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Abstract 

This diploma work was done at Seco Tools AB (SECO) in Fagersta and aimed to evaluate the 

possibility to model the relationship between deposition data, deposition properties and, cutting 

performance of a (Ti,Al)N coating on cutting inserts by applying the Multivariate Data Analysis 

(MVDA) modeling technique Partial Least Squares Projection to Latent Structures Modeling 

(PLS). Cathodic Arc Deposition (Arc-PVD) was the PVD technique focused on this study. The 

deposition technique that was focused on in this study was Cathodic Arc Deposition (Arc-PVD). 

For this purpose, two series of Arc-PVD coatings were manufactured. The first series aimed to 

generate a supervised explorative model for the deposition process. The second manufactured 

series was aimed to generate a batch-to-batch variation model of a deposition process. In the first 

supervised explorative model, the deposition parameters were set by a Design of Experiment 

(DOE) setup using a quarter factorial design with resolution III. In the second batch-to-batch 

model, the non-fixed deposition parameters and the cathode wear were monitored, and all other 

parameters were kept the same for every run. 

The results demonstrate good possibilities to model Arc-PVD coating properties and its 

performance in metal cutting with respect to the applied deposition parameters. The supervised 

explorative model confirmed previously established relationships, while the batch-to-batch 

model shows that variations between batches could be related to the wear of the cathode. This 

wear was shown to have a negative influence on the properties of the deposited coating. 
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Populärvetenskaplig
sammanfattning

Multivatiat Data Analys av (Ti,Al)N Arc-PVD beläggningsprocess: En
MVDA studie med avseende p̊a tillväxtparametrar s̊asom skikt tjocklek,
spänning, kemisk sammansättning och skärande prestanda.

Detta examensarbete fokuserar p̊a beläggningsprocessen av (Ti,Al)N p̊a
skärverktygsinsatser och syftar till att studera sambandet mellan deponeringsdata,
beläggningsegenskaper samt dess prestanda vid skärande metallbearbetning. Arbetet
genomfördes med hjälp av Multivariate Data Analysis (MVDA) modellering under
perioden Sept - Feb 2021 vid Seco Tools AB (SECO) i Fagersta, Sverige.

Generellt sett är denna typ av studier ett viktigt steg inom dagens
tillverkningsindustri för ökad insikt och kontroll av olika tillverkningsprocesser, och
det är i linje med denna utveckling som detta examensarbete har försökt att göra en
modellering av en PVD process. Med hjälp av smarta och teknikbaserade metoder,
s̊asom MVDA, strävar man efter ett större inslag av automation i produktionen med
fokus mot t.ex. mer kostnadseffektiva lösningar och förbättrad kvalité. Föreliggande
arbete har försökt att modellera en Cathodic Arc Deposition (Arc-PVD) process med
avseende att identifiera beroenden mellan beläggningsparameterar och de resulterande
beläggningsegenskaperna.

Examensarbetet omfattar tv̊a större beläggningsserier av batcher med en (Ti,Al)N
beläggning vilka var uppdelade p̊a 11 respektive 32 batcher vardera.
Beläggningsparametrarna för den första beläggningsserien togs fram med hjälp av
Design of Experiment (DOE) för att skapa en översikt av processparametrarnas
övergripande betydelse för processen, inklusive dess prestanda i skärande bearbetning.
I den andra beläggningsserien valdes samma processparametrar för alla batcher med
syfte modellera batch-till-batch variationer och trender i en tillsynes stabil process.
Beläggningsserierna modellerades med MVDA och projektionsmetoden – Partial Least
Squares Projection to Latent Structures Modeling (PLS). Alla beräkningar för PLS
modellerna gjordes i beräkningsprogrammen MODDE (DOE) och SIMCA.

Övergripande visar modellerna goda möjligheter att modellera Arc-PVD processens
egenskaper och skärprestanda för (Ti,Al)N beläggning via dessa ing̊aende
processparametrar. Speciellt i detta arbete p̊avisades katodströmmens signifikans för
beläggningens tjocklek samt substratbias potentialens signifikans för beläggningens
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tryckspänning. Fr̊an serie 2 (batch-till-batch serien körd med samma process
parametrar) framkom vikten av katodslitagets inflytande p̊a beläggningsprestanda. En
stor del av batch-till-batch variationerna som uppvisades i den uppmätta datan kunde
härledas till ett varierande slitage av katoderna mellan batcherna.
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1 Introduction

This diploma work focuses on the process for coating cutting tool inserts and aims to
study the relationship between deposition data, coating properties, and its
performance in metal cutting through statistical modeling. The work was conducted a
Seco Tools AB (SECO) in Fagersta, Sweden during the period Sept 2020 - Feb 2021.

SECO is a division within the business area Sandvik Machining Solutions (SMS) of
the Sandvik Group, a market-leading manufacturer of advanced metal cutting tools
and tools systems.

SECO offers advanced products and solutions that simplify metal cutting processing
and has approximately 4,000 employees in over 75 countries.

The development and manufacture of metal cutting tools typically use an
interdisciplinary approach, combining Research and Development (R&D) with
traditional manufacturing technologies. In this respect, the understanding of the
relationship between structure vs. properties, cutting performance, powder metallurgy,
pressing and sintering, tool design and cutting geometries, and coatings for improved
wear resistance, etc. are of importance. In this context, today’s paradigm shift in the
manufacturing industry, the Fourth Industrial Revolution [1], comprising automation
of manufacturing processes and industrial practices using smart technologies including
big data analytics, is expected to also influence SECO’s development of new products
well as its performance and overall quality.

Along this path of development, the present diploma work attempts to model the
Physical Vapor Deposition (PVD) coating process with respect to coating properties
and performance in metal cutting. More specifically, the deposition parameters during
Cathodic Arc Deposition (Arc-PVD) of Titanium Aluminum Nitride ((Ti,Al)N)
coatings onto Cemented Carbide (WC-Co) cutting tools inserts were studied and
modeled with the approach of Design of Experiment (DOE) and Multivariate Data
Analysis (MVDA) with the aims to understand and visualize its effect on coating
deposition robustness, coating properties, and performance in metal cutting.
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2 Literature Review

In recent decades, the importance of coatings in improving the performance and
behavior of a wide range of coated components has steadily increased with respect to
their uncoated counterparts. To date, various coating materials are used to alter the
properties and hence the performance of a coated system used in, e.g., optical
(self-cleaning) [2], electrical [3], magnetic [4], chemical [5], mechanical [6] and thermal
applications [7]. In turn, the coating properties are dependent on factors such as the
structure, thickness, interfaces and, intrinsic stresses (compressive and tensile), where
structure accounts for morphology, crystallography, and topography [8].

2.1 Coating Technologies

Physical Vapor Deposition is a well-established technique used in the coating industry.
PVD includes different techniques for which coatings are deposited in a vacuum
ambient [9]. The PVD takes advantage of highly reactive plasma, and it is essential
that the process take place in a vacuum environment. To date, several different
ion-assisted PVD techniques exist utilizing plasma in the deposition process, such as,
e.g., low voltage electron beam, cathodic arc deposition, high voltage triode electron
beam, and unbalanced magnetron sputtering [9]. In addition, Yang Deng et al. [10]
discuss several hybrid techniques valid for cathodic arc and magnetron sputtering.
The basic difference between these techniques relates to the evaporation process of the
source material, the creation of the plasma and plasma composition [9]. Hence, the
resulting coating composition will be a mixture of the startling material, typically a
metal, and a selected gas element/s, such as nitrogen, oxygen, or carbon. In this work,
the focus has been on the transition metal nitride (Ti,Al)N coating material through
the evaporation of compound Ti/Al starting materials (cathodes) in a Nitrogen (N2)
gas environment.

Arc-PVD is among the earliest commercial coating techniques [9, 10, 11]. According
to André Anders [11], the basic principles for this technique dates to the eighteenth
century, followed by an industrial breakthrough in the 1980s, as also discussed by
Sproul [9], and has ever since been a workhorse within the coating industry. Arc-PVD
is the preferred choice in the cutting tool industry due to its high deposition rate,
good process stability, and ease of operation [12]. Figure 2.1a shows a schematic
Arc-PVD setup used in the present work, consisting of an arc source with its starting
material (cathodes), and an anode (chamber walls). Typically, such a setup generates
a highly ionized and dense quasi-neutral plasma with almost equal densities of ions
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and electrons [12]. One of the drawbacks of Arc-PVD is the presence of neutral
(non-charged) macroparticles (droplets) on the growth surface, i.e., the coating [9, 11].

(a) The arc circuit of Arc-PVD.

(b) The plasma target area of
Arc-PVD.

Figure 2.1: Schematic images Arc-PVD used for the deposition in this study, not to
scale.

Some of these macroparticles are gradually becoming embedded in the coatings during
deposition whereas new particles are continuously evaporated. However, although the
particles are close to the surface or embedded onto the coating, they do not necessarily
cause any performance problems. However, they may have a negative impact on the
surface finish of the tool [9]. The evaporation and ionization of the cathode material
into the plasma is initiated at the arc spots that move (sometimes randomly) over the
cathode surface. Although the behavior of these arc spots is still not fully understood,
their very high energy density (temperature and/or current) is used to vaporize and
ionize the cathode material [11]. The evaporated material will spread out from each
cathode in a conical shape, schematically illustrated in fig 2.1b.
The condensation of the plasma on the substrate surface results in the consequential
growth of the coating in different growth modes, e.g., island growth, layer-by-layer
growth, or a mixed mode [11]. The actual growth mode for a coating prepared at
specific deposition conditions, correlates to the system’s total energy. In this respect,
Anders pointed out [11] the importance of the sub-surface processes during Arc-PVD
growth. Plasma ions arrive at the substrate surface with high kinetic energy, and their
penetration depth, and sub-plantation effect must be considered [11].

