg9]. Using the3 = PDFKLQH H,Q3rRachifeReEoH garameters namely
the eight axis location erro(&A0B, ECOB, etc.), three linear gains (EXX1, EYY1, EZZ1) and
two spindle offsets (EY0S, EXOS%according to the standard IS@@1 [70]) can be estimated
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[69]. 7TKH 3 PDFKLQH HUURU PRGHO FDQ HVW kdbaiztibithéindd\SHYV R
and rotary &is. These error parametem® expressed with thirdegree polynomials for a total of

84 coefficient§68]. The estimated machine error parametensithe 3~ D Q G niachine error

models are lied inTable2-3 andTable2-4. In addition, volumetric errors can be estigthfrom

each master ball artefact probingsfimn. The artefact is reconfigurable, does not need calibration

and has good robustnesshiperiodic mounting of the artefact and probe on the estimation results,

which makes the measurement faster and etss@nduc({71].

Table2-3. Machineed RUV RI WKH 3 ~ PDH®RLQ@H HUURU PRGHO

Machine errors Description of errors
EAOB Out-of-squareness of the-&xis relative to the Axis
ECOB Out-of-squarenessf the B-axis relative to the axis
EXOC Offsets between the B and C axes
EAOC Out-of-squareness of the-&xis relative to the Bxis
EBOC Out-of-squareness of the-&xis relative to the axis
EBOZ Out-of-squareness of the@xis relative to th&-axis
EAOY Out-of-squareness of the-&xis relative to the Axis
ECOY Out-of-squareness of the-&xis relative to the >axis
EYOS An offset of the spindle relative to the#xis in Y direction
EXO0S An offset of the spindle relative to thedkisin X direction
EXX1 Positioning linear error of the-&xis
EYY1l Positioning linear error of the-#xis
EZZ1 Positioning linear error of the-axis
Table2-4 ODFKLQH HUURUV RI WKlideF ~ PDFKLQH HUUR
AXis Description of machine errors
X axis EXX EYX EZX EAX EBX ECX
Y axis EXY EYY EZY / / /
Z axis EXZ EYZ EZZ EAZ EBZ ECZ
B axis EXB EYB EZB EAB EBB ECB
C axis EXC EYC EZC EAC EBC ECC

In summary, Ball bar test usually requires an experiencedatmpeand its full automation is

difficult. R-test can obtain thre@imensional ball center position displacements when B aagi<
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share different positions. Laser tracker can calibrate matdadewith a large working volume in

a short time, but its gh cost and strict utilization environment limit its application. These methods,
for the most, require specialized devices and extra maintenance for accuracy maintaining. The
SAMBA method usesolw price measurement devices with low maintenance requirenaamtst

can be run automatically. In additioas already stated at the start of this subsecti@nfouch

trigger probe has been widely used by most-éixes machine tools users, atids can make the

use of the SAMBA for machine tool errors measuremeasier.

Il Machine tool errors monitoring

Machine tool accuracsnaydecline orchangewith the followingfactors servo mismatch, friction
wear or degeneratiorof feeding axis,mechanicalstructure deformationchange ofambient
temperature, etd73]. Therefore, how tenairtain machine toolsaccuracystateis still a critical

problemthe industry is facing today

Digital drive signals of feed axis have been successfully applied into the monitoring of the typical
disturbances like backlash, pitting and backlash ofirtbaraxisof a threeaxis machine todir4].

The advantage of this approdsitheavailability oflow-costandreliable sensor signals. Recently,

an optical sensor integrated into the machioel structure has begiresentedor online machine
error measuremelit5]. A frequency modulating interferometeombined with a Gaussian laser
beamcan measur¢ghe motion error®f the feeding axigndthe thermal condition®of machine
tools in fast and autont@én way [75]. Compared with the statd-the-art dfline machine tool
calibration method, this proposed method has advantagegasumement accuracy, cost and
device dimensionsA similar idea could be found ianinertial measurement unit (IMUJt has
been usedo identify the axis degradation relatethangesof each feeding axi§30, 76] The
verification and validation of this methadeprocessed in a linear axis testbed. The results revealed
that the IMUbased methodould measue geometric errors with acceptabiecertainty. In
addition, a geometric accuracy monitorimgthod based odiscrete strain gauges has also been
proposed. The straightnesan beevaluated through the reconstructed strain fielthetmachine

tool basig73].
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Upon from the mentioned eme monitoring methods, offline periodic inspection methods such
as Baltbar, Rtest and_aser tracker have also been used to olsteinhine toolgeometricerrors
[75, 77].

Volumetric errors are affected by the main components of machine tools. They can reflect the
machining capability and thenachine toolaccuracy condition. In addition, it is Ip&l in
maintenance strategy for avoiding great damages, failures anatiod@nvof the machine tool.
However, the resear@nvolumetric errors is generally focused omitsdeling measurement and
compensatiorn6s, 7882]. A TANGO concept followed by the associated mathematical models
has been developed for machine error parameters and volumetric errors estimation. Its prediction
capability in volumetric errors has been assessed by comparing with the atteéacteasured

with CMM. Relatively low standard deviation could be found inté&dualsvhich demonstrate

the effectiveness of the TANGO meth{&8]. Ballbar, laser tracker and-test are being widely
applied for volumetric error measurementaghulti-axis machine tool. The deaand master ball
artefact (SAMBA) method related indirect volumetric error measurement neetredattracting

the attention from the industry and academic area. Regarding the volumetric error compensation,
a general volumetric error formulation basedtlom idea of the SAMBA method and an-bife
compensation scheme forgde correction has beproposed and partly tested. The results reveal

that there is &ugeaccuracy improvemergabout 90% after error compensatidii2, 81}

In summary, it is possible to use some machine tools geometric errors {itetomgontinuous
monitoring. However, volumetric errors are still rarely used in MTCMS. This could be possibly
caused by thdollowing reasons. Firstly, it is nd to measure volumetric errors online without
interfering with the normal machining time. Secondly, a stable environment is needed during the
entire volumetric errors measurement process in order to decrease the ¢fferchabused by the
machining proess or the change of ambient temperature. Thirdly, the volumetric error
measurement usually takea long timealthough it is largely correlated to the volumetric error

measurement devices or strategy.

Bl Conclusion of theliterature review

The reviewed monditring systems usually use physical variables (force, current, power, vibration,

acoustics emission, etc.) of either the machine tool main components or the tools for the condition
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monitoring of the machine tool or the afaning process. The significant ahtages of the
mentioned systems are their reate monitoring performance. The present limitations in the body
of work related to MTCMS can be summarized as follows: Firstiy,overallcondition ofthe
machine tool annotbe simplyjudgedby analyzingcondition information fronpartial machine
tool componentsSecondly, it is hard to bridge the machine tool degeneratitimetmachining
process by just using the mentioned physical signals. Lastly, degeneration faaldtsedre hard

to identify becausef the difficulty in setting failure flags.

Although VEs have great potential in MTCMS, VE is still rarely applied in MTCMS. To apply VE

into MTCMS and industry efficiently, we need to explore a simple VE measuregstraith short
measurement time argimple maintenance needs. The scale and master ball a(®fddBA)

method is known for its low maintenance cost, short measurement time and good precision in error
estimation. Therefore, how to use the SAMBA methodAgmmeasurement for MTCMS purposes

and how to process VE for monitoring purposes are still important challenges that need to be solved

by the researcbommunity.
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Chapter3 presents the overall structure of this thesis and links the introduction (Chapter 1), the
literature review (Chapter 2) and the published/submitted papers (Chapter 4/5/6/7) which contain
the main contributions of this doctoral research. The outcontsalhesis at different stages are

presented in Chapter 8, followed by the conclusion, linsitetiand future work in Chapter 9.

All tests and volumetric errors presented in this thesis were conducted on aTHf40axis
machine tool in Virtual Manufaaring Research Laboratory (Polytechnique Méa)rusing the
SAMBA method, which is an indirechachine tool machine error parameters and volumetric error

estimation method.

7KH DUWLF O H-aiQMathideOtbb atlrsdy condition monitoring basegolumetric
HUURUVY DQG YHFWRU VLPLODULW\ PHDVXUHYV Intetkatidghll ZDV S X
Journal of Machine Tools and Manufacture, Elsevier, EditeChief: D. Axinte, is in Chapter 4.

The research work, presented therein, exploresptssibility of using machine tool volumetric

errors for machine tools accuracy state monitpriMoreover, different types of vector similarity
measures such as distafiim@sed measures, anglased measures and the comprehensive measures

are presented drdiscussed for volumetric errors feature representation. This is the core foundation

for the ma&hine tools accuracy state monitoring presented in this PhD thesis. A monitoring plan
based on volumetric errors, vector similarity measures and the expdgengajhted moving

average (EWMA) control chart is proposed and tested using real and gaelisloSimulated

faults with gradual and sudden changes, caused by the change of the modeled machine error
SDUDPHWHUV RI WKH 6%0%$ 2 ~ Bé&dRKJvalgiate the peRdnéahRe®@HI2@ D UH
proposed monitoring plan. Finally, the performance ofaesimilarity measures and the proposed

monitoring plan are discussed.

&KDSWHU LV FRPSRVHG RI WKH SDSHU HQWLWOHUGINGODFKLQ|
FRPELQHG YHFWRU VLPLODULW\ PHDVXUHYV DUUDODdber¥ ROXPH\
2019 toCIRP Journal of Manufacturing Science and Technqldgsevier, Editofin-Chief: L.

Monostori In this paper, the machine tool volumetric erratestis newly represented by the

combined vector similarity measures array (CVSMA) of volumegnimors. Unlike the data

processing in Chapter 4, volumetric errors are comprehensively monitored instead of monitoring
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the change of volumetric error asingle volumetric error measurement position. To verify the
performance of CVSMAN volumetricerrorsfeature extraction, principal component analysis has
also been used. Volumetric errors acquired from the experimentabXisemachine tool
containing aC-axis encoder fault, pallet location faults and the uncalibr&exisencoder faults
provide the dtabase for this research. Combining with the exponentially weighted moving average
(EWMA) control chart, the performance of CVSMA in terms of the change petsiction of the

sudden and gradual changes fault are also discussed.

Chapter6 consists of theD U W L F @ik fpthind tool fault monitoring using volumetric errors
IUDFWDO DQDO\WLVYV" SXEOLVKHG LQ -XQH LQ WKeH &,53 $
International Academy for Production Engineering, Elsevier journal. In this paper, volumetri
errors are processed by vector similarity measures and by volumetric error norms. This was carried
out to reveal if one can monitor the machine tool statery using the original volumetric error
vectors instead of different types of volumetric erdata processing methods. This research
provides a new outlook in terms of using Fractal analysis as a novel approach for machine tool
volumetric error state féare extraction. Using the same volumetric error dataset, different fractal
measures are testeald their performance is also discussed and compared with the statistical
analysis of volumetric error norms. The results reveal that fractal analysis mgzedoes well

in volumetric errors feature extraction. Using this logic, fractal analysis dbwveimilarity

measures of volumetric errors is also discussed, the results are reported in Appendix 1.

&KDSWHU SUHVHQWYV WKH S Dé&rdreat0rBsFekttaciibh didRdRsSificdRicanX P H W |
using principal component analysis and iKH D Q Vich &d§ published irthe Journal of
Manufacturing and Materials Processing, MDPI, EditeChief Prof: Dr. Steven Y. Liang, in
September 2018. Lots of volumieterrors are acquired from the experimental-fsés machine

tool at variable time intervalsnder different machine tool conditions. This paper identifies the
transition of machine tools state by analyzing the acquired volumetric error data. As well as
recognizing the changed states using the references of historical volumetric errors datasThis w
achieved by using the acquired volumetric errors as the input for principal component analysis.
Then, the principal components representing the machinadootacy state are then extracted and
processed by Kneans for state classification. Using tti&a processing, the delgvel meaning

of machine tool states hidden in the volumetric errors database is revealed.



Finally, the highlighs of the mentioned far papers are shown kigure3-1.

Five-axis machine tools accuracy condition monitoring based on volumetric errors and
vector similarity measures

A monitoring plan based on volumetric errors, vector similarity measures and control charts
Seven kinds of vector similarity measures are proposed and tested

Conducting the monitoring performance test using the real and pseudo faults

Proposed monitoring plan validation using simulated sudden and gradual change faults

Chapter 4

YV VY

Machine tool accuracy condition monitoring using combined vector similarity measures
array of volumetric errors

» A concept, combined vector similarity measures array of volumetric errors (CVSMA), 1s
proposed

The machine tool accuracy state 1s comprehensively monitored

The performance of CVSMA 1s tested and validated with real, pseudo and simulated faults

Chapter 5

Five-axis machine tool fault monitoring using volumetric errors fractal analysis

Thesis organization

» Machine tool volumetric error coordinates processed by fractal analysis measures are used
for representing machine tool accuracy state

Different kinds of fractal analysis measures are tested with real, pseudo and simulated faults
The performance of fractal and statistical analysis of volumetric errors are discussed

Chapter 6

Machine tool volumetric error features extraction and classification using principal
component analysis and K-means

Machine tool volumetric errors features are extracted with Principal component analysis
Machine tool volumetric errors features are classified with K-means

A method for machine tool historical volumetric errors analysis

Machine tool faulty and normal states could be recognized by the proposed methods

Chapter 7
YV VYV VY

Figure3-1. Thesis organization
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Abstract: The accuracy of a machine tool affects the geometry and dimensions of machined parts.
A machine tool accuracy conaih monitoring scheme using volumetric errors (VES), vector
similarity measures (VSMs) and exponentially weighted moving average (EWMAJ)ptohart

is proposed in this research. The usefulness of this scheme is tested with simulated machine error
data asvell as real machine tool tests using NC induced geometric error changes and-axisal C
encoder fault. Botlsuddenand gradual changesewe considered for the simulated faults. The
results show that VE is a meaningful quantity for the monitoring ofriaehine tool accuracy
condition. The proposed VSMs work well in VEs feature extraction. Amongst the studied VSMs,
the module of the vectaii difference of two consecutive VE vectoBgt) and the angle between
those vectorsQos? are more stable and nh@rm better for monitoring faults with sudden and
gradual changes than the remaining VSMs in real VE data processing. Finally, thishresearc
provides guidelines for the use of VEs as well as abd&ed monitoring strategy for monitoring

machine tool accacy condition.

Keywords: Machine tools, accuracy monitoring, volumetric error, vector similarity measures,
EWMA.

Il Introduction

CNC machine dols play an important role in manufacturing owing to their high accuracy,
versatility, and productivity. As a resufrom an operational perspective, the machine precision,

its evolution over time and whether maintenance or recalibration is necessaaigzaat issues to
address. Machine tool condition monitoring systems (MTCMSs) aim to address such issues.

MTCMSs ae intended to provide 4dprocess monitoring of the actual condition of the machine
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tool. In addition, they should provide not only earlgigations of potential problems but also
activate necessary control functions for possible corrective actions sutieeking the status of
key components, updating the machine tool compensation tables, or calling for urgent technical
assistance. Theseta® monitoring mechanisms shall increase the reliability of machine tools.

Advances in sensor technologies, aut@datlata acquisition systems and communication links
provide new opportunities for retime collection of physical variables of CNC machtoels.
Currently, MTCMSs target two aspects of areas, namely the machining process and the machine
tool systemd1]. This classification is based upon the machining capabilities and the different
structures of the machinedb Regarding the machining process, the tool wear and breakage
detection, and the remaining tool life estimation have been widely studied byesbarah
community [2-6]. This kind of MTCMS analyzes variations asdd directly to the machining
process such as the cutting force, vibration, sound and temperature and some indirect variations
such as the feed motor or the spindle motarent, voltage or powdi7-10]. Meanwhik, the
combined measuring of multiple quantities is also pos$id¢ Other MTCMS track suctural

and functional components. A machine tool can be roughly divided into three maintiperts:
mechanical structures, the feed drives, and the control system which together form the main sources
of malfunction of machine too[d4.2]. A structural health monitoringystem (SHMS) for machine

tools can determine the presence of damage in a structure, the location of the damage as well as the
type or severity of the damagl3, 14] Some of the signals and devices that are related to SHMS
are acoustic emission, fiber optic sensors and scanning laser rdeipptameter[15]. Coolant
monitoring systems can prevent damage to the machine components caused by improper coolant
concentration and/or abnormal pH ledl§]. The steady state characteristics of the coolant system
such as tb pump outlet pressure, the pump motor temperature and the tank level ced be us
prevent defects in the coolant system. The spindle condition monitoring system can monitor the
damage and the imbalance of a bearing or spidlp Using the instrumented hammer jilst¥

based tests provide the spindle stationary properties. Using temperature, force, vibration, electric
current and displacement sensors allow tracking the spindle dynaméariy;ansufficient cooling

or the loss of cooling, and even collisidi8]. Feed axis condition monitoring systemere tested

and proved to recognize typical faults caused by wear by analyzing of the signals such as current,



26

backlash error, vibration and acoustic emisdib®21]. As for the NC contller, it has fault

detedion circuits or programs which can recognize faults from servo amplifiers, switchg22¢tc.

MTCMSs have been extensivelysearched. However, there are still major limitations that need to

be overcome. Monitoring partial key components of machine tools cannot rdiigictta picture

of the machine tool condition. The effect of some mechanical parts degradation on ngachinin
quality is hard to predict. Nevertheless, advantages such as, the absence of interference with the
normal machining process, the réiale data aguisition and mature sufmonitoring techniques,

still make these solutions widely used and researcheddohime too[23].

The volumetric accuracy condition of the machine toolafected by numerous machine
components. Volumetric error (VE) is the deviation between the actual and ideal positions of the
tool with respect to # functional point in the workpiece frame. It affects the machining quality
and capability of machine tool$he advantages of using VE in machine tool condition monitoring

are that the accuracy condition can be grasped and tracked to ensure machinyndgrgaddiition,

the measured VE can be directly used for compensation after the change of machireitaoyac

state are detected. However, currently, the literature reveals that research concerning VE is
generally focused on its modeling, predictiod @aompensation and it remains unused for machine

tool condition monitoring24-26].

This paper presents an investigation of the use of VE as a basis for a MTCMS. It begins by
presenting the state of the art in MTGBland some of the questions that need to be addressed
concerning the subject. It then presents an intraalutd machine tool volumetric error. Then, the
structure of the proposed volumetric error monitoring system is exposed followed by the VE
sources sed in this research project and a discussion of the validation results. Finally, the paper

concludes with aummary and an overall discussion.

Bl Machine tool volumetric error

Part quality is directly related to volumetric errors (MEg). VEs are affected by a wide range of
machine components which ksathem potentially able to provide a broad view of the machine
condition. Machine tool VEs are often classified as gsataic errors including gemetric errors,

thermamechanical errors and dynamic errors which come from loads, dynamic forces, motion
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control and control softwarg28]. Some VE components are associated with individual axes
whereas others are related to the relativatioa of axes.

In this paper, VE is defined as the relative Euclidian error vector between the tool frdrtiea
workpiece related frame in 3D spd@8]. The tested machine, a HU4@Ve-axismachine tool, is

shown inFigure4-1. It has three linear axes (X, Y and Z) and two rotary axes (B and C) and has
the topology WCBXFZYST, from the workpiece to the tool, where S stands for the spindle. In this
structural loop, @ometric errors include the inteand some intraxis errors adhering to the 1ISO
230-1:2012[30] nomenclature. A perfectly functioning machine will be able to correctly measure

the position of master balls mounted on its table using a touch probe. However, owing to the
existence of machine errors, there will be some Cartesian misssdi¢Es) betwen the estimated
coordinates of the master ball artefact and the calculated master ball artefacts coordinates using the
nominal (no errors) machine model. In this case, VEs contains accuracy information of the machine
tool including the modeld and normoceled machine errors. The SAMBA machine calibration
method is used because it provides not only estimated values of the machine error parameters but
also estimates of the master balls positions that best explain the data [33]. The SAMBA method
can also be grformed without estimating any of the machine tool ISG22D12 inter and intra

axis errors. In this case, the algorithm will estimate the balls center position that minimizes the
difference between the estimated ball centers and the abmechine moel prediction of the

balls positionss(represented by the stylus tip center when probing the ball). It is unlikely that any
estimated ball positions will be able to cancel the effect of the ISO error parameters. However, it
was found that th algorthm iVWHDG RI ILQGLQJ WKH DFWXDO EDOOTfV SF
values which reduce the volumetric errors of the machine. It was found in our previous work that
as we enrich the machine model, the algorithm is better able to explametmirementby
attributing to the balls more realistic positions and the machine better error estimates which result
LQ ODUJHU DQG PRUH UHDOLVWLF YROXPHWULF HUURUV $
error model which keeps testing time rezedoly short wite giving better estimates of the balls
position and as a result better estimates of the volumetric errors. The 13 machine error parameters
are the eight axis location errors (EAQY, EB0Z, ECQY, EXOC, EAOB, EAOC, EBOC, ECOB), three
linear gans (EXX1, EYY] EZZ1) and two spindle offsets (EX0S, EY0S). In the end, the
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calculated volumetric errors should contain not only the effect of the modeled errors but also those

nonmodeled errors that the estimated balls position are unable to imitate.

(a) (b)
Figure4-1. (a) Nominal kinematic models of the target faeis machine tool; (b) Illustration of
the 10axes alignment errors of the target faes machine tool with WCBXFZYST topology

shown holding a machine probe and with some master ball artefacts mounted on the machine

workpiece table; these axes alignment errors lead to VEs in 3D space.

Il Volumetric err or monitoring system

The functional information flow of the proposed accuracy monitoring system is shdviguire

4-2. During the machine tool maintenance perioduaacy measurement is conducted using the
SAMBA method[31] to acquire the necessary machine tool VEs information using the commercial
software AXISAMBA™. The VEs arénputs for the next module for feature extraction. Ttien

VEs feature information is processed in the VE change recognition module for accuracy condition

recognition.

VEs VEs VEsS
Measurement Feature extraction Change recognitio

Figure4-2. Information flow for machine tool condition monitogiusing VES.
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4.3.1 VEs data acquisition

Commonly used VE measurement methods are thebaaltircular test, the fest, tracking
interferometers and machining tests. One redemelopment is the scale and master ball artefact
method (SAMBA)[32, 33] The SAMBA method, which is used in this work, is an indirect method
requiring master ball artefacts asgecializedVE estimation software. A set of four master balls

with only nominally known positions are fixed to the rhae tool table and probed sequentially

with a touchtrigger probe fitted to the tool attachmehigure4-9). This probe allows the machine

to read its X, y and-axis positions when the probe contacts the splAesequence of probing and

a simple algorithm are used to estimate the readings ofdbkine axes corresponding to the stylus

tip being at the center of the sphere. This can be thought as the coordinates of the sphere center in
the machine frame. ThesRe(RUGLQDWHY DUH LQSXWYV WR WKH 6%50%3$TV PI
the machine errorgarameters as well as VEs. The SAMBA method follows these general steps:
machine error model selection, balls positions, indexation design and numerical verification,
probing Gcode generation, measurement and data processing. Its convenient setumwbe&h c
mountedon a dedicated palette and the use of the machine peatlersghe entire measurement
process automatic which makes it attractive for frequent measureazewsuld be required for
monitoring purposes. VEs can then be obtained throughoutminehine workspace while

mobilizing all machine axes as well as an indexable spindle.