2.2 Coating Parameters vs. Structure and

Properties

It is critical that the right physical ambient must be established to achieve the desired
coating structure and deposition properties (in PVD generally). This will feed the
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plasma formation and ion bombardment, making up the actual growth of the coating.
For the Arc-PVD process specifically, there is also the desire to minimize the presence
of macroparticles [9]. To this end, the setting of several parameters for the process is
significant for the resulting structure and properties of the coating. An vital tool
developed for evaluating structures of PVD depositions is the Structure Zone Model
(SZM) (also known as Structure Zone Diagram (SZD)), developed first for evaporated
films by Movchan and Demchishin [13] and later refined by Anders et al. [14] to
include plasma effects on the ion-induced film growth and etching. The axes of the
diagram are the variables homologous deposition temperature (T*), the kinetic energy
of the ions (E*), and net film thickness, including ”negative thickness”, i.e., ion
etching (t*), replacing the generalized temperature and pressure displayed in Movchan
and Demchishin SZD. The SZD estimates of a process window for the growth of
columnar grain coating with high compressive stresses, which is highly desirable for
cutting inserts.

In the present work, the focus has been on the coating thickness and residual stress
due to their importance on metal cutting performance. The coating thickness is
dependent upon the growth rate of the coating and is strongly affected by, e.g., the
sticking probability (condensation) and re-sputtering (etching) [15]. The latter is
caused by high energy bombardment and is taken into account in SZD by Anders et
al. [14] by the high kinetic energy of the ions (E*).
The residual stress resulting from the coating process is extrinsic and intrinsic in
nature. The extrinsic stress can find its origin in the thermal expansion differences
between coating and substrate, and the intrinsic from elevated temperature causing
thermal stress during the deposition process [16]. The material’s thermal expansion
coefficient gives the differences in film and substrate expansion at elevated
temperatures. As the material is cooled down after the process thermal stress will be
buildup.
The intrinsic stresses are caused by the deposition process itself inducing compressive
stresses by ion bombardment during growth which, e.g., densifies the material and
creates atomic-scale defects. Compressive stresses are usually desired for cutting tool
surfaces as they increase the toughness of the tool. However, the stresses should not
be too high since such compressive stresses will ”lower the effective adhesion” at
outside corners [16], such as the edge of a cutting tool.

The creation and control of the right physical environment are done with several
deposition parameters that are significant for the process, M. Ahlgren [17], lists the
deposition parameters bias potential [V], chamber pressure [Pa], cathodic current [A]
and temperature as significant in affecting the coating properties. Similar findings
have been reported by, e.g., Gautier [18] and Sue [19] for various coatings deposited on
WC-Co substrate. These parameters are in conventional Arc-PVD set with a specific
and fixed value during the process to produce the desired coatings in accordance with
Anders SZD. There are also additional parameters that are more affected by the
physical phenomena during the process, such as bias current [A] and Nitrogen Flow
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[sccm], the former showing the strength of an ion current resulting from the ion
bombardment, and the latter affected by chamber pressure [Pa] and the consumption
of nitrogen gas in the deposition. Some work has been made to evaluate the effects of
deposition parameters on coating properties, e.g., growth rate [15], residual stresses
[17, 16, 19, 20, 21], adhesion [15], hardness [19], phase composition [18], chemical
composition [20], structure [18, 19, 15, 22, 20, 23, 24, 25] and wear resistance [18, 26]
over the years, however, the interplay between these parameters are far from
understood.

2.3 Metal Cutting Application

The Metal cutting operation follows the same tradition as cutting operation in other
materials such as wood, soft tissues, or plastics. The main principle is to remove
excess material until a desired shape/geometry is created [27]. Today several
established metal cutting operations such as, e.g., milling, turning, hole making
(drilling) [28, 29]. In this work, a facing operation by turning with the triangular
cutting tool insert TPUN 160308 (shown in fig 2.2) will be used to verify the results.

A general turning operation is illustrated in fig 2.3, and the tool geometry is relatively
simple, where the rake face is the surface in contact with the chip. In contrast the
flank face is the opposite surface facing the machined surface of the workpiece [28, 30].
These two faces are connected by the cutting edge, which typically has a defined
radius. In order to optimize the cutting operation, many different tool geometries have
been developed for specific cutting applications and work materials, which results, e.g.,
in different angles between the tool surfaces and the workpiece, and thereby different
loading conditions [30].

Figure 2.2: An image of the coated insert.

The tool-workpiece contact gives rise to a wide range of complementary issues of, e.g.,
high temperature, stresses, and chemical interaction. Great efforts have been made to
improve tools wear to withstand mechanical and thermal loads. In this respect, several
hard and wear-resistant coatings have been developed by the metal cutting tool
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industry, starting with Titanium Carbonitride (Ti(C,N)) in the 1970s [9]. Since then,
several more have followed, such as Titanium Nitride (TiN), (Ti,Al)N, and Aluminum
Oxide (Al2O3) [29]. This diploma work focuses on (Ti,Al)N, which is a ternary solid
solution where a fraction of the Titanium (Ti) atoms in TiN has been replaced by
Aluminum (Al). The incorporation of Al into the TiN film considerable improves the
coatings oxidation resistance and hardness [31].

Figure 2.3: A schematic image of a lathe turning operation which give rise to metallic
chips.

2.3.1 Earlier Work

There have been several studies of how the variation of one or more deposition
parameters affects the coating properties [17], under the condition that the other
parameters remain constant, for Arc-PVD specifically (section 2.2) and PVD in
general [22]. However, there have been very few studies trying to evaluate the process
with the use of multivariate analysis in general and Multivariate Data Analysis in
particular. More utilized are Multivariate Data Analysis in chemistry, where the
methods are established for at least 5 decades in the interdisciplinary area of
chemometrics [32, 33, 34, 35, 36, 37, 38]. Nevertheless, there are some takes on the
subject, as the studies by Pauline Levérone [39] and Maria Sundman [40]. Further, the
prospect to utilize the concept of DOE on a PVD process is also rarely published
studies but work has been done C. Montero-Ocampo et al. [41], E. Zalnezhad et al.
[42], and Fabio Sargentini [43].
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3 Aim and Objectives

This diploma work aims to model the coating properties, e.g., compressive residual
stress and coating thickness of Arc-PVD coatings as a function of their deposition
parameters, with the approach of DOE and MVDA.
The objective of the project, obtained and analyzed through the modeling, are:

• Is it possible to model the coating properties’ dependencies on interacting
deposition parameters?

• Can the effects of the different deposition parameters on coating properties be
validated in relation to the physics involved?
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4 Experimental Methods &
Analysis

In the following chapter, the techniques that were used for experimental set up and
analysis of the results in this diploma work are presented. It is divided into 4 main
sections after the how the work was performed and the sections, in turn, are divided
into subsections for specific aspects of the work.

4.1 Deposition Process

This chapter is presenting the parameters specifics for the cutting tool coating process.
They are presented both in terms of how they were regulated and set.

4.1.1 Coatings

Titanium Aluminum Nitride (Ti1−xAlx)N, 0 ≤ x < 0.7 coatings were deposited by
cathodic arc deposition on WC-Co cutting tool inserts with different geometries
(TPUN 160308 for metal cutting, polished SNUN 120408 for coating analysis, and
SNMA120300 (”KTB’s”) with a polished flank face for thickness and adhesion control.
The coatings were reactively deposited from TiAl at different growth conditions. Two
different industrial deposition systems were used in the depositions, a Metaplas
MZR323 PVD furnace for coating series 1 and a larger Oerlikon Balzer Metaplas
Domino KilaFlex PVD furnace for coating series 2. These series will be further
explained in section 4.1.3.

In the first series Ti25Al75, Ti45Al55, and a pure Titanium (Ti) cathode were used and
mounted in a sequence on the sources a, b, and c, respectively, which impose a
composition gradient along the z-axis in the oven, displayed in fig 4.1a. The samples
evaluated in this study were mounted in front of the Ti45Al55 cathode, displayed (pos
b. in fig 4.1a). In the second series, a Ti34Al66 cathode was used on all sources in the
furnace, and hence no concentration gradient was imposed.

4.1.2 Deposition Parameters

The deposition parameters that were selected for the study was Accumulated Cathode
Usage [Ah] (ACU), bias potential [V] (BIAS U), bias current [A] (BIAS I), heater
temperature [◦C] (H.TEMP.), chamber temperature [◦C] (TEMP.), chamber pressure
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(a) A schematic image of the
configuration of the experiments
placing on the fixture.

(b) A image of the test equipment
used in the diploma work, with
courtesy of the photographer.

Figure 4.1

[Pa] (PRES.), Nitrogen Flow [sccm] (N2), cathodic current [A] (CATH.) and rotation
of the fixture [rpm] (ROT.) [17]. The parameter data was collected from the
deposition process after that the inserts had been cleaned and etched. Some
parameters were set in the program of the coating batch (BIAS U, H.TEMP., PRES.,
CATH., and ROT.) and some were monitored and evaluated as averages over the final
third of the deposition process (BIAS I, TEMP., and N2). The parameter of chamber
temperature [◦C] was measured at three positions in the chamber corresponding to the
positions a, b and c in fig. 4.1a. Finally, the parameter ACU was evaluated as the
total number of Ah of cathode usage before the actual batch start, i.e., ACU increases
for each batch and is reset at a change of cathodes.