4.3.2 VEs feature extraction

9( GDWD HVWLPDWHG ZLWK WKH be probPeBdedvithQueictdt SitdiRrity PR G H O
measures (VSMs) to extract the features of VEs. Dimeapt of similarity refers to how alike two

objects are. In practice, many data mining and data analysis techniques including the comparison

of objects through similagt measures such as clustering, neanegjhbour search, automatic
categorizationandcorrelation analysis have been widely app(@4]. McGill et al.[35] reported

that there are abo80 different similarity measures with the most popular types being: distance
based sintarity measure and angleased similarity measure. Each object barviewedas an N
dimensional vector where the components are features related to the data of ¢heTdigje
mathematical framework of this can be representedteror([xi, X2, X3 « n]. As a Euclidian

vector composed of three components |V¥E,, VE;], VE canbe processewith the above
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PHQWLRQHG 960V 7KH 3(XFOLG &3 veubr\siwiBrfymieasur®/ that . VW D Q |
be widely used in various domains; for a VE vectorcah amplify the effect of large VE
components in distance measurement. However, in some situations, distance measures only
provide a skewed view of VE data especiallyantihe VE vector is scattered in 3D space and the
differences in distance between amp VE vectors are small. To account for this shortcoming,
anglebased parameters can be considered and used together with the -diatsttenethod. The

ange EDVHAOHRWHFWRU VLPLODULW\ PHDVXUH LV DVVRFLDWH (
Its advantage is its independence from the length of the vector without amplifying the large values

of the component of the VE vector.

Based on the core ideas of VSMs and ¢haracteristics of VESs, seven similarity measures are
proposed and applied this research. For distanbased similarity measures, three parameters

the module Modu) of a VE vector (Eq(1)), the module of the vectorial diffience of two adjacent

VE vectors written aBist (Eq. (2)) and themodule difference of two adjacent VE vectors written
asDiff (Eq. (3)) are applied. The first parameter evaluates the norm of the Maglector, while

the remainig two parameters evaluate the relationship between two adjacent VE vectors, the
referenced VE vector and the newly acquired VE vector. The -bagled parameters use two
different measures: CosineCds) and Cosine2Gos? (Eq (4)-(5)). Coslis calculated using the

VE vector and the unit vector along theaXis ([0, O, 1]), wherea€os2is obtained using two
adjacent VE vectors. This vector reveals the included anglemafon from each VE vector
viewpoint. In additionCoslhas the advantage of decreasing the random effect of the reference
VE vector on VE change recognition. TRm®s2 parameter reveals the included angle change
information of the two adjacent VE vectorSinally, the comprehensive measurésea and
Volume (Volu) (Eg.(6)-(7)), which consider the effect of the angle and distance together, are also
developed and used. The area parameter calculates theebregrba VE vector and theaXis

while the volume parameter calculates the volume of a cone resulting from the rotalierVéf t
vector around the -Axis. These two parameters take into account the effect of the angle and
distance and so the only differee between them is the weight of the angle and the distance. The

geometric meanings of these measures are illustrateidune4-3.
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Figure4-3. Geometrianeanings of the proposed VSMs
The VE datas processeth threesteps.
Step 1: Build the VEvectors.

Machine tool probing data measured at a set of specific positions is processed with the SAMBA

method to estimate the VE at each posiish8 'y, 8", 8]

Step 2: Classification of VE vectors based on the volumigtioccmation measurement positions.

A total of 109 master ball artefact positions are used to estimate the VEs of the machine tool as

vectors . = (8'y. . B 'W.wéB 'x.t) (Wherei stands for the VE measurement positions

identifier (17 "109), andj stands for the measurement repetition thus resulting in a time series of
VESs, same definitions for the E(.)-(11).

Step 3: Data processing.

The VSMs are calculated using Ed)-(7). For the measures suchBsst, Diff, Cosland Cos2

the first measured . dataj=1, is used as a reference to which the remai@ingy., j>1, data

can be compared. For the remaining measures, VSMs can be calculated directly. Then, these VE

feature time series are written as #8® / Qg , where VSMs included seneparaneters, for the
latter change recognition processing. For example@.@Q- represents all VE feature time series

which have been processed with the meastodu

/K@@ L 8w L§8 %y E8 (B8 " (1)
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4.3.3 VEs change recognition

The time sequences 5/ Qg., obtained from the VSM time seriaseused as the original input

for the automatic VE change detection aitjon, which is based on the idea of statistical process

control (SPC)A SPC system can continuously monitor the collected data of an event and
accordingly decides whether a situation is under or out of control, or whether any immediate and
necessary aah should be taker6 3& KDV EHHQ ZLGHO\ DSSOLHG LQ WRGD\T\
[36]. Control chats, based on the normal distribution, are common tools in SPC. Howewery

occur that a monitored process does not follow a normal distrig@fidrin addition the limitation
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of the size of the acquired data makes it hard to justify the normalitizeimndustry. The
exponentially weigted moving average (EWMA) is a memory control chart baseduoent and
historical datalt hashigh sensitrity in detecting small and moderate shifts in the pro¢&sk

The advantage of using the EWMNtrolchart is its good performance when theeaslations

are not normally distributed or are autocorreld®8]. In addition, itcan also be used to forecast
the obgrvation in the next period, which can help analysts take preventive actions before the
process departures to the -micontrol state. Moreover, it h&een shownhat, for certain values

of the smoothing constant{e.g., a=0.05), compared with the other control charts such as moving
average chart and Shewhart chart, EWs&htrolchart shows more robustness for the-nomrmal
distributed dat436]. Therefore, we used the EWMgontrol chartas the monitoring tool in this
research. Based on tl&5/ Qg dataset and EWMA theorj86], the EWMA control chart is

established as shown in H§).
085/Qg L :sF¥085/Qgrs. EYB5/Qy (8)

where Vis the smoothing coefficient, such that <1, i stands for the VE measurement positions
(109 in total) and stands for the total VE measurement orudation times. The initial value

0 8 5/ Q. is the xpected mean value of some K observati8rd / Qg :FL s —* ;&Taking the
8 5/ Q4 as an example, when the observations are independent and identically distributed with
variance &% with the increase of th8 5/ Qy,, the uger and lower control limits of EWMA

control chart will approach the following steastate values (asymptotcontrol limits):

Yo

G-y,

(9)

Where &, is the mean value of th8 5/ Q4 :FL s—‘ ;and . is the width parameter of the
EWMA control chart. The general choices are Q.6 (B and 0.0%) ¥2Q r & w where smaller’z

allow detecting smaller shiff86]. A detailed discussion on EWMA control schemes design can
be found in Montgomery [36]. Here, we assume that with the increase of the number of the

85/ Qgs. (Fsis the data size for learning), which are w@icgd for learning, follows the same

distribution as8 5/ Qg when E+ . Then, the asymptotic control limits will not bring much
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effect on the recognition results of EWMA. The data processing sequence is sHegur@d-4.

As a supervised learning method, EWMA control chart includes two-apsng and checking
processes. In the learning process, the acquired 8did Q. : FL s —'FS;) from machine tool in

the normal condibn is used talevelop the EWMA control chart and calculate the control limits,
the upper control limit (UCL) and the lower control limit (LCL), under the parameters tHa6

and ¥=0.05. In the checking process, the new acquired data/(Qg. : FP FS;) will be inputted

into the EWMA model to compare with the UCL and the LCL. When this dat&/(Qy. : FP FS))

is within the two control limits, we conclude that the machine tool accuracy condition is stable and
under control. Meanwhile, this new aoeged data will be added to the normal database to update
the control limits. The update could be made periodic&Mherwise, the condition is said to be

out of control. The data for checking will be recorded and recognized as the abnormal changing
point. Similarly, all the new acquired data will be processed according to the above procedures.

e NVSMS

: : Yes
[ e -
- o -
Checking datar--+ c N LB S

: 0
Normal <Yes_No _____________ p Abnomal
Statedatabase Statedatabase

Figure4-4. Flowchart of automatic VE change detection program based on EWMA camdrdl ¢

4.3.4 Performance comparison

The monitoring plan is aiming to monitor the machine tool state from single VE measiirem
position. Therefore, the VE time series of each VE measurement positions (109 in total) need to be
checked. The recognition rate (RI®)defined as the ratio between the total number of the
successful recognition positions arfi abnormabehavior(TSRB, where the change point can be
successfully recognized, and the total VE measurement positions (TMREXQ)0)).

6542 .
44 ——— Usrr~ (10)
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RR is calculated for the monitoring plan with VEs features extracted by each VSM. RR value will
be used t@nalyze andompare the performance of these VSMs, to assess the usefulnssgof u
VE to monitor the machine tool condition change, and to reheapérformance of the proposed

monitoring plan.

Bl VE data source

Simulated and real VE data are used to evaluate the proposed approach. The simulated data comes
from three sources: 1. thABIBA simulator- AXiISAMBA ™ software which uses geometric and
kinematc modeling of the machine tool; 2.-&is EXX error and straightness error EYX are
induced via the real machine compensation tables or via machine readings modification and 3.
Periodic eperimental tests. The SAMBA simulator predicts VEs caused by chamgesch

machine error parameter with different amplitude and change shape. The remaining two options of
VE generations are obtained from the real machine tool and are based on aaned3tEement

coming from the periodic experimental tests. The recmgnitate for various changes will be

compared in order to discuss the effectiveness of the VEs and VSMs.

4.4.1 Simulated VE data with SAMBA simulator

In this research, SAMBA tests are numeriddl VLPXODWHG IRU WKH 3 °~ PDFKL
Different machine tooktates carbe simulatedby varying both the initial machine tool error
parameters and their evolution in time. Each machine error parameter will be set to five different
initial values acompanied with three types of change shagpansionajrowth shapeinverted

U shape and S shape. The simulation proisefisstratedin Figure4-5. As an example thé:: s

error parameter is expressad shown in Eq(11), where parametefy, seeFigure 4-5, is the
amplifier that controls the size of the changeaha shape of the machine erroarpmeter, and
parameterEchange IS a consaint value set to 1#5. Using this equation30 simulation test§

[1,30]) are generated for each machine error parameterasipiecific change shape. The VEs of

all the 30 tests areombinedinto a time seriegor analysis. The fivalifferent initial values of
machine error parametets: s:EF, where E1 to 5, are 105, 5E05, 10E05, 15E05 and 20E

05, respectively.
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i SIBRE L' SSEEGU goaugMSt"t ELsata ua &a ur (11)
Items | Initial value
EXX1 | 1.00E05
EYY1 | 1.00E05
EBOC| 3.33E06
EBOZ | 3.33E06
EAOY | 3.33E06
ECOY| 3.33E06
EYOS| 1.00E05
EZOS | 1.00E05
| Simulated emors ——— Eq.11— SAMBA simulation — VEs |

Figure4-5. VE simulation based on AxiSAMBA' software

4.4.2 Simulated VE data by X-axis pitch error compensation tests

Error compensation functions of the machinel were used not to compensate the errors of the

machine but to as an economical method to degrade the geometric behavior of the machine to

simulate a malfunction. The pitch error compensation table modigeggar positioning error of

a linear axisThis facility, which is normally used to correct a positioning error of an axis, will be

used instead to create a positioning error such as EXX. The VEs of the machine tool are measured

before and after EXX erranjection. The implementation processllustratedin Figure4-6.

Machine tool

CNC controller

No error

VE
(Normal state)

Figure4-6. Main data processing steps for X axis pitch error simulation
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The HU40-T horizontal fiveaxis machme used for this experimens$ equippedvith a FANUC
Series 15i CNC controller that is capable of pitch error compensaticmaompensation table. A

U shape EXX error with a maximum amplitude of 3% was addedHigure4-7). After the error
injection, the SAMBA measurements were repeaitezltimes.Then, the VE data estimated from
five times repeatettsts after error injectioand the VE data estimated from seven times repeated test

before error injection are composed togetteeform VE time series . ( E1:109, E1:12)

which can indicate the change of machine tool state caused by the change of EXX error.

Value/um
—_— () (98]
o fan] o o

0 100 200 300 400 500 600
X axis/mm

Figure4-7. A U shape EXX error with amplitude of 35um

4.4.3 Simulated VE data by X-axis straightness error injection tess

Straightness error is one of the fundamental error metidrich affect the accuracy of CNC
machine tools. One such error motion is the straightness error in Y of-ehas XEYX. The
experimental machine tool controller doerot offer a straightness errcompensation function.
Based on the properties of straightness error, for thaiX the existing of straightness error can
make the movement of X axis miss its hormal destination position. For the master ball position
measurement, this inaccuracy cha revealed in the Y coordinate. Therefore, an error is added to
the Y coordinate of the measured position of the master balls as a function edixigex{osition.
Figure4-8 showsthese data processing steps and the error to be added. In this schEBtatdts

for the total number of master ball measurement positions (i.e. 109), j stands for the simulation
repetition, and#yrepresents the amplification coefficient whose values are 1.35, 1.4, 1.5, 1.55 and
1.65 respectively. TheTyof the masured raster ball positions will be inputted in the EYX error

eqguation to get the reference EYX, and the coefficiéntis used to simulate straightness error in

different states. These errordl N ¥aMe added to the original coordinatg)(of the mater ball
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positions readings to get the final simulated master ball posiftloB&=. They are used as the input
of the AXISAMBA™ software to generate VE data. The newly simulated five times VE data and

the previous measured dinesVE data are combed to form a VE time series . ( E1:109,

E1:11) in time domain for analysis.

Figure4-8. X-axis straightness error injection flowchart

4.4.4 Periodical tests of theexperimental machine tool

The raw data is collected from the HUZ{ive-axis machine tool with a MP700 Renishaw touch
trigger probe Figure 4-9) and processed with the AxXiISAMBR! software. The machén tool
volumetric information is measured periodically twice a week at an ambient temperature ranging
from 21 to 23 . The touch trigger probe measures the positions of the accessible master balls at
27 indations (the angular positions pair of the &d Gaxes) and generate 109 ball center

positions.

Figure4-9. Thelaboratory a fiveaxis machine tool undergoing a SAMBA test

The scale bar is measured for indexation B=C=0? This experimental data is then processed with
WKH 3 ~ PDFKLQH HUURU PRGHO WR JHQHUDWH WKH HVWLPD
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calculaed. During the test phase a fault developed on thgiS€eroder causing significant ECC
error which affected the machine tool condition. We selected 24 tests: 12 tests with VE data of the

machine tool in its normal working condition and 12 tests withntaehine tool in this faulty state.

Bl Results and discussion

4.5.1 Smulated VE data change recognition

For the simulated VE changes, only one of the 13 machine error parameters is changed at a time.
For machine error parameter EXX1, three types of error curygeshand five different initial

values Figure 4-5) are defined The resulting simulated VEs are processed with the VSMs, as
shown (partial results) iRigure4-11. Generaly, there are two metrics standards to verify if VE is

good for machine tool accuracy condition monitoring. Firstly, different machine errors values
should result in different VE values. This can make VE reflect the machine tool accuracy
information with dfferent stateszigure4-10reveals that the VHBsatures ( K @.Q.) aredifferent

(V-1 to V-5) and can be clearly recognized when simulating VEs with EXX1 maadiror
parameter at five different initial values (sectib#.1). For example, for the VE module value with

the shape 1, their values are iredt proportion to EX1 machine error parameter.

Modu/um

Modu/um

V-1 0 V-1 0

IMEV VEMT IMEV VEMT

VEMT IMEV
Figure4-10. Features (K @.(@:) of VEs simulated by EXX1 error parameter with five initial
values, expressed asMo V-5, and three shapes, @re S1 means the initial EXX1 has
expansional growth shape;2sand S3 mean thenitial EXX1 has inverted U shape and S shape

individually; VEMT means VE measurement times; IMEV means initial machine error value.

When considering thehangein shape of ¥s Figure4-10 WKH 960VY VKDSHV UHVH
shapes of the AxiISAMBA simulator inpiEXX1 in the time domainsection4.4.1). From the
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SHUVSHFWLYH RI WKH 9( PHDVXUHPHQW WangeHendenoyLdfittle 9 (TV V
machine tool accuracy parameters with time. So, VE has capability in reflecting the machine tool
accuracy information with different amplitudes and change tendente time domain. For the
performance of the VSMs, we can find th&8Ms such as Dist, Diff, Area arkblu show clearer

VE curve shapes than the remaining measufggife4-11). These VE curve shapes are similar

with the shape of the simulated EXXEidure 4-5). The Cosl measure seems to havesde
recognition ability in VE change than the other measures. These change shapes expressed with
VSMs are similato WKH PDFKLQH WRRO (;; HUURU SDUDPHWHUVY FKI
remainirg 12 machine error parameters, their VE module valisss@drform the same as EXX1

parameters icurve shapes and initial values

Disi/um

‘MONLC\

Diffum

o ko

30

mecs 00 ypmr MECs O yEmT  MECS VEMT  MECS VEMT
Figure4-11. Features of the simulated VEs with the input Exx1<9H;: and vith three change
shapes, where-§ meangxponentiabrowth shape, 2 and S3 mean inverted U shape and S
shape individually, MECS means machine error curve shape, VEMT means volumetric error

measurement times

4.5.2 X-axis pitch error change recognition

The VEsarerepeatedly measuredith the SAMBA method, before and after theaXis pitch
error injection for seven and five times respectively. The final VSMs change recognition results

are shownn Figure4-12. The faul occurrence time (the 8th test) is shown with a red grid to reflect



41

WKH WUDQVLWLRQ EHWZHHQ WKH WD RKL\Q H7 KR R Q RUPFOLOPID DWW |
red grid and abnormal state after the red grid needs to be classified by visual inspebttoa

change detection algorithm (EWMA method). For VSMs suclbDizs, Diff, Cosland Cos2

obvious gaps could be found thie red grid. As for the remaining parameters, the gaps are not

obvious.

4.5.3 X-axis straightness error change recognition

Using the wraightness error injection method, VEs are produced eleven times while the first six

times condition are for a normal machite®l condition. The final VSMs resul@re shownn

Figure4-13. The fault occurrencéme (the 7th test) is shown with a red grid to reflect the itians
EHWZHHQ WKH PDFKLQH WRRO uQR U P DRiyfire2-Q3zevedisQatthe DO ZR U
change in the simulated EYX straightness etogrmanual error injection, is reflected in the VE

as seen through the VSMs. As for VSMs, measures suRisia®iff, CoslandCos2have a greater

ability to reveal the machine status change than the other measures.

Dist

Diffum

Volu

VEMP VEMT VEMP VEMT VEMP VEMT VEMP VEMT

Figure4-12. Recognition results of VE change caused by the EXX pitch error compensation,

where VEMPand VEMT means volumetric errors measurement positémiimes.
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4.5.4 C-axis encoderfault change recognition

In the periodic machine tool accuracyasurement sequence, 24 tests selecteavith 12 tests

measured from the machine tool in its normal conditiorigure 4-14, the fault occurrence time

(the 13th test) is shown with a red grid to reflect th@QMLW LR Q EHWZHHQ MWXSH PDFKL
encoder normal and abnormal working conditidfee Gaxis encder fault is visually reflected in

the VSMs graphs. All the measures reveal the VE change. The changesDOistth@d Diff

measures are particularlyident. Neither the injected ndimear pitch error EXX the straightness

error EYX nor theC-axis encoderfaults ECCare HVWLPDWHG E\ WKH 3 °~ PDFKLQI
Nevertheless, the analysis of the estimated VE through the VSMs can detect the effeict of the

variation.

Modusum
Difffum

Figure4-13. Recognition results of VE emge caused by the straightness error compensation,

where VEMPand VEMT means volumetric errors measurement positémstimes.
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Modu/fum
(]
=
=3

S

VEMT VEMP

Figure4-14. Recognition results of VE change causedkgxisencoder fault, where VEMP and

VEMT means volumetric errors measurement positions and times

4.5.5 Recognition rate of the three mentioned faults

The simulated faults arel @irocessed with VSMs, and their chasgee automatically recognized
with the EWMA control chart. In addition, the final recognition rate (RR)e&s calculatedrhe
key parameters of EWMA control chart for the three faults change recognition are ishbatre

4-1.

Table4-1. EWMA control chart parameters setup

Fault tvpe Data Change Learning Smoothing Width
yp length point data size coefficient parameter
Pitch error
(EXX) 12 8th 6 0.05 2.6
Straightness
error (EYX) 11 7th 6 0.05 2.6
C-axis encoder| 13th 12 0.05 2.6
fault

Let us take the @xis encoder fault change recognition as an example. VEs features are extracted
with Modu measure. The length of the total VEeasure series is 24. The first ten acquired VE
characteristics/ K @.@where E1 to 109 andgl to 1Q have been used to develop the EWMA

control chart and the control limits UCL and LCL (E(R)). All 24 VE charactestics,
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I K @.@where E1 to 109 andE1 to 24, have been processed by the EWMA model to detect if
the processed VE characteristiog K @. @:s in the range of the two control limitBigure4-15).

Modu

Normal state Fault state

200

NModu/um

VEMP

VEMP 0 5 10 15 20 0 5 10 15 20
VEMT VEMT

Figure4-15. Recognition results of theK @.@: by EWMA control chart where the white line

stands for the fault occurrence time.

This detection process lispeated for each VE measuremposition {(=1~109) as the following
rules: when the processed VE characterisGdK @. - is within the control limits, LCL and
UCL, the detected VHs associated to with normal state. This processed VE charasties

/K @.@ will be saved as the learning data and used for control limits updating; when the
processed VE characteristi€s/ K @. fis out of the control limits, the position of this measure in
the VE time series is compared with the@Xault occurrence tim&=13. When N=T the fault is
successfully detected. If NT, the fault is not successfully detected; For the VE measurement
tests, VEsre estimateérom 109 positions. Therefore, the total VE recognition positions (TRP) is
109. Thetotal number of successdfrecognition positions, TSRP, in this particular case is 78 so
that using Eq(10) the final recognition rate RR=72%. It m&athat usingModu measure and
EWMA method, under the current EWMA setup, the faults lmaisuccessful recognized in 72%

of the VE measurement positions.

Table4-2 shows the final recognition results for the three tested faults. Considering all the VSMs,
Dist and Co21 measures have the highest rectigni rate, followed by thevolu and Cosl
measures; # remaining VSMs have similar recognition rates. However, @iéy and Co2

measures can get recognition rates close to or equal to 100% for all three faults while the remaining
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measures only get a maxim of 86% recognition rate. The possible reasonasthe recognition

rate can be affected by the limited learning data and the setup paramebded-1) of the EWMA

control chart. VSMs without fuff 100% reognition rate means that a single VE measurement
position is not sensitive to all kinds of faults. However, the change of the machine tool condition
can be reflected in most VE measurement positidbhis.leads to the conclusion that the uselbf a
mentiored VSMs can help to increase the fault recognition rate than the use of a single measure
such as VEModu (the volumetric error vector norm) which is a commonly used indicator. The
other proposed measures mostly have better performanceMbdn when extrating VE
characteristics Table 4-2, Mean_RR, which is the mean value of the recognition rate of each

measure).

Table4-2. The final recognition results of the mentohsimulated and real faults

VSMs
Faults ; ,
Modu Dist Diff Cosl | Cos2 | Area | Volu
Pitch error (EXX) 55% 95% | 55% | 80% 98% | 41% | 54%
Straightnesgrror (EYX) 58% 98% | 58% | 86% | 100% | 62% | 73%
C-axis encoder fault 72% 100% | 71% | 70% 98% 59% | 82%
Mean RR 62% 98% | 61% | 73% 99% 54% | 70%

4.5.6 Discussion

The proposed VE feature extraction aiféhinge recognition metheavere used for machine tool

VEs change recognition. The recognition results of the faults data reveal this monitoring plan is
effective in recognizing VEs change. Fiysthe VSMs performs equally in the identification of

the sinulated faults without considering the roodeled machine errors and real random errors
of the real measurement. However, for the real data, VSMs could perform differently depending
on the measement conditions. And the VEs change could only be detentebrme VES
measurement positions. Vector similarity measibest andCos2are sensitive to all types of faults
mentioned in this paper and perform better than the remaining measures. Se¢ShtHydo not

only contain the proposed measures but also iedhe unlisted or the measures developed based
on the ideas of VSMs. For the same faults, they could probably work well. However, for the first
time, the geometrically based measures are appheVEs feature extraction. Thirdly, the

application of EWMA ontrol chart includes two partslearning and checking. The size and the
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quality of the learning data can affect the recognition results. The increase of the VEs data size for
learning and therecise selection of VEs data with least noise are two usefys to improve the
accuracy of the control limitssUCL and LCL. In addition, the smaller width parameter and
smoothing coefficient are helpful for the gradual change detection. In applicdépending on

WKH XVHUYV UHTXHVW Wedtdbf RSWK slLich &Wh® MakimivhLofF theOm&b VD P H
norm could also be used as the secondary control limits. Therefore, two types of control limits used
together can improve the performance of pheposed monitoring plan. Lastly, the results show

that not ony the fault related to the modeled pitch error chamge detectedEXX1, but also the

faults related to the nemodeled errors, EYX and ECC were successfully detected.

Bl Validation of the proposed monitoring system

The degeneration and some sudden faults of the machine tool could cause gradual increases or
abrupt changes to the machine tool error parameters. For the machine tool, the sudden faults could
be caused by a collision. The environméffaators such as andmt temperature and wear could

cause slower gradual changes to the machine tool accuracy status. To verify the capability of the
proposed method in VE change detection, simulations of the erroneous machine tool and of the
SAMBA proces are conducted for rars undergoing sudden or gradual changes. The estimated

13 machine error parameters obtained from the real machine tool in its normal state are used as the
references to simulate the sudden and gradual VEs changes. Two types aiffaultited by each

single and all the modeled machine error parameters are generated. Random errors have been added
to the parameters to simulate the effects caused by the environment change during the SAMBA
PHDVXUHPHQW 8VLQJ WKH 3 the VH3 lKhebtniigttahsiRdn aRdRfeultyO

states are simulated. Then, these simulated VEs will be processed with the proposed VSMs and
EWMA control chart with the same setups (the smoothing coefficiést0.05 and the width

parameterxis 2.6) forVEs change fault det&on.

The flowchart for the simulation of the VEs with sudden and gradual changes is shiyara

4-16. The referenced machine error parametedsi L:1 aJ), are the mean value of theachine

error parameters of 11 measurements with the machine tool in the normal state. The new machine
error parameters'JIAL | &; are simulated by amplifying the referenced machine error

parameters'| A L:1 &) with considering the amplificatn coefficient A (from Eq.(12)-(15),
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where the Matlab functierand is used to simulate random errors in the measurement, 0.15 is the
anplifier of the random erronn stands for the machine error identfiu I[URP WKH 3 °~ PDFK
error model anadh stands for the simulation identifie is the curve shape coefficient which is

related to n). Finally, J1 ALl &;are inputted into the SABIA simulator of VEs. The green

bar, yellow bar and red bar Bfgure4-16 are used to show the VEs measured with machine tool

in normal, transition and fault statesarRhe gradual chamegsimulation, the VEs simulated in the

transition region occur over a period of about three times the measurement times of VEs in the
normal or faulty states. For the sudden change simulation, VEs in faulty states are simulated by ten
times. Simulations arconducted with faults caused by changing each error on its own and then all
errors together.

A~ S JDbxs&r?
~J _w .

O s&v Ibwvr&{?

s JDb>s&r?

“Llsav Jpssr? (13)
#L- EN=J@&J; Urgw (14)
"JIALI &; L'"IAL:l &; U# (15)

Figure4-16. Flowchart for the simulation of faults wisudden angradual changes
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4.6.1 Recognition results of the faults wth sudden change

The changing points detected will be compared with the exact fault changing points'{tiie 11
verify the performance of the proposed monitoring plan. The first 10 VEs estimated with machine
tool in normal state is used for the modeglof the control limits of EWMA control chart, the latter
simulated VEs will be inputted into the EWMA model for lfadetection.Figure4-17 reveals the
change recognition results of the VEs caused by the suduenge of all the machine error
parameters by 1.5 times. The white line stands for the exact fault occurrence time.

Modu Dist

100 100 100

80 80 80

60 60 60

VEMP
VEMP
VEMP

40 40 401

20 20 20

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
VEMT VEMT VEMT

100
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60

VEMP
VEMP

0
0 5 15 20
VEMT

0
0 5 1015 20
VEMT

Figure4-17. Chamye recognition result of VEs caused bsualderchange of all machine enr
parameters, the white line stands for the exact simulated fault occurrence time"jth¢ dthnds
for the VEs measured with machine tool in normal state and F stands for tmeedRsred with
machine tool in fault state, the cyan and red squaretdadss for the normal state and the faulty

state of machine tool respectively.

Visually, the seven measures all perform well in VEs change recognition with the exception of the

Coslmeasure. For all other measures the sudden change fault can be exactiyddatall the
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VEs estimation positions:or the VEs changes caused by the single machine error parameter, the
recognition rate is calculated and revealed with the recognition fatee dault caused by all
machine error parameters togethef @ble4-3. For the fault caused by the change of one machine
error parameter at a time, the faults could be precisely detected in all the VE estimation positions.
Only theCoslmeasure has relatively small recognition rate in the deteatithe faults caused by
EYO0S, EXOS and EXOC. For the faults caused by the change of all machine error par&osters,
measure also performs well, just because its value is close to the control limit UCL and LCL, so
there are no obvious differences in gommparison. Thereforehe VSMs expect foICosl
perform equally in VEs change recognition (Mean_RR).

Table4-3. Recognition rate (RR) otiddenchange faults caused by the change of a single and

then all mabine error parameters

Faults Faults types . . VSMs
Modu | Dist Diff Cosl | Cos2 | Area | Volu
EXX1 99% | 100% | 99% | 100% | 100% | 99% | 99%
EYY1 100% | 100% | 100% | 100% | 100% | 100% | 100%
EZZ1 100% | 100% | 100% | 100% | 100% | 100% | 100%

EYOS 100% | 100% | 100% | 92% | 100% | 100% | 100%
EXOS 100% | 100% | 100% | 52% | 98% | 95% | 96%

Single machine EAQOY 95% | 100% | 95% | 98% | 100% | 98% | 100%
error parameter EBOZ 99% | 100% | 99% | 100% | 100% | 99% | 99%
change ECOY 100% | 100% | 100% | 100% | 100% | 100% | 99%
EXOC 100% | 100% | 100% | 51% | 100% | 100% | 100%
EAOB 100% | 100% | 100% | 100% | 100% | 99% | 99%
EAOC 100% | 100% | 100% | 100% | 100% | 99% | 98%
EBOC 99% | 100% | 99% | 100% | 100% | 99% | 100%
ECOB 100% | 100% | 100% | 100% | 100% | 100% | 99%
Mean RR 99% | 100% | 99% | 92% | 100% | 99% | 99%

All parameters

change All parameterg 100% | 100% | 100% | 100% | 100% | 100% | 100%

4.6.2 Recognition results of thefaults with gradual change

The gradual change of VEs are also simulated with the faults caused by the gradual change of each
single or all machine error parameters. Three specific changing points at the beginning)(the 11
within (the N, the first detetable changing point) and the end (th&)4gf the transition region of

the fault are defined to verify the performance of the proposed monitoring plan. The first 10 VEs
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estimated with machine tool in the normal state are used for the ingpdékhe EWNA control
chart, the VEs features of the latter simulated VEs will be inputted into the EWMA model for fault

detection.

Figure4-18reveals the chamgrecognition results of the VEs caused by thelgsgbchange of all

the machine error parameters by 1.5 times. The cyan, yellow and red square bar stands for the
normal state, the transition region of the fault and the faulty state of machine toolivespeebr

the change point at the beginning o tinansition region (cyan line), by visual chagk none of

the measures can identify the VEs change. The first detectable changing point i (vhite8

line). After that, there are no changes in theognition rate before the end of the transitiegion

(green line). Therefore, for the faults with gradual changes, they could be detected in all VE
measurement positions at one specific point (t#® @Bthe transition region before the true faulty

state. TheCosl measure still cannot reveal the VIEEbanges by visual chealps. So, the
recognition rate, RR, dfoslneeds to be considered.

For the VEs changes caused by a fault of a single machine error parameter, the recognition rates of
VSMs are sepataly calculated and listed imable 4-4 together with the results when all the
machine error parameters are simultaneously affected. The faults caused by a single machine error
parameter cannot be detected by all the measuresieahg transition region. However, they

could bedetected in the 8VEs measurement times in all VEs estimation positions (RR value is
close or equal to 100%) of the transition state (the val@®siis closing to the control limit UCL

and LCL, so thee are no obvious differences in color comparis@ijnilarly, they could be
detected in all the VEs estimation positions at thHé #@asurement of the true faulty state. The
Mean_RR of each VSM is closing, so they perform equally in fault detectiothé&dault caused

by the change of all machine erqparameters, it has the similar recognition result and could be
detected at the same position in the time domain as the fault caused by the change of the single
machine error parameter. Therefore, forfetndts with gradual changes, they could be recoaphi

in the transition state before the faulty state using the proposed monitoring strategy. As for the
exact fault occurrence time, it is probably related to the fault type, the range of the random error

ard the parameters such as smoothing coefficientiadith parameter for EWMA model.
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Figure4-18. Change recognition results of VEs caused by gradual change of all machine error
parameters, N stands ftire VEs measured with machine tool in normal statéaids for the
VEs measured with machine tool in the transition region and F stands for the VEs measured with
the machine tool in the faulty state, the cyan line stands for the changing point atitinénlgeaf
the transit state, the white line standstfu first detected changing point of gradual change fault
in the middle of the transit state and the green line stands for the changing point in the end of the

transit state.

By considering the recogion results of the simulated faults, we can find thietly, the simulated

faults could all be recognized at each VE measurement position. Secondly, VSMs perform equally
exceptCosl(Mean_RR,Table4-3 and Table4-4) and they have no obvisteffect orthe final
recognition results. This is different from the recognition results of faults with VEs measured in
real machine tool. This is probably caused by the differences between the random error in the

simulation and real measuremdntaddiion, for theSAMBA simulation, the modeled errors have
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linear relationship with the estimated VB$erefore, the change of the model errors brings the
synchronous change for VEs. This could be mostly reflected in the magnitudes but not in the
direction ofthe VEs. Spanglebased measures especially @vs1lmay not perform wellgigure

4-19, example). The values of the VE features extracte@ds2are almost to 1. This can vBri

that there are no directional changes in the Eited VEs data. As foCoslmeasure, its value is

stable which means that there is no change in the angle between the Z axis and each simulated VE
vector. Therefore, there are no obvious color changdigurve shapa-{gure4-17 andFigure

4-18). The twomeasures together prove that no change is included in VEs directions. Therefore,

the proposed angle DVHG PHDVXUHY FDQ DOVR HIIHFWLYHO\ HIWUDFYV

Cosl Cos2

|
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]
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Figure 4-19. VEs features dracted by th&CoslandCos2measures
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Table4-4. Recognition rates (RR) of the gradual change faults caused by each single and by all

machine error parameter change

Faults Faults Changing _ _ VSMs
types points Modu | Dist Diff Cosl Cos2 Area Volu
11t 0% 0% 0% 0% 0% 0% 0%
EXX1 18h 100% | 100% | 100% 100% 100% 99% 100%
40N 100% | 100% | 100% 100% 100% 100% 100%
11t 0% 0% 0% 0% 0% 0% 0%
EYY1l 1gh 100% | 100% | 100% 100% 100% 100% 100%
40n 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EZZ1 1gh 100% | 100% | 100% 100% 100% 100% 100%
40n 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EYOS 18" 100% | 100% | 100% 99% 100% 100% 100%
40n 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EX0S 18" 100% | 100% | 100% 95% 100% 94% 95%
40n 100% | 100% | 100% 98% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EAQY 18" 99% | 100% | 99% 100% 100% 98% 99%
Single 40n 100% | 100% | 100% 100% 100% 100% 100%
machine 11" 0% 0% 0% 0% 0% 0% 0%
error EBOZ 18" 100% | 100% | 100% 100% 100% 98% 99%
parameter 40n 100% | 100% | 100% 100% 100% 100% 100%
change 11" 0% 0% 0% 0% 0% 0% 0%
ECOY 18" 100% | 100% | 100% 100% 100% 100% 100%
40n 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EX0C 18" 100% | 100% | 100% 97% 100% 100% 100%
40h 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EAOB 18" 100% | 100% | 100% 100% 100% 100% 100%
40h 100% | 100% | 100% 100% 100% 100% 100%
11" 0% 0% 0% 0% 0% 0% 0%
EAOC 18" 100% | 100% | 100% 100% 100% 100% 98%
40h 100% | 100% | 100% 100% 100% 100% 100%
17t 0% 0% 0% 0% 0% 0% 0%
EBOC 1gh 100% | 100% | 100% 100% 100% 100% 100%
40h 100% | 100% | 100% 100% 100% 100% 100%
17t 0% 0% 0% 0% 0% 0% 0%
ECOB 1gh 100% | 100% | 100% 100% 100% 100% 100%
40h 100% | 100% | 100% 100% 100% 100% 100%
Mean_RR 99% | 100% | 99.96% | 100.00% | 99.96% | 100.00% | 99.96%
All All 11" 0% 0% 0% 0% 0% 0% 0%
parameters , 18n 100% | 100% | 100% 100% 100% 100% 100%
change | Par@meler T 0" [ 100% | 100% | 100% | 100% | 100% | 100% | 100%
Mean RR 100% | 100% | 100% 100% 100% 100% 100%
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Bl Conclusions

Volumetric errors (VEs) of a fivaxis machine tool are investigated for use in machine tool
condition mortioring. A monitoring plan based on vector similarity measures (VSMs) and
exponentially weighted moving averaWMA) control chart is proposed, teskt and verified
with both simulated and real machine tool accuracy changes. It has been observed that:

1. VEs aremeaningfulquantities for the monitoring of the machine tool accuracy condition.
When using the SAMBA technique for estimating the machinkawors, the obtained VEs can
not onlyreflect the accuracy change caused by modeled machine error masdmetalso the
accuracy change caused by fmaadeled machine errors;

7KH VLPXODWLRQ UHVXOWYV UHY H 2losely khatwdtite shape 6fi D SHV R
the machine tool accuracy changs shown for a single machine tool error parameter awith
exponentialgrowth shape, an inverse U shape or an S shapaddition, VSM values are
synchronized with the values of the machine errors. Thisis\a promising quantity for use in

machine tool condition monitoring systems (MTCMS);

3. VSMs successfullextract the characteristics of VEs. When considering the final recognition
rate (RR)the module of the vectorial difference of two consecutivesg&iorgDist) and the angle
between the sam€¢s2 perform better than the remaining measures in detedtios can provide

guidanceon the selection and the use of VSMs for VE feature extraction;

4. The VE monitoring plan based on VSMs and EWMA cdrithart can be used to detect the
machine tool accuracy change caused by machine errors such ax@niear positioning error
EXX, a straightness error EYX and a ECC error caused bgdsncoder fault. Validation results
of the simulated faults bshe SAMBA method simulator also show that the proposed monitoring

plan could detect the faults with botregual and sudden changes.

Future work will focus on optimizing the current monitoring method and proposing a new
combined variable containing allehVE information from multiple positions with a view to
automate the monitoring processaddition, the dults caused by the nanodeled machine errors

will be further investigated in a machine tool condition monitoring context.
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Abstract: Volumetric errors (VES) feature extraction is an important step in VEs monitoring. A
new VE feature extraction method combined vector similarityasuees array (CVSMA) is
proposed in this paper. Using the VE data meas periodically from the experimental fraxis
machine tool, the performance of CVSMA has been verified with principal component analysis
(PCA) in VE feature extraction. The real faaf the machine tool, the @sdofaults caused by the
change of thetmightness error EYX and linear positioning error EXX and the simulated faults
based on the change of thnedelingmachine error parameters are used to verify the VE monitoring
plan deeloped with CVSMA, vector similarity measures (VSMs) and the expaibnireighted
moving average (EWMA) control chart. The results show that CVSMA performs better than PCA
in VE feature extractionThe proposed VE monitoring plan can precisely recogtiizechange

point of the real, paudo and simulated faults. In addition, the CVSktadelingwith the distance

based similarity measures are recommended for their stable ability in VEs change recognition.

Keywords: Machine tools, condition monitoring, volumne error, combined vector sinatlity

measuresrray EWMA.

Il Introduction

Machine tool failure causes production loss. Maintaining a machine tool condition mayalow
detection of the developing faults before the degradation in part quality or prodicse
Currently, machine tool andition monitoring systems (MTCMSs) are applied either to the
machining process do the machine tool systenms the machine tool kegomponentg$l]. Tool

wear, tool breakage detectiamdtool remaning life estimatiorare the three main areas which
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have been widely studigd-6]. This is achieved by anaiyng thephysicalvariations related to the
machining process such as the cutting force, temperaturentuvoltagevibration, soundpr

power of the spindle motor or the feeding systems. Regarding the machine tool system based
MTCMS, they track the structural and functional components such as mechanical structures and
control systems. The two partginly lead to themafunctions of machine toolsThe presence of
damage in thenechanicaktructure, the location as well as its seveciy be confirmed by the
developed machine tostructural monitoring system by analyzing acoustic emission sgnal

8]. As for the spindle condition monitoringhe damagend theimbalance of bearing/spindle
detection have been realizfd]. Besides the spindle stationary and dynamic properties or even
the collisions can be accessed hwpalyzingphysical signals such as the temperature, force,
vibration, andspindle notor current[10]. For theFeedingaxis the generafaultscould becaused

by pitting, wear, corrosion and cracky analyzing the signals relateddorrent, acoustic emission

and backlash errpthese faults can be successfully determifidd 13. A coolant monitoring
system can prevent damagpgised by improper coolant concentratmmachinetool components

[13]. Besides, the state of the coolant systeamsbe evaluatdoly analyzingpump outlet pressure,

pump motor temperature and tank level. As for NC controllegenerally contains somault
detectian circuits or programsThese insercted programnes be used tecognize faultselated

to servo amplifiers, switclse etc[14]. In addiion, methods such as similar path sets, artificial
neural networks and architecture expansion have been used tahecttelt in the CNC software
without depending on the experience and intuition of maintainers mgtbpd6] By observing

trends in producing highly accurate parts, it is possibletiedide machinery maintenance/repair
before major malfunction occurs. This can significantly decrease costs and downtime caused by

machiney breakdowns.

We intend to use volumetric errors (VES) for maintaining purpose. VE is the relative deviations
betweertheactual and ideal position of the tool in the machine working space. It is affected by the
full condition of machine tool mechanicadmponents. Currently, \dEmodeling VESs prediction

and VEs compensatiorare the three main research topjés-19]. Recently, VEs has been
attempted in the area a@bndition monitoring. Techniques such as vectamilarity measure
(VSMs)[20], principal component analysis anehieans have been used for VEs feature extraction

and classificatiofi21]. Different sets of VEcan be estimated in one measurement usnegtdor
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indirect VE meaurement methods. They are distributed in the machine tool working space. All of
them are useful reflectors of the machine tool accuracy condition because they are caused by or
related to the relative location of linear and rotaxgsa To apply VEs in MTMIS, the VE data
processing method is critical. How to extract useful information from VEs for machine tool
condition monitoring, considering all possible VE data, is the main task to be carried out in this

paper.

The primary contribation of this paper idie development of a novel VE feature extraction method:
the combined vector similarity measure array (CVSMA) andvel VE monitoring plan based on
CVSMA and exponentially weighted moving average (EWMA) for the purpose of accuracy
monitoring of machine ws. The remainder of the paper is organized as follows: Sestion
introduces the background of the machine tool condition monitoring system and VEs. The VE
monitoring plan is developed in Sectib2, and VE data acquired withalepseudo and simulated
faults for this research are described in Sectd@ The CVSMA performance in VE feature
extraction is compared with principal component analysis (PCA) in SebtdbnSection 5
presents the recognition results of the maclooéfaults using the ppsed VE monitoring plan,

and Sectiorb.6 summarizes the paper and presents the conclusions.

Hll VEs monitoring plan

The data processing dhe proposed V&Emonitoring plan is revealedin Figure 5-1. When the
machine ools are in the maintenandle volumetric information ahe machine toois measured.
Using theseneasurement master ball artefact coordindbesVESs are estimated and are processed
for feature exaction. After that, the VEs features are processe®Hsr condition change

recognition.

VEs VEs VEs
Measurement Feature extraction Change recognition

Figure5-1. VEs data processinfpr machine tool condition monitoring
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5.2.1 VE and its measurement method

Herein VE is defined as the Euclidian error vector between the tbahbgosition related to their
nominal position[22] (Figure 5-2). For the nominal machine tool modéidure 5-2 (a)), the
measured master ball artefact centres are matched with their nominal positions. Hawelker,

real machine tool modelnachine errorsexist. Then, there will be mismatches between the
coordinate®f the nominal master ball artefact and dwtualy measuredall coordinategFigure

5-2 (b)). For the dta processing, the mismatches between the measured master ball artefact
coordinates and their nominal positions need firstly to be calculated, Tlese thismatches
containing the draft volumetric information will be used as the input of the scale ater rball
artefact (SAMBA[23]) machine error model for VE andachine errors estimation. VEs can be
acquired using methods including bb#r, Rtest, tracking intedrometers, machining tests and
the SAMBA method23, 24] The SAMBA methd uses master balls artefacts anstale bar
artefactto acquire the necessary machine tool raw volumetric information for the estimation of VE
and geometric errors. Its simple setup antbmatizedperation make it a good tool for machine

tool accuracyneasurement.

(@) (b)
Figure5-2. VE of the HU40T fiveD[LV PDFKLQH WRRO PRGHOHG ZLWK WKI

model,(a) Nominalmachine tool model of HU4T five-axis machine tool; (b) Real kinematic

machine error model of HU4U five-axis machine tool

7KH 6$0%%$ PHWKRG HLWKHU XVLQJ D 3 theDFKRRHKHQHRHWUBR

model for volumetric errorand geometric error estimation. The naming method of the error
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models is related to the number of machine error parameters to be estjf@tddH[DPSOH WKH 3
machine error model can estimate eight axis location errors (EAOB, ECOB, etc.), threedingar g

(EXX1, EYY1, EZZ1) and two spindle offsets (EY0S, EZOBigure5-2) for a total of 13 error
SDUDPHWHUV )RU WKH 3 °~ PDFKLQH HUURU PRGHO HDFK DJ[L
motion and an errom@s motion using thirdlegree polynomial representations of each of the six
HUURU PRWLRQV DQG SRVLWLRQLQJ EDFNODVKHYV RI WKH % L
DQG 3 °~ PDFKLQ HrdgardihgME eRtin@tldroave reflected in the VE valugg, vector

directions, theminimal VE probing positions and the total VE mMéXUHPHQW WLPH 7KH
machine error model is used for the estimation of VES in this research as it is less time consuming

to carryout. For more details on the SAMBA method, gleaefer to papef&3, 25]

5.2.2 VEs feature extraction

Feature extraction is an important ystep for VE change recognition. The changes in VE are
analyzedoy vector similarity measures (VSMs) which reveal how &like data objects ar@&bout

60 differentkinds ofsimilarity measuresould be found in the literaturf26]. The most popular

ones could be classified as two typdstancebased similarity measure, anglased similarity
measuresin addition, the compreadnsive parameters consider the effect of angle and distance
based measurésgether are expected to have a better VE feature extraction capability. Therefore,
they have also been developed and used in this study. Six VSMs belonging to each of the three

sulgroups are selected and applied for VE feature extra(figare5-3).

Module Modu) measuréone of thedistancebased similarity measurnesalculates the module of

a VE vector. The Distance (Dist) measure calculates the motithe difference of two timewise
adjacent VE vectors. As for the andlased measure€psine parameter has been selected in two
typesCosl and CosZCosl is the cosenof theanglebetween one measured VE vector and the
unit vectorrepresenting ofthe Zaxis [0, 0, 1] Cos2calculates thenglevalue between two VE
vectors, one is the first measured VE vector while the other is the newly acquired VE vector. Cosl
has aradvantage in terms of decreasing the random effect of VE reference vector sele®tion on
change extraction.le above measures extract the VE features from a single viewpoint, distance
based or anglbased similarity cheekip. The comprehensivaeasuresArea and Volume (Volu),

considered the effect of angle and distabased measures VSMs However differert weight
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of the angle and the distankas been usedrea measurealculatsthe area value between a VE
vector and the zAxis while Volu measue reflectghe cone volume resulting from the rotation of
VE vector around the -Axis. The geometric meaning of the proposed VSMs could be found in
[27].