4.1.3 The Surveyed Series

The two series of batches done in this project were trying to capture two aspects of
the coating process. First, a supervised explorative series to study the effect of coating
properties while having multiple process variables varying over a large interval is
denoted series 1. Second, a batch-to-batch series which have the purpose of trying to
capture variations over multiple repetitions of the same process, it is denoted series 2.

The statistical basis for the investigation were:

• for series 1: 11 experiments (EXP.), i.e., coating batches, were made altering
the process parameters BIAS U, TEMP., PRES., CATH. and ROT. (see table
4.1). The choice of parameter values for this series was made using the concept
of a DOE screening evaluation. As-deposited substrates (inserts and control
substrates) were then used to determine the coating thickness, residual stress,
surface morphology, chemical composition, and wear/cutting performance.
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• for series 2: 32 experiments, i.e., coating batches, were run with fixed process
parameters specified in table 4.1. Four (non-fixed) parameters, BIAS I, TEMP.,
N2, and the ACU were monitored and used for modeling. As-deposited control
substrates were used to determine the resulting properties of coating thickness
and residual stress.

Table 4.1

(a) The interval at which the process
variables were varied in the runs
for series 1:s experiments.

Parameters Unit Interval
BIAS U [V] 40 to 65

H.TEMP. [◦C] 300 to 500
PRES. [Pa] 1 to 4.5
CATH. [A] 100 to 150
ROT. [rpm] 1 to 7

(b) The process parameter set
for the runs of series 2:s
experiments.

Parameters Unit Set Value
BIAS U [V] 50

H.TEMP. [◦C] 450
PRES. [Pa] 4.5
CATH. [A] 60

4.2 Characterization

The coated inserts were characterized with respect to coating thickness, residual
stress, phase composition, coating structure, and chemical composition (specifically
aluminum fraction). In the following chapters, these characterization methods are
described.

4.2.1 Ball Cratering Method

The ball cratering method was used to determine the coating thickness (THI.) from
both series 1 and series 2 [39]. The instrument set-up is relatively simple and uses
abrasive wear on the coating surface. A rotating steel ball of a known diameter
abrades the coating surface, to the substrate. To improve the effectiveness of the
abrasive wear a diamond paste is applied onto the ball. This procedure results in a
crater as shown in fig 4.2. By measuring the dimensions of the crater (x & y), see fig
4.2, and since the diameter of the ball is known (∅sphere), the coating thickness can be
calculated using equation 4.1. The measurement was performed on a kaloMAX II
system and the settings that were used are listed in table 4.3.

Thickness =
x · y
∅sphere

(4.1)
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Table 4.3: The settings used for ball cratering to measure the coating thickness of
series 1 & 2.

Rotation [rpm] Time [s]
300 15

(a) Image of the ball
cratering measurement.

(b) A schematically
illustration of the crater
dimensions.

Figure 4.2: An image of the microscope and a schematical illustration of the crater
and its measurement.

4.2.2 X-ray diffraction

X-ray Diffraction (XRD) was used to determine the phase composition and residual
stress/strain (section 4.2.2). A Bruker D8 Advance with a Cu Kα radiation (λ =
1,5406 Å) was utilized for all measurement in this project.

sin2(Ψ) method

The sin2(Ψ) method is based on the measurement of a certain lattice plane spacing
(diffraction peak) at several tilting angles with respect to the surface normal. In the
presence of a biaxial (in the surface) strain, the plane spacing, d, will change with the
tilt angle, Ψ, and from the relation between d and sin2(Ψ) the strain/stress can be
calculated, as described below.
In this work, the XRD measurement was made at fixed penetration depths of about
0.5 µm, realized through small incident angles, to avoid peak overlaps from substrate
phases [44, 45]. A small incident angle of the X-ray beam allows for investigations
much closer to the sample surface.
To apply this method some assumptions have to be made: the sample is
macroscopically elastically isotropic and that the elastic distortion of the crystal
lattice is linear [45]. Under these assumptions, the lattice spacing can be determined
using equation 4.2.

d∅ψ = [(
1 + v

E
)(hkl)σ∅d0sin

2(ψ)]− [(
v

E
)(hkl)d0(σ1 − σ2) + d0] (4.2)
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The values of sin2(Ψ) are then be plotted with d∅ψ and the slope will determine stress
value, see equation 4.2. The sign of the slope will indicate if the residual stress is
compressive or tensile. An example is displayed in fig. 4.3.
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Figure 4.3: Example of d-sin2(Ψ) relation for EXP. 8 in series 1.

4.2.3 Scanning Electron Microscopy

Within this diploma work, Scanning Electron Microscopy (SEM) was used to evaluate
the plan view surface and fractured cross-section of the coating. A Zeiss c©Leo Ultra
55 high-resolution microscope was used equipped with an Energy Dispersive X-ray
Spectroscopy (EDS) detector, operated at 3 kV in image mode and 15 kV during the
EDS measurement (see fig 4.4). The fractured cross-section of the inserts was achieved
using a diamond cutting wheel, cutting almost through the insert, and then fractured
before it was inserted into SEM.

The secondary electron emission was capture both by an in-lens detector placed
lateraily within the electron column, and a conventional secondary electron detector.
The SEM images were obtained with three magnifications (2000X, 5000X, and 20 kX)
electron energy of 3 [kV] and a working distance of about 5 [mm].
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Figure 4.4: An image of the SEM equipment used in this diploma work, with courtesy
of the Mats Johansson-Jöesaar.

Energy Dispersive X-ray Spectroscopy

The Ultra 55 high-resolution microscope was equipped with such an EDS detector and
it was used for the analysis of the Al and Ti contents for the EXP. in series 1. What
was ultimately included in the models was the aluminum fraction (Al FRAC.). The
measurement was made in an area roughly at the center of a polished SNUN 120408
inserts with the magnification of 200 X and electron energy of 15 [kV].

4.3 Performance

The coatings of series 1 were evaluated with respect to their metal cutting properties
with the utilization of a turning metal cutting test. According to B. Mills [46], the
wear and failing of a metal cutting tool come from crater wear, edge chipping, and
thermal shock cracks. In fig 4.5 these wear signs are schematically displayed.

Figure 4.5: Schematic illustration of the common wear on a metal cutting insert.

13



4.3.1 Metal Cutting Test

The metal cutting test performed is a standard turning test as described by Trent [28],
where the cylindrical metal workpiece is placed in a lathe and allowed to turn at a
rotational speed. The cutting tool is mounted in a holder and fed linearly against the
workpiece with a constant feed rate, f. The present test is called facing, where the feed
is in the direction of the workpiece radius. The width of removed material is called
depth of cut (ap) and the relative speed between the cutting edge and the rotating
workpiece is called cutting speed (vc). As the material is removed from the workpiece
in the form of chips, the tool is subjected to wear, as earlier displayed in fig 4.5. The
coated insert geometry of TPUN 160308 was used and the workpiece was made of ball
bearing steel SS2258.

The cutting test parameters are displayed in table 4.4.

Table 4.4: The parameters used during the cutting test.

vc [ m
min

] f [mm
rev

] ap [mm]
200 0,2 2

The performance of the cutting insert was evaluated as the number of facings before
the crater had worn through the coating (PERF.) and measured as the number of
facings after the first observed crater formation until the coating had been worn
through. In fig 4.6 and 4.7 such a results from EXP. 8 can be seen.

(a) The secondary edge. (b) The rake face. (c) The main edge.

Figure 4.6: The result on the tool after 28 facings of EXP. 8, (a) The secondary edge,
(b) The rake face, (c) The main edge.

Figure 4.7: The crater formation after 24 facings of EXP. 8.

14



4.4 Statistical Modeling

A major part of this diploma work is devoted to the statistical modeling of the
deposition parameters during Arc-PVD (Ti,Al)N coatings onto WC-Co cutting tool
inserts.

4.4.1 Software

For the building of statistical models, applicable for series 1 and 2 of this work, two
software, MODDE, and SIMCA (MKS Umetrics AB) were utilized [47]. Both
software’s are user-friendly tools where MODDE is based on the concept of DOE and
SIMCA in the MVDA with, among others, its dimension reduction techniques for the
regression analysis as Principal Component Modeling (PCA) and Partial Least
Squares Projection to Latent Structures Modeling (PLS).

MODDE allows the user to set up a series of experiments accordance to the DOE and
then gather responses for statistical analysis. Similar to its sister software SIMCA, the
methods of PCA and PLS [47, 48] can then be used to build an empirical model [49,
34]. However, different from MODDE, the SIMCA software does not utilize DOE but
rather an alternative extension of the PLS methodology and tools for the classification
of different samples. The SIMCA software’s also provides, for the user, a designated
project set-up (here referred to as Designated project set-up in SIMCA (modes))
which allows the user to generate statistical models based on various data sets [47].
Additional software’s that was used in this project are Excel and Matlab programmed
and distributed by Microsoft and Mathworks, respectively. These software have
primarily been used for data collection and plotting, but occasionally also to
investigate different aspects of generating the statistical models.

Data Scaling

Both SIMCA and MODDE are equipped with a pre-processing scaling that is available
to the user. For the data analysis in this project, the scaling alternative of Unit
Variance (UV) was found to be most suited for the data and hence selected in all
models. The definition of the pre-programmed UV is shown in equation 4.3 [47, 48].

x′ =
x− x̄
σ

(4.3)

Where x′ is the rescaled data point, x the original data point, x̄ the mean and σ the
standard deviation.