7

The estimated VEs can be written as. g = > a . 4a X:gﬂu] where i stands for the VE

é:gﬂu g
measurement positiond 01 0 N) and j stands for the measurememtes during the machine tool
maintenanceThen, the VSMs are calculatadcording toEq.(16)-(21). For the Dist, Cosl, Cos2
measures, the firsheasured .. datais used as a reference to the remaining, where j>1for

similarity comparisonWhile the remainingySMs are calculed directly. Finally, these new

acquired VE feature time series, written as the «.4 areused ér the latter data processing.

‘T_:gh L. 1gh - L 8 v;g§[l6 E W:gjqe E x;ghG (16)
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As mentioned, the VE data used for this research are measured from N positions (N=29) of the
machine tool working volume. The possible monitoring process of VEs can be classified into two
types basedn the usage number of VE dakagure5-3). The first type is monitored from a single

VE measurement position, VEs are processed with the VSMs for feature extraction. This process
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is repeated in all VE measurenm@ositions respectively and processed by EWMA for VE change
recognition. The change detection needs to be repeated in each VE probing [gjtidinis
monitoring plan could bring difficules in decision making because not all the VE measurement
positions are sensitive for one specific machine tool fault. In addition, partly recognition results do
not provide a criterion fohe PDFKLQH WRROYV RRdrs evdlytidrQ VoLoveicoyne O
this limitation, the proposed second type of monitoring pla@s acombined vector similarity
measurearray (CVSMA) for VEs change recognition. CVSMA contains the features of all VEs
extracted by VSMs. As a primary VE feagwector, they will be processevith VSMs again for
CVSMA feature extraction. Finally, the CVSMA features are the inputs of the EWMA for VE
change recognition.

-l VSMs
Modu Dist ‘ ‘ Cosl ‘
Cos2 Area ‘ ‘ Volu ‘
SAMBA H VE EWMA
S
Measurement CVSMA VSMs )—
Modu Dist
VSMs
Cos2

Figure5-3. Feature extractiofowchart of VEs from the single and whold&e\vmeasurement

positions

The CVSMA data processing is carried out as follows. After the VSMs processing, they,

are used as the basic components for CVSMA. Let us take the Modu measure as an example,
CVSMA can be written as the

‘T_hL>‘T_;53qé.‘T_;63qé§-é-‘T_IRéﬂ? (22)

VSMs based on distance and angle measures are used to extract the features of the CVSMA,
in Only three similarity measures includirModu, Dist and Cos2 are selected for

CVSMA feature extraction because the remaining four measures have no geareatrings for
feature extraction. Similarly, the firstly acquired -« : ;gdata is used as the reference, the

remaining e : ;where >1, will be compared with this reference to reveal the change of
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VE data. Take the Modu similarity measure aegample, ‘'t — ‘1 — ;;could be written as

the Eq.(23). Using the proposed dapaocessingnethod all the VEs featurénformationcan be

included in one valuable.

t— t—ipl. ‘T—p L8 ‘t—4°E ‘T4  E®E ‘t—g° (23

In addition, as a correlatielpased similarity measwfearsorcoefficient (PC) has also been used
for VE similarity checkup. Pearson coefficient mirrors the level of direct relationship between two
inputs and extends from +1 t&. +1 implies that there is a positive direct relastop between
inputs or the two iputs have fundamentally the same as tastes, wihg#bows that the inputs have
totally different tastes. Here it is used for the similarity chaglof the VE features. It is assumed
that when the two VE features are aicgd from two similar states, tmé?Cs should be close. Or
there will be a big change in PC value. The calculation of PC is shasa {84) with two inputs,

the first measured VEeature sand the newly equired VE feature n The data
length of two inputs is related to the total VE probing positions N. To be mentioned, the
recommendedninimumnumber of N for PC analysis should be bigger thafe8 )RU WKH 3
machine error model of the SAMBA method, theximumnumber of VE measurement position

is 29. ltsatisfiesW KH PLQLPXP LQSXW RI 3& )RU WKH 3 ~ PDFKLQH HU
positions are around 109. The ¥Hata size is bigger than the minimum size of PC input.
Therefore, when using the PC measuhere is no need to consideetsize of the two inputs of

PC.
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Therefore, CVSMA dat@rocessing contains twoeps; first the calculation of the CVSMA data
nand secondhe selection of VSMs. Finally, six types of CVSMA and four types of VSMs

generate 24 types of CVSMA feature data : 'h and they will be inputted intthe

EWMA control chart or VE change detection. The capabilitytbé featuredata : h

on the fault recognition will be evaluated and ranked in the following section.

5.2.3 VEs change recognition

6WDWLVWLFDO SURFHVV FRQWURO KDV EHHQusEWZBHTWE DSSOLF
exponentially weighted moving average (EWMA) control chrert only hasgood capabilityin

small and moderate shiftietectionbut alsohasperform wellin processingbservations that are

not normally distibuted or are autocorrelat¢80]. Therefore, the EWMAsiselectedo recognize

the abnormal VEs change automaticallge VEs features ;hare the input of EWMA

which is built as follows:

WL SF@ ; ws EQ@Q@ 'h (25)
@s the smoothing coaffient, it is in the range from 0 to. Theinitial value : 141S
the mean value of the first Kobservation : ;i - When the observations

;; areindependent andave a normal distributio®, the upper and lower control
limits (UCL/LCL) oftheEWMA control chart are calculated by Eg86)-(27). The width parameter
defines the control limits of the EWMA control chdttis recommended to selectand @om
the following ranges,2.6 Q @3 and 0.05Q @Q r & waespectively.Generally smaller @an
promote the EWMA control chart etecta smallerchangg31]. The detailecgpplication of the

EWMA controlchartcan be found in Montgomef@1].
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. @
LJE P TFe (26)
. @
LJF P TFe (27)
In this research, theypothesidor the VEs data is that ;1 (nis theVEslearningdata
sizeand n<j)havethe same distribution as ;1 when n\ + . EWMA control charts

used as a supervised method. Put it in detaiciides twastepslearning and checking (ségure
5-4). In the learning process gWNE feature dateith machine tool in normal condition a&&quired
and isused to develop the EWMA control ché&eontrol limits calculation).Herein,L=2.6 and @
=0.05 They areselectedbased orthe recommended range [29]. In the evaluation process, th
calculatedVE features ; ;1 s Will be inputted into the EWMAchart The calculation
value will becompaed with the control limitsThe machine tool will be defined as normal only
When the : ;1 >5 IS within the two control limits Otherwise, the machine tool

accuracy condition is deemed unstablestateand out of control.

NVSM(CVSMA)

Learning data

VE features

Checking data -4

Figure5-4. Flowchart of EWMA control chart in VE change recognitjam]

Il VE data sources

For CVSMA and the proposed VE monitoring plperformance discussipmass oVE data are
acquired from theexperimental HU44I five-axis machine tool. Three specific real faults were
DFTXLUHG RYHU DdWxénlargeDhe Vafilt $adde IfdR the discussiothefproposed
method, VEs are also acquired from Pseudo and simulated faults. Pseudo fawltraatiam the
change ofX-axis linear positioning error EXX and-Xxis straightness error EYX inducedth

mahematicalmethod Simulated faults are generated with the SAMBA simulator by changing the
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setup values of the modeled machine error parameterdloWehart of the VEs datacquisition
is revealed irFigure5-5. The four procedwes (ap, c and d) stand for the generation process of the

mentioned VES sources.

J— EXX fault via Sudden change Gradual change
l = pitch error 1 n € [1,10]
. compensation k=il nE€ [1,10] _Jn 5
% {1.5 nef1120] |[K=)eots mE 1139
! afe 15 n € [40,49]
3 A=K+ rand(1,n) * 0.15 || A=K+ rand(1,n) * 0.15
d ¢
SAMBA Machine errorfy,| Enmep(m, n) VEs
processing parameters | [= Emep(m,n)*A
£
anmep‘(m,n)‘-grad'ual/suyddcn Fhangle i
i:) 1.6 :‘xl-’
Sl4r ]
EYX fault via <Lt —=— Gradual change] |
coordinates Volumetric errors '1 o ‘ | | —4—‘ Suv:lden chjﬁnge
correction (VEs) 0 5 10 15 20 25 30 35 40 45 50
SAM BA measurement Simulation time

Figure5-5. VEs data acquired from machine tool with real (Procedure a), pseudo (Procedure b
and c¢) and simulated faultsr@feedure d]27]

5.3.1 Machine tool periodical measurement

The VE data is collecteddm the experimental HU4U five-axis machine tool with a MP700
Renishaw probe and processed with the SAMBA metfibé test is processed periodically as of
twice per week at an ambient temperature range 24~23e touch trigger probe, installed on the
spindle, measures the positions of the four master ball artefacts and one scale ball bar artefact at 27
indexations (angular positions pairs of the B andx€s) Figure 5-5, procedurea). Finally, the

109 ball centre coordinates measuirednecycle would be used for SAMBA processing. 67 VE
measurements cycle containing two normal states and three faulty states are selected from the
periodical measurement of machineltand used forhie comparison of the performances of the
principal component analysis (PCA) and CVSMA in VEs feature extraction. The three fault states
are theC-axisencoder fault (faulty state 1), pallet location fault (faulty state 2) and the uncadibrat
pallet locatbn fault (faulty state 3), two extra states before and after fault maintenance are looked

as the normal states 1 and 2. In the time domain, the normal state 1 is before three fatdt® states
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and 3 which followed by the other normal statd he measuremeétimes of each statgel2, 12,
16, 5 and 22 individually.

5.3.2 Pseudo faults by EXX and EYX

Pitch error compensation table which is normakedfor reducing EXX error herein is used to

generate pseudo EXX chandegure5-5, procdureb). A U-shaped curve wita magnitude of 50

um is induced into the CNC controller by the error compensation method. After inducing the Exx
error, the SAMBA measurements were repeated five tiffilben, the new simulated VE data with

5 times measuremenand the previously measured VE data with 7 times are composed together

to form a VE time series which can indicate the change of machine tootateted by the EXX

error. Figure 5-5, procedurec reveals the generation of theeudo fault induced by straightness

error, EYX. We manually inject errors to the probing file measured from the machine tool in its
normal condition to simulate the faults induced by straightness &figure 5-6 shows the dethi

data processing of straightness error. The original master ball posiiares obtained from a test

carried out with the machine tool in its normal stdiee pseudo straightness error estimated

I URP WKH 3 °~ PDFKLQH HUURU PRGHO LV XVHG DV WKH EDVLEF
Finally, the modified proing results2 @ DUH SURFHVVHG ZLWK WKH 3 °~ PDFKL
VEs estimabn.

Figure5-6. Generation procesd psewlo fault caused by the straightness error, where i stands for
the 29 magr ball measurement positions, j stands for the pseudo measurement tim&s, and
represents the amplification coefficients with the values of 1.35, 1.4, 1.5, 1.6 and 1.65

respectivey. These amplification coefficients are randomly selected and asschtilate a small

change of the straightness error.
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5.3.3 Simulated faults caused by the change of the modeled errors

The degradatiorand some sudden faults of the machine tool could cause gradually increasing or
abrupt changes to the machine tool error pararaefThey both could generate changes to the
machine tool accuracy status. To verify the performance of the proposed morstaategy, both
gradual and sudden change faults caused diggle machine error parameter are simulated with
WKH 3 ° P Drérknbd@HThe flowchart for the simulation of the VEs with sudden and gradual

changes is shown|Figure5-5|procedure dlhe referenced machine error parameters are the mean

value of the machine error parameters of the 10 SAMiasurements with the machine tool in
thenormal state. Theew machine error parameterse £’ :« & ;are simulated by amplifying the
referenced machine error parametersf ' 1+ &) considering the amplification coefficient E (the

Matlab functionrrand is usé to simulate random errors in the measurement, m stands for the
PDFKLQH HUURU QXPEHU RI WKH 3 ~ PDFKLQH HUURU PRGHO
Finally, e+’ :e &;are inputted into the SAMBA simulator for the simulation of VEs. For the

gradwal change fault simulation, the VEs simulated in the transitate stre about three times of

the measurement times of VEs in normal or faulty states. For the sharp change fault simulation,
VEs in fault states are simulated for ten times which is the santke VES measurement in the

normal state.

Performance of CVSMAin VEs feature extraction

Using the CVSMA data processing method, six types of CVSMA, , can be generated based

on the types of VSMs. After processing them by four VSMs (Modu, Bs$2 and PC), the final

24 types of VE features, 'wmCOUEH HIWUDFWHG 7R YHULI\ &960%9V
VE feature extraction, it is compared with the principal component analysis (PCA) method which

has been widely and successfully applischaeneral for signals feature extrac{i®dd]. The data

processg for the comparison of CVSMA andCA in VEs feature extraction is shownRigure

5-7| The acquired VE data . is firstly processed with VSMs to extract the draft VE features

('t —u) of each VE measurement position. Theh} —g, will be processed with CVSMA and

VSMs and PCA separately. Finally, the curve shape and the number of the distinguished machine
tool states will be compared by the features extracted by CVSMA and PCA. CVSMA data
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processing can be deemed as a new @feol in VE feature extraction if it is capable to extract
features which are similar to PCA.

Figure5-7. Flowchart for the CVSMA performance comparison with PCA method in VEs feature

extraction

5.4.1 PCA data processing

As a feature extraction method, PCA is an orthogonal transformation of the original data converting
the observations vectors X into vectors Y of smaller dimension without losing too much
information. The elements of the new vector Y standHer®t of linearly uncorrelated variables
called principal componen{83]. This transformation can be watt asY=WX, where matrix W

is the cross covariance of the input data X. The PCA components arranged in the order according
to their decreasing variance represent the most important statistical information contained in the
original set of data. The acquirgdincipal components stand for the new features of the original
data. Therefore, PCA could be used as an effective tool for the feature extraction of VE data. The

main steps of PCA in VE feature extraction are as follf84

Step 1 Subtract the mean from each corresponding input featuré¢ —y4 to create a new
normalized matrix ‘T —g. The VE feature dataset T —yis prepared with 2*i0 j (where i

means the VE measement positions and j stanfts the VE measurement times) because PCA
hasa strict requirement in data size or the subject to item[B&E Then, the mean value of each
column is calculated. This is a nesasy stefpeforethe VE data processing becausenteasured
VEs normshave different magnitudes (from 1.2n to 164 m). Otherwise, the magnitude of
certain VEs dominatethe connectionbetween the VEs in the sample. In this step, the mean of

each column of the VE feature data is calculated and subtracted from every data of their respective
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columns. Then, theew matrix * .1y has data with zero mearHere, |5 is the unity column

vector and sgis a row vector containing all the meaaues of each column [].
L SAh i L s, 20 7
al- Ag tT—a -Lsadax (28
“T—gl ‘T—gF (29

Step 2 Cakulate the covariance matrix (C) of the new normalized matrix. Covariance matrix can
find out the vamnce of the data from the mean towards other data in that row. The covariance of
a data with respect to itself is equivalent to the variance of thatTdaacalculation process is as

follows:
L 5 ‘ X 1
rr e (30)

Step 3 Calculate the eigen values and eigen vectors of the covariance matrix. The eigen vectors
| rare arranged in decreasing order according to their respective eigen Vakidisst column of
the eigen vector matrix is the first principal component. The second column in the eigen vector

matrix is called the second principal component and so on.

Step 4: Select the eigen vectors byttsag a threshold which denotes the ap@mation precision
of the new largest eigenvectors. The general technique for estimating the number of principal

components is the cumulative percent variance (CPV) whidéfised as follows:
. Ads->d
) Lm*loo% (31)

It requires the minimal number of principal components which can capture a large percentage

(e.g., 1 85%) of the total variance. In this research, we select the tGRRgholdto be 90%.

Step 5: Calculate the final projected data.sittreveas the modelled variation of* T —g,with
considering of thdirst N components. The initial data sett —g,is finally projected on to a new
structurewhich is written as thematrix ‘1 -—r where ¢gis the matrices oN retained

eigenvectors
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Tmr L TTH ogr (32)

5.4.2 Results comparison

VE features ‘1 —gextracted by PCA and VE features |, extracted by CVSMA data
processing are compareatthe curve shape and machine tool states distinguishing for comparing

their performances in VE feature extraction. Take the original data— . as an example,

Figure5-8|reveals the curve shapes of the gssing results from PCA and CVSMA separately.

To be mentioned, the original probing positions of the SAMBethod is 109, to satisfy the needs

of PCA data processing, 29 probing positions datselerted RU WKH 3 °~ PDFKLQH HUU
in VEs calculatio. For the PCA processing, two principal components (B@&#pin92.1% of the

original VE information The shape of the CVSMA feature curve and two PCs are similar. The
increase and decrease tendency are also the same. In order to clearly distingeiBhRieLQH WRR O

sates indicated by VEs, the two components of PCA are projected into a 2D spapee®-8

The members of each cluster are plotted with different colors which are decided by the machine
tool states classified lijpe CVSMA processing results. The classification results of CVSMA and

PCA are close, they all can separate the fault states fronotheal states of the machine tool.
OHDQZKLOH WKH PDFKLQH WRROTfV WZR QRUPDO \WWADWHV F

because they are too close to each other, and this also could be found irf the ‘1t — ;,

curve as the first and last parts haimilar values. Therefore, the CVSMA data processing method

has good capability for VE feature extraction.

Although thle PCA method could also extract the VE features and reveals the machine tool states

in a visual plotting, it still has some limitatioriSirstly, the performance of PCA is related to the

input data size. Considering the total VE probing positions of SAMi&thod, the periodical VE
measurement, at least twice tinemberof probing positions, needs to be accumulated before the
application of3&% 7KHUHIRUH IRU WKH SURFHVVLQJ RI 9(V HVWLPI
model, huge of VEs need to be acquir8econdly, PCA method orthogonally transforms the

original VE data into vectors witthe small dimension with some information loss (8864, for

the above case). However, the drawbacks of PCA are the great advantages of CVSMA data

processing. It has nogeirement in VE data size and contains all the features of VE witheut
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ORVV RI DQ\ LQIRUPDWLRQ 7KHUHIRBH 39 (V PHDWVW LR BWHI RWR
could be processed directly. In addition, CVSMA data processing is simpler than the th€ayyn
and calculation complexity. Therefore, the CVSMA data processing could be an alternative of the

PCA for VE feature extraction.

Figure5-8. CVSMA and PCA processing results of the real faults ofhim&ctool, where the
faulty state 1 stands f@-axisencoder fault, faulty state 2 means the pallet location fault and the

faulty state 3 means the uncalibrated pallet location fault.

5.4.3 VEs feature extraction of pseuddaults

Figure5-9illustrates the VEs features extracted from the pséaudis-linear paitioning error and

straightness error. Sharp changes can be noticed in most graphs (19 subfigures) wHgreinhe 7
of the graphs can reflect the transition of the machinkentoonal states before and after the pseudo
faults. However, the ansition could not be revealed by some VEs features sucheds <+ —;},

<ce—ypand @ ‘et ;, The possible explanation is that VSMs have different capability

onthe VE fature extraction and this could also be reflected in the : ;1 This explanation
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will be discussed in the means of the final change recognition results of the EWMA in the following

part.

Figure5-9. VEsfeaturesextracted by CVSMA on the pseutilts caused by straightness error

and linear positioning error, VEMT stands for the MEasuremertimes
Recognition results and discussion

5.5.1 Recognition results of real and pseudéaults

The final VE featurs data, : ;pare processed by the EWMA control chart to recognize

the exact change points Gfaxis encoder fault (Selected from the real fault) and psdadibs

induced by Xaxis linear positioning error and straightness error. The success@igition result



s

is deemed as the exact finding of the changing point pogitiabl¢5-1) in the CVSMA feature
series by EWMA.

Table5-1. VE measurement times ingimormal state, fault state and the actual transition points

Fault tvpes VEMT VEMT Actual
yp in normal state | in faulty state | changing point
C-axisencoder fault 11 12 13th
Pseudofault linegpositioning error 6 5 7th
Pseudofault straightness error 6 6 7th

Figure5-10

using different VE features. Six types of CVSMA data,

illustrates the recognition results of the EWMA control charts for the fault recognition

» have all been processed by the

four measres fo the calculation of the VE features. The setup parametiets parameter L and

VPRRWKLQJ FRHIILFLHQW R

(:0$ FRQWURO FKD\lCvIxé DUH

encoder fault, twelve VE measurements are used for the EWMA establistinaetiite1 3" point

is the exact change point of this fault. VE features exceptt :

A.t

(._;h

;m the exact change point could be recognized by the EWMA.

<e—;nand

For the pseuddault induced by Xaxis linear positioning error and stghiness error, 6 VE

measurements data are used for the control chart establishment digdie & the exact change

point of this fault. The recognition results of the two psefaddis and the &xis encoder fault are

revealed ifiTable5-2
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Figure5-10. EWMA control chart for VE change recognition of teaxisencoder fault using

CVSMA data processing
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Table5-2. Final recognitiorresultswith the affection from CVSMA data and VSMs

Faults . CVSMA
No. | VSMs | Modu | Dist | Cosl | Cos2 | Area | Volu | S1
1 Modu Y Y Y Y Y Y 6
C-axis 2 Dist Y Y Y Y Y Y 6
encoder fault| 3 Cos2 Y N Y Y Y Y 5
4 PC Y N Y N Y Y 4
i 1 Modu Y Y Y Y Y Y 6
pos'i?iiﬂng 2 Dist Y Y Y Y Y Y | 6
error fault 3 Cos2 Y N Y Y Y Y 5
4 PC Y N Y N Y Y 4
1 Modu Y Y Y Y Y Y 6
straightness | 2 Dist Y Y Y Y Y Y 6
error fault 3 Cos2 Y N Y Y Y Y 5
4 PC Y N Y N Y Y 4
S2 12 6 12 9 12 12

For each ombination plarcombination of CVSMA and VSMs, if the detected change point is
equal to the exact change point, then, it will be labeled with YES (Y). If not, no (N) label is added.
For the linear positioning fault, the exact change point coeldebognied by the EWMA with

VE features except‘et: «<e—;, : ‘et ;jand : <«e—;, For the fault induced by-X

axis straightness error, the exact change point of the VE features could be recognized by the
EWMA except ‘et: <e—;, : ‘et ;yand : <e—;, Therefore, the recognition results

of the exact change points of each fault is related to the CVSMA data and the VSMs. To see this
effect, two extra statistical parameters (S1 and S2) have also calculated. S1 parameter is related to
the effect of VSMs on final recognition ressilivhile S2 parameter is related to the effect of the
CVSMA on final recognition results. Take the S1 parameter as an example, for the linear
positioning error fault, when CVSMA data processed with Modu meathaeumber of the label

Y is calculated and is used to set S1 value (4). Similarly, S2 parameter can be calculated. By ranking
the number of S1, the affection of VSMs on the final recognition results can be found. Diff measure
has more effect on the fiheecognition results than the remaining three measures in CVSMA data
processing. When considering the parameter S2, the components of the CVEV data containing the
results of the original VE processed by Diff, Dist and Cos2 measuvesruae effect on thénal

fault recognition results than the remaining types of : h
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The combination of the CVSMA and VSMs reveal different capabilities in fault recognition. Good
combinations of the two elements are able to detect the exact change points oB&sadtbn the

analysis of the parameters S1 and S2. The good combination of CVSMA and VSMs are shown in

Figure5-11 Using the proposed CVSMA (Modu, Area, Volu) and VSMsiDvlodul, Dist and

Cos2) combination plan, exact changoint towards different types of faults could be detected
without considering the combination of CVSMA and VSMs. For the CVSMA composed with Dist,
Cosl and Cos2, the selection of VSMs need to beidenesl (Modu and Dist are more stable than

Cos2 and PCThe worst combination of CVSMA and VSMs are: <e—;,and : ‘et ;4
Modu Dist Cosl Cos2 Area Volu
Modu Modu Modu Modu Modu Modu
e | R Dist . Dt Dist
Dist
Cos2 Dist Cos2 Cos2 Cos2
IS
PC o PC Cos2 PC PC

Figure5-11. A recommended CVSMA feature extraction ptamsidering CVSMA types and
VSMs

5.5.2 Recognition results of the simulatedaults

The proposed methods are validated with simulated faults with sudden and gradual changes. For
the faults with sudden change, the VEs measurement times is 20 with ten measurenuernial

state. The first ten VEs are used for EWM®deling The renaining ten data is inputted into the
developed EWMA control chart for change recognition. As for the faults with gradual changes,
similarly, the first ten measured VEs are used for EWM@deling The remaining VEs will be
checked with the EWMA control chiafor the first change point detection. The setup parameters

width parameter and smoothing coefficientdf the EWMA control chart are 2.6 and 0.05,

respectivelyfFigure5-12[reveals the part change recognition results of the fault with sudden and

gradual change caused by the change of ECOB by analyzing— :n and
XE ;ndcor the suddechange fault, they could be all detected at thé paint which is
the starting point of the faulty state. While the gradual change faults could be detected 4t the 16
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point of the transition state before the faulty state ana #fte normal state by ast CVSMAs

(excep[FigureS—lZ c, data contained mgreen rectangle).

To see the effect of CVSMA and VSMs on the final recognition results of each fault, all the faults

recognition results are shown arehgpared ifirable5-3|anqTable5-4| Similarly, S1 is related to

the effect 6 CVSMA on the final recognition results while S2 is related to the effect of VSMs on
the final recognition redts. By checking and ranking S1 and S2 parameters, for the sharp change
faults, expect from the draft feature < « —, the remainindgeaturegprocessed by VSMs can mostly

reflect the faults with sudden changes. In addition, Modu and Dist perform Hedterthe
remaining two VSMs. Finally, the combination of CVSMA composed with Modu, Cos2, Area and

Volu and VSMs can recognize the simulated gharange faults.

For the faults with gradual change, similarly, CVSMA and VSMs all have affection on the final
recognition results. By analyzing the S1 and S2 parameters, CVSMA composed with Modu, Cosl1,
Area and Volu perform better than Dist and Cos2 mnexss As for the effect of VSMs on final
recognition results, S2 parameter reveals that Modu, Cos2 performthatiehe remaining two
measures. The VEs changes could also be detected by the CDistA but df theaklirement
times. The fault detectedre is later than the remaining CVSMA. So, they all perform badly in
the simulated gradual change fault recognitiThe combination of CVSMA composed with
Modu, Cosl, Area and Volu and VSMs can recognize all the simulated faults with gradual changes.
While the worst combination of CVSMA and VSMs are : <« —;for the simulated gradual
change faults. Considegrthe recognition results of the simulated faults with sudden and gradual
change, CVSMA has more affection than VSMs. The VSMs can work well inchdhge
recognition when using CVSMA containing with Modu, Cos1, Area and Volu. By adjusting the
setups of CVHIA and VSMs, all the simulated faults can be precisely detected. Considering the

recognition results of the faultS-axis encoder fault, pseudaults caused by »axis linear

positioning error and straightness erfbiglre5-12), the stable setups of CVSMA and VSMs in

VEs change recognition are showrFigure5-13
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Figure5-12. (a) Part recognition results of the sudden change fauleddysthe change of ECOB
using Modu measure; (b) Part recognition results of the gradual changeafsséiby the
change of ECOB using Modu measure; (c) Part recognition results of the grhdngé fault
causedoy the change of ECOB using Dist meas{toeclearly show the change, only 25 VEs are

shown);

Table5-3. Final recognitiorresultswith the effect of CVSMA data and VSMs on the sharp

chang faults, the results which are detected in tHeddint will be written as Y, or it will be

written asN.
No. 1 2 3 4
S1
No. | VSMs Modu Dist Cos2 PC
1 | Modu YINIYINIYINIYIY | YIYINIYIYIYIYIYD | YIIYIYIYIYIYIYIYD | YIYIYIYIYIYIYIYTY] 52
IYIYIYIYIY YIYIYIYIY YIYIYIY YIYIYIY
2 Dist YIYINIYIYIYINIY | YIYIYIYIYTYIYIY! | N/N/N/N/NZY INININZ | NZNZNYNYNZY ININTNY o8
IYIYIYINIY YIYINIYIY N/N/N/N N/N/N/N
3 Cosl YINIYIYINIYIYIY | YIYIYIYINIYIYIYT | YIYIYIIYIYIYIYIT | YIIYIYIYIYIYIYTYT 48
IYIYIYINIY NIYIYIYIY YIYIYIY YIYIYIY
4 Cos? YIYINIYIYIYINIY | YINIYIYINIYIYIYT | YIYIYIYIYIYIYIYIYTD | YIYIYIYIYIYIYIYTY] 52
IYIYIYINIY YIYINIYIY YIYIYIY YIYIYIY
5 Area YIYINIYIYIYIYIY | YINIYIYINIYIYIYT | YIYIYIYIYIYIYIYIYT | YIYIYIYIYIYIYIYTY] 52
IYIYIYINIY YIYINIYIY YIYIYIY YIYIYIY
6 Volu YIYIYIYIYIYIYIY | YIIYIYIYIYIYIYT | YIYIYIYIYIYIYIYIYT | YIYIYIYIYIYIYIYTIY] 52
IYIYIYIYIY YIYINIYIY YIYIYIY YIYIYIY
S2 76 76 64 64
Faults EXX1/EYY1/EZZ1/EYOS/EXOS/EAO0Y/EBOZ/ECOY/EXOC/EAOB/EAOC/EBOC/ECOB
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Table5-4. Final recognitiormesultswith the effect of CVSMA data and VSMs time gradual
change faults, the results which are detected in tHga#it will be written as Y, or it will be

written asN.
No. 1 2 3 4
S1
No. | VSMs Modu Dist Cos2 PC
1 Modu YIIYINIYIYIYIY | YIYIYIYIYIYIYIYT | YIYINIYIYIYIYIYTD | YIYIYIYIYIYIYIYIY 52
IYIYIYIYIY YIYIYIYIY YIYIYIYIY IYIYIYIY
5 Dist N/N/N/N/N/N/N/N | N/N/N/N/N/N/NIN/ | NZN/N/NININININZ | NINZNZNYNZNZNININT 0
IN/N/N/N/N N/N/N/N/N N/N/N/N/N N/N/N/N
3 Cosl YIIYINIYIYIYIY | YIYIYIYIYIYIYIYT | YIYIYIYIYIYIYIYD | YIYIYIYIYIYIYIY IY 52
IYIYIYIYIY YIYIYIYIY YIYIYIYIY IYIYIYIY
4 Cos? YIYIYIYIYIYIYTY | N/N/N/N/NINIZNINZ | YIYIYIYTNIYIYIYT | NZNZNZNZNZNZNINZN 24
IYIYIYIYIY N/N/N/N/N N/YIYIYIY IN/N/N/N
5 Area YIYINIYIYIYIYIY | YIYIYINIYIYIYINT | YIYINIYIYIYIYIYD | YIYIYIYIYIYIYIYTY 52
IYIYIYINIY YIYINIYIY YIYIYIYIY IYIYIYIY
6 Volu YIYINIYIYIYINIY | YIYIYINIYIYIYIYT | YIYINIYIYIYIYIYD | YIYIYIYIYIYIYIYTY 52
IYIYIYINIY YIYINIYIY YIYIYIYIY IYIYIYIY
S2 65 52 63 52
Faults EXX1/EYY1/EZZ1/EYOS/EXOS/EAO0Y/EBOZ/ECOY/EXOC/EAOB/EAOC/EBOC/ECOB

' N\ [ N\ N\ N\ [ N\
Modu Cosl Cos2 Area Volu
Mody cos2 ||| | | T | T
os ] | =
| Cos2 ||| Cos2 |
Cee )L )L J e R
A AN RN RN RN J

Figure5-13. A recommended CVSMA feature extraction plan considering CVSMA types and
VSMs
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5.5.3 Discussion

The proposed data processing method based on a combined vector similarity measure array
(CVSMA) has been used for machine tool VEs feature extractienmBEchine tool states indicated

by CVSMA are the same to the results extracted and classified by R@ddition, the monitoring

plan based on CVSMA, VSMs and EWMA control chart has been used for fault recognition. The
testing fault data and the validatidaults data reveal CVSMA artle proposed monitoring plan

is effective in VEs feature extraction and change recognition. Firstly, CVSMA and VSMs can all
affect the fault recognition results. The better setups of CVSMA and VSMs can be |Bégumrae

5-13\with blocks in yellow. It can provide guidance on the use of CVSMA on fault recognition. In

real applications, the final VEeaturesprocessed by CVSMA using Modu, Area and Volu
parameters and VSMMpdu, Dist, Cos2 and PC) arengile and stable to recognize the mentioned

real and simulated faults with sudden and gradual changes. For the simulated faults generated by
SAMBA simulator, the change of machine error parameters candlimgar change of V& This

change is mostly rel FWHG LQ 9(V PDJQLWXGH QRW 9(VY GLUHFWLRC
modelled by Cosl and Cos2 have lower performance than the other measures. In addition, CDistA
still can recognize the VEs change at" hileasurement time attigh there is a bit late thahe
remaining CVSMA. Secondly, for the application of PC in VE monitoring, the absolute value of
PC and its conference interval is not considered. The key is to detect the abnormal change of PC
value which indicates the chang&correlation relationshipetween the monitored machine tool

state and the referenced machine tool state. Thirdly, the applicatiba BYWMA control chart

includes two partslearning and checking. The size and the quality of the learning data, tipe set
parameters such as the widparameter andhe smoothing coefficient camffect the final
recognition results. The increase of the VEs data size for learning and the precise selection of VEs
data without extra noisy are two useful ways to improve taracy of the control limit& CL

and LCL, in addition, smaller width parameter and smoothing coefficient are helpful for the gradual

change detection.

Conclusions

This paper proposed a novel VE data feature extraction method in terms of CVSMA used in

MTCMS. The paper mainly investigzd how to build and apply CVSMA in machine tool accuracy
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condition monitoring and verifies the performances of CVSMA by comparing it with PCA method
in VE features extraction as well as the performances of CVSMA in fault ri¢ioogit his research
can prowde guidelines on the usage of CVSMA and VSMs in an industrial setting. And the

following list summarizes the three main conclusions of the presented work:

1. The combined vector similarity measure array (CVSMA) combiningElinformation in one
measureent is a valuable tool in VE feature extraction. The performance of CVSMA in VE
feature extraction has been compared with PCA method. The results reveal that CVSMA is a valid
tool for VE features extraction in equivalent termgh the widely used PCA. laddition, its

special advantage is that it does not have strict requirements in terms of VE datasets when
compared with PCA.

2. The performance of CVSMA in VE change recognition is related to the CVSMA datatype and
which vecta similarity measures (VSMgre used. The combination of CVSMA and VSMs can
improve the recognition results towards different types of faults caused by machine tool geometric
errors. Modu, Area and Volu similarity measures are recommended in C\Sddialirg. These
CVSMAs processed byhe proposed four VSMs (Modu, Dist, Cos2 and PC) have good

performance in fault detection.

3. The VE monitoring plan based on CVSMA and EWMA control chart can successfully recognize

faults with sudden and gradual changes.

Future work will focus on the inwvaigation of the effect of EWMA setup parameters on the fault
recognition results. In addition, the performance or the robustness of the CVSMA data processing

method will be verified with larger faults dataset.
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Abstract: Detecting machine tootondition deterioration affecting its accuracy is a constant
challenge for indstrial machine maintenance. Machine tool volumetric errors (VES) exhibit
complex variations due, for example, to normal thermal variations, wear or faults and defective
componets. A monitoring technique based on the fractal analysis of VEs, estimatetthevébale

and master ball artefact method, is studied. Different fractal parameters from the VE vectors are
compared with magnitude based quantities for the detection of abhorachine states. Results
using both actual data with real and pseudofaultgedisas simulated faults using ISO23Qerror

parameters are presented.

Keywords: Machine tool, Error, Fractal analysis

Introduction

Unexpected or undetected machine tool faguor deterioration results in production and quality
losses, hence proactiamd prescriptive maintenance using machine tool condition monitoring is
sought. Machine tool condition monitoring systems target two aspects, namely the machining
process and thmachine tool systems. Concerning the machining process, topics such a&satool w

tool collision and tool breakage detection have been broadly stlidieRegarding the machine

tool system, structural and functional components such as mechanical structures, drives and the
control system are usually monitored. However, recently, a linear axis, as a complete functional

subsystem, was monitoredsing an inetial measurement unit (IMUR].

Partially monitoring key components of a machine tool campmovide aholistic picture of its

condition. The effect of mechanical parts degradation on machining quality is difficult to evaluate
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[3]. Volumetric errors (VEs) embed the effect of numerous geometric error components of the
structural loop ito a threedimensional error map at the tool relative to the workpjéf.eResearch
concerning VE is focused on itsodeling prediction and compensation but its use in condition
monitoring is recent. Time series of statistical parametersetefrom VEswere analysed using

vector similarity measures and control chart, principal components analysisraedng5, 6].

Extracting raw data features and recognizing pattern changes are two key topicglitiono
monitoring. As a feature extraction method, fractal analysis, originating from chaos theory, has
been applied in various areas, e.g., biology and computer s¢ignéeactals were presented as
natural objects that have a repetitive shape pattern at different scadsesfation. Fractal
dimension is a scalar estimating the complexity of such shageattice, the fractal dimension

can be linked with the signal complexitiy.was applied to cutting force and acoustic emission
signals for machining process monitoriofcomposite and multimaterials and also to tool life

diagnosid8].

In this paper, the Cartesian VE vectors form the basic dataset representing a pamichiae
tool accuracy state. The VE dataset gathered over a period of time is analgsttie series using
fractal analysis. Validations are conducted using experimental real and pseudofaults as well as

simulated faults.

Monitoring strategy

The flowchat of the VEs monitoring scheme is showfFigure6-1| VEs ae acquired at variable

time intervals under different machine tool conditions and VEs features are ekuairtg fractal
analysis. For industrial use, those VE features can then be processed by control charts, e.g.,
exponentially weighted moving avera@WMA), for VE pattern change recognition triggering

corrective actions when a fault is detected.

Figure6-1. Flowchart for VEs data processing.
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6.2.1 VEs measurement

VEs are comprehensive indicators of a widege of machine components. Some VE components
are associated with individual axes whereas othersetated to the relative location of axés.

This makes VE potentially able to provide a broad view of the machine condition. In this paper,
VE is defined as the Cartesian error vector of the deviation of the actual tool position compared to
its expected position relative to the workpiece frame and projected into the foundation frame.

Some methods for VEs measurement are the Laser{dcd®-test[4] and the scale and master

ball artefact (SAMBA)[9]. The SAMBA method is here selected for VEs estimation. It has good
robustness in peydic mounting of the artefact and probe on the estimation results. The machine
tool probe, a SAMBA defact and a rich measurement strategy involving many angular axes
position sets are used. The raw probing data is processed by the SAMBA algorithmabeesti

set of 13 machine error parameters (EXX1, EB(0X)Z, etc.) as well as the positions of ffaat arte
balls. These positions are then used as reference values to calculate the VEs each time a ball is

probed.An example of the VE vectors estimated by ®AMBA method, for one execution, are

shown inFigure 6-2|(a). The number of VEs is dictated by the number of master ball probing

positions N (N= 109 in this case). Their norms and components are shgiigure6-2|(b and c).

Figure6-2. (a) VEs estimated by the SAMBA method at various measurement positions in the
foundation frame for the HU4T five-axis machinedol, for a single execution, amplified 1@Q

(b) VEs norms at each probing position; (c) VEs components of all VEs vectors as(%’Eq.
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6.2.2 VEs feature extraction using fractal analysis

Different kinds of fractal analysis emerged in the past decades. Herein, the frgotalization
analysis is selected based on its relatveustness and ability to be easily automd8&dL0]. It
relies on the convolution of a curve'‘with different rectangle sizekiernelsg. *affine function

with a width of "a", as displayed in B3)|[11]. Then,sis presumedo have a finite length which

is namedd Finally, the regularization dimension, a fractal dimension estimation, is calculated as
per Eql(34)

L O (33

N«

. Z2'%
L SFZosry (34)

0

N¢
=R

In practice, the limit in E@ is assessed as the slope estimation flog log a) for the lowest
3SD” YDOXH D Q Gsquérethf Hhis\8léple eStimation tends tqHRigure 6-3|presents fractal
dimension determining graphs (ldgvs loga) for different machine conditionstifferent curve
patterns can be distinguished between the normal (M1 and M9) dnydstates (M16 and M24)

Other fractal parameters exist allowing to extract different key features such as ruggedness

(measured by the topothesy G) and asttale regularity of signals €R[7].

Figure6-3. Fractal dimension evaluation for&Xis encoder fault (see secti6i3).

In this study, the range of theopke determination is defined based on preliminary evaluations. In
this region of interest different fractal parameters are extracted such aadta dimension D

(slope estimation), the topothesy Giyercept) and Rof the slope estimation, which cédme
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defined as the autscale regularity. In addition to those three parameters, the following combined
index is also usef 2]:

ctiE— (35

The effect of the order of components on the spread of the fractal results was assessed using one
thousand times randomized ordinated VEs components giving a spread lower than 88% of
relative standard deviation. Although this selected fractal anagcisique has a good robustness

on VEs probing sequence, it is recommended to keep the same probing sequence to assess different
machine states. In this research, the VEs fractdurfes are extracted from VEs Cartesian

components, for each SAMBA exeauti seen as a curve (E@, where i stands for the

measurement execution and=NL09).

VESs data source

VE data from real, pseudo and simulated faults are used to verify the proposed approach. Regarding
the real fault, the raw volumetric information is acquired from adixis machine tool equipped
with a MP700 Renishaw toudghgger SUREH 7KH PDVWHU EDOO DUWHIDFWV
angular positions pairs of the Bnd Gaxes resulting in 109 position readi@. This

probing data is processed for VEs c#dtion (procedure ghigure6-4). During the test phase, a

fault developed with the main-@xis encoder which triggered an alarm from the machine tool. The
faulty C-axis encoder, which directly measured theX® angular positionwas removed for
maintenance, hence the position of @xaxis was controlled by t# Gaxis motor encoder. This
was likely to cause a change in theais behaviour. Twelve SAMBA executions were recorded

before and after this fault.

Two pseudofaults wereegerated. The machine tool error compensation tables normally used to
correct the psitioning errors of linear axes are used here as a means of producing a fault as a
change of the »axis positioning error. A k$hape error with magnitudes of @ was adde to

the pitch error compensation table. SAMBA tests are then repeated sevebdiomesand five
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times after the table alteration (procedurg-igure 6-4). Procedure ¢HRigure 6-4) illustrates the

generdion of another pseudofault, this time as a change of thgixstraightness error in Y, EYX.
The raw Y-axis coordinate probing readings, y, are modified manuallyfascéion of the Xaxis
coordinates, xKigure6-5).

Figure6-4. VEs data generated by one of three procedures. Procedure aardalébcoder fault
acquired from a Mitsui Seiki HU4T five-axis machine tool. Procedure b: pseudo EXX fault.

Procedure c: pseudo EYX fiau

Figure6-5. Generation of a straightness error pseudo EYX fault.

To further test the proposed monitoring strategy, simulated faults with both steep and gradual
changes (A) and another two types of gaddihange faults (B and C), which differ from A ay
change of error factor sign, are introduced by numerical modification of machine error parameters

(1IS0O2301) [13]. A SAMBA simulator software, which includes a comprehensive machine error

model based on homogenous transformation matrices, is used for this [1@190&936(6 .
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Figure6-6. Simulated faults caused by the steep or gradual change of machine error parameters;

The blue, yellow and red bars stand for the normal states, transition states for gradual changes

and fauly states, respectively; Some randomness (uniform distributitnmagnitude of 0.15) is

added for a "more realistic" effect. Type B gradual change involves a change from positive to

negative values.

Results and discussion

The VEs fractal features are calated for each SAMBA measurement execution. Then, the fault

occurence time identified from the fractal parameters is compared with the known value. In

addition, the VE norms, their maximum and mean values are also calculated for each SAMBA

execution aslternatives to fractal feature performance analysis

(&S

.to

(39

) where i stands

for the measurement execution and j stands for a particular VE probing positiohO@ j B[1,

N]).

gh L ) vgh6 E Wghe E xghe

(37)

(39

(39
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6.4.1 Monitoring validation for real C-axis encoder fault

All four fractal parameters from the VEXxyz series alld@tecting the €xis encoder faulfHigure

6-7). The fault occurred at the %&xecution which is refleetl by both fractal and magnitude

features. For the VEs featuresults contained in the blue rectangles, a slightly different normal

machine condition is suggested. This pattern change can be assessed by all fractal parameters

Figure6-7

ad) and, to a lesser extent by Mean_VHERQUre6-7

f). It suggests that extracting

VEs fractals features from VEs components contains more VE feature information than using the

magnitude features.

Figure6-7. VEs fractal features {d), and VEs components, and maximum and mean norgis (e

for the Gaxis encoder fault; the faulty state starts from the red line or mesh; VEME stands for

volumetric error measurement exeouti VEMP stands for valmetric error measurement

position of the probing.
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6.4.2 Monitoring validation for pseudofaults EXX and EYX

The pseudofault caused by the linear positioning error EXX starts af' #see@ution|Figure 6-8

displays VEs features extracted by fractal analysis and the magnitude features VEM, Max_VEM
and Mean_VEM for the same machine states. Compared with the magnitude feragune6(8
e-g), the VEs fractal parameteBigure6-8| a, ¢ and yi+D, R? and Index+show clearechanges

in values between the normal states and faulty states. For paranﬁEtgem@E(—S b), there is little

variation of its value between normal and faulty statesil& conclusions are drawn from VEs
fractal and magnitude features results for the indyzssdidofault causing a straightness error,

EYX. All parameters except G can reflect taalt occurrence.

Figure6-8. VEs fractal features {d), and VEs components, and maximum and mean norgis (e
for pseudofault linear positioning error EXX; the faulty state starts from the red linestr, ®ee
Figure6-7|for the meaning of VEME and VEMP
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The detected fault time by fractal parameters matches the known fault occurrence time. Similarly,
the VEs fractal feature2D, R? and Indextare more stable before and after the fault occurrence

and display clearer transition points than those proddsgenagnitude features.

6.4.3 Monitoring validation for simulated gradual and steep fault

Figure6-9|shows results for the simulated EB(0X)Z and EB(0X)C fault widual change (type

A). The fractal parametef&igure6-9| ad) reveal the same change tendenqgiigsire6-6

The gradual change (type A) could be detected in the transition period before the faulty state by
using controllimits developed with the VEs acquired in the norsiaite (for example, the first
detected change point is at thé"Ifeasurement execution when using the control chart method).
The simulated gradual change faults of the remaining 11 machine error fsmmeanifested
similar trends as EB(0X)Z and EB(0OX) Similar results and observations were obtained for steep
changes of type A faults. The 13 types of steep and gradual change faults all support the

effectiveness of the proposed fractal features fdt taiection.