4.4.2 Design of Experiment

Design of Experiment is a method used to determine the relationship between factors
that affect a process. A standard DOE setup can have the purpose of screening,
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optimization, saving time, or quantitative modeling [37].
In this diploma work, a screening DOE based on fractional factorial design at two
levels was employed and used to evaluate the Arc-PVD process parameters for
(Ti,Al)N series 1 with respect to mainly coating residual stress and coating thickness,
but also cutting performance (the number of facings before the crater had worn
through the coating). The fractional factorial design at two levels gives a factor of 2
(2k) experiments needed to be run, where k is the factors corresponding to process
parameters. For this Design of Experiment 5 process parameters were included: BIAS
U, H.TEMP., CATH., N2, ROT., (section 4.1.2). A full factorial design would then
require 32 EXP. to be run, however, in this diploma work, a quarter factorial design
was used which reduces the number of EXP. down to 8 (25−2 = 8, where
1
4

= 1
22

= 2−2). It is common to describe the design by assigning indicator variables of
-1 and 1 to each factor, representing the low and high values of the interval for the
respective factor [37, 48]. While a quarter factorial design reduces the number of
experiments it also reduces the number of factors (parameters), this gives the
screening a lower resolution of the model. Practically it means that only three
parameters have a unique indicator variable, and as was described in section 4.1.2 5
parameters were included as factors. The chosen design means that BIAS U,
H.TEMP., and PRES. will have a unique indicator variable, whereas the indicator
variable of the last two parameters CATH. and ROT. was set by a linear combination
of the first three parameters. The resulting matrix can be seen in appendix A.
Finally, three Center Point Replicas (REP.) were added to the design under an
identical condition so the total number of EXP. was 11. The resulting DOE matrix
can be seen in Table 4.5.

Table 4.5: The process parameters for the EXP. of series 1.

EXP. Run Order BIAS U. H.TEMP. PRES. CATH. ROT.
1 11 40 300 1 150 7
2 3 65 300 1 100 1
3 7 40 550 1 100 7
4 1 65 550 1 150 1
5 5 40 300 4,5 150 1
6 6 65 300 4,5 100 7
7 8 40 550 4,5 100 1
8 2 65 550 4,5 150 7
9 4 52,5 425 2,75 125 4
10 10 52,5 425 2,75 125 4
11 9 52,5 425 2,75 125 4
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4.4.3 PCA and PLS

In this diploma work, PLS was used as a dimension reduction technique for the
regression analysis, the method is applicable in cases when some or all the
independent variables are correlated. In the mathematical PLS models, the factors are
represented by X-variables (input values from the experimental series, EXP.) and the
responses by Y-variables (measurement of the coating properties and performance)
[47]. The factors and responses for each EXP. are the observations of the experiment
and are represented by objects in the model [47, 48, 50]. In PCA and PLS, the
calculations result in several new variables and coefficients where the coefficients are
mathematical representations of the factors, referred to as Regression Coefficient
(RC).

Partial Least Squares Projection to Latent Structures Modeling

The concept of PLS is to find a correlation between (and possibly the dimension
reduction of) a block of data [36, 47], in this case, factors representing deposition
parameters. The method builds on the same principle as the PCA technique, which
attempts to transform a multidimensional set of objects to a two-dimensional
hyper-plane constituted by something called a Principal Component (PC), see fig 4.8.
These components are vectors of new variables pa (denoted loading vectors) and the ta
(denoted scores) for X, and qa (loading), ua (scores) for Y. The relationship between
the X-variables and the scores and the loading are displayed in equations 4.4 and 4.5
[47].

X = 1 · x̄+ TP ′ + E (4.4)

Y = 1 · ȳ + UP ′ + F (4.5)

In the equations 4.4 and 4.5 T is the matrix of all the ta vectors, P is the matrix of all
the pa vectors, E is a residual matrix of X, U is the matrix of all the ua vectors and F
is a residual matrix of Y.
The new PLS variables ta, pa, wa, ca, ua and qa are calculated in accordance with
equation 4.6 to 4.12 [38, 51].

E = X − x̄ (4.6)

Set the variable u as the first column in the Y matrix.

wi = XT u

uTu
(4.7)

The variable w, X-weight, is scaled to wTw = 1

t = Xw (4.8)
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Figure 4.8: Left: A geometrical representation of the hyper-plane that PC constitute.
Right: The scaled matrix of x after x̄ have been subtracted, and the
matrix containing the residual (E).

c = Y T t

tT t
(4.9)

The variable c, Y-weight, is scaled to cT c = 1

u = Y
c

cT c
(4.10)

p = XT t

tT t
(4.11)

q = Y T u

uTu
(4.12)

PLS Plots

To evaluate the validity of the PLS model, some statistical tools were used, such as
score plots, loading plots, R2V and Q2V , Distance to Model (DMod), the RC plots,
and the effect plots were used.

• R2V (goodness of fit [47], coefficient of determination [52]) is the fraction of Sum
of Squares (SS) variation of Y that can be explained by the model, i.e., is the
strength of the association between the observed responses and the predicted
responses [47].

• Q2V (goodness of prediction, the multiple correlation coefficient [47],
cross-validation redundancy [52]) is the predicted fractional variation that can be
explained by the model, i.e., the difference between; a prediction calculated with
part of the data set missing and a prediction with the whole data set. The
estimation is calculated in a cross-validation procedure, using equation 4.13.

18



• The score plot shows whether any of the new PLS variables can be considered an
outlier, i.e., that they are well outside the estimated confidence interval.

• The loading plot shows how the responses relate to each other and how they
relate to the factors in the model [47].

• Distance to Model is a graphical representation of the residual from the PLS
calculations (E for X and F for Y) which is interpreted as the distance between
the observation and the calculated hyper-plane, see fig 4.8. The residuals of the
plot are scaled so that it is comparable and makes it possible to detect outliers
[47]. An outlier is in this case defined by a residual exceeding the Critical
Distance (Dcrit) for X and 3σ for Y.

• The effect plot shows the ”effect” on the responses when the factors are allowed
to vary, one at the time, from its lowest value to its highest [48], the plot
including the calculated confidence interval, derived with jack-knifing. The
factor can be considered insignificant if the confidence interval includes zero [48].

• The Regression Coefficient plots show how Y correlates to the factors by letting
them vary from 0 to 1 in coded units [47], one at the time as with the effect
plots. Also, here the confidence interval included derived with jack-knifing. The
factor can be considered insignificant if the confidence interval includes zero [47].

Q2V =
1, 0− PRESS

SS
(4.13)

Where PRediction Error Sum of Squares (PRESS) and SS for each response [47].
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5 Results

5.1 Characterization

The results from the characterization (section 4.2) are described in the following
chapter.

5.1.1 Deposition Parameters

Series 1

The process variables for the EXP. of series 1 were set in accordance with table 4.5.
However, during the third run (EXP. 2 of table 4.5) a problem occurred in the form
that the evaporation process could not be initiated or remain stable. The result was
that the parameters PRES. had to be increased from 1 [Pa] to 2 [Pa] for EXP. 1, 2,
and 3. The effect on the design matrix was that the indicator variables for exp 1, 2,
and 3 were decreased. A calculation of the resulting linear combination is displayed in
appendix A. Table 5.1 shows the DOE matrix used in this thesis work.

Table 5.1: The corrected process parameters for the EXP. of series 1.

EXP. BIAS U H.TEMP. PRES. CATH. ROT.
1 40 300 2 150 7
2 65 300 2 100 1
3 40 550 2 100 7
4 65 550 1 150 1
5 40 300 4,5 150 1
6 65 300 4,5 100 7
7 40 550 4,5 100 1
8 65 550 4,5 150 7
9 52,5 425 2,75 125 4
10 52,5 425 2,75 125 4
11 52,5 425 2,75 125 4

This change resulted in slight collinearity of the pressure variable in relation to the
other variables displayed in the correlation fig. 5.1.
An evaluation of the three replicate center points (EXP. 9, 10, 11) shows a systematic
trend, where the freely varying deposition parameters BIAS I and N2 decrease for each
run (EXP. 9 was run first, then 11 and then 10). This is seen in fig 5.2a and 5.2b.
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Figure 5.1: The correlation matrix for the series 1 process variables.

This behavior was further evaluated in two Additional Experiments (additional
experiments (Ad.EXP.)), comparing the results from a new cathode to an almost
worn-out cathode. The results are also displayed in fig 5.2a and 5.2b and confirm that
the systematic decrease in the BIAS I and N2 deposition parameters, correlated to the
degree of wear of the cathode.
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(a) bias current [A] for the control run.
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(b) bias current [A] for the control run.

Figure 5.2

To further evaluate this behavior, the cathodes used in Ad.EXP. was weighted. And
the difference in weight confirms a loss of materials for the worn cathode (cf. Table
5.2). Consequently, it is likely to assume that the gradual weight loss of the cathodes
during depositions correlates to a monotonic decrease in the deposition parameters N2

gas flow and substrate bias current.

Table 5.2: The cathode weight for the additional experiments runs.

State Weight [kg]
New 0,43
Old 0,26

Series 2

For series 2 the process variables were set in accordance with the variables in table 4.1
for all the EXP. Afterward, the process data generated from the freely varying
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variables were sorted out and summarized.
Different from the correlation matrix of series 1 which showed no correlation between
the process variables the freely varying deposition parameters of series 2 revealed a
strong correlation, illustrated in fig 5.3a and 5.3b.