For the simulated gradual change fa&i#tZ1 (type B)|Figure6-10), Max_VEM and Mean_VEM

become ineffective in the separation of normal and faulty settealthough the gradual change

can be recognized at the™position during the transition. However, VEs fragtarameter D

Figure6-10f c) can clearly reveal theapual change fault EZZ1 and also detect the fault at the

12" measurement. Type C EZZ1 fault shows fractal paramgfgsre6-10| e and f) may become

ineffective in the detection of sign changed fault in the absence any other machinebkrecaad

red squares
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Figure6-9. VEs fractal features {d), and VEs components, and maximum and mean na&gis (
for the simulated gradual change EB(0X)Z and EB(0X)C fault (type A); the faulty state starts

from the red line or mesh; the red line stands for the first detectedeipasition by control

chart using the VEs in normal state; the color bar has the szeaning as |Rigure6-6
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Figure6-10. VEs fractal features {f) and maximum and mean normskafor the simulated

gradual change fauEZZ1 (type B) and EZZ1 (type C); TypeEZZ1 fault is simulated with
8 " PDFKLQH HUURU SDUDPHW HN FANBAitEstRnovndibngetine Q Y D O X
tool state; Type C EZZ1 fault is simulated with EZZ1 parameter e ABd all remaining 12

parameters set to 0; Blue square corresptmis measured during a machine tool normal

state, the red square highlights résaluring a machine tool faulty state.

Conclusions

Fractal features of volumetric errors components, VESs, are used to assess and monitxis five
machine tool conditionReal, pseudo and simulated faults with steep and gradual changes were
considered. &r the analysed cases of real, pseudo and simulated gradual faults, fractal features
have excellent performance for fault sensitivity. The effect of gradual and steepe dhalg on
volumetric errors can also be clearly revealed by the fractal feaFrsesal parameters D 2Rnd

Index are more robust than the G parameter in VE feature extraction. Compared with the traditional
VEs vector magnitude processing measure$ aag their maximum and mean values, fractal
features can extract VEs features cantey additional and complementary volumetric error

information. This might be helpful in the detection of minor fluctuations of the normal state as well
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as faults with graglal change. Fractal parameter D performs well in the detection of gradual fault
charge with a sign change contrary to VEs magnitude features. However, in a very specific case,
fractal parameters became ineffective and so did the VEs magnitude measuhedrau¥itl
analysis, the complex set of volumetric error components (327 compoméimsciase studied) are
reduced to a set of three scalar quantities that can be monitored automatically using simple control
chart approaches.
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Abstract: Volumetric errors (VE) are related to the machine tool accuracy state. Extracting
features from the coptex VE data provides with a means to characterize this data. VE feature
classification can reveal the machine tool accuracy states. This paper paesermtg on how to

use principal component analysis (PCA) to extract the features of VE and how e #seéans

method for machine tool accuracy state classification. The proposed data processing methods have
been tested with the VE data acquired frorfiva-axis machine tool with different states of
malfunction. The results indicate that the PCA anthéns are capable of extracting the VE
feature information and classifying the fault states includin@th&isencoder fault, uncalibrated
C-axisencoderfault, and pallet location fault from the machine tool normal states. This research

provides a new wafpr VE features extraction and classification.

Keywords: machine tools; volumetric errors; feature extraction; feature classification; principal

compone@t analysis; Kmeans

Introduction

Modern manufacturing demands high machining productivity and higirame The unplanned
maintenance and arbitrary failure of machine tools have a direct effect on the machining capability
and accuracy of parts. Thereforeonitoring the machine tool state is a necessary part of modern
manufacturing. Currently, a varietyf approaches have been applied to machine tool condition
monitoring. Regarding the significant failures of machine tools, they mostly monitor the machini
process and mechanical structures of machine tools (feeding systems, tool changer, pallet and
spindke system) by physical signals such as the vibration, power, current, acoustic emission, etc.
[1-4]. The acquired signals are generally processed with the pattern recognition methods, such as

neural networks, expeslystems and fuzzy logifor condition monitoring and fault diagno$t.
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Currently, it is possible to measure the condition of some keyeslesnof machine toolsub it is

not yet possible to measure the condition of all g&itsFinding a signal which is related to more
parts ofthe machine tool canrpvide a new look in machine tool condition monitoring. The
condition of most machine tool elements can be reflected in the means of machine tool accuracy
parameters. However, the machine tool accuracy information frequently measunegl the
maintenanceperiod of machine tools are rarely used for continuous condition monitoring of
machine tools. In addition, the measurement of geometric errors is generally-@tisiening

process.

Volumetric errors (VE) are related to the machimeol mechanical struates and components

such as the linear and rotary axes. They are the comprehensive reflections of machine tool quasi
static errors and hysteresis errors. As an important indicator of machine tool performance, its use
for monitoring he machine tool accurpacstates appears relevant. For the application of VE,
currently, most works have been found in WiBdeling estimation and its compensatif@i11].

Rarely researchbout VE has been seen imohine tool condition monitoring. The application of

VE in machine tool condition monitoring includes two main pan4& features extraction and VE

data classification.

For the signal processing, feature extraction is one imgdostap for the condition nmitoring

system. Features are any parameters extracted from the measured VESs to expel the effect from the
random noises in the error measurement through signal processing methods. Feature selection is
helpful to reduce dimensiolity and discard deceptivieatures. It is even critical to the success of

the VE classification. If the VE feature extraction is incorrect or incomplete and it will inevitably
lead to erroneous classification and false positives. The general featuoti@xtmeethods include
independent component analysis, principle component analysis (PCA), nonlinear principal
components analysis. dtt2]. PCA is an unsupervideautomatically feature exdction technique.

It was first proposed to decorrelate the statistical dependency between variables in multivariate
statistical datg13]. Since then, it has been widely applied in areas such as statistical analysis,
process monitoring and diagnosis and pattern recogriiti®n PCA is a simple nonparametric
method which can extract the most relevant information from a set of redundant or noisy data and
form some new variabt, the principal componentand explained the maximum amount of

variability of the original data. In the area of machine condition monitoring, PCA method has been
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investigated to identify the most representative features from a variety of charadesatsties of

roller bearingsand gearbox in time, frequency and or tifrequency domain$l4, 15] The
effectiveness of PCA has been verified experimentally drearing test machine, the results
validated the suitability of the PCA featureslection schemfl4]. With reference to geometric
tolerances, PCA can reveal the signatures of machined items in the manufdt@jridg for the
machine tool theral monitoring, PCA has proved able to extract the features from eight fiber
Bragg grating signals and six thermal signals with data dimensionality redpictjomhis is useful

in processing a large amouwftdata in reatime or in a long period of time. When using the force
signature for the failure detection in assembly, PCA can compress the force signatureaand as
result reduce the number etamples required for mathematical modelfh§]. For machine tool
thermal errors compensation, PCA has allowed to select the optimization data of the temperature
measurement points with dimension reduction of temperature data from 11 dod®jo 4

Clustering can assign a set of objects into different groups so that the objects in the same cluster
are more similar to each other. It plays an impdntale in data analysis and patn classification.
Clustering techniques can be classified as hierarchical clustering, partitional clustering, graph
theorybasedclustering,to clustering or neural networks based clustering, [@@). As a squared
errorbased clustering method, therfeans algorithm c¢anot only be simply implemerdein

solving many practical problems but also can be applied directly to industrial environments without
the need to be trained by data measured on a machine under a fault cqaGid@h As an
unsupervised metid, K-means has been used to detect faults in rolling element bearing and used
in the crack fault classification for planetary gearj@®]. In additian, it has been used to
investigate the best signals fraheforce, electrical current, and electrical voltage for a condition
monitoring system. In summary,-iKeans is auseful tool for monitoring systems in fault

classification.Therefore, it is selectedr the VE features classification.

In this research, VE has been firstly used to monitor the machine tool accuracy condition. For the
VE data processing, we explore how to apply the PCA method to extract VE features and use the
K-means method to classifiyge machine tool states indicated by these features. The results are the
preliminary work with a scope to be extended further for a VE based condition monitoring solution
in the future. The novelty of this paper lies in the dgwelent of an effective tddor VE features

extraction and classification. The paper begins by presenting theoftaeart in machine tool
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condition monitoring, PCA and4nheans clustering methods. Sectib? presents the knowledge
of volumetric error &machine tools. The VE easurement and processing péaadescribed in
detail in Sectiory.3. After that, the VE data source for this research is introduced in S&etion
The processing results of PCA anehi€ans in VE data are analyzed and discuss&egction/.5

and, finall, the conclusions are drawn in Sectibé.

Volumetric Error

Volumetric errors (VEs) are affected by a wide range of machine components which make them
potentially able to provide a broad view of the machine conditathine tool VEs come from
guasistaic errors including geometric errors, elastic, thenmmechanical errors and hysteresis
errors which come from manufacturing, assembly, loads, motion control and control software. VE
components are caused by individuaahine axis errors whereas others i@lated to the relative

location of axes.

In this paper, VE is defined as the relative Euclidian error vector between the tool frame and the
workpiece related frame in 3D space [9]. The tested machine is a Mitsuir&#KFT 5-axis
machine tool (MitsuBeiki (USA) Inc., New York, USA), with three linear axes (X, Y, Z) and two
rotary axes (B, C) and it has the topology WCBXFZYST where S stands for the spindle, W for the

workpiece, F for the foundation and T stands Far touchtrigger probe|figure 7-1| @. For the

nominal machine tool model, the measure provided by the machine axis readings will correspond

to the stylus tigoosition when it corresponds to the center of the master ball. However, owing to

the presence of quasidic errors|Figure7-1b WKHUH ZLOO EH D[endtRdem&@ WFK ™ E
RI WKH SUREH DQG WKH PDVWHU EDOO DUWHIDFW 7KH 3PLVF

the master ball artefact and the touch probe stylus tipdowies represents the raw volumetric

information that contains the accuracy inforraatof the machine tool.
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(@) (b)
Figure7-1. (a) lllustration of the nominal kinematic model of the target-&xeés machine tool

with WCBXFZYST topology; and (b) the real kinematic model of the machine tool with 10 axis
alignment errors which lead to VEs in 3D spfs4.

VE Measurement and Processing Plan

The functional information flow of the VE data processing is shoingrmre 7-2| During the

machine tool maintenance period, accuracy measurement devices/methods will be run to acquire
the VE data. Then,®A is used to extract the VE features from the preprocessed VE data. The VE
features are classified by thereans to obck the states of machine tool indicated by the VE.
After that, the change of the states of the machine tool can be revealed for amiatdacision

purposes.

Figure7-2. VE data processing steps.

7.3.1 VE Measurement Method

VE measurement methods include Hadr test, Rest, laser tracker quadrilateration, machining
tests and the scale and stex ball artefact (SAMBA) method, ef@4-26]. We chose to use the

SAMBA method to estimate the VE in this research because of its advantages in terms of its simple
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installation and maintenance, automated datmiation and processyj24]. In addition, using
the SAMBA method, only 30 minutes are needed for the measurement and estimation of geometric
errors and VEs. This prastes the monitoring oVE as a faster alternative for machine tool

accuracy condition monitoring.

The SAMBA method assumes that the rigid body kinematics hypothesis applies and so the machine

is modelled using a series of homogeneous transformation nsaimoerporating nominaaxis

locations and their location errors as well as the perfect axis motions of individual axes and their
HUURU PRWLRQV 7KH 3 ~ DQG 3 ~ PDFKLQH HUURU PRGHOV C
estimate the VE and geometric errofee naming of the twanodels is derived from the number

RI HVWLPDWHG PDFKLQH HUURU SDUDPHWHUV 7KH 3 °~ PDFKI
error parameters namely the eight axis location errors (according to the standard 152730

such as EAOB, ECOB, etc., three linear gains (EXX1, EYY1, EZZ1) and two spindle offsets (EYOS,
EX0S). ThH 3 °~ PDF KL Q Hellddn &sRrubt® Z5 types of machine errors of linear and rotary

axes which are expressed with thitdlgree polynomials for a total of 84 coefficients. Some errors

such as EAY, EBY and ECY errors are not distinguishable from EXY, ,Bavd EZY, they are,
thHUHIRUH QRW LQFOXGHG LQ WKH 3 ~ PDFKLQH HUURU PRGH

ThestepsoftheSAMBAmethodaresho@ ODFKLQH WRROYV DFWXDO N
LV ILUVWO\ HYWLPDWHG &RQVLGH asLeQar typéesHindéNar ldtfaVaxis H T X L U
error), total measurement time, a machine error moeledis to be firstly selected. After that, the

HUURU ZKLFK DUH HLWKHU WKRVH RI WKH 3 ~ PDFKLQH HUUR

can be automaticallgelected. The total number of machine error parameters helps to select the

number of possilel master ball positions and indexations (the relative positions of all rotary axis).
Then, a collision test will be processed using the simulation method in VERKDfiware
(CGTech Ltd., California, USA). The indexations and the positions of masterte#dcis need to

be optimized until there is no collision. The master ball artefacts and scale bar artefact installed on
the machine tool pallet are probed, in glation, by the touch trigger probe which is installed in

the spindle under different indexats sets of the rotary axis. Then, all the setup parameters
including the machine error parameters, indexation and the master ball artefacts to be probed in

eachindexation will be inputted into the SAMBA mathematical model to calculate the conditioning
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number and rank of the mathematical model. When the two values are deemed within acceptable

limits, the proposed measurement plan can be applied to the real macine

Figure7-3. Flowchart of the SAMBAmMethod in its application.

,Q WKLY UHVHDUFK WKH 3 ~ PDFKLQH HUURU PRGHO LV VHOHI
Four master ball artefacts and awale bar artefacts are mounted, and 13 indexations are selected
to accumulate the master baknter coordinates from 29 VE measurement positions. These

measured master ball coordinates inputted into the SAMBA model are firstly used to estimate the

machire error parameters of machine tqblgure 7-4). Then, under the SAMBA model, the

estimated geometric error parameters are used for the estimation(BHYEOQ)).

Le (40)
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where ' ; is the volumetric error column matrix at the measured joint positions in the tool frame,
is the Jacobian matrix generated forthe” PDFKLQH HUURU PRGHO GHVFULELQ.
observed volumetric deviations to the machine error parameters g@isdthe machine error
parameters having 13 rows. For details of the SAMBA method in VE estimation, please refer to
[24, 26, 28]

Figure7-4. General steps of SAMBA method for VE estimation.

7.3.2 VE Preprocessing

After the VE measurement, the measured VE data needs to be preprocessed for later VE feature

extraction and classification. The estimates ¥ written as8 1L >8',48 "', 8 '; ? Then each VE

vector is processed by a vector similarity measure, thailagédrameter£q{(41)):

.8& L §8',°E8",°E8" " (41)

The baic VE dataset of one measurement cycle can be written , 8/ syy L

>18 L 448 | 448 1 48 48 L+where F= 1 to 29 andk stands for th¢th VE measurement position.
For periodic monitoring cycles, the VE data can be esg@@ as qy yywherei represents the

VE measurement time. It contains all the VE information.

7.3.3 VE Feature Extraction

The basic concept behind PCA in VE feature extraction is to project the VE dataset onto a subspace
of lower dimensionality. In theeduced space, the VE data are represented with the removed or
greatly decreased collinearity by explaining the variancéepteprocessedqy gyvin terms of

a new sets of independent variables. In this paper, we will not discuss the mathetetditsabf

PCA, but more details can be found[18]. The VE feature extraction is easily processeth
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program developed by Matlab (MathWorks Inc., Massachusetts, USA). The general steps of PCA

in VE data feature extracticare as follows:

1. VE data preparation. The preprocessegd/ (nyis prepared as the input of the PCA model. VE

data size can affect the performance of PCA. Small sample data manifests itself in factors that are
specific to one data set. This can briagge sampling errors to the PCA results. However gtiger

no absolute standard for the minimal size or subject to item ratio of data for PCA application, but
large sample size or subject to item ratio are always recommé¢2@ledGubgct to item ratio is
defined as the ratio of the total VE testing times (67) and VE measurement positions (29) in one
test, it is 2.3 for this research, similar application of the subject to iten(%&t®2) could be found

in [30].

2. The, qy wmyis used to create a new normalized matzixq y gy This is a necessary step for

the VE data processing because the VEs measured in 29 positions have different nsaratade
1.2 pm to 164 pm). Otherwise, the magnitudes of certain VEs dominate the connections between

the VEs in the sample. The normatipa is carried out in each ropwith Eq|(42):

LAY sy FY "5, aY s
ViZ, gy ey Fy*":5, QY mv:

Z,qYy . L FL sé{ (42

3. Calculate the covariance matritof the new normalized matrix , qy v

~ S i

AL——27.aY o 2.9 o (43
4. Calculate the eigenvalues and eigenvectors of the covariance iiadiyx « Q DUH
the eigenvalues and they are sorted in descending cigg?, « Q DUH WKH FRUUH

eigenvectors. The eigenvecsacorresponding to ¢éhlargest eigenvalues would bring the smallest
errors in new feature representation. In addition, the maximum variance could be found in the

direction of the eigenvectors:

Ade L & (44)
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5. Choose the components by considg the cumulative percent variance (CPV) which denotes
the approximation precision of the new largest eigenvectors which account for all the variation of
the raw VE data qy gy The number of principal components ialh need to be extracted is

deternined by the principle that the CPV value is more than 85%:

C Y
LI &Yl & (45)

where &g is thePth eigenvalue of the covariance matrix. The first N largg&ireialues are retained
in the PCA model.

6. Calculate the final projected data set which represents the modelled variatipy @fybased
on the first N components. The initial data sety (yvis finally projected onto a new structure

with new sets of data matrik, gy e, where ngyc is the matrices of N retained eigenvectors:

.9y wc L .9y my Hnwe (46)

The final selected N components will be stdel as the inputs of -kheans fo VE features

classification.

7.3.4 VE Features Classification

K-means is a vector quantization method for cluster analysis. It has been widely adopted in
scientific fields due to its ease of implementation, simplicity and efficiency in appli¢afiprirhe

main aim of Kmeans clustering in VE feature clédisstion is to classify machine tool accuracy
states into different clusters by analyzing the VE features extracted by PCA. The observation
|, qy wcgroups using an iterative process that bewitis the random assignment of a cluster to
each datgoint. Then, the data are rearranged within the clusters by assigning them to the nearest
cluster center. Finally, VE data measured from the machine tool with the same condition can be

grouped togethef he flowchart of the Kmeans in VE feature class#ition is divided into 6 steps:

Step 1: Prepare the VE feature détaj y (¢
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Step 2: Randomly select K cluster center setipll ” Q K). This setup can guarantee no empty

cluster appears aftaitial assignment in the subroutine.

Step 3: Calculate the Euclidean Distance between each data pjpgt g (1 ” Di)’and all K

cluster centersis (1 ” Q K) and assign each data object to the nearest cluster.
Step 4: Update the K clusteerter at periodic intervals after all VE features have been assigned.

Step 5: Repeat steps 2 to 4 until ther@o change in the sum value of the total squared errors
(SSE for each cluster center. After this process, the VE features could be sepamtbifierent

groups:

'
6L T ye'!l,qy euc Fs!Y ID:sa& &;; (47)
o6@s

Step 6: Reveal the classification results of VE features in a 2D figure.

According to the above algorithm principle, MATLAB, one kind of engineering calculation
software, is used to develop the program of VE feature classificatigrrbeans. The selection of

K value directly affects the final classification-rdeans is signifiantly sensitive to the initial
cluster number. Owing to the random selection of K value, different classification results can be
achieved. Several methods danused as a reference for K value selection. It can either be selected
EDVHG RQ W K ledge\oHthefdatase)) & elbow method, the silhouette method, or even

using a systematic approach which assigns the K value in the ta@ge Q : ¥EN z; wherei =
67 is the VE measurement tim@-34].

VE Data Source for This Research

The SAMBA test is carried out on the Mitsui EaHU40-T five-axis machine tool (Mitsui Seiki
(USA) Inc. New York, USA) fitted with a MRJO Renishaw touch trigger probe (Renishaw, Inc.
WottorrunderEdge, UK) on the spindle and four master ball artefacts and one scale ball bar

(Laboratoire de recherclan fabrication virtuelle, Polytechnique Montrél, Montrél, Canada) on

the pallet|Figure7-5). The positions of the artefacts are measured by the probe with B awed C a

in 13 different indexations (different angular position pairs). The measured 29 master ball artefact
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center coordinates are used as the inputs obtBed %$ PDWKHPDWLFDO PRGHO WKI
error model). For each test, 29 VE vectors can be estimBtednachine tool has been periodically

tested twice times per week at an ambient temperature af 2€. Finally, 67 cycles of VE
measurements arelseted for this research.

Figure7-5. SAMBA measurement in HU4T five-axis machine tool, Numbers 3, 4, 5, and 6

indicate the four master ball artefacts, Numbers 1 and 2 indicate the scale ball artefact.

The experimental machine tool experiences five diffestaiies during the SAMBA measurement

Table7-1): normal state 1, fault state C-axisencoder fault), fault state 2 (uncalibrat@exis

encoder fault), and fault state 3 (pallocation fault), and another normal state 2 after fixing all the
mentioned faults. Normal state 1 and normal state 2 are viewed as the similar states of tlee machin

tool without any faults.

Table7-1. Machine tool states and corresponding measurement times (or cycles).

State No Normal Fault Fault Fault Normal
' State 1 State 1 State 2 State 3 State 2
VE measurement
imes 142 1323 2489 40 414 4567
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Result and Discussion

7.5.1 VE Feature Extraction

The VE data a preprocessed with the Module measure. Then, the processing, i@gult;. will

be processed by PCHigure 7-6|illustrates the contribution rate of the four main principal
components (PCs) to the VE data. The 5th to P&hcontributes less than the 4th PC to the VE
data, so they are not showr{ﬁigure?-G The four components account for 98% of the measured

VE data information. Although the four new PCs account for the most percentage of taayE

they are nball efficient for the machine tool accuracy states recognition.

Figure7-6. (a) Contributions of the single PC; anll) contributions of the added PCs.

Owing to the differences of tlertribution rate, each component performs differently in machine

tool states reflection. For the PC selection, firstly, the CPV value needs to be larger than 85%. So,

at least two components need to be selefffgglife 7-6| b). Secandly, the selected PCs need to

reflect the main states of the machine tool without adding noisy information. The first and the
second PCs can identify the five states of the machingRaplre7-7).

Figure7-7. Variation tendency of the new PCs indicating machine tool with five states, MT

stands fothe VE measurement time.
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However, the remaining two principal PCs are unable to separate the transition of machine tool
states and #ir curves do not have a similar change tendency. Two separate states (red ring, normal
state 1 and fault state 1, faulast 2 and fault state 3) of the PC3 and PC4 are merged together.
Therefore, the third and fourth PCs would probably add unnecessaeyta the machine tool state
recognition. So, only the first and second PCs are extracted as the new features of ¥E in th
research. They account for a total of 92.1% of the input VE data. After the PCA processing, the

dimension of the original VE dats, therefore, decreased from 67 x29 to 67 x2.
7.5.2 VE Feature Classification

7.5.2.1 K Value Selection

After the PCA processing, the first and second PCs are processed withnbans method for
feature classification. As mentioned above, elbow and silhouette dsesine used for the K value
selection. The Elbow method is a visual method. It starts witlikand keeps increasing it in each
step by 1, calculating the clusters and the sum of squared &8##sdf each classification. Then,
SSEcurve is plotted witithe number of clusters K. The location of a bend (knee) in the plot is
generally considereds the indicator of the appropriate number of clusters. To improve the
precision of K value selection, Elbow method is firstly applied, after that, the silhooetted is
XVHG WR YHULI\ WKH VHOHFWLRQ UHVXOW 7KHL Mdicat6sR X HW W |
that the sample is far away from the neighboring clusters, so the classification is good. A value of
0 indicates that the sample is on or veysel to the decision boundary between two neighboring
clusters and negative values indicatattthose samples might have been assigned to the wrong

clusters.