(a) Correlation Matrix for series 2, (Ti,Al)N

(b) Correlation Matrix for series 2, (Ti,Al)N

Figure 5.3

The trend that was detected in series 1 in terms of the wear of the cathodes was
confirmed also in this series. By setting the EXP. parameters in relation to the
complementary parameter ACU the data showed a direct decline in process
parameters for the Arc-PVD process for each EXP. This is displayed in fig 5.4 for
BIAS I and in fig 5.5 for N2.
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Figure 5.4: The bias current [A] vs Accumulated Cathode Usage [Ah] for series 2.
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Figure 5.5: The Nitrogen Flow [sccm] vs Accumulated Cathode Usage [Ah] for series 2.

5.1.2 Thickness

Series 1

The coating thickness was determined using ball cratering (section 4.2.1), fig 5.6 shows
the measured values graphically, and the numerical values are collected in Appendix
B.

1 2 3 4 5 6 7 8 9 10 11
0

0.5

1

1.5

2

2.5

EXP. Nr

(T
i,
A

l)
N

T
h
ic

k
n
es

s
[µ

m
]

Figure 5.6: The experiments coating thickness of series 1.

The thicknesses for the Ad.EXP. were also measured fig. 5.7 shows these results.
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Figure 5.7: The additional experiments coating thickness from new to old.

Series 2

Fig. 5.8 and table 5.3 shows the coating thickness of series 2, and Appendix B
presents the tabulated values.
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Figure 5.8: The experiments coating thickness of series 2.

5.1.3 Residual Stresses

Series 1

All the residual stress in series 1 are presented and modeled with absolute values since
they all showed to be compressive. This result is expected from Arc-PVD coatings.
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Table 5.3: The statistics of the coating thickness measurement for series 2.

Mean 1,72
Median 1,67

σ 0,23
VAR 0,05
MAX 2,26
MIN 1,37

Fig. 5.9 shows the measurement data in absolute value and fig 5.10 shows the relaxed
plane spacing. Appendix B presents the tabulated values.
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Figure 5.9: The calculated compressive residual stress of series 1.

Finally, the residual stress for the Ad.EXP. were measured, and fig 5.11 shows the
results. The cathodes are the same as in fig 5.2a and 5.2b.
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Figure 5.10: The relaxed plane spacing for the specimens in series 1.

Figure 5.11: The calculated compressive residual stress for additional experiments.

Series 2

For the modeling of series 2 the absolute values were used since these residual stress
showed to be compressive. Fig. 5.12 shows the mean values of the measurement, and
table 5.4 shows the statistical values.
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Figure 5.12: The calculated compressive residual stresses of series 2.

Table 5.4: The statistics of the residual stress measurement.

Mean 3,27
Median 3,26

σ 0,16
VAR 0,03
MAX 3,64
MIN 2,96

5.1.4 Phase Composition

The phase compositions in series 1 were evaluated with XRD θ − 2θ. The
diffractogram shows the presence of cubic TiN phase, but with smaller unit cell
parameter due to the solid solution with Al. The scan also identifies peaks for the
substrate Cobalt and Tungsten Carbide; both marked as WC-Co. Fig 5.13a and 5.13b
shows these diffractograms.
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Figure 5.13: The phase composition of (Ti,Al)N coatings.

5.1.5 Coating Architectures

The coatings surface morphology and structure in series 1 were evaluated with SEM
(section 4.2.3). For all the specimens, a columnar grain structure similar to zone 2 of
the SZD was identified. There was no observation of difference in structure or presence
of macroparticles. Fig 5.14 (displayes EXP. 9) shows how the general surface
morphology and cross-section image looked like for the EXP. Appendix D presents all
the SEM images.

(a) The surface
morphology.

(b) The cross-section of.

Figure 5.14: The SEM image of experiments 9, taken at 20000X magnification and
cross-section at 30000X magnification.

5.1.6 Chemical Composition

The chemical composition in atom percentage [Atom%] of the metals Ti and Al in the
coatings (excluding nitrogen) was measured with EDS ( performed in the SEM
equipment). Fig. 5.15 shows the measurement data, and this was added as Al FRAC.
in the model.

28



1 2 3 4 5 6 7 8 9 10 11
0.3

0.35

0.4

0.45

0.5

0.55

0.6

EXP. Nr

A
l

F
R

A
C

.

Figure 5.15: The aluminum fraction of series 1.

5.2 Performance

The coatings cutting performance was measured as the number of facings before the
crater had worn through the coating (section 4.3.1). Fig. 5.16 shows the results, and
all the craters were formed after ca. 1,5 min of turning.

1 2 3 4 5 6 7 8 9 10 11
18

19

20

21

22

23

24

25

26

EXP. Nr

P
E

R
F

.
[n

u
m

]

Figure 5.16: The estimated number facings at tool life for each experiments in series 1.
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5.3 Effect of Cathode Wear

Fig. 5.17 reveals a logarithmic decay of the BIAS I, coating thickness, and residual
stress as a function of the Accumulated Cathode Usage [Ah].
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Figure 5.17: The observed trend of bias current [A], coating thickness and residual
stress for the data for serie 2.

5.4 Statistical Modeling

With the collected characterization data as responses both the software’s MODDE
and SIMCA were utilized to calculate the PLS models. A model was generated for
each series and designated model 1 and model 2.

Model 1

The factors used for modeling series 1 were BIAS I, PRES., H.TEMP., CATH., ROT.,
and responses were the properties coating thickness, residual stress (abs values),
aluminum fraction, and PERF. An early estimation of the collinearity between factors
and responses was done by calculating a correlation matrix. Fig. 5.18 shows this
matrix in which a correlation is indicated by bright orange color. As mentioned in
section 5.1.1 the original DOE had to be modified slightly due to process instabilities,
so there is slight collinearity between the PRES. and the other factor is indicated.

The matrix indicates a strong correlation between coating thickness and cathodic
current [A], and between aluminum fraction and cathodic current [A], which would
indicate a relationship between these parameters in the process. The PLS model
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Figure 5.18: Correlation Matrix for series 1 calculated in SIMCA.

generation gave three significant components. Table 5.5 shows the estimate of R2V Y
and Q2V Y for the separate Y variables (responses).

Table 5.5: The summary of R2V Y and Q2V Y for model 1.

Label R2V Y Q2V Y
THI. 0,77 0,30
STR. 0,82 0,53

Al FRAC. 0,75 0,22
PERF. 0,90 0,32

The model has good estimations of R2V , which indicates that the model explains a
large percentage of the response variations. However, the goodness of prediction for
the model Q2V is relatively poor, smaller than 0,5 for all responses except thickness.
An explanation for this may be that the data set is relatively small. This will be
developed more in section 6.

Having a look at the plots for predicted in relation to the observed responses, fig 5.19,
5.20, 5.21, and 5.22, for model 1 indicates a slight deviation. However, the model
predicts values in the overall trend of the data.
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Figure 5.19: The observed and predicted values for coating thickness of model 1.
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Figure 5.20: The observed and predicted values for residual stress of model 1.

An estimation of the DModY is displayed in fig 5.23 for the responses. Again, EXP. 4
and 6 show a smaller value than the others, but none of the EXP. indicate an outlier.
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Figure 5.21: The observed and predicted values for aluminum fraction of model 1.
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Figure 5.22: The observed and predicted values for PERF. of model 1.

Fig 5.24 shows the score plot for the model, and no outliers indicate the calculated
predictors. In this plot the predictor values of Center Point Replicas 9, 10 and 11 end
up ontop each other, an expected result, which is why the plot only has 9 points.

The loading plots for the model are displayed in fig 5.25, 5.26, and 5.27, and shows a
cluster formation with the factors cathodic current [A], coating thickness and
aluminum fraction, and with the factors bias potential [V], residual stress, and
PERF., which would indicate a strong relationship between these factors. The factors
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Figure 5.23: The DModY for model 1.

(a) (b)

(c)

Figure 5.24: The score plots for (a) The score graph for variables t1 and t2, (b) The
score graph for variables t1 and t3 (c) The score graph for variables t2 and
t3.

heater temperature [◦C] and ROT. are close to zero, e.g., in fig 5.25, revealing a poor
relationship to the responses. The factor chamber pressure [Pa] seems to mostly
negatively correlate since it is opposite to some of the responses.
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Figure 5.25: The loading plot for variables w ∗ c1 and w ∗ c2.

−1−0.8−0.6−0.4−0.2 0 0.2 0.4 0.6 0.8 1
−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

BIAS U

H.TEMP.

PRES.

CATH.

ROT.

STR.

THI.

Al FRAC.

PERF.

w ∗ c1

w
∗
c 3

Figure 5.26: The loading plot for variables w ∗ c1 and w ∗ c3.
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Figure 5.27: The loading plot for variables w ∗ c2 and w ∗ c3.

Since model 1 is based on series 1, a DOE screening design, an interesting plot is the
effect plots of the factors, fig 5.28a, 5.28b, 5.28c, and 5.28d, which indicate the change
in the responses when the value of factors is allowed to vary. The values are plotted
with a ±95% confidence intervals of the true estimation of each calculation.

The plots show that the effect of the factors varies significantly from response to
response, with the factors of heater temperature [◦C] and ROT. having minor
significance for most of the responses. The factor cathodic current [A] is shown to
considerably affecting coating thickness and Al FRAC. (fig. 5.28a and 5.28c), while
residual stress seems to be affected by BIAS U and PRES., both positively and
negatively. None of this is unexpected when it comes to physical processes, but it is
interesting that the model identifies them as significant and will be discussed more in
section 6.