Figure 7-8|reveals the change tendencyS8E with different K values. Wh the increase of K

value,SSEdecreases gradually. Cluster number 3, number 4, and number 5 can each be deemed
as the knee point because a large change can be found between cluster numbers 2 and 4, cluster
numbers 3 and 5, amduster numbers 4 and 6otcluster number 3, it does not match the actual
states of the machine tool. Thus, cluster number 3 is not considered. For the selection of cluster

numbers 4 and 5, the silhouette values of thedlwster number should be calated.
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Figure7-9|illustrates the silhouette value of thenkeans classification plan with K = 4 and K = 5.

By checking the silhouette values of the talassificationplan, most of them are bigger than 0.2
and close to 1. However, the silhouette valuethefclassification plan with K = 4 are larger than
those of the other classification plan with K = 5. Therefore, K = 4 is the recommended value for

the classificatiorof the VE data obtained by the elbow and silhouette methods.

Figure7-8. Sum value of the total squared errd8SE) of K-means classification with different

K values.

Figure7-9. Silhouette value of different cluster number.

However, the meased VE data contains two normal states and three fault states. This indicates
that one of the clusters of the classification plan with K eontains the components which are
classified in two different clusters in the classification plan with K = 5. Totlsedalifferences
between the normal state 1 and normal state 2, the#ns classification plan with K = 4 and 5

has been both tested imig research.

7.5.2.2 Classification Results Analysis

As mentioned, VEs are measured from the machine tool with five statemlrstate 1, fault states

1, 2, and 3, and another normal state 2. The five different states could be roughly classified by PCs

when the are projected into 2D spagidure7-10[ a). The PCA classification results could also
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beused as a reference for the verification of the cluster number K. Fprapese of comparison
for the KKmeans results, different colors have been manually added to the components of the PCA

classification results according to the VE testing sequgfigerge7-10 b). By this operation, the

PCA classification results can clearly reflect the machine tool accuracy states classified by the

machine tool userK-means classification results are generated automatically without manual

supervision|Eigure 7-10] ¢ and d). The Kneans classification results reveal that the VE data

belonging to the same machine tool state can be classified into gieduster. The accuracy of

the K-means is calculated as the.f48) where m is the number of VE samples of each stafe,

and 4gstands for the manual label and themi¢ans cluster label, respectivel: ;& is a

function that equals to 1 whey 4, if not, it is equéto 0.
Ad__a- B
rl']%o%o>~:l:_%u%Luaq.U (48)

For the machine tool faufitates 1, 2, and 3 can be perfectly categorized-byeKns with K = 4
and K = 5. The classification results match the PCA labelled(Bagare7-10| b). For the madhe

tool normal states 1 and 2, they can be classified into one clusten®aks when K = 4Higure

7-10] ¢). Compared with the labelled data shownkig(re 7-10| b), normal state 1 and state 2

have been med together in one cluster. This indicates that normal state 1 and normal state 2 are

very similar when compared with the fault states. When K|Ei§u¢e 7-10[ d), K-means could

classify the normal state 1 and normal state 2 roughly although some VEs features have been
3ZURQJO\" FODVVLILHG 1LQH SRLQWYV LQ WKH QRUPDO VWDWt
sixteen points in the normal state 2 have beassiflied into normal state 1. This classification

result reveals that for the VE data measured from each normal state, there are still some differences.

This is matched with the change tendency of the firs{fR@le 7-7). In addiion, it can also be

explained by the fact that the acquired VE data are measured from machine tool in cold states. This

can affect the actual measured VE data and let them perform smaleshang
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(a) (b)

(c) (d)
Figure7-10. Classification results of VE features with thenieans and PCA method, (a)
Original PCA classification results; (b) PCA classification results with manual adtting to
separate the machine tool states; (a@n&ans classificatioresults with K=4; (d) Kmeans

classification results with K=5.
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Table7-2|reveals the accuracy 8Fmeans with different K value. For the fault states, they could

be perfectly recognized from the normal states. As for the notataksl and 2, VEs measured in
HDFK VWDWH DUH FORVLQJ EXW ZLWK VPDOO GLIIwWdyddQFHYV
this can add a new understanding for the VE measured in the two normal states.

Table7-2. Accuracy of kmeans with K = 4 and K = 5 in fault recognition.

Normal State | Fault State | Fault State | Fault State | Normal State
K Value
1 1 2 3 2
4 100% 100% 100% 100% 100%
5 25% 100% 100% 100% 30%

5.3. Discussion

Using the PCA method, the VEaRires could be extracted and classified by thed@ns method.

The two methods together can explain the acquired VE data and recognize the machine tool
accuracy states. PCA can subtract two principal components from theabXi@ features. The
physical significance of the two principal components has not been investigated because the
original VE data are acquired from 29 positions in the machine tool working space with( and
axisin different angular positions. Howevehngre is not specific positioequirement on the linear

and rotary axis setup when using the SAMBA modelling. Therefore, axis position contributes to
VE with the same importance. Meanwhile, the recognition results are more related to the proposed

method baed on PCA and Hneans than theghysical meaning of each component.

The proposed VE data processing plan has the following advantages. Firstly, machine tool accuracy
states are monitored without considering the sensitivity of VE measurement positioagauritt)

in addition, the faulstates can be recognized from the normal state of the machine tool. Secondly,
it can reveal the differences of the VE measured from the machine tool with similar normal states
and provide a visible machine tool accuracyesfdot to the machine tool usé.astly, the features

subtracted from PCA shown in the 2D figure could also be used as a reference for K value selection

Figure7-10| 8. By visual inspection, the K value could be selected as 4 which is matched with

the K valie selected by the elbow and silhouette methods.
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However, some factors can limit the performanicéhe VE monitoring plan based on PCA and K
means. For the PCA method, the accumulation of VE data is needed before the implementation of
PCA. The VE data sizés related to the total SAMBA measurement circl@sapd the VE
measurement positionp (n ore SAMBA measurement. Wheyas fixed, a large amount of VE
measurement circles are needed (for example, at least two timeslok). This needs to be
verified in the future because no literature reveals the necessary VE data size in PCA application.

For K-means, an exact K value can directly affect the classification results of VE data. To improve
the accuracy of K value selection, three K value selectichods are included in the following

plan @ . PCA method is firstly used for the rough classification of VE data. After that,
the VE features will be processed withnkeans to find the possible K value by considering the

elbow points of SSE value. Meanwile, the silhouette value is also calculated for K value
verification. In the next step, the cluster number by PCA classification and the K selected by elbow
and silhouette method will be compared. When they are matcheth&w, we can get the final K

value.

Figure7-11. Selection procedure of K value forideans classification of \d&data.

Conclusions

This paper explores the use of principal component analysis (PCA) racteitie features of
volumetric error vectors (VE) and the use ofii€ans to classify the machine tool states. The VE

data containing two normal states (normal states before and after fault states) and three fault states
(C-axisencoder fault, uncalibratgdtaxisencoder faultand pallet location fault) are processed by

PCA and kmeans. The testing results reveal that the two proposed methods are effective in their
applications. For the PCA method, it can not only subtract the VE feature containing 92ti% o

original VE dat but also can reduce the VE data dimension from 67 x29 to 67 x@e&ns can
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automatically classify the VE feature data and successfully recognize the three faults from the
machine tool normal states. In addition, the differencabeWE measured inaeh normal state

can also be revealed. Therefore, the two methods could be combined as a new tool for machine
tool accuracy state recognition.

However, the question that how to use the classified results to automatically recogneelihe
acquired VE dat state still needs to be answered. Therefore, the future work is to develop an online
machine tool accuracy state monitoring system using the labelled data and the plan based on PCA

and Kkkmeans.
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The general discussion of the thesis highlights the significant outcoraesrgfstep carried out in
this PhD work.

It is worth mentioning that theamevolumetric errors (VES) data setisused for all the different
research steps. This database noy ocahtains VEs data acquired from the experimentaidixis
machine tool wh variable time intervals under different machine tool conditions but also contains
VEs data generated with the SMABA simulator caused by the change of some machine error
parametes with gradual or sudden changes. In addition, pséadts caused by thehange of

EXX and EYX have also been used.

In the first step, a machine tool accuracy condition monitoring scheme using VESs, vector similarity
measures (VSMs) and exponentially gigied moving average (EWMA) control chart is proposed.
Seven types of VSMBave been used for VEs features extractidms $trategy allows to monitor

the VE change from a single VE vectdhe usefulness of this scheme is tested with simulated
VEs data wih different types of change shapes, in addition, real machine tool tasts NIC
induced geometric error changes and a reakiS encoder fault has also been used. Finally, for
the validation of the proposed methods. Simulated VEs data with sharpaahdigchanges have

also been used.

Firstly, VEs proved to be a suitableriable for the monitoring of the machine tool accuracy
condition because VEs can change synchronously with the modeled machine error parameters with

differentshapes as iaxponentl growth shape, inverted U shape and S shape

Secondly, the proposed VSMgeeffective in VEs features extraction with different performances.
Amongst the studied VSMs, the module of the vectorial difference of two consecutive VE vectors
(Dist) and theangle between those vectors (Cos2) are the more stable and performdretter f
monitoring faults with sudden and gradual changes than the remaining VShMgdéal VE data

processing.

As for the application of the EWMA control chart, it has been discusséde AppendixA,
ARTICLE 5. The testing results prove that tAeme-varying control limits are better than

asymptotic control limits for VEs change recognition when the amount of acquired VEs data is
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limited. The combination of relatively small smooftipigoefficients (closing to 2.6) and width
coefficient (closing to 0.05) arecommended for a better VEs change recognition.

This first research work is the foundation of the latter works as it prosigeisnary attemptfor
the use of VEs, serials of VEs features extraction measures as well adas&E monitoring
strategy formonitoring machine tools accuracy condition.

During the second stage of this PhD work, thachine tools condition is monitored using all
measured VEs. Utilizing this monitoring plan, it can simplify the VEs change recognition process
without considerig the change of each VE vector. Therefore, a nBeatures extraction method
SFRPELQHG YHFWRU VLPLODULW\ PHDVXUH®@Q-akid¢hcbder fa@l©60$ LV
of the machine tool, the pseutlults caused by the change of the straightness &YX and

linear positioning error EXX and thenaulated faults based on the change of the modeling machine

error parameters are used to verify the VE monitoring plan developed with CVSMA, vector
similarity measures (VSMs) and the exponentially weightexying average (EWMA) control

chart. In additionfo use as a base for comparison, principal component analysis (PCA) has been
used to process the VEs dataorder to verify theperformance of CVSMA in VE features

extraction. The key findings are explaihi the following paragraph.

CVSMA performs bettr than PCA for VE features extraction. However, the VEs dataset needs to
be over a minimal siz@he VEs measurement times should be over, at least, two times of the VEs
probing positions}jo be guaranteebefore using the PCA methpahile CVSMA can ovecome

this limitation. Additionally, the proposed VE monitoring plan can precisely recognize the change
points of the real, pseudo and simulated faults. The change point of each fault could be detected by
the proposed data processiagproach Finally, the performance of CVSMA on VEs feature
extraction is related to CVSMA data components. CVSMA data modeling with the difiased

similarity measures are recommended for thatiustnes#n detectingVEs chage recognition.

The first two stages of this PhDovk proposed the solutions for the first two research goals: data
processing methods which can comprehensively monitor machine tool volumetric errors change
and a monitoring strategy based on volumetriorsrifor automatic detection of machine tool

abnornal change.
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For the third stage of this PhD work, a monitoring technique based on the fractal analysis of VEs
vector components, rather than the VEs vector features (the first research objective), islstudied
is the subsequent work used to reach therskcesearch goal. Different fractal parameters from
the VE vector components are compared with magnibaded quantities for the detection of
abnormal machine states. Results using both actual data aithme pseuddaults as well as
simulated faults sing 1SO2361 error parameters are presented. This work explores the idea that
monitoring VEs change with considering all VEs vectors can be carried out. The key findings are

summarized in the following pagraph.

For the analged cases of real, pseudo amthulated gradual faults, fractal features have excellent
performance for fault sensitivity. The effect of gradual and sudden change faults on VEs can also

be clearly detected by the fractal features.

Fractal parameters D, Fand Index (Chapter six) areore robust than the G parameter in VEs
features extraction. Compared with the traditional VEs vector magnitude processing measures such
as their maximum and mean values, fractal features can extractatiietecontaining additional

and complementary VEeformation. This might be helpful in the detection of minor fluctuations

of the normal state as well as faults with gradual change. Fractal parameter D performs well in the

detection of gradual fault chge with a sign change contrary to VEs magnitudéuiees. However,

in a very specific cas@Figure 6-10), fractal parameters became ineffective and so did the VEs

magnitude measures.

With fractal analysis, the complex set of VEsctor components (327 components in the case
studied) are reduced a set of three scalar quantities that can be monitored automatically using
control chart approaches (for example, EWMA control chdt)s work targets on the second
research goals, aimg to explore some potential VEs featurdrastion methodsAs another
comprehensive VEs faare extraction method, the fractal parameters are also effective in VEs

feature extraction.

The last stage of this PhD work is carried out towards reachingittedsearclgoal in terms of
the development of a data processing method for machine tool volumetric error data classification
using artificial intelligence. It is generated based on the background hypothesis that if we can use

the acquired VEs data too@gnize thenachine tool state or using the known VEs data to recognize
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the new state dhemachine tool. A solution based on principal component analysis (PCA)-and K
means has been used to extract the features of VEs and to classify machine tool atateacy
sepaately. The proposed solution has been tested with the VEs data acquired froraésfive
machine tool with different states of malfunction. The results indicate that the PCA-auedkS

are capable of extracting the VEs feature informationcdamssifyingthe fault states including the
C-axis encoder fault, uncalibrate@-axis encoder fault, and pallet location fault (100%). This
approach provides a new way for VEs features extraction and classification. However, in order to
use this plan, suegt tothe item ratio of VEs data which is defined as the ratio of the total VEs
testing times and VEs measurement positions in one test are needed. Gesmadlllyubject to

the item ratio (less than 2) manifests itself in factors that are specifetdadaset. This cagause

large sampling errors to the PCA results. However, there is no absolute standard for the minimal
size or subjestto the item ratio of data for PCA application, but large sample sizeubjecs to

the item ratio (for examplenore tlan 2) is always recommended@herefore, for the proposed data
process plan, the VEs dataset with sufficient dagsmeeded.
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In this chapterthe main conclusions of this research are presented as well as reco hwnsrioia

future works.

Conclusions and contributions of the work

This thesis mainly presented an accuracy condition monitoring system f@xiszenachine tools.

The main contributions are summarized as below;

x Vector similarity measures (VSMs) are propdsfor volumetric errors (VES) feature

extraction. Distanckased measure, angdased measure and comprehensive measure
based on distance and anpksed measure have been used or developed. Their
performance of each measure has been discussed. Amamgaidéd VSMs, the module

of the vectorial difference of two consecutive VE vectors (Dist) and the angle between those
vectors (Cos2) are more stable and perform better for monitoring faults with sudden and
gradual changes than the remaining VSM$i@real VEdata processing. The highest mean
recognition rate reached for the real and psdadtis was 99% and 98% using Cos2 and

Dist measures respectively.

A monitoring plan based on VEs, VSMs and EWMA control chart is proposed. Several
VEs data measurddom the machine tool inhe normal state are used for EWMA control
chart building. Then, the new acquired VEs data will be inputted into the EWMA control
chart for change recognition. The proposed monitoring plan performs well in the case of

gradual andwden tiange fault recognitigrespecially for Cos2 and Dist measures.

A data processing method based on combined vector similarity measayeCVSMA) is
proposed. This data processing considers all the VEs vectors measured in one SAMBA
measurement. ktan simplify the change recognition of VEs, and by combining it with the
EWMA control chart, it proved well suited for gradual and sudden chdagks

recognition.

Based on the idea that recognition the VEs change with considering all VEs vectoris, fracta
analysis of VEs has also been proposed. Fractal features have excellent performance for

fault sensitivity. The effect of gradual and steep gleafaults on volumetric errors can also
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be clearly revealed by the fractal features. Fractal parameters DdRad&x (Chapter six)
are more robust than the G parameter in VEs feature extraction.

X A data processing method, machine tool volumetric erra@tufes extraction and
classification based on principal component analysis ante&ns, is proposed. It can
recmgnize faulty states from the normal state with 100% accuracy. It provides a new way
for VE features extraction and classification. In additibmakes the acquired VEs data
containing known faults could be used for new VEs data state recognition.

X A monioring software programerh Matlab was proposedAppendixB). This software
contains all the developed solutions in this research. It coulddet fora machinetool

accuracy state change recognition and states classification by analyzing VEs.

X The proposed technologies are independent from the VEs measurement method. In this
research, the Scale and master ball artefact method has been used foed4tirement
dueto its simple maintenance, low cost and good robust in master ball estimation. However,
VEs nmeasured from methods such a$eRt, Ball bar test and Laser tracer can also be used

as the inputs for the developed methods of this research.

X The general rules for EWMA control chart applications in volumetric errors change
recognition have also been discssed. Time-varying control limits are better than
asymptotic control limits for VEs change recognition when the amount of acquired VEs
data is imited. The combination of relatively small smoothing coefficients (closing to 2.6)
and width coefficient (cldeg to 0.05) are recommended for a better VES change
recognition (AppendiA, ARTICLE 5).

In summary, this research work provides the theorytaat$ for theuseof volumetric errors for
machine tool accuracy condition monitoring. The abnormal changesdiine tool state can be
recognized and the transition of machine tool accuracy state from normal to abnormal can be

detected. Therefore, thedith and degradation of the machine tools can be assessed.

Recommendations for future works

Regarding the resech contributions and proposed approaches in machine tool accuracy condition

monitoring, the following subjects are suggested for future work;
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x Combining with the SAMBA method, a failifending system needs to be developed after
the detection of the chaeg@f machine tool accuracy condition. Theoretically, VEs not only
contain the modeled machine error parameters (eight axis location errors (EBOY,
ECOY, EXOC, EAOB, EAOC, EBOC, ECO0B), three linear gains (EXX1, EYY1, EZZ1) and
two spindleoffsets (EX0$ EY0S)) in SAMBA modeling but also contain some fon
modeled error parameters. So, after the detection of VEs change, affatimg system
neads to be developed for machine error parameters change recognition. In this case, the
possible reason for maicke tool state change could be found.

X Integratng the developed technology into fhgxis machine tools. Industry 4.0 promotes
five-axis machindools with functionalities such as salivareness, sethaintenance and
selfoptimization. Then, the machinedls can assess its own health and degradation and
make timely maintenance decisions. Currently, machine tools rarely dmagecuracy
condition nonitoring functionality. Our developed technology provides solutions for the
machine tool health analysis inrtes of accuracy state. Most NC controllers provide the
secondary development function which makes it possible to integrate our developed

technology into CNC controllers

X Testing further he robustness of the proposed method using VEs. The acquired \Es dat
may contain noise caused by the thermal effe¢ch@fmachine tool with different levels.
This could affect the modeling of the machine tool normal state databaskeacantrol
limits of the EWMA control chart. While this is not considered in our cormesearch, the

effect of the noise on the control limits design needs to be investigated.

x Developing an eor compensation functions by thetualmachine tool accucy condition
monitoring systems. After the detection of machine tool change, the féiildieg system
needs tdadentify the fault] kéason. If one error has significant change, this error needs to
be measured and compensated. When using the scale ated badisartefact (SAMBA)
method for machine tool calibration, VEs and machine erroampetrers could all be
acquired at the same time. It will be convenient and meaningful if the error compensation

values could be calculated by the condition monitorirsgiesy.
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X The developed machine tool accuracy condition monitoring system is not limitedyto
process VEs measured from SAMBA method but caldo process VEs measured from
R-test, Ballbar test, etc. For industrial applicasionthe proposed monitoringystem, the
VEs data need to be collected and transformed in a fully auédmmetnner meaning with
little to human interference. Currently, the developed technology can automatically process
the VEs data measured by the SAMBA method. When it comes terti@ning methods,
the recorded VEs data are in different styles. Therefore, developitggnatic data

transformation methods is another crucial future step.
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APPENDIX A ARTICLE 5: APPLICATION OF EWMA CONTROL
CHART ON VOLUMETRIC ERRORS CHANGE RECOGNITION
Kanglin Xing, J.R.R. Mayer, Sofiane Achiche
Department bMechanical Engineering, Polytechnique Montral

*Published inCSME 2019 conference proceeding.

Abstract: The exponentially weighted moving average (EWMA) control chatgspular tool in
guality control and effective in detecting small shifts in thenimawed signals. Herein, EWMA has
been used for machine tool volumetric errors (VES) change recognition. To improve its recognition
capability, the influence of setup paraems including smoothing coefficient, width coefficient and
control limits ¢ime-varying control limits and asymptotic control limits) of EWMA are studied
using real machine tool faults, psetidalts and simulated faults. The results reveal timag-
varying control limits are better than asymptotic control limits for VEs change reitmgrmvhen

the amount of acquired VEs data is limited. The combination of relatively small smoothing
coefficient and width coefficient are recommended for a better VEs chliaoggnition. Finally,

the general EWMA input calculation methd# recommended Rile the proposed EWMA input

calculation method3could be used as the second tool for the stalsitigckup of faulty state data.

Keywords: Machine tool; Volumetric erroiChange recognition; EWMA

1. Introduction

The sudden failure or the degeneratiomafichine tool could significantly affect their productivity

and capability. Condition monitoring is preferred in industry because of its efficient role in
improving plant production availability and reducing dowrinost of machine tools. Currently,

the nonitoring objectives of machine tools are focused on machine tool main components such as
feeding systems, spindle system, main mechanical structure, coolant system, etc. as well as the
machining process [1]. A necontact structure monitoring system foachine tools based on the
vibration signal results in a reliable monitoring without altering the structure of the machine tool
[2]. Spindle bearings condition monitoring via the use of acoustic emission signatiillaend +

Huang transform analysis revegisod correlation betweeathe AE data and the increase in the

preload, the change in the dimensions and geometry of the spindle bearings [3]. In the machining
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process, tool wear, tool collision and tool life predinthave been monitored byalyzingsignds

such as the spindle current, feed, forces, acoustic emission, vibrations, etc. [4].

Although machine tool condition monitoring system has been extensively researched, there are still
major limitations that neeatbe overcome. It is hypothesized tha Holistic state of the machine

tool condition cannot be reflected just by partially monitoring some of its key components. In
addition, it is difficult to link the degradation of the monitored mechanical partsasutie feed

drive systems withthe qualiy of machined parts [5]. Even though, the real time monitoring
techniques without interference on the normal machining process still makes the current monitoring

strategy widely used in industry [4].

Machine tool gometric information is often periodicalineasured during the maintenance of
machine tools. However, this geometric information has rarely been used for accuracy monitoring.
Take the machine tool volumetric errors (VES) as an example, VEs are definesl radative
Euclidian vector between theol frame and workpiece frame [6]. They are the compact reflection

of machine tool geometric condition [7]. Therefore, they are greatly valuable for machine tool
condition monitoring. The research on VEs is focusedthe VE modeling prediction and
compasation. Recently, it has been used for machine tool condition monitoring. Techniques such
as vector similarity measure (VSMs) [8], principal component analysis amgdts have been

used for VEs feature extractiand classification [7, 9]. Unlike the péigal signals such as power,
vibration, force. etc., VEs cannot be acquired by real time measurement but under the normal
maintenance period. This drawback makes it impossible to build a large VEs data set in a shor
time. Therefore, how to precisely usetlimited VEs data for machine tool condition monitoring

is a crucial question before implementing it as a valuable condition monitoring solution.

The EWMA control chart based on current and past historical datédely used for industrial
guality contol, since it is especially suited for detecting small and moderate shifts in a process, and
it shows good robustness for the froormal distributed data for certain values of setup values [10].