Finally, the PERF. is significantly affected by CATH., PRES. and BIAS U. This is
interesting since the property measured for this response is dependent on other
properties such as coating thickness and residual stress, and the model identifies the
same factors as significant for this response.
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(a) The coating thickness model 1.

(b) The residual stress model 1.

(c) The aluminum fraction model 1.

(d) The PERF. model 1.

Figure 5.28: The parameter effect plots.
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Model 2

The factors used for the modeling of series 2 were ACU, BIAS I, chamber temperature
[◦C] (TEMP.), and N2, and as responses were used coating thickness, and residual
stress used. The chamber temperature [◦C], coating thickness, and residual stress were
measured at three positions (section 4.1.2), and to reduce the noise of the data.
Therefore one PLS model was generated using the mean values of these, and a second
PLS model was generated with data from all positions (leading to a model with six
responses). These models were designated 2.1. and 2.2.

Model 2.1

A PLS calculation for model 2.1 gives one significant component, and the estimated
R2V and Q2V for the Y responses are summarized in table 5.6.

An early estimation was done by calculating the correlation matrix to evaluate the
colinearity. Fig 5.29 shows this calculated matrix.

Figure 5.29: Correlation Matrix for model 2.1 calculated in SIMCA.

The factor ACU directly negatively correlates to the other factors, which is consistent
with earlier observations, furthermore, there are strong correlation between all
included factors.

Table 5.6: The summary of R2V Y and Q2V Y for model 2.1.

Label R2V Y Q2V Y
THI. 0,61 0,59
STR. 0,43 0,35

The estimated R2V and Q2V for the Y responses (table 5.6) indicate that the model
relatively good explains the variance of the Y responses under consideration that there
is a small spread in the data. This is graphically represented fig 5.30a and 5.30b,
which shows the predicted vs. the observed values in a scatter plot, and here it is seen
that the values do not fit in a straight line, which is desirable. However, the predicted
values seem to be within a closer interval than the observed, which is easier seen in a
line plot. Fig. 5.31 and 5.32 shows such a plot, which indicates that the model
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predicts a periodicity of the responses over the EXP. analogous to the factor ACU.
Here, the model predicts a periodicity connected to the cathode usage for coating
thickness and residual stress.

(a) The coating thickness model 2.1.

(b) The residual stress model 2.1.

Figure 5.30: Scatter plot of the measured and predicted values.

Fig. 5.33 shows the DModX, and as can be seen, a possible mild outlier, EXP. 8, is
identified (larger than Dcrit), which is probably due to a slight deviation of the ACU
for this experiment compared to the others. The observation has not been removed in
this case since model 2.1 may be less descriptive of the process [53].

The score plot, fig 5.34 with the confidence interval marked out, shows no detectable
outliers. Since the model only has one principal component, the scores are plotted
against a numerical axis. In this plot, it is possible to see the resulting spread of the
variable t1 data around zero. This spread that consistent with the spread of the
original data before calculation.

For the same reason as with the score plot, the loading plot, fig 5.35, for model 2.1 is
plotted against a numerical axis. What can be indicated from the plot is the negative
correlation between ACU and the responses coating thickness and residual stress.
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Figure 5.31: The measured and predicted values for coating thickness of model 2.1.
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Figure 5.32: The measured and predicted values for residual stress of model 2.1.

To more clearly see the relationship between the factors and the responses it is better
to look at the coefficient’s plots (fig 5.36a and 5.36b) for model 2.1. This plot displays
the change in Y responses as X factors are varied, and it is a direct negative
relationship between the Y responses and the increase in ACU. Confirming that the
model predicts a decrease in coating thickness and residual stress with increasing
cathode wear and the other factors BIAS I, N2, and TEMP., the plots show a positive
relationship indicating that the coating thickness and residual stress increase those
circumstances, which is expected.
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Figure 5.33: The DModX 2.1 calculated in SIMCA.

Figure 5.34: The score plot for variables t1 against numerical axis.

Figure 5.35: The loading plot for variables w ∗ c1 against numerical axis.
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(a) The coating thickness model 2.1.

(b) The residual stress model 2.1.

Figure 5.36: The coefficient plot calculated in SIMCA.

Model 2.2

A PLS calculation for model 2.2 (including six responses) gives one significant
component. Since this model is generated on the same data set as model 2.1 the focus
is more to see what can be evaluated from having a model with six responses instead
of two. An estimation of the R2V and 2V for the Y responses gives the values in table
5.7. Fig. 5.37 shows the correlation matrix, which shows similarities with fig 5.18
(model 2.1), where the mean values were used. A difference can be seen for the b
position. Here the correlation differ from those of positions a and c, with a smaller
correlation for the residual stress response and stronger for coating thickness.

Table 5.7: The summary of R2V and Q2V for model 2.2.

Label R2V Q2V
THI. a 0,40 0,39
THI. b 0,64 0,60
THI. c 0,38 0,35
STR. a 0,35 0,17
STR. b 0,04 0,02
STR. c 0,25 0,18

The prediction plot (not shown) shows the same periodicity for the factors displayed
in model 2.1 for all the responses.
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Figure 5.37: Correlation Matrix for model 2.2 calculated in SIMCA.

The DModx and the score plot differ some from the plot of model 2.1. in that, they
display inverted variable values for t1 and w ∗ c1. The weak correlation seen for
residual stress of position b is also seen here in the values for these factors. Fig 5.38
shows the loading plot for model 2.2.

Figure 5.38: The loading plot for model 2.2 calculated in SIMCA.

This difference between the positions would require further studies to evaluate
properly.
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6 Discussion

One objective of the present work was to identify a valid solution to model the coating
properties and their dependencies on relevant Arc-PVD deposition parameters. In the
present diploma work, the modeling approaches of Multivariate Data Analysis and
experimental design DOE have been applied. Statistically, the R2V and Q2V values,
i.e., the goodness of fit and prediction, respectively, are measures of how well the
modeled output parameters, y-values, can be explained and predicted by the model in
relation to the input variables x-values.

For a robust model, acceptable reference values for R2V and Q2V are 0,5 and above
are common, but values up to 0,8 for R2V and 0,6 for Q2V have been reported [47,
38]. Deviations from these estimations relate to the nature of the process being
modeled [53]. Also important is the relation between the R2V and Q2V values since
they are closely related to the order of the hyper-plane, i.e., the number of principal
components of the PLS model, and give an indication of the robustness of the models.
The R2V will increase with the increasing complexity of the model, explaining more of
the variance of the data, while Q2V will decrease due to more noise being included
(over-fitting). Therefore, the difference between the values is also of some importance.
For the analysis of the models the values of R2V and Q2V have been used which are
the estimation of the explained variance and predictability for the response variables
for each model.

The PLS Model 1 is generated with three significant principal components and shows
high R2V values and a relatively big difference between the R2V and Q2V values for
all responses. The high R2V indicates that much of the variance in the data set is
explained by the model. In contrast, the low goodness of predictability of the model
(Q2V ) could be a result of the low number of experiments that were designed in the
DOE set up since the estimate is performed in accordance with cross-validation and
removal of data, and since the data points are few and spread this could mean that
vital data points are being removed which affects the model’s predictability negatively.

Since model 1 is modeled on the experiments of series 1, based on the DOE (section
4.4.2), the DMod for X is not expected to show any of the residuals (E) to deviate
beyond the confidence interval, forming an outlier among the experiments. The
important plot is, therefore, the DModY showing the distance to model for the
responses. The DModY plot shows no outliers.

The score for model 1 (fig 5.24) shows a relative spread of the points with only the
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observations for the center points near the origin, which could be expected from the
spread of the experiments data. Since the model after series 1 is a screening model
there is no correlation between the process parameters, as can be seen in fig 5.22, just
correlation between the process parameters and the deposition properties. To further
distinguish which single process parameter can show the most significance on the
properties, the effect plots, fig 5.28a, 5.28b, 5.28c, and 5.28d, give an indication. These
are plotted with error bars showing a ±95 confidence interval. The plots show the
most significant relationship for further evaluation. However, the effect plots do not
show the effects of collinearity. For that, one must go back to the correlation matrix
and the loading plots.

In model 1, the two most important properties listed are the coating thickness and
residual stress since these properties have significant importance on the performance of
the coating. The growth of a (Ti,Al)N coatings on the substrate surface has an
established strong dependence on the flux and kinetic energy of the ions bombarding
the surface. From earlier studies, two parameters have shown to have a strong positive
correlation with coating thickness and residual stress, cathodic current, and bias
potential, respectively. Model 1 shows that coating thickness has a high positive
correlation with cathodic current and a little smaller with bias potential. An increase
of arc current may, in turn, increase the ion current and give rise to arc spot splitting
[20], increasing the evaporation rate of the cathode material (especially Al), but the
change in bias potential has shown to have a small, but significant, effect on the
deposition rate. However, it has shown a stronger relationship with the formation of
residual stresses, which is also confirmed in model 1 with a high positive correlation
with bias potential [V]. This has been shown to be caused by ion bombardment [16,
21], where the kinetic energy of the ions is controlled by the bias potential [V], which
primarily gives rise to intrinsic stresses in the coating for various reasons, e.g.,
atomic-scale defects.

Further, the chamber pressure [Pa] shows a negative correlation for both properties,
possibly due to increased ion collision with higher pressure, fewer ions with sufficient
kinetic energy reaching the substrate surface. Nevertheless, when it comes to the
parameters of temperature and rotation, it is possible to see a distinction between the
thickness and stress, which could be caused by the earlier studied effects of these
parameters. The temperature (it is assumed that heater temperature [◦C] tantamount
to surface temp) increases the thermal relaxation, thus decreasing the coating stresses.
At the same time, rotation affects the duration of direct exposure of the insert to the
source. The surface diffusion (temperature) strongly affects the formation of coatings
with high stresses (columnar growth) displayed in the Structure Zone Diagram [14]. If
the inserts are exposed to the ion source for a shorter duration (higher rotation
speed), the incoming ions are fewer per rotation, affecting the coating structure.

Regarding the properties of chemical composition (Al FRAC.) and PERF., the
chemical composition shows a strong positive correlation with the cathodic current in
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resemblance with coating thickness. This is expected from earlier studies showing that
the atomic percentage of Al increases with increased cathodic current [20], described
earlier. More interesting is the positive correlation between the parameters pressure
and chemical composition. Since the formation of (Ti,Al)N coating is a reactive
process, it can be assumed that the increase of pressure increases the formation of
Aluminum Nitride (AlN) in the chamber. Thus there is more of the reactive agent in
the coating formation upon the substrate. This seems to dominate the negative effect
of increasing collision probability and the lack of a mean free path for the ions. Fig
5.18 also shows that bias potential and temperature have a slight decreasing effect on
the Al content in the coatings. It is reasonable to assume that the negative bias
potential applied has a slightly less attractive effect on Aluminum ions than on
Titanium. However, the decrease of aluminum content with increasing temperature
(surface temp) cannot be verified from earlier studies.

The performance of the coating in the cutting test is connected to the outcome of
residual stress, coating thickness, and chemical composition. The number of facing is
affected by the coating thickness and the stresses of the coating, and crater formation,
in general, is also affected by the thermal oxidation resistance of the compound
(Ti,Al)N. So, one interesting aspect is the relation between this property and the
thickness, stress, and Al Fraction, which have shown to be significant for all of them.
The relation between PERF. and the process parameter can be recognized from the
earlier mentioned relationships concerning bias potential [V], chamber pressure [Pa],
and cathodic current [A]. This relationship can be interpreted as a positive
relationship between coating thickness and compressive residual stress, which is
already established from earlier studies [20].
An interesting notation is the exact opposite relationship between temp and rotation,
which indicates that a slight increase in temperature and decrease in rotation speed
would increase the performance of the coating. However, the relationship is weak, and
to be able to explain it would require further study.

Shifting attention to the PLS model of series 2, the calculation gives only one
significant principal component. This can be related to the strong correlation between
the model’s four factors (see table 5.3a). The difference between R2V and Q2V for
this model is small, probably because of the relatively large number of data points
within the parameter space. R2V is decent for coating thickness, indicating that the
models explain the data points are adequately, but the R2V is lower for residual
stress. This is probably due to the smaller variation in the residual stress data
combined with the measurement error.

In evaluating the distance to model (DMod) for model 2.1, it is important to look at
the residual of the X-variables since this model was not supervised as model 1. As
mentioned in section 5, one mild outlier could be detected, probably caused by the
higher ACU value for this observation. Nevertheless, it was only a mild outlier, so it
was deemed acceptable.
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The score plot indicates, not unexpectedly, that the generated PLS variables show the
same periodic behavior as the experimental data set. This model was generated with
only one component, which makes the detection of outliers much more
straightforward, being that the confidence interval for ±2σ and ±3σ have been
marked out in fig 5.34.

Evaluating the correlation matrix (fig. 5.29) and the regression coefficient plots (fig.
5.36a and fig. 5.36b) shows that the factor ACU significantly negatively influences the
responses coating thickness and residual stress in the model. The negative relation
between the state of the cathode and the resulting coating thickness and residual
stress has been difficult to explain from earlier studies. The presented model shows
that all the non-constant process parameters bias current [A], chamber temperature
[◦C] and Nitrogen Flow [sccm] is strongly correlated to ACU. It is reasonable that the
bias current correlates directly to the deposition rate (thickness) in this highly ionized
process. The influence on stress is weaker and not possible to explain within the scope
of this project. The decrease in deposition rate (coating thickness) with increasing
ACU is also not explained in the literature. However, it should somehow be related to
the cathode surface/geometry change as the arc evaporation process erodes the
cathode.
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7 Conclusion

The modeling of series 1 and 2 does at this stage show promise that Partial Least
Squares Projection to Latent Structures Modeling can be used to modeling the
(Ti,Al)N properties dependencies upon an Arc-PVD coating process with adequacy.
The supervised explorative model 1 shows that factors such as cathodic current [A]
and bias potential [V] have a significantly affect upon the responses coating thickness,
residual stress, and aluminum fraction, which have been verified as process parameters
that influence the coating properties. In addition to this, the model also shows a
significant effect of pressure upon the residual stress response.

When it comes to the cutting performance of the coating, the model identifies a
significant effect from the same factors as the coating thickness, aluminum fraction,
and residual stress, and thus the model seems to identify coating thickness and
residual stress as significant to cutting performance, which is verified by earlier
studies.

The semi-supervised batch-to-batch model 2, shows a strong effect of the wear of the
cathode on properties such as coating thickness and residual stress, and thus the wear
of the process cathodes has a significant impact on the properties and performances of
the coating. The effect on thickness (deposition rate) has been seen in previous
internal tests, but the effect on compressive residual stress is not previously known.
The exact physical explanation of both phenomena remains unclear and would require
further studies.

7.1 Future Outlooks

This thesis work has focused on the possibility of modeling an Arc-PVD deposition
process using PLS, and the explorative model 1 has shown that such modelling of the
deposition properties dependencies is indeed possible. An outlook for further
investigation would be to include additional process parameters for modeling, and
additional coating properties, e.g., hardness (which was not included in this study),
and oxidation resistance and friction. Further still to take account for the responses
(deposition properties), e.g., Atom% (aluminum fraction) as factors in modeling the
effect on coating thickness and residual stress.

From a Design of Experiment point of view the next step would be to increase the
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number of experiments in a half fractional factorial design, requiring 16 experiments.
This would eliminate all linear combinations (section 4.4.2) from the experimental
setup and thus increase the resolution from III to V . It would also decrease the
number of degrees of freedom which have not be evaluated further in this diploma
work. In a DOE, the degrees of freedom are set from the number of experiments, the
number of coefficient in the model and the number of Center Point Replicas (section
4.4.2), and summed up to 5 for model 1.

Expanding the experimental design set would also allow evaluating additional
interaction terms that could further improve the model’s goodness of fit and
predictability. It is possible that the addition of such interaction terms, purely
mathematical in nature, could take account for the physical interaction of deposition
parameters during the process. As mentioned in section 6, such interaction term were
added to the model during this diploma work. It showed a general improvement of the
models R2V and Q2V , together with the significant effect plots.
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[51] Johan Westerbergh. En jämförelse mellan n̊agra multivariata
data-analysmetoder. 1998.

[52] Joe F Hair Jr et al. “Partial least squares structural equation modeling
(PLS-SEM)”. In: European business review (2014).

[53] “F.A.Q. SIMCA-P and Multivariate Analysis Frequently Asked Questions”. In:
().

53



A Design of Experiment

The following matrices are the calculated compilation of the linear combinations in the
Design of Experiment set-up.

The design matrix for EXP. for series 1, with the indicator variables.

EXP. BIAS U. H.TEMP. PRES. CATH. ROT.
1 -1 -1 -1 BIAS U · H.TEMP.=1 BIAS U · PRES.=1
2 1 -1 -1 BIAS U · H.TEMP.=-1 BIAS U · PRES.=-1
3 -1 1 -1 BIAS U · H.TEMP.=-1 BIAS U · PRES.=1
4 1 1 -1 BIAS U · H.TEMP.=1 BIAS U · PRES.=-1
5 -1 -1 1 BIAS U · H.TEMP.=1 BIAS U · PRES.=-1
6 1 -1 1 BIAS U · H.TEMP.=-1 BIAS U · PRES.=1
7 -1 1 1 BIAS U · H.TEMP.=-1 BIAS U · PRES.=-1
8 1 1 1 BIAS U · H.TEMP.=1 BIAS U · PRES.=1
9 0 0 0 BIAS U · H.TEMP.=0 BIAS U · PRES.=0
10 0 0 0 BIAS U · H.TEMP.=0 BIAS U · PRES.=0
11 0 0 0 BIAS U · H.TEMP.=0 BIAS U · PRES.=0

The following matrices are the calculated summary by which factor the original
worksheet was revised after EXP. have shown to remain stable. EXP. 1 - 3 was
changed with a factor of 2,33.

The design matrix with the indicator variables for the EXP. of series 1.

EXP. BIAS U H.TEMP. PRES. CATH. ROT.
1 -1 -1 -0,429 1 1
2 1 -1 -0,429 -1 -1
3 -1 -1 -0,429 -1 1
4 1 1 -1 1 -1
5 -1 -1 1 1 -1
6 1 -1 1 -1 1
7 -1 1 1 -1 -1
8 1 1 1 1 1
9 0 0 0 0 0
10 0 0 0 0 0
11 0 0 0 0 0
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B Thickness Measurement

The measured THI. for series 1.

EXP. nr. µm
1 2,36
2 1,76
3 1,65
4 2,39
5 1,96
6 1,84
7 1,77
8 2,10
9 2,08
10 2,14
11 1,96

The measured THI. for series 2.