In the structure matoring area, it cannot identify the pegge of damage at early stages but also
the severity of the damage [11]. Similarly, it reveals good efficiency in detecting and identifying
faults such as shodircuit faults, opercircuit faults and partial shadinfaults in a photovoltaic

system [12].
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Control limits time-varying control limits and asymptotic control limits) of EWMA control chart
and its setup parametesmoothing coefficient and width parameter can affect its capability in fault
change recognitim For exampletime-varying control limits are useful when the smoothing
coefficient is small (for example, less than 0.3) [13]. In addition, the EWMA control chart is more
robust for smaller values of the smoothing coefficient [14]. The objective présent study is to
study the applicatioaf EWMA control chart on the VEs change recognition. The effects of control
limits (time-varying control limits and asymptotic control limits), the setup parameters and the
inputs of the EWMA on VEs change recogmit is also discussed, and this providieep
understanding of EWMA control chart in VEs change recognition. In this paper, VEs monitoring
system is introduced in Section 2. Section 3 presents the EWMA control chart and its application
process in VE changecognition. VEs data used for this research is shown in Section 4. Section

5 presents the results and discussion, followed by the conclusions in section 6.

2. VEs monitoring system
Volumetric errors (VES) are dependent on a wide range of machine cortgpuwimgch make them

potentially be able to provide a broad view of the machine condition. Let us take taxifive

machine tool with the error enriched kinematic diagram shojf#mgure Allas an example. It has
axis alignment erms such as the axis location errors (EA0Y, EB0Z, ECOY, EXOC, EAOB, EAOC,
EBOC, ECOB), three linear gains (EXX1, EYY1, EZZ1) and two spindle offset®F-EYO0S)

potentially causing VEs in 3D spageidure A1l). Other intraaxis erors, within each individual

axis, may also occur.

Figure Al. lllustrationof the modelled geometric errors of the experimentaldixis machine
tool with WCBXFZYST topology, where a tough trigger probe is installed on tihelspand

some master ball artefacts are mounted on the machine workpiece table
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The flowchart of theVEs data monitoring is shown |iﬁigure A2| During the machine tool

maintenance period, machine ®MEs are measured with thease and master ball artefact

(SAMBA) method [15]. Then, the VEs features are extracted with vector similarity measures
(VSMs). Finally, these VE features will be processed by the exponentially weighted moving
average (EWMA) control chart for VE change rgoion. When the fault is detected,gstble

corrective actions for machine tool will be activated.

Figure A2. Flowchart for VE monitoring system

The general VEs measurement method includes laser trackierst, &d the Stmand Master ball
artefact (SAMBA) method. Owing to its simple setup, the SAMBA method is selected for VEs
acquisition. The raw probing data are acquired bynachine probing aeries of master balls and

a scale bar with a tough trigger probe. The prgliata are then processed using a kinematic model

to estimate a set of 13 machine error parameters (EXX1, EB(0X)Z, etc.) as well as the positions of
master ball artefacts whiclreathe reference values for VEs calculation. Using our designed
SAMBA measurerant plan, 27 angular positions pairs of theaBd Gaxes and 109 ball center

positions are acquired for each test run. For each test run a sefgptan be written as:
ie: L: v;@é- W:g;hé' x;ggu; (49)

where i stands for the VE measurement positions identifiéir’{D9, i is related to the SAMBA
measurement plan) and j stands for the measurement repetition thus resulting in a time series of
VESs) with the 313" machine error modeFgure A 3| (a)).

The concept of similarity refers to how alike two objects are. Usually, each object can be viewed
as an Ndimensional vector with its feature components. Their similarity could be compared by
vector similarity measuse There are about 60 f#ifent similarity measures with the most popular

types being: distanelbased similarity measure and angbsed similarity measure. The VSMs

including the module (Modu) and Cosine (Cos) are used for VE feature extractipi®Qegnd

(51)). The Modu measure is the Euclidean magnitude of the VE. The Cos measure calculates the

angk between the first measured VE and the remaining VEs. They are calculated separately at each

VE probirg position. The geometric meanings of the two measures are shpwgune A3|(b).
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Using these two measures, the VEs features could be extracted considering the magnitude and
directional information. These extracted VE features-Vé&re the inputs for the EWMA control

chart for VEs change recognition.

L *tT—wLl§ 4 E W:gmﬁE Xegh (50)

:gﬂu® 1 gb;
o @ g

L ‘egn L ‘ek .ga :gs;oL. (51

Figure A3. (a) VEs estimated with the SAMBA method in 3D spaaplified 1000x; (b)

Geometric meanings of Modu and Cos measures

3. EWMA control chart

For VEs monitoringthe objective is to detect the faults with gradual or sudden change. Usually,
gradual change faults caused by the degeneration of machine tool tatmo@m important
percentage of machine tool faults [16]. The exponentially weighted moving average (EWMA)
control chart was first introduced as a good alternative to the Shewhart control chart for detecting
smaller shifts in the process parameters [IRprefore, an EWMA chart is a promising tool for

VEs change recognition. EWMA chart for VEs change recamnis developed using a statistic

of the following form:

gL:SF@ g’JSE@ og (52)

Eq|(52)|is presented as a general form for a single VE measurement position, Bpierg,iand

it stards for the ith VE measurement or simulation and n is the numbeEsff®atures to be
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monitored. Under the assumption of independent and normally distributed data, tharymg

control limitsupper control limit (UCL) and lower control limit (LCL) aexpressed as follows.

@

L E PP——_.:sF:sF g
4 FasFs @9 (53
L +F P :—@':SFZSF@69‘ (54
tF@ ’
where 41 the expected mean value of the first k VEs features VEF. It is worth noting that

the common value®f the width parameter L and smoothing coefficigare2.6"L "3 and 0.05 @

"0.25[17]. When i increases, this variance can quickly convergesteamlystate value. Then the

asymptotic cotrol limits can be generated by H&5) and (56'.

L +E P¥@tF @ (55
L +F P¥OtF@ (56)

Theoretically, the recognition results of EWMA control chart are related to the selection of the
controllimits and its setuparameters (the smoothing coefficient and the width parameter). For the
selection of control limits, with the increase of the VEs dataset, the asymptotic control limits could
be considered by the users to replace the-tianging contol limits. For the skection of the setup
parameters, in this research, they are selected from the recommende@ r@tigé(and 0.05 @
"0.25.

Herein, EWMA is used as a supervised learning method including twe learsing and testing.

In the learning process, the EWMA control chart is developed and the controlli@iitseind LCL

are determined witlabelledVEs feature. Owing to the limitatin of the number of VEs features,

the two kinds of control limits are all applied and discussed. In the testing process, the new acquired
VE data gwill be inputted into the EWMA model for condition monitoring. When s

within UCL and LCL, machingool accuracy condition is considered stable and under control.

Otherwise, some necessary maintenance work is needed.
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There are several ways to calculate newly acquired VE data 4 The calculation process is

shown ir{Figure A4 Firstly, it can be calculated with the previous to oAFigure Ad4).

This is the usual way for the calculation of  4(method Ip Alternatively, o(method 3

can also becalculated with the new jand the k VEF of learning datgrigure A4). For

monitoring, the two types of gmay both functions. The only difference is how many test data
guses. o(method P uses i1 VEF while o(method § uses k+1 ¥EF including
each newly acquired VE and the learning data (i>k). It is worth noting that the application of,

calculated by methodb iR VEs change recognition are also studied.

Figure A4. The calculation of gusing method | and metho@

4.VES sources

Real and persuade faults are used to discuss the mentioned questions. Periodic experimental tests

on the machine tool provide the VEs data with real fault. The raw volumetaomafionis

acquired from the HU40 machine tool with a MP700 Renishaw tottdgger probe and series

of master ball artefacts and scale bar artefact, the coordinates of master ball artefacts are measured

under 27 angular positions pairs of thea®d CGaxes and @9 ball center positions are recorded

calculation (Procedure a). During the test phase, a fault developedakis @ncoder caugin
significant ECC aor has been detected. 12 SAMBA testing results before and after this fault are

used for Caxis encoder fault representation.

Figure A5 7KH SURELQJ GDWD DUH WKHQ SURFHVVHG ZLWK WE
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Two pseudofaults are generated based on the same SAMBA model and testing plan of the
periodical tests. Machin®ol error compens®mn function is designed to correct the increased
geometric errors of one linear or rotary axis. Here, it is used as-deastructive tool to simulate a

fault caused by the change ofaxis positioning error. A kshape error with magindes of 35um
havebeen added into the pitch error compensation table to generate the pseudofaults. The SAMBA

tests are repeated for six times before and after error injg€tiguré A5 procedure b).

Procedure ¢ (ﬁigure AS5|reveals thenodelingprocess of the pseudofaults caused by the change
of X-axis straightness error in Y of theakis, EYX. ltcan make the movement ofakis miss its

normal destination position. For the SAMBA measurement, thecuracy can be revealed in the
Y coordinate of master ball artefacts. The straightness error compensation table is not activated in
HU40-T machine togltherefore, this error is generated by manually modifying the raw probing

results. An errofRigure A6) is added to the Y coordinate of the measured position of teeema

balls as a function of the-&Axis x position. Then, the pseudofaults EYX is generated.

To further discuss the effect of the EWMA set up parameters, control éindtshe calculation of
¢On VEs change recognition results, simulated faults witkgal changes (type A and type
B) are introduced by numerical modification of machine error parameters (1SD23Mhe
difference between type A and B is the erfamtor magnitude and the existing of the change of
error factor sign. A SAMBA simulator ssftDUH LQFOXGLQJ WKH 3 °~ PDFKLQH H
for this purposgKigure A7).

Figure A5. VEs data soues for this research
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Figure A6. Pseudofaults caused by the change of straightness error by manual correction [6]

Figure A7. Simulated faults caused by the gradual change (typedAype B) of machine error
parameters; The blue, yellow and red bars stand for the normal states, transition states for gradual
changes and faulty states, respectively; Some randomness is added for a "more realistic” effect;

The error factor is an ampldr of each mache error parameter to control the changing shape of

the simulated fault.

5. Results and discussion
The acquired VEs are classified as two p@&sning and testing based on the known fault
occurrence time. The learning data is used for EWMA modelingettimg data inputted into the
EWMA model for the abnormal change detection. The recognition pgasespeated in each VE
probing position (109 times). The recognition rate (RR) is calculated for the discussion of the effect
of the control limits and $ep parameters of EWMA on final recognition results. RR is defined as
the ratio between the totalmiber of the successful recognition positions of an abndretaviour
(TNSRP), where the detected change occurrence time is equal to the known faulihcedinre,

and the total VE measurement positions (TVEMP=109)((&q).
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5.1The effect of control limits on final recognition results
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(57)

Thetime-varying control limits and asymptotic control limits of the real and psefaddis are all

calculated for the VEs change recognition. Theoreticdhe time-varying control limits are

suitable for limited amounts of VEs data. With the increase of the amountéiata, théime-

varying control limits will become or even closing to the asymptotic control limits. The VEs

features extracted by Modum@ Cos are used as the inputs of the EWMA for fault detection.

The first measured 12 VEs are used for EWMA modgkigure A8|reveals the control limits of

time-varying and asymptotic towards ti@axis encoder fault where theklkW XS SDUDPHWHU

and L=2.6{Figure A8|(a) shows the recognition process of Gxaxis encoder fault using two

kinds of control limits. When using small size VEs data, the control limits are close himéhe

varying controllimits have narrow monitoring range. This can promote VES change recognition.

This fault can be mostly detected at tt3th measurement time by visual check

FRigre A8

(b)

and (c)), there are no obvious differences in the nurmb@Es measurement positions where this

fault can besuccessfully detected.

(@)
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(b) (©)

Figure A8. (a) Recognition result a@-axisencoder fault ithe 1st VE measurement position, in
order to show the control limits well, only 15 VEs are shown; VEMT means volumetric errors
measurement times and VEMP means volumetric errors measurement position (the same

definition for the following igures); (b) Reognition result of this fault using asymptotic control

limits; (c) Recognition result of this fault usitigne-varying control limits.

The recognition rates of real and pseudofaults using asymptotigvadaryingcontrol limits are

calcuated and showm|Table A1} Using the same setup parameters and VEs featurdsntae

varying control limits can improve the recognition rate by about 2%~5% when compared with
asymptotic control limits. Therefore, thiene-varying control limits are recommended for VEs

change recognition when the learning samples are limited.

Table Al. RR of VEs using different control limits

Faults Asymptotic control limits Time-varying control limits
C-axisencoder 20% 93% 2 4% 95%
fault
Linear positioning 45% 95% 6206 97%
error
Straightness error 58% 100% 67% 100%
Modu Cos Modu Cos

5.2 The effect of setup parameters on final recognition results
6PRRWKLQJ FRHIILFLHQW DQG ZLGWK FRHIILFMAQWral GLUHFV

chart. Theoretically, the closeris to 1, the more the EWMA chart resembles a Shewhart chart
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(When WKH (:0$ FKDUW LV HTXDO WR 6KHZKDUW FKDUW
applied to almost all the past observations, then thenmeaince of the EWMA chart parallels that

of a cusum chart. For our dataset containing faultginievarying control limits are used for the
discussion of the setup parameters on final recognition results.

The recognition results of tli@ axisencoder falt, pseudofaults caused by linear positioning errors

and straightness errors are discussed separately usirajue of L and: in the ranges &.5"L "3

and 0.05" "0.25(Figure A9). The step increasement of the two parameteend are 0.05 and

0.01 respectively. For the NVE®Wodu, the change ranges of recognition results are around 4%

(68%~72%), 35% (27%~62%) and 30% (39%~69%). For the NVEF(Cos), the change ranges of
recognition results are around 4% (95%~99%), 2% (95%~976&%{100%~100%)Figure A
Elillustrates that Modu and Cos measures have different capabilities in VEs change detection. At

the same fault, Cos performs better than Modadutition, the setup parameters directly affect the

final recognition results.

(@)

(b)
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(€)
Figure A9. (a) Recognition rate (RR) @-axisencoder fault using VEs feature extracted by

Modu and Cos measures; (b) RRiod pseudofault caused by linear positioning error; (c) RR of

the pseudofault caused by straightness error

For the same width coefficient setup, a smaller smoothing coefficient is helpful in improving the
recognition rate. Similarly, a smaller width coei@nt can also improve the recognition rate.
Therefore, in theecommended ranges of the setup parametérs. "3 and 0.03 "0.25 small
smoothing coefficients and width coefficients are recommended for a better VEs change

recognition.

5.3The effect of U ¢ 6calculation on final recognition results

The 4are calculated according to the above mdthP (Figure A4). Based on the results

of the above analysishe smoothing coefficientand width coefficient L are selected as 0.05 and

2.6. Thetime-varying control limits are used for VEs changes recognition.

Figure A 10[reveals the recognition results of tBeaxis encoder fault using calculated by

method b . FFromFigure A10|(a), one can see that there are no differences in the recognition

results of VE acquireth the 1st measurement position when using 4(method P )3At the
23rd VE measurement positio|r|>Figure A10|(b)), the first detected VE change point is the 14th

with a onetime delay (the exact fault occurrence time is 1B¢h). After the fault change time,
o(method lpreveals the VE change clearly. However, for j(method 3, although the

VEs data are measured in the faulty state, they could be wrongly recognized as the normal state

Figure A10|(b)). This could mislead the maalei tool user. The recognition results of all VEs

measurement positions are revealefFigure A10[(c and d). At the 13th position, most faults

could be detected. Howavaunder some c&s (1~10 VEs measurement positions), although the
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exact fault occurrence time can be detected by 4(method (3 the VEs in the faulty state could

be wrongly classified afienormal stateKigure A10|(c and d), yellow block).

The recognition rate (RR) of real and psedaolts using asymptotic antime-varying control

limits are the samas the RR value calculated byne-varying control imits (Table A1). This

means that the two methods of  jare all effective in the detection of the first change point of
the faulty state. However, owing to the pres®ofthe noise in VEs data, the faulty state data could
be also be wrongly classified as the normal state when using 4(method 3. For the 9
(method Ip, the faulty state could be easier detected. In addition, using g(method 3, the
stability of the faulty state data could be revealed. This is its advantage tha(method lpdoes

not have.

(@)

(b)
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(c) (d)
Figure A10. (a) Recognition result a-axisencoder fault in the*1VE measurement position
using calculated by (methodb )f3(b) Recognition rast of this fault in the 281 VE
measurement position; (c) Recognition result of this fault of all VE measurement positions using

o(method Ip (d) Recognition result of this fault of all VE measurement positions using
o(method 3.

6. Verifi cation of the above findings usindhe simulated faults
The two types of simulated gradual change faults (type A and type B) are separately processed with
thetime-varyingcontrol limits and asymptotic control limits, ~ calculated by method #nd

different setups of EWMA setup parameters.

Figure A-11{shows the recognition results of the two types of gradual change faults caused by the

change of the EBOC arelZZ1 errors using theme-varying control limits and asymptotic orol
limits. The values of the two kinds of control limits are close, andittevarying control limits
are narrower than the asymptotic control limits. The EBOC and EZZ1 faults anteteat the 16
andthe 12" measurement in each probing positimrsome VEs measurement positions, the g
is smaller than the LCLTherefore, the change is not show@ (b) and (dfFigure A

E'(e) alsoreveas that the combination of small smoothiogefficients and width coefficients are

helpful for VEs change recognition.

Figure A12|presents the recognition results of radual change faults caused by the change of

the EZZ1 error using ¢(method P )BThe exact fault occurrence time could be detected by
the NVEFModu at the 12 measurement using o(method b )3However, the fault can only

be detected at this measurement when using NU&$ calculated by method NVEFCos
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calculated by méiod Rreveals the fault change at the"iBeasurement. Similarly, in some VEs

measurement positions, the  4is smallethan the UCL, therefore, the change cannot be shown

in|Figure A12|(b) and (c). The change tendency &fth  4(method 3 can reveal the transition

and the faulty stas while it is hard to see this from  j(method Ip(Figure A12|(a)). For the

remaining simulated faults, the same data processing has been applied toleathefaesults all
prove the above finds.

(@)

(b)

(€) (d)
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(€)

Figure A11. (a) Recognition result of typA gradual change fault caused by EBOC in theVEs
measurement position; (b) Recognition result of EBOC fault from all VEs measurement gosition
with the asymptotic control limits artdne-varyingcontrol limits; (c) Recognition result of type

B gradual change fault caused by EZZ1 in the 1st VE measmunt position; (d) Recognition
result for EZZ1 fault from all VEs measurement positions withebyemptotic control limits and
time-varyingcontrol limits; (e) Recognition rate (RR) of the simulated EBOC fault with the setup

of using the values of L arwlin the rangesof "/ DQG 7 7

(@)
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(b) (c)
Figure A12. (a) Recognition result of typB gradual change fault caused by EZZ1 in the 1st VE
measurement position using  4(method P )f¥b) Recognition result of this fault from all VEs
measurement positions Wit o(method I (c) Recognition result of this fault from all VEs

measurement positions with  4(method 3.

7. Discussion

The EWMA control charperformed well in VEs changes recognition. It is able to detect the sudden
change fault (to some extent, the real and pséaults are with a sudden change tendency) and
the simulated gradual change faults (type A and type B). Eha&psparameters smoatl
coefficient and width parameter can affect the recognition capabilityed\WWMA control chart.

The ®lection of relatively small smoothing coefficient and width parameter can improve the
recognition rate. Although theéme-varying and asymptotic corl limits are close, théime-
varyingcontrol limits can promote the recognition rate of VEs faults when using limited VEs data
for learning. For the (calculated by methodp , Bhey are all effective in the detection of first

fault change positiorHowever, qcalculated by metho®may mistakenly classify the faulty

state data as a normal state. This can make maintenance planning more complex for the operators
of the machines. So, it is not recommended to be used solely for VEs changdéioetddowever,

under the application of gcalculated by method> g(method i can be used asna
additional tool to check the stability of faulty states. For the gradual change fault (type B); NVEF
Cos does not perform well because the estaah VEs by the SAMBA simulator have a linear
relationship with the modelled machine error parameters. Therefore, the changes are rarely

reflected in the Cos measure.
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8. Conclusions

This study examines the performancet®EWMA control chart using asymgqtic, timevarying
limits and different setups emoothing and width coefficients and two types of  calculation
for VEs change recognition. We conclude ttieg shift detection ability othe EWMA chart can
be improved by usingme-varying limits instead of asymptotic control limits. Smaller veduof
the smoothing parameter and width paramegb (L "3 and 0.05 "0.25 are recommended for
VEs change recognition when the learning data set is small. jcalculated by methodhas
good performace in VEs change recognition;  jcalculated by method®could be used as a
second tool for the stability checlp of the faulty state data.
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APPENDIX B MACHINE TOOL ACCURACY C ONDITION MONITORING SYSTEM SOFTWARE

The machine tool accuracy condition monitorsystem(MTACMS) softwareis developed based on theoposediewtechnology in
this research. It mainly includebke following functions: dataetups SAMBA testing result analysisvolumetric errors analysis

Machine errors analysend othersThis software is programmed Matlabh The main GUI is showmjFigure B1| In the following,

sometypical subfunctions are showhereasexamples.

Figure B1. Main GUI of MTACMS
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Figure B2|reveals the data setups fITACMS. The work dictionary of this softwanill be firstly set hereAfter running, we can

know the data size amdeasirement times of thtaltesting resuft In addition, the probing strategy ftre experimental machine tool
(HU40-T five-axis machine toglcanalso bereviewed.

Figure B2. Data setups GUbr MTACMS

Figure B3|reveals the data processing of a single SAMBA measurenesuit Data will befirstly readfrom the work dictionary. Then,

after data processingthe estimated machine error parameters, VEmacand their statistical parameteréMax_ VE_norm and
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Mean_VE_norm)the main contribution rate of each machine error parameter taMEthe VEs vectorsf one ball (an exampleyill

be shown hereFinally, by analyzing these parametetise evaluationesult of this singlSABMA measurement will be perted.

Figure B3. Single SAMBA measurement analy§$Jl of MTACMS

FigureB-4|reveals the recognition of VEs change by analyzing the VSMs. The data shown here conGirsskbacoder fault which

could be clearly revealed by VSModu. In addition, thissoftware allovs the software usdo validate this result by analyzing other

VSMs which could be selected by the swit€he detail for VEs data processing could be fouri@aper 1By inputting dfferent setup
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parameters (smoothing coefficient, width g@eter and learning data size) of EWMA, the chgwet of machine tool accuracy state

reflected by VSMs will be detecteHere, we can clearly find that the first clyang point is 18"

FigureB-4. Single VEvectoranalysisGUI of MTCAMS

Whenmany testing results aezcumulatedwe can know the change tendency of machine tool digitesing the following software

function|Figure B5|reveas the data processi@Jl for machine tool states classificatidrhe datas firstly processed by PCA method

then, the contribution rates of each principal compo(f@ito the originaldatabasevill be calculated and compad. The number of

PCswill be selected when the contribution ratdsall seeded PCsto the original datare over 80%Heran, 3 PCsare selectedBy
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visual checkupf the SSE value andiata showin@gD figurePC1,PC2 and PC3he possiblK value (here, 5)for automatic machine

tool states classification could be selecténhally, the automatic classification results could be g#adiand saved intoneExcel file.

Figure B5. Machine tool state classification and recogniti&l

Expect fomthe analgis of VESs, this softwaralso allows thaises toanalyze the change of machine error paramebteasured from
machine toolsSimilarly, this software reada series of SAMBA testing results from the work dictionafien, the estimated machine
error paraneters towards different measurement days will be processed by the|Bglire B6| The change tendency of machine error

parameters can be reveaemtompanied witkhe testinglates To automatially check the change of each rate error parametethe
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software usecan use the GUI shown|kigure B7| Anyoneof the 13 machine error parameter can be selectedijogting theError

selectiomrswitch. Then, the EWMA function could be activated by pressing the run bultoler the setup of different EWMA control
chart parametersny kinds of changecan be detecte@Here thefirst changing point can be detected at th& 1.3

Figure B6. Machine errors analystS8UI of MTCMS
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Figure B7. Single machine error analy<gJI