EXP.. nr. µm
1 2,01
2 1,82
3 1,59
4 1,77
5 1,75
6 1,55
7 1,72
8 1,62
9 1,45
10 2,01
11 2,26
12 1,68
13 1,58
14 1,46
15 1,76
16 1,80
17 1,75
18 1,62
19 1,82
20 1,60
21 1,47
22 2,02
23 1,67
24 1,54
25 1,41
26 1,65
27 1,37
28 2,23
29 2,07
30 1,97
31 1,47
32 1,63
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C Residual Stress Measurement

In the following appendix is the surface and cross-section images that were taken by
the use of Scanning Electron Microscopy (SEM). They are displayed in numerical
order starting with experiments (EXP.) 1.

The calculated compressive residual stresses for series 1.

EXP. Stress [GPa] R2 Error [GPa] d0
1 1,56 0,98 0,06 2,085
2 2,62 0,98 0,11 2,099
3 1,93 0,97 0,1 2,092
4 1,95 0,99 0,07 2,091
5 0,54 0,84 0,07 2,082
6 2,81 0,99 0,09 2,111
7 0,21 0,2 0,14 2,082
8 1,55 0,95 0,11 2,086
9 2,59 0,99 0,07 2,092
10 2,28 1,00 0,05 2,089
11 2,40 1,00 0,05 2,091
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The measured compressive residual stresses for series 2.

EXP.. GPa
1 -3,64
2 -3,44
3 -3,29
4 -3,47
5 -3,32
6 -3,25
7 -3,27
8 -3,28
9 -3,23
10 -3,29
11 -3,15
12 -3,33
13 -3,13
14 -3,16
15 -2,96
16 -3,38
17 -3,38
18 -3,20
19 -3,18
20 -3,43
21 -3,00
22 -3,56
23 -3,22
24 -3,42
25 -3,06
26 -3,21
27 -3,10
28 -3,46
29 -3,41
30 -3,12
31 -3,18
32 -3,14
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D Scanning Electron Microscopy

In the following appendix is the surface and cross-section images that were taken by
the use of Scanning Electron Microscopy (SEM). They are displayed in numerical
order starting with experiments (EXP.) 1.
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(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 1.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 2.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 1.
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(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.
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(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.
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(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.

(a) The surface morphology of the
specimen, 20000X Magnification.

(b) The cross-section of the
specimen, 30000X Magnification.

The surface image and cross-section of EXP. run 4.
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E Model 1

The calculated PLS variables for model 1, extracted from MODDE, along with the
replicate plots and the plot of the residuals normal probability for all the responses.

The PLS variables of ta for model 1.

Label t1 t2 t3
1 0,815755 -0,633659 0,834067
2 -0,258608 1,80231 -0,475048
3 -1,06692 0,38447 -0,187715
4 1,84565 0,612803 -1,67042
5 -0,022518 -1,87879 -0,199105
6 -0,732356 0,92019 2,03047
7 -1,9052 -0,860657 -1,22089
8 1,1095 -0,694772 1,12957
9 0,0715647 0,116032 -0,08031
10 0,0715647 0,116032 -0,08031
11 0,0715647 0,116032 -0,08031

The PLS variables of w ∗ ca for model 1.

Label w ∗ c1 w ∗ c2 w ∗ c3
BIAS U 0,433871 -0,603244 0,178636

H.TEMP. -0,00912839 -0,133907 -0,423726
PRES. -0,333798 -0,557709 0,420206
CATH. 0,832831 -0,547602 -0,00584937
ROT. 0,0815104 0,0851997 -0,782265
THI. 0,827344 -0,202745 -0,0423739
STR. 0,21079 0,823081 0,325826

Al FRAC. 0,472898 -0,639452 0,332492
PERF. 0,889786 0,227814 -0,0833708
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The PLS variables of ua for model 1.

Label u1 u2 u3
1 0,920555 -1,01882 0,48636
2 -0,631032 2,00984 -1,9909
3 -1,47226 0,968371 -1,25782
4 1,76389 0,2133 -1,66775
5 -0,134004 -1,40092 -0,917932
6 -0,489718 0,621229 2,44172
7 -1,76637 -1,57249 -1,17248
8 1,05326 -0,573219 0,0638921
9 0,27493 0,454617 1,38898
10 0,348833 0,155819 0,812132
11 0,131913 0,142273 1,81378

The RC for THI. of model 1.

Label Coefficients Confidence Interval
Constant 2,00091 0,12544
BIAS U 0,0556411 0,132086

H.TEMP. 0,00908086 0,132086
PRES. -0,0438873 0,133643
CATH. 0,194329 0,132086
ROT. 0,0042009 0,132086

The RC for STR. of model 1.

Label Coefficients Confidence Interval
Constant 1,85818 0,386616
BIAS U 0,546208 0,407099

H.TEMP. -0,212884 0,407099
PRES. -0,332843 0,411899
CATH. -0,253797 0,407099
ROT. 0,288924 0,407099

The RC for Al FRAC. of model 1.

Label Coefficients Confidence Interval
Constant 0,486364 0,0121083
BIAS U -0,00201062 0,0127498

H.TEMP. -0,00139221 0,0127498
PRES. 0,0070318 0,0129001
CATH. 0,017521 0,0127498
ROT. 0,0056146 0,0127498
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The RC for PERF. of model 1.

Label Coefficients Confidence Interval
Constant 22,0909 0,533993
BIAS U 0,787837 0,562284

H.TEMP. -0,00423321 0,562284
PRES. -0,712637 0,568915
CATH. 0,954305 0,562284
ROT. 0,0395341 0,562284

The effects for THI. of model 1.

Label Effects Confidence Interval
CATH. 0,434534 0,264172
BIAS U 0,124417 0,264172
PRES. -0,120752 0,267287

H.TEMP. 0,0203054 0,264172
ROT. 0,0093935 0,264172

The effects for STR. of model 1.

Label Effects Confidence Interval
BIAS U 1,22136 0,814197
PRES. -0,915785 0,823799
ROT. -0,646054 0,814197

CATH. -0,567507 0,814197
H.TEMP. -0,476022 0,814197

The effects for Al FRAC. of model 1.

Label Effects Confidence Interval
CATH. 0,0391782 0,0254995
PRES. 0,0193473 0,0258002
ROT. 0,0125546 0,0254995

BIAS U -0,00449589 0,0254995
H.TEMP. -0,00311309 0,0254995

The effects for PERF. of model 1.

Label Effects Confidence Interval
CATH. 2,13389 1,12457
PRES. -1,96075 1,13783
BIAS U 1,76166 1,12457
ROT. 0,088401 1,12457

H.TEMP. -0,00946574 1,12457
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The Residuals Normal Probability Plot for THI. calculated in MODDE.

The Residuals Normal Probability Plot for THI. calculated in MODDE.

The Residuals Normal Probability Plot for THI. calculated in MODDE.
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The Residuals Normal Probability Plot for THI. calculated in MODDE.
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F Model 2

The calculated PLS variables for model 2, extracted from SIMCA, along with the
biplot plots, the plot of inner relation, the permutation for PLS and the plot of the
residuals normal probability for all the responses.

The Biplot for model 2.1 calculated in SIMCA.

The graph for the variables t1 and u1 calculated in SIMCA.
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The PLS variables of t1 for model 2.

Label t1
1 0,-2,74362
2 -1,92075
3 -1,23286
4 -0,416857
5 -0,264999
6 0,67004
7 1,27788
8 1,87123
9 1,78573
10 -2,52245
11 -0,951396
12 0,345416
13 1,18032
14 1,30382
15 1,97324
16 -2,71241
17 -2,18716
18 -0,254233
19 -0,225812
20 1,14521
21 2,895
22 -2,45538
23 0,100529
24 0,836155
25 2,26788
26 2,59147
27 3,11425
28 -3,13077
29 -2,67435
31 0,717123
32 0,719685

71



The PLS variables of w ∗ ca for model 2.

Label w ∗ c1
ACU 0,491289

BIAS I -0,542664
TEMP. -0,45207
N2 -0,50969

THI. -0,420087
STR. -0,350299

The permutation plot of PLS for THI. calculated in SIMCA.

The permutation plot of PLS for STR. calculated in SIMCA.
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The PLS variables of ua for model 2.

Label u1
1 -4,468
2 -1,84049
3 0,661017
4 -1,75835
5 -0,530927
6 1,19865
7 0,0197765
8 0,552744
9 1,95284
10 -1,88715
11 -2,37157
12 -0,179972
13 1,9015
14 2,40833
15 2,06299
16 -1,27671
17 -0,97336
18 1,14265
19 0,076717
20 -0,431994
21 3,52748
22 -3,93876
23 0,691822
24 0,00576777
25 3,44907
26 0,886901
27 3,3968
28 -4,47545
29 -3,13603
30 -0,390908
31 2,20019
32 1,52441

The RC for THI. of model 2.

Label Coefficients Confidence Interval
ACU -0,206384 0,042467

BIAS I 0,227966 0,0618857
TEMP. 0,189909 0,135078
N2 0,214114 0,0481983
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The RC for STR. of model 2.1.

Label Coefficients Confidence Interval
ACU -0,172098 0,115283

BIAS I 0,190095 0,13436
TEMP. 0,158359 0,137145
N2 0,178544 0,131625

The Residuals Normal Probability Plot for THI. calculated in SIMCA.

The Residuals Normal Probability Plot for STR. calculated in SIMCA.
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